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Abstract

One of the main conditions for multicellularity is the limitation of long-term evo-
lutionary success of the somatic cells within an organism. The somatic cells often
constitute the vast majority of a multicellular organism. However, by definition they
have no chance to give their genome to the next generation of the organism and
merely act as a container for the successful reproduction of the few germ line cells.
Since nutrients and space are limited within a multicellular organism, a careful coor-
dination of the somatic cells in the tissue, along with a limitation of proliferation and
strict control over cell function, is paramount for the evolutionary success of the or-
ganism. However, due to somatic mutations this balance can be disturbed such that
somatic cells regain proliferative ability and outcompete other cells within the organ-
ism. This somatic evolution can ultimately lead to cancer or cancer-like phenomena
with unlimited growth of specific clones, which can be lethal for the multicellular
organism.

In this work I will present four different mathematical models showcasing processes
of somatic evolution. Both main ingredients of evolution — variation and selection
— will be shown in different examples in systems of different scales.

Firstly, on the molecular level, the basis for evolutionary processes of cells is the
long term storage of genetic information and the process of how this information
is converted into functional proteins. Slight changes in this process can have major
consequences for the affected cells, also and especially for somatic cells embedded into
multicellular organisms. Here, I will present a model for the translation of RNA into
functional protein which takes circularization of RNA into account. This reveals a
potential mechanisms for a fitness effect of synonymous mutations, that is mutations
that do not alter the protein produced.

Secondly, on a larger scale, the strict coordination of often billions of somatic cells
requires sophisticated tissue structures. These tissue structures can have a strong
impact on the somatic evolution of cells within the tissue. Since mutations mainly
arise on cell divisions, replicative age of cells in these structures is tightly controlled
and mutation accumulation is highly irregular across different cell types. I will show
how a measurable replicative age distribution might provide insight into specific tissue
dynamics of a hierarchically structured tissue such as blood.

Thirdly, tissue structure also has a strong impact on selection of previously emerged
mutants, as mutations can have varying fitness effects in different cell types. In this



work I will examine this for the example of chronic myeloid leukemia, a malignancy
which is caused by a known somatic mutation for which nowadays specific targeted
treatment is available.

Finally, evolution, and specifically evolution of somatic cells, has to be seen within
the environment and the ecological niche of the evolving cells, since successful traits
always depend on the momentary environment. In the context of cancer this envi-
ronment is often set by the treatment of the disease which shapes the growth and
extinction of cancer cells, which I will explore in more detail in this work.

Overall, the models presented in this work demonstrate mechanisms for observable
patterns in biological systems in the context of somatic evolution. This also shows
how experimental observations or data from clinical studies can be combined with
insights from theoretical models for a deeper understanding of somatic evolution on
the molecular scale, intercellular scale, or to support the treatment of cancer.
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Zusammenfassung

Eine notwenwendige Bedingung fiir evolutiondren Erfolg multizellularer Lebewesen
ist die Begrenzung des evolutionaren Erfolgs der somatischen Zellen, also aller Zellen,
die keine Keimzellen sind und die daher ihr Genom nicht an die néchste Generati-
on weitergeben konnen. Haufig besteht ein multizelluldrer Organismus zum Grofiteil
aus somatischen Zellen, deren Aufgabe lediglich darin besteht, ein Vehikel fiir die
erfolgreiche Fortpflanzung der Keimzellen bereitzustellen. Eine sorgfiltige Koordi-
nation der somatischen Zellen inklusive einer strikten Kontrolle iiber Stoffwechsel
und Zellteilung ist daher vorrangig fiir den evolutiondren Erfolg des multizelluldren
Organismus, da Nahrstoffe und Platzangebot in diesem begrenzt sind. Durch so-
matische Mutationen kann dieses Gleichgewicht jedoch empfindlich gestort werden,
wenn einzelne somatische Zellen ihre Fahigkeit zur ungehemmten Proliferation zu-
riickerlangen. In diesem Fall kann somatische Evolution zu Krebs oder krebsartigen
Phénomenen fithren, die todlich fiir das multizellulare Lebewesen sein konnen.

In dieser Arbeit stelle ich vier verschiedene mathematische Modelle vor, die Prozesse
der somatischen Evolution veranschaulichen. Dabei werden beide Hauptbestandteile
der Evolution — Variation und Selektion — anhand verschiedener Beispiele in den
Fokus gertickt.

Die Grundlage aller evolutionarer Prozesse auf der molekularen Ebene ist die dauer-
hafte Speicherung genetischer Informationen und der Prozess, um diese Informatio-
nen in funktionale Einheiten, die Proteine, zu verarbeiten. Schon kleine Abweichun-
gen in diesem Prozess konnen ernste Konsequenzen fiir eine Zelle nach sich ziehen,
auch und insbesondere fiir somatische Zellen in einem multizelluldren Organismus.
In dieser Arbeit stelle ich ein Modell fiir die Translation von RNA in Proteine vor,
welches sich mit den Konsequenzen einer Zirkularisierung der RNA befasst. Dabei
wird auch ein Mechanismus aufgezeigt, der moglicherweise einen evolutionédren Fit-
nesseffekt synonymer Mutationen impliziert.

Um die oftmals Milliarden von Zellen innerhalb multizelluldrer Lebewesen zu koor-
dinieren, sind haufig duflerst komplexe Strukturen der Zellorganisation notwendig.
Diese Strukturen konnen einen starken Einfluss auf die somatische Evolution inner-
halb des Organismus haben. Da Mutationen zumeist bei der Zellteilung entstehen,
ist das replikative Altern somatischer Zellen in den Gewebestrukturen stark kontrol-
liert und die Akkumulierung von Mutationen ist extrem ungleich verteilt zwischen
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verschiedenen Zelltypen. Ich werde zeigen, wie die messbaren Verteilungen replikati-
ven Alters helfen konnen, Erkenntnisse iiber die dynamischen Parameter von stark
strukturiertem Gewebe wie Blut zu gewinnen.

Die Zellorganisation hat jedoch nicht nur Einfluss auf die Ansammlung von Mutatio-
nen, sondern auch auf die Selektion von Mutanten und die Fitness einer mutierten
Zelle hangt stark von der Position innerhalb der Zellstruktur ab. Diesen Zusammen-
hang betrachte ich anhand eines Modells fiir chronische myeloische Leukamie, einer
Erkrankung des Bluts, fiir die eine bekannte Mutation verantwortlich ist und fiir die
es inzwischen auch eine sehr gezielte Behandlung gibt.

Des Weiteren muss somatische Evolution immer im Zusammenhang mit den Um-
weltbedingungen und der 6kologischen Nische der Zellen gesehen werden. Insbeson-
dere bei Krebs werden diese Umweltbedingungen héufig von der Behandlung mitbe-
stimmt, welche dariiber wiederum Wachstum oder Aussterben der Krebszellen und
auch den evolutiondren Wettbewerb zwischen verschiedenen Zelltypen entscheidend
beeinflusst, wie ich ebenfalls in dieser Arbeit aufzeigen werde.

Insgesamt beschreiben die Modelle dieser Arbeit mogliche Mechanismen fiir die Er-
klarung experimenteller Beobachtungen im Bereich der somatischen Evolution. Dabei
werde ich theoretische Modelle mit experimentellen Beobachtungen oder den Daten
klinischer Studien verbinden, um ein tieferes Verstandnis der zugrunde liegenden Pro-
zesse zu erhalten und moéglicherweise die Behandlung von Krebs zu unterstiitzen.
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1. Introduction

All life on earth is bound to a constant turnover - organisms constantly die and get
reborn. A consequence of this turnover is a mechanism that leads to a continuous
change of the organisms: evolution. In essence, evolution requires two components
that are given in any living organism: variability in (heritable) traits and (some form
of) selection on these traits (Darwin 1859). Hence, all organisms adapt to their envi-
ronment by evolution while simultaneously shaping the environment themselves.

This also applies to the somatic cells within a single multicellular organism: to keep
up the function of the organism, constantly new cells need to be formed and old
ones die (Pellettieri and Alvarado 2007). As above, the consequence of this constant
turnover is somatic evolution, which is the process of evolution within a multicellular
organism. Somatic evolution can generally lead to cancer or cancer like phenomena in
all observed multicellular organisms (Aktipis et al. 2015) — characterized by unlim-
ited growth of somatic cells — thereby contrasting the success in somatic evolution
of individual cells to the evolutionary success of the whole multicellular organism.

Commonly, all cell functions of somatic cells like growth, proliferation, and metabo-
lism are tightly controlled in a complex biochemical network, mediated by signaling
molecules, proteins and mechanical cues (Tyson et al. 2003; Hynes and Naba 2012).
A central part of these networks is the regulation of gene expression (Davidson 2006).
Slight variations in the gene or only the expression of a gene, i.e. via mutations, can
therefore lead to drastic consequences in the behavior of a cell, causing selective
advantage over other cells within the tissue and therefore enable somatic evolution
which is detrimental to the multicellular organism.

For this reason many multicellular organisms have developed sophisticated mech-
anisms to detect and prevent somatic evolution in their cells, including apoptosis,
DNA repair, or other integrity checks of cellular processes on the molecular level (El-
lis et al. 1991; Sung and Klein 2006; Hanawalt and Spivak 2008). Another important
mechanism to prevent somatic evolution in multicellular organisms is the specific or-
ganization of cells within the tissue (Michor et al. 2003a; Nowak et al. 2003), which
affects both somatic variation and somatic selection. Only highly conserved and
slowly dividing stem cells stay in the multicellular organism throughout its lifetime,
while the bulk of somatic cells, which accumulates most of the somatic mutations, is
built from transient cells that eventually die and get replaced.

This work looks at mathematical and computational models for several aspects of
somatic evolution in different systems, from RNA translation on the molecular level
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to the impact of fluctuating environments on intra-cellular competition. For this
I employ various theoretical frameworks, including the totally asymmetric simple
exclusion process (TASEP) (MacDonald et al. 1968), the Moran process (Moran
1958) and the replicator dynamics (Taylor and Jonker 1978).

Structure of this thesis In total there are six chapters in this thesis, including
this introduction and a final conclusion. In the introduction I present the basic
concepts that will be applied throughout this thesis. The following chapters 2-5
showcase somatic evolution in various systems and will have a short pre-introduction
illustrating their relevance in the context of somatic evolution.

Chapter 2 is about the circularization of mRNA transcripts, and how it can poten-
tially lead to selection on mutations that leave the final protein product intact. In
chapter 3 I will show how distributions of replicative age change in hierarchically
structured tissues of multicellular organisms — replicative age is strongly connected
to the somatic variation due to the risk of mutations on cell divisions. Following the
replicative age in structured tissue, in chapter 4 I will describe the emergence and
treatment and eventually relapse of chronic myeloid leukemia, which is an example
for a mutation with a fitness effect dependent on the differentiation stage within the
hierarchical tissue structure. Chapter 5 describes the impact of fluctuating environ-
ments on the competitive fitness of two cancer cell phenotypes under treatment, a
dormant and a rapidly proliferating phenotype. Finally, I will conclude in chapter 6
with a discussion of the complete thesis and an outlook.

1.1. Somatic evolution

One striking fact in life on earth is the cooperation of living cells into multicellular
organisms which requires individual cells to partially or completely sacrifice their
own reproductive success. In large mammals billions of cells constantly proliferate
and die, but only a tiny fraction of cells, the germ line cells, are involved in the
reproduction of an individual. Only these germ line cells have the chance to pass on
their genome to the next generation and participate in the long-term evolutionary
success of a lineage, while the somatic cells only serve as a carrier for passing on
these germ line cells.

However, somatic cells are not excluded from evolution, as they also undergo a con-
stant turnover. In fact, mutations in somatic cells are even more likely than in germ
line cells (Milholland et al. 2017) leading to a larger variation in these cells. There-
fore they also undergo somatic evolution. By definition, successful mutants inside
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the soma are trapped in evolutionary dead-ends, as their only possible fate is to
eventually die within their host organism?.

As such, the basic principle of somatic evolution is not different from evolution be-
tween organisms (Darwin 1859) and is caused by variation in heritable traits and
selection on these: As soon as there is variation between traits of individuals, they
will have different chances for survival and in producing offspring. Since there is
competition for space and nutrients, or in the case of multicellular organisms also for
growth factors and other signalling molecules, individual cells struggle for existence
and not every cell will be able to survive and reproduce. In the long run those traits
leading to more offspring or a higher chance for survival under the given environmen-
tal conditions — the advantageous traits — prevail and displace those traits which
are less advantageous.

As somatic evolution promotes the success of highly proliferative cells, it often leads
to the breakdown of multicellular cooperation and can severely limit the reproductive
success of the affected organism. Therefore, successful somatic evolution can lead to
cancer or cancer like phenomena (Aktipis et al. 2015), which is potentially lethal to
the organism and hence decreases the long term evolutionary success of the germ line
cells of the organism. Hence, multicellular organisms spend a lot of energy to avoid or
to limit the extent of somatic evolution in the first place. In rare exceptions, however,
somatic evolution is actively promoted for certain cell types within the multicellular
organism, as for example in humans in cells of the adaptive immune system (Odegard
and Schatz 2006).

1.1.1. Molecular basis of evolution - heritability

The storage of information across generations in the molecule deoxyribonucleic acid
(DNA) is the molecular basis of heritability of traits in all living cells (Watson and
Crick 1953). This molecule stores the instructions for building anything in the cell
in the form of a code, written in sequences of four different letters (A, T, C, G; see
chapter 2 for details). This code acts as a blueprint to build the functional units of
cells, the proteins; the code for a single protein is called gene.

Processing of the genetic information is basically a two step process (Crick 1958): In a
process called transcription, a gene is copied from DNA into ribonucleic acid (RNA),
which is a short-term storage of genetic information and contains the code for one
or only few proteins. In the next step, called translation, the gene will be converted
from RNA into protein. These two steps constantly occur in almost every cell of any
organism, allowing for metabolism, growth and reproduction. Due to strong selection
(see below section 1.1.3) on transcription and especially translation the genes involved

1 Somatic evolution is not always trapped in an evolutionary dead-end, as there are very few
transmissible cancers known to affect specific species such as Tasmanian devils (Ujvari et al.
2016).
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in these processes are usually highly conserved across living organisms (Isenbarger
et al. 2008; Eigen et al. 1989). Details of RNA translation will be shown in chapter
2.

Whenever a cell reproduces, the whole genome will be copied so that both emerging
cells have a complete set of genetic information and can continue to proliferate and/or
fulfill their purpose within the multicellular organism. Even though the process of
DNA duplication is very precise and errors occur only with a very low probability
(Kunkel and Bebenek 2000), changes in the DNA can occur due to the large size of
the genetic code — mutations. These mutations are the major cause for heritable
variation of cells, see below.

1.1.2. Variation

Variation in cellular traits is largely caused by mutations of the DNA. Mutations
- changes in the genetic code - are commonly caused by errors while replicating
the DNA (Kunkel and Bebenek 2000). By altering the genetic code of proteins
they can have an influence on the function of the affected cell, which most often is
disadvantageous (Wloch et al. 2001; Sanjuan 2010) as it disrupts the functioning of
the involved protein and renders it unusable.

For multicellular organisms both advantageous and disadvantageous somatic varia-
tion can be detrimental, as in the former case the function of a cell for the organism
is disrupted, while in the latter case the cell proliferates too much, thereby breaking
the multicellular cooperation. Many multicellular organisms therefore employ a va-
riety of mechanism to avoid or correct somatic variation in the first place (Ellis et al.
1991; Sung and Klein 2006). However, these mechanisms can be energetically costly
(Breivik and Gaudernack 2004), and a multicellular organism is confronted with the
trade-off between allowing somatic variation to a certain degree against wasting too
much energy on the prevention of variation.

Since the primary source for somatic variation are cell divisions, the replicative age
of cells, that is the number of cell divisions a cell has undergone, is an important
aspect to control within the tissue of a multicellular organism (Rodriguez-Brenes
et al. 2013). How exactly the replicative age structure changes within a hierarchical
tissue structure and how this potentially changes under disease conditions will be
shown in chapter 3.

1.1.3. Selection

Selection is the other main component for any evolutionary process. Each individual
struggles for survival as not every individual of a population will survive and be able
to reproduce. If there is a trait that gives an advantage to the affected individual
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compared to the others, the lineage carrying this trait has higher chances to sur-
vive and will potentially take over the population. If; on the other hand, a trait
is deleterious, the affected lineage will go extinct with a higher probability. This
preservation or loss of traits in a population over time based on their effect on re-
productive success of the affected individual is (natural) selection (Darwin 1859). In
a more general sense, selection is the mechanism that leads to fixation or extinction
of a trait within a population. Those types reproducing faster will build up a large
population quickly and will constitute a large part of the population, therefore being
able to acquire more of the resources and to eventually displace the slower growing
type. The dependency of selection on environmental conditions will be highlighted
in more detail in chapter 5.

However, neutral traits, that is traits that give no advantage or disadvantage to the
individuals carrying them, can also fixate in a population by a process called drift.
In this process, the stochastic reproduction and death events of individuals lead
to the fixation or extinction of the trait within the population. However, in large
populations relative stochastic fluctuation due to these random processes becomes
vanishingly small (Gardiner 2009) and neutral traits will take up a constant share
within the population according to their initial fraction in the population. This can
also be observed in some cancers, where a large part of the mutations might in fact
be neutral (Sottoriva et al. 2015; Williams et al. 2016).

1.1.4. Tissue structure and somatic evolution

Since multicellular organisms predominantly contain cells with different functions,
they are highly controlled for proliferation, death and cell function. This control,
typically mediated by signalling molecules or mechanical stress (Hynes and Naba
2012; Lu et al. 2011), is the reason why multicellular organisms can function with a
high degree of cooperation between the individual cells.

Since all cells of the soma arise from a single cell, they all have more or less the same
genome; with the exception of somatic mutations that occur during development and
in the lifetime of the single organism. The key for cell specialization is the process
of differentiation: by changing their gene expression pattern, cells obtain a different
set of traits, acquiring different functions and abilities (Gurdon 1992; Gurdon and
Melton 2008). Differentiation is often thought to be an irreversible process (Wang
et al. 2010; Mojtahedi et al. 2016), and for several mature cell types the process
of differentiation includes the removal of the nucleus including the genome, making
further reproduction of the cells impossible, e.g. red blood cells in mammals.

On the root of cellular organization by differentiation are the stem cells: these cells
are the basic cells that have the ability to differentiate into many other cell types,
therefore rebuilding the complete tissue if necessary (Weissman 2000), but they often
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fulfil no other tissue functions. Typically, there are relatively few stem cells in each
tissue and these cells divide rarely.

Differentiated cells emerging from these stem cells can either already be used for
specific tissue function or they are themselves precursors for even further differen-
tiated cells. Accordingly, multicellular organisms can have a hierarchical structures
of differentiation in tissue: Few stem cells stay in the tissue permanently, while a
cascade of subsequent differentiation stages amplifies the number of cells such that
enough functional cells get produced for the regular turnover of the tissue (homeosta-
sis) (Gage 2000; Marshman et al. 2002). Most notably the blood (hematopoietic)
system in mammals has an enormous daily production of cells, which is achieved by
only very few long lasting stem cells and a pyramid of cell number amplifications
(Passegué et al. 2005; Dingli et al. 2007; Busch et al. 2015).

Generally, somatic evolution can be strongly influenced by tissue structure. Chapters
3 and 4 will show examples for both aspects of somatic evolution — variation and
selection — within hierarchically structured tissue in more detail.

1.1.5. Cancer

Cancer is a disease of multicellular organisms that is characterized by abnormal
behavior (usually too much proliferation) of cells and is often lethal; it is the second
most common cause of death in humans (Ferlay et al. 2015). In essence, cancer is
the result of somatic evolution: due to possibly several mutations, a cell acquires
the ability for unlimited proliferation despite the careful checks and control in the
multicellular organism.

In humans, a single mutation is in most cases not sufficient to evade the control
mechanisms of the organism and to cause cancer, and cells need to acquire many
mutations over time to become cancerous (Armitage and Doll 2004; Nowell 1976).
Therefore, cancer cells normally carry several somatic driver mutations which increase
their selective advantage over the other cells of a tissue (Vogelstein et al. 2013).

Many cancers can be characterized by a certain set of phenotypic changes which
are called the hallmarks of cancer (Hanahan and Weinberg 2011). Most cancer cells
exhibit some or all of these phenotypic changes, such as evasion from cell death,
ability to recruit blood vessels, or genetic instability.

Except for physical removal of cancerous tissue or destruction with radiation, com-
mon cancer treatment is the use of chemotherapy, which mainly kills proliferating cells
(Corrie 2008). By this, chemotherapy predominantly kills cancer cells as these grow
faster and are therefore more susceptible than healthy non-cancerous cells within a
patient. However, in some cases few tumor cells survive the chemotherapeutic treat-
ment and the cancer will relapse after some time. As these regrown cells might have



CHAPTER 1. INTRODUCTION

acquired resistance to the previous treatment, it is potentially much harder or im-
possible to treat a cancer in the case of relapse (Callaghan et al. 2014). Most often
the lethality of cancer in humans arises from dispersal and subsequent colonization of
cancer cells in distant tissues, leading to metastasis (Chaffer and Weinberg 2011).

Two chapters of this thesis present models of cancer in two different systems: Chap-
ter 4 shows the emergence, treatment, or relapse of chronic myeloid leukia (CML), a
malignancy of the blood, with a drug that targets a specific mutation and is remark-
ably successful. Chapter 5 shows the impact of cyclic treatment with chemotherapy
at the example of glioblastoma, a highly malignant brain tumor.

1.2. Mathematical models for evolution

Evolutionary processes can often be analyzed quantitatively with mathematical mod-
els which describe the change of populations over time (Nowak 2006; Hofbauer and
Sigmund 1998; Smith 1986). Dependent on the specific application different models
can be useful; in the following I will present the basic mathematical frameworks that
will be employed in this thesis.

1.2.1. Fitness

Fitness is a concept to quantitatively describe evolutionary success of individuals
within populations. It can therefore be seen as a measure for the strength of selection
for a specific trait (Darwin 1859). For mathematical models of evolution fitness is
a very central concept as it allows to describe the change in a population based
on the momentary population, which makes the quantitate description of evolution
and future predictions for evolutionary processes possible in the first place. Since for
sexually reproducing organisms only parts of an individual’s genome will be carried to
the next generation and the characteristics of the trait in the next generation depend
on the genetic background, in general the mathematical definition of fitness is not
straightforward (Kempthorne and Pollak 1970). However, since somatic reproduction
is exclusively asexual a simple definition is in this case sufficient:

In the context of this thesis fitness of an individual carrying a specific trait is de-
fined as the number of (surviving) offspring this individual can produce. It therefore
measures the potential long term success of a lineage carrying a trait - higher fitness
means more offspring, which due to the inherited trait again produce more offspring
than other individuals in the population and will eventually fixate in the population.
Additionally it is often useful to normalize fitnesses of all individuals within a popu-
lation to one, such that the fitness value gives the fraction of offspring compared to
the total offspring of the population.
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1.2.2. Replicator dynamics

The replicator dynamics describes the change of species or type frequencies within
an infinitely large population (Taylor and Jonker 1978; Hofbauer et al. 1979; Zee-
man 1980). Since the population is assumed to be infinitely large, changes in clone
frequency are always caused by differences in fitness of the types and there is no
stochastic fluctuation or drift. Each clone or type ¢ has a frequency in the popu-
lation of z; and all frequencies have to sum up to one ) .x; = 1. The fitness of
each type is given by f; and can generally depend on population composition and/or
time f;(Z,t) for the vector of all clone frequencies ¥ = (zg 1 ...). Since changes in
frequency of the types are given by the competitive fitness, also the average fitness
¢ = >, x;fi is required. The frequency of each type changes proportional to its
frequency and to its fitness compared to the average fitness:

dl’i
dt

= zi(fi — ), (1.1)

which is called the replicator equation.

For frequency dependent fitnesses, that is f; = f;(Z), this equation is nonlinear as
% x z? and analytic solutions are often difficult to obtain. In this case stability
analysis can help to gain insight into the model system (Strogatz 2014). Stability
analysis investigates the behavior of a system close to its fixed points, by observing

the response to very small perturbations to these fixed points.

In the following I show this for the example of a simple replicator equation of only
two types, where I only have to calculate the fixed point for one of the type with
frequency x and fitness f(x), as the frequencies of types always add up to one. From
the replicator equation shown above the fixed points are obtained by solving

dx

0=—=2(f —¢) = g(x).

3 =t —9) =t g(@)
The obtained points fixed points are commonly denoted by a star z*, so that g(z*) =
0. The next step is to investigate the behavior of the system in close vicinity to
the fixed points. For this one is interested in how the system behaves at the point

x = x* + € which is only a small perturbation ¢ away from the fixed point

dr d(z*+¢) de

@ @ a dwre)

Next step is to do a Taylor expansion of the last term up to first order of

ds_

7~ 9@) = 9(@" +¢) = g(27) + g'(27)e + O("),

This equation shows how the system behaves close to the fixed point: If the first
derivative of the replicator equation at the fixed point is smaller than zero, ¢'(z*) < 0,
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the change of perturbation over time is in opposite direction as the perturbation itself
and the fixed point is stable. If, on the other hand, ¢'(z*) > 0, the perturbation will
grow and the fixed point is unstable. For the intermediate case of ¢'(z*) = 0, linear
stability analysis cannot make any predictions and one needs look at higher order
terms of the Taylor expansion of g(x).

The method for linear stability analysis presented here can be extend for more dimen-
sional dynamical systems in a straightforward manner: By calculating the eigenvalues
of the Jacobian of the function g(z*) representing the multi dimensional replicator
equation. If the real parts of all eigenvalues are smaller than zero, the corresponding
fixed point is stable. If, on the other hand, only one of the eigenvalues is larger than
zero, the fixed point is unstable.

In this thesis the replicator equation will occur in chapter 5, where it is used to
calculate the influence of varying treatment conditions on a population with two
types, implemented as fitness values f; that change over time. As the replicator
equation in this case is nonlinear, stability analysis as well as numerical integration
will be applied to gain insights into the dynamical system.

1.2.3. Moran process

By contrast to the replicator equation above, the Moran process (Moran 1958) de-
scribes the stochastic change of clone sizes in a population with a finite and fixed
number of individuals and also works in small population sizes. Similar to the repli-
cator dynamics, it can be used to explore frequency changes of a mutant within this
population in relation to the fitness effect of the mutation; however, one is often more
interested in the fixation or extinction probabilities of the types within the popula-
tion. The Moran process is useful to model the evolutionary dynamics of stem cells,
as the number of stem cells is usually small and can be assumed to be constant over
time. Accordingly, in chapter 4, I will describe a model where the dynamics on the
stem cell level is equivalent to a neutral Moran process (Klein and Simons 2011).

In essence, the Moran process describes the fate of two types A and B within a
population of fixed size N. On each update step in the population, one individual is
randomly chosen for reproduction with a probability proportional to its fitness while
another individual is randomly chosen for death and will be replaced by the offspring
of the reproduced individual?.

Mathematically, the Moran process can be described with transition probabilities and
analytical solutions for both fixation probabilities and the average fixation time can
be calculated. In the following I will exemplarily calculate the fixation probability

2In an unstructured, well-mixed, population it makes no difference whether or not an individual if
first chosen for reproduction (birth-death) or the other way around (death-birth). In a structured
population, however, this is generally not the case (Hindersin and Traulsen 2015).
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S; for a neutral Moran process of ¢ individuals of type A within a total population
of N individuals. The transition probabilities T for a transition from i to ¢ + 1
individuals of type A, T_ from i to ¢ — 1, or T} for an unchanged population are given
by multiplying the individual probabilities for birth and death

i (N —1)
T, = —
TN N

(N —=id) 1
T =

N N

To=1-T,-T_.
From this the fixation probability S; can be written as a recursion:

SZ' - T+S¢+1 - T_Si_l + ToSZ
== T+S7;+1 - T_Sz‘_l + (]. - T+ - T_)SZ
= T+(Si+1 — S,L> — T,(S,L — Sifl) = T+ki+1 — T,ki,

where I defined the auxiliary quantity k; = 5; — S;_1. Since the fixation probability
for zero individuals of type A is Sy = 0 and therefore k; = Si, one can directly

T T i—1
o (o= (B) ams

To calculate the fixation probability from k; we again use the fact that Sy = 0

SZ' - i l{?j - ’LSI
7=0

The fixation probability for ¢ = N individuals of type A is Sy = 1 = N.S; and the
general fixation probability is given by

As expected, for a neutral mutation, i.e. when A and B have the same fitness, the

probability for fixation for one of the types is equal to the fraction of this type in the
population.

1.3. Stochasticity in biological systems

Stochasticity is unavoidable in any system above zero temperature due to thermal
fluctuations (Schwabl 2006). Small particles like pollen or dust submerged in water
will undergo a erratic jittery movement, which was for example observed 1827 by
Robert Brown and subsequently termed Brownian motion. The physical explanation
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for this is in fact the thermal movement of the water molecules (Einstein 1905; von
Smoluchowski 1906): The seemingly random observed motion of the larger particles
is caused by countless collisions with the smaller water molecules, each collision
transferring a different momentum in a different direction to the larger particle. The
movement of the larger particle can then be described in the framework of stochastic
dynamics (van Kampen 2007; Gardiner 2009). In the same way as Brownian particles
in water, stochasticity emerging from the smallest scale has a strong influence in many
systems (Chandrasekhar 1943).

Often, in large systems, the relative fluctuations caused by these thermal fluctuations
are vanishingly small for the observables of interest and can safely be neglected.
However, on the scale of molecular processes in a cell this is generally not the case
and stochasticity plays a significant role in these systems (Ladbury and Arold 2012;
Elowitz et al. 2002; Cai et al. 2006). The primary impact of stochasticity in evolution
are mutations, as they provide the necessary variation for evolution to occur in the
first place (discussed in section 1.1.2). However, also selection is heavily influenced by
stochasticity, as individuals within a population often get born or die due to seemingly
erratic circumstances (viewed from a larger scale), much like the Brownian motion
mentioned above. This can lead to genetic drift within populations and mutations
can fixate in a population due to this stochasticity (Kimura 1968).

Within multicellular organisms there is often a tight control of stochasticity and
specifically on mutation and selection. Often there are multiple mechanisms which
prevent cells that have acquired mutations to expand and take over the population.
For cancerous cells to emerge, there are therefore often multiple mutations and there-
fore multiple stochastic hits on the same cell necessary (Iwasa et al. 2004; Ashcroft
et al. 2015).

In general, there exist many elaborate frameworks for analysing stochastic systems
and describing the properties of these systems (van Kampen 2007). These framework
allow to investigate some models analytically, for example by using a master equation
approach: The probabilities for all possible states of the system and the transition
rates between these states are put into a system of ordinary differential equations
which describes the time evolution for the probabilities of the states of the system.

1.3.1. Stochastic simulations

Often it is not possible to obtain general solutions for stochastic models with an-
alytical frameworks, as the underlying model is too complex. This is for example
the case in chapter 2 and chapter 4, as in both cases the number of states in the
system and the number of possible transitions between these states are too large for
an analytical treatment (Gillespie 2007). In this case stochastic simulations can be
used to generate many trajectories for the process under consideration which can
then be analyzed statistically. The main component of any stochastic simulation

11
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is the selection of random events with a random number generator (RNG). These
are algorithms that produce very long sequences of seemingly randomly distributed,
but in fact purely deterministically calculated, numbers and are commonly the most
computationally intensive part of stochastic simulations.

Creating trajectories for time-discrete processes like the Moran process (Moran 1958)
is relatively straightforward to implement, as one only has to randomly pick one
individual for birth and one for death according to their respective probabilities on
each time step. For time-continuous processes, however, the Gillespie algorithm is a
popular choice (see below).

Gillespie Algorithm A commonly used algorithm to create trajectories for time-
continuous stochastic processes is the Gillespie algorithm, first described in 1977 for
the simulation of chemical reactions (Gillespie 1977). Each possible reaction has a
reaction rate which describes the average waiting time until this reaction occurs for
the next time, but the exact timing of any reaction is subject to random fluctuations.
In general, the Gillespie algorithm consists of the following steps:

1. Calculate the waiting time until the next reaction occurs 7 based on the sum
of all the reaction rates of the system r = >, 7; by assuming an exponentially
distributed waiting time, such that 7 = —% log(¢) with a uniformly distributed
random number between zero and one ¢ € (0, 1).

2. Pick one of the reactions with a probability proportional to the single reaction
rate r;.

3. Repeat from step one.

This effectively splits the stochastic process in a sequence of (random) waiting times
and a selection process as in the time discrete stochastic simulation.

Compared to a discretization of a time continuous random process, this algorithm
has the advantage that it is exact and does not rely on a discretization time step
which is generally problematic. If a discrete time step is chosen too small to there
will be many steps without any reaction, basically wasting several calculations of
random numbers; if it is chosen too large, the error introduced by the discretization
can strongly influence the results.

Since the development of the original Gillespie algorithm there have been numerous
improvements for computational efficiency. With one of the improved algorithms,
the next reaction method (Gibson and Bruck 2000), the number of random numbers
that are required per reaction can be reduced to one which significantly decreases
the computational cost per simulation time. In the initial step a next reaction tree
and a dependency graph are initialized: The next reaction tree stores all individual
reactions with their waiting times 7, sorted such that the next reaction is at the stem

12



CHAPTER 1. INTRODUCTION

of the tree. The dependency graph stores the necessary updates for the dependent
reactions after a reaction occurred, e.g. the number of reactants changed.

The algorithm starts by executing the reaction at the stem of the next reaction tree
and the simulation time ¢ updated ¢ <— ¢t 4+ 7. Only for this reaction a new waiting
time will be generated by generating a new random number. The waiting times of
all dependent reactions, as stored in the dependency graph, will be updated. The
updated waiting time for a dependent reaction 7, can be calculated from the old
waiting time of the dependent reaction 7,, the old and new reaction rates r, and r,,
the old and new number of reactants n, and n,,, and the simulation time ¢ (Cao et al.
2004):

NoTo

Tp = (T, —t) + 1.

nnrn
The updated reaction times are then sorted back into the tree at the correct positions
according to their new waiting times and the next reaction at the stem of the tree
will be executed.

However, the next reaction method is significantly more complex to implement, as it
involves specific data structures for efficient access and sorting of the relevant data.
This is why it is usually implemented only for larger systems with frequent reactions
that have to be simulated over a long time, as for example the model presented in
chapter 4 of this thesis.

Random number generation Computers (and of course also humans) generally
have difficulties producing real random numbers. Therefore, especially in the con-
text of stochastic simulations, algorithms are used to produce seemingly randomly
distributed numbers, so called pseudo random number generators (RNG). Simple
random number generators often produce correlated numbers or numbers that lie on
a plane in multi-dimensional space which renders them basically useless for the use in
scientific applications (Marsaglia 1968). Accordingly, a multitude of statistical tests
has been developed to ensure the suitability of a specific random number generator
(Marsaglia and Tsang 2002).

Nowadays powerful random number generators are implemented in most program-
ming languages or available as libraries. In this work I exclusively use the Mersenne
Twister (Matsumoto and Nishimura 1998) which passes the relevant criteria for
stochastic simulations in scientific applications and is also reasonably fast. For the

stochastic simulations presented in this thesis the Mersenne Twister as defined in the
C++11 standard (ISO/IEC 2011) is used.

13






2. RNA translation

RNA translation and somatic evolution

Production of functioning proteins from the genome is one of the fundamental pro-
cesses in all living organisms and is essential for survival, growth and reproduction
of any cell. It basically consists of two key processes, which is often called the cen-
tral dogma of molecular biology (Crick 1958): First, the transcription of the genetic
code from long lasting and stable double stranded deoxyribonucleic acid (DNA) into
single stranded "messenger”-ribonucleic acid (mRNA). Secondly, the translation of
this mRNA into functional units, the proteins.

Proteins are the major player involved in virtually any process occurring in the cell
(Crick 1958). Each cell constantly produces proteins to metabolize, grow, reproduce,
or basically to do anything. Therefore even slight changes in the production of pro-
teins can have a drastic influence on the fitness of a cell, which results in a strong
selection pressure on the optimization of protein production. Additionally, the pro-
cess of translation is energetically costly and the associated cellular machinery is
extremely complex to produce and maintain, which adds to the selection pressure
for the efficiency of RNA translation (Gingold and Pilpel 2011). This is especially
true for any multicellular organism where cell function and proliferation have to be
tightly controlled (Gurdon 1992; Kellis et al. 2014), to allow for the complex coor-
dination of multiple cells. Generally, cells react to their environment by expression
of proteins embedded in complex biochemical reaction networks (Davidson 2006), so
disturbances in protein production can potentially disturb coordination of somatic
cells (Polymenis and Aramayo 2015).

Since RNA translation is one of the key steps in producing the proteins, the general
fitness effect of protein production applies even more so to RNA translation. Accord-
ingly, in multicellular organisms cancerous mutations can in some cases be connected
to dysregulation of RNA translation (Blagden and Willis 2011).

Basics of RNA translation The general principle and many specifics of translation
of RNA transcripts into proteins is well understood (Alberts 2015): Huge protein
complexes, called ribosomes, move along the RNA and decode the genetic informa-
tion of the transcript into the protein. Information on RNA transcripts is stored as in
DNA in the form of four different nucleotides - the "letters” of the genetic alphabet:
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Adenine (A), Uracil (U, instead of Thymine as in DNA), Cytosine (C) and Guanine
(G) (Rich and Davies 1956). Three adjacent nucleotides constitute the basic transla-
tion unit of a codon; each codon codes for a specific amino acid that finally makes up
the whole protein. In the actual translation process a ribosome will move along the
codons of the RNA sequence and append the appropriate amino acid for each codon
to the amino acid sequence. When a stop codon (UAA,UAG,UGA) is reached, the
protein chain is released into the cytoplasm.

Generally, the efficiency of translation is determined the rate of protein production
against the use of resources or energy used in the process (Gingold and Pilpel 2011).
Accordingly, the efficiency of translation determines (i) how many proteins a cell gets
from a transcript, (ii) how much energy the cell has to spend for these proteins, and
(iii) how much time the cell needs to wait for these proteins. Since translation is a
very complex process, efficiency of translation can be influenced by many factors, e.g.
the structure of the ribosome or the mRNA (Gingold and Pilpel 2011). This chapter
will explore how reinitiation of ribosomes — after a ribosome reached the end of the
transcript it starts another round of translation on the same mRNA molecule — can
affect the efficiency of translation.

Synonymous mutations Each codon consists of three nucleotides and there are
four different nucleotides. Therefore there are in total 4% = 64 different codons that
can in principle code for genetic instructions'. However, there exist only 20 amino
acids, the basic building blocks of proteins (Crick 1958). This means that there is
a lot of redundancy in the genetic code and some amino acids can have multiple
different codons coding for them.

Consequently, a mutation can be classified based on its functional impact: If a mu-
tation does not change the sequence of the amino-acids, it is thought to have no or
only a very low impact on the functional properties of the resulting protein. This is
called a synonymous mutation. By contrast, a mutation which changes the amino
acid sequence of the protein is non-synonymous and changes the chemical properties
and function of the resulting protein. Often non-synonymous mutations render the
involved protein completely dysfunctional and therefore have a strong impact on the
fitness of the individual cell.

However, it is becoming increasingly clear that synonymous mutations can also have
an impact on the fitness of a cell, especially in the context of somatic mutations and
cancer (Supek et al. 2014; Gotea et al. 2015). Changes in codon usage can change
the efficiency of translation and affect the amount of protein that is produced per
transcript (Sgrensen et al. 1989; Kudla et al. 2009). Since protein abundance is so
important for cell function, especially in the setting of tightly regulated multicellular
organisms, there is strong selection for optimal synonymous codons in translation.

IThree of these 64 codons are stop codons which tell the ribosome to stop translation, so in total
only 61 codons code for amino acids.

16



CHAPTER 2. RNA TRANSLATION

The model presented in this chapter provides a possible explanation for these changes
in translation efficiency caused by codon usage, that is under certain conditions it
predicts substantial changes in protein abundance by introducing a synonymous mu-
tation. It is therefore a mechanism which can potentially explain the above mentioned
fitness effect of synonymous mutations in somatic cells.

Strength of selection Measuring the strength of selection of somatic mutations
within cancer is especially important for their treatment: Often cancer treatments
target specific mutations of the cancer cells (Sawyers 2004). Ideally, to have a negative
effect of treatment on the fitness of cancer cells, these drugs should target mutations
that are functionally important for the cancer and therefore under strong selection.
However, the fitness effect of mutations in cancer is strongly debated (Sottoriva et al.
2015; Williams et al. 2016; Martincorena et al. 2017; Williams et al. 2018)

One common method to gain insight into the strength of selection acting on cer-
tain genes or parts of the genome — also in the context of somatic evolution of
cancer (Ostrow et al. 2014; Martincorena et al. 2017) — is to compare the ge-
netic code of multiple individuals and calculate the number of synonymous (sup-
posedly neutral) mutations dS and non-synonymous mutations dN per site. The
ratio w = dN /dS then informs about the strength of selection acting on the genome
(Yang and Bielawski 2000; Hurst 2002): If there are the same number of synonymous
and non-synonymous substitutions (w = 1), the gene under consideration is neutral,
as none of the non-synonymous mutations are suppressed or enhanced compared over
the baseline mutation rate given by the synonymous mutations. If, on the other hand
w < 1, then there is a strong deleterious fitness effect of a mutation at that site which
is also termed purifying selection. Finally, if w > 1, there is strong positive selection
at that particular site.

However, along with other potential biases this measure critically relies on the as-
sumption of neutrality of synonymous mutations to measure the baseline neutral
mutation rate dS. As outlined above and in the following, this neutrality of synony-
mous mutations might generally not be given, and measuring the strength of selection
from sequencing data will become more complex (Zhou et al. 2010).

Publication information The rest of this chapter is published in the same words
as:

Rogers, D. W.; M. A. Béttcher, A. Traulsen, and D. Greig (2017). “Ribosome reini-
tiation can explain length-dependent translation of messenger RNA”. PLOS Compu-
tational Biology 13.6

(shared first authorship DWR and MAB, see author contributions for details).
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Abstract Models of mRNA translation usually presume that transcripts are linear;
upon reaching the end of a transcript each terminating ribosome returns to the cy-
toplasmic pool before initiating anew on a different transcript. A consequence of
linear models is that faster translation of a given mRNA is unlikely to generate more
of the encoded protein, particularly at low ribosome availability. Recent evidence
indicates that eukaryotic mRNAs are circularized, potentially allowing terminating
ribosomes to preferentially reinitiate on the same transcript. Here we model the effect
of ribosome reinitiation on translation and show that, at high levels of reinitiation,
protein synthesis rates are dominated by the time required to translate a given tran-
script. Our model provides a simple mechanistic explanation for many previously
enigmatic features of eukaryotic translation, including the negative correlation of
both ribosome densities and protein abundance on transcript length, the importance
of codon usage in determining protein synthesis rates, and the negative correlation
between transcript length and both codon adaptation and 5 mRNA folding ener-
gies. In contrast to linear models where translation is largely limited by initiation
rates, our model reveals that all three stages of translation—initiation, elongation,
and termination/reinitiation—determine protein synthesis rates even at low ribosome
availability.
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Author Summary Recent advances in proteomics show that translation is strongly
dependent on transcript length, but current theoretical models fail to capture this
relationship. Here, we propose that the high initiation rates and protein yields of
short transcripts result from terminating ribosomes reinitiating on the same tran-
script. The frequency of reinitiation depends on the time required to complete one
full transit of a transcript, coupling transcript lengths and elongation rates to protein
yield. Any slow step reduces the protein yield of shorter transcripts more than the
yield of longer transcripts, generating stronger selective pressure to eliminate slow
steps in shorter transcripts and explaining the widespread negative correlations in
eukaryotes between transcript length and both 5> mRNA folding energy and codon
adaptation. Our reinitiation-based model reconciles conflicting results from previous
initiation-limited models with recent advances in biotechnology and identifies the
mechanism underlying length-dependent translation, allowing powerful prediction of
translational regulation across eukaryotes.

2.1. Introduction

The physiological state of a cell is largely determined by the identity and abundance
of the proteins encoded by its genome. Understanding how genetic information is
first transcribed into messenger RNA and then translated into protein is therefore
fundamental to our understanding of biological systems. A wide variety of technolo-
gies has allowed detailed investigations of transcription, but—until very recently—a
lack of similar tools for empirical research on translation has meant that the study
of post-transcriptional regulation has been largely restricted to mathematical models
with little opportunity for parameterization or evaluation. Recent advances in both
sequencing technology and mass spectrometry have now produced large amounts of
data on the translation of eukaryotic mRNA, revealing how transcript features, RNA-
binding proteins, and non-coding RNAs influence translation (Lackner and Béhler
2008; Kuersten et al. 2013). While many of the determinants of translation rates
revealed by these empirical studies were predicted by existing models, some remain
difficult to explain. Perhaps the most striking correlate of translation rate is the
length of the transcript itself. Multiple experimental studies, across a wide range of
eukaryotic organisms, have demonstrated a steep negative correlation between the
length of a given coding sequence (CDS) and three different measures of translation:
translation initiation rates (Ciandrini et al. 2013; Shah et al. 2013; Weinberg et al.
2016), the density of ribosomes on a transcript (Weinberg et al. 2016; Arava et al.
2003; MacKay et al. 2004; Arava 2005; Lackner et al. 2007; Qin et al. 2007; Hendrick-
son et al. 2009; Ingolia et al. 2009; Park et al. 2011; Lauria et al. 2015; Thompson
et al. 2016), and the abundance of the encoded protein (Ghaemmaghami et al. 2003;
Gunaratne et al. 2013; Vogel et al. 2010; Wang et al. 2013).
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Ribosome and polysome profiling experiments have shown a positive relationship
between ribosome density and protein abundance, leading to the conclusion that
transcripts with higher ribosome densities have higher translation rates (Lackner et
al. 2007; Hendrickson et al. 2009; Plotkin and Kudla 2011). A positive relationship
between ribosome density and translation rate can occur when translation is limited
by low initiation rates. In traditional models of translation, initiation can be limiting
when other steps in translation, such as elongation, occur quickly enough to prevent
collisions between ribosomes (Plotkin and Kudla 2011). Consistent with this key role
of initiation rates in determining translation rates, Arava et al. 2003 found that the
higher densities of ribosomes on shorter transcripts was most consistent with shorter
transcripts having exponentially higher initiation rates than longer transcripts, esti-
mating a halving of the initiation rate with every 400-codon-increase in CDS length.
More recent analyses (Ciandrini et al. 2013; Shah et al. 2013) have revealed that the
relationship between CDS length and initiation rates is better described by a power
law: the initiation rate is roughly halved for every doubling of CDS length (i.e. a
log-log slope of approximately -1). However, the assumption of initiation-limitation
leaves little room for variation in elongation rates to influence translation rates, which
is at odds with recent work demonstrating that codon usage can be an important
determinant of protein yields (Chu et al. 2014a; Tarrant and von der Haar 2014).

If translation is limited by the ability of transcripts to capture ribosomes from the
cytoplasmic pool (the de novo initiation rate), mechanisms that allow transcripts to
retain terminating ribosomes for subsequent rounds of translation should improve
translation rates. The closed-loop model of translation was first proposed as a hy-
pothetical mechanism to improve translation efficiency through intrapolysomal ri-
bosome reinitiation (Philipps 1965; Baglioni et al. 1969). By bringing the sites of
termination and initiation into close proximity through circularization of the mRNA,
the closed-loop complex allows ribosomes that have finished translating to reinitiate
translation on the same mRNA molecule rather than returning to the cytoplasmic
pool. The closed-loop model was initially based on the appearance of many polysomes
in electron micrographs as circular, rather than linear, structures (detailed high res-
olution tomographic analyses of circular polysomes are now available Afonina et al.
2015). Recent theoretical and experimental studies have shown that secondary struc-
tures in single stranded RNAs bring the 5" and 3’ ends close together (equivalent to
the distance spanned by 9-16 nucleotides) meaning that mRNAs are effectively circu-
larized (Yoffe et al. 2011; Leija-Martinez et al. 2014). Interactions between initiation
factors bound to the 5 end, and proteins associated with the 3’ end including re-
lease and recycling factors, and the poly(A) binding proteins, are thought to facilitate
translation, possibly by stabilizing the closed-loop structure or by actively promoting
reinitiation (Mazumder et al. 2003; Wilkie et al. 2003).

The importance of reinitiation of ribosomes on circular transcripts in determining
protein yield is well established in vitro (Philipps 1965; Baglioni et al. 1969; Nelson
and Winkler 1987; Kopeina et al. 2008; Alekhina et al. 2007). Measuring translation
of the luminescent protein luciferase in a eukaryotic cell-free system, Kopeina et al.
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2008 showed that circular polysomes rarely exchanged ribosomes with the free pool
or lost ribosomes to other transcripts, but linear polysomes did so frequently. On
circular polysomes, most terminating ribosomes immediately reinitiated on the same
mRNA molecule (see also Nelson and Winkler 1987). Alekhina et al. 2007 found that
protein production in a similar cell-free system does not rapidly reach a steady state,
as would be expected under a linear model of translation, but rather accelerates over
the lifetime of the transcript, consistent with reinitiation on the same transcript.
They proposed that the translation rate initially depends on slow de novo initiation
of ribosomes from the free pool but soon becomes dominated by the much faster
process of reinitiation.

Here, we use a minimal computational model to investigate the consequences of
ribosome reinitiation on translation, with particular focus on transcript length and
codon usage. We find that reinitiation causes ribosome densities, overall initiation
rates, and protein yields to decrease with increasing transcript length. Furthermore,
higher levels of reinitiation increase the importance of codon usage in determining
translation rates in a length-dependent manner, even at low ribosome densities or
low de novo initiation rates. Reinitiation therefore provides a potential mechanistic
explanation for multiple previously-enigmatic patterns observed in empirical studies
of translation.

2.2. Model

We use a totally asymmetric simple exclusion process (TASEP, reviewed in Chou
et al. 2011) to investigate the closed loop model of translation. The TASEP (Fig.
2.1) models each transcript as a one-dimensional lattice consisting of a number of
sites equal to the number of codons in the CDS: each site represents a single codon.
Each site can be either free or occupied by a ribosome. Ribosomes move along the
transcript in the 5’ to 3’ direction and cannot occupy the same codon(s) as any other
ribosome. In our model, the transcript is circularized, meaning that terminating
ribosomes can not only be released into the cytoplasmic pool (as in a linear TASEP)
but can also move to the initiation site of the same transcript (reinitiation).

Four different types of reactions can take place in the TASEP: (i) de novo initiation:
a free ribosome can be placed onto the 5’ end of the transcript (the initiation site) at
the de novo initiation rate; (ii) elongation: ribosomes at any codon on the transcript
(except the termination site) can move forward one codon in the 3’ direction at the
elongation rate; if a ribosome occupies the termination site, it can either (iii) leave
the transcript at the release rate or (iv) it can move to the initiation site at the
reinitiation rate.

We model ribosomes as extended particles that occupy ten codons each: the A-sites
(where each codon is translated) of adjacent ribosomes must be spaced apart by at
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Figure 2.1: The closed-loop model of translation.
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transcript lifetime has been reached.

least 10 codons. Thus, the elongation reaction is only possible when the A-site of
the next ribosome in the 3’ direction is > 10 codons downstream. Similarly, neither
de mowo initiation nor reinitiation is possible if any of the first 10 codons is occupied
by an A-site.

Analytical solutions of the TASEP are possible, but currently can only be applied
to the steady state. Consequently, most TASEP models, including a recent study of
reinitiation (Marshall et al. 2014), investigate translation at the steady state, where
the rate at which ribosomes join a transcript equals the rate at which they leave,
and the translation rate is constant. However, every real transcript spends some
proportion of its lifetime outside of the steady state, where these solutions do not
apply; the assumption of a perpetual steady state is therefore an approximation.
A new transcript does not instantly acquire ribosomes distributed along its length.
Instead, ribosomes join at the 5" end and gradually progress towards the stop codon,
where they can be released. In the absence of reinitiation, the steady state can
be reached once the first ribosome to join a transcript is released. The duration
of this "pioneer round” (Maquat et al. 2010) increases with transcript length, but
generally represents a small proportion of eukaryotic transcript lifetimes. In the
absence of reinitiation the steady state is therefore a good approximation (although
it can be inappropriate for prokaryotes with short-lived transcripts Nagar et al. 2011;
Gorissen and Vanderzande 2012). However under reinitiation, ribosomes do not
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necessarily leave the transcript upon termination, which causes the effective initiation
rate (and the translation rate) to increase over time (Alekhina et al. 2007). The
time to reach the steady state therefore increases with both transcript length and
reinitiation probability, and the time spent outside of the steady state thus represents
a greater proportion of transcript lifetimes (Fig. 2.S1A). The steady state assumption
consequently becomes a much worse approximation of translation at higher levels of
reinitiation, overestimating translation rates on long transcripts and underestimating
translation on short transcripts (Fig. 2.S1B). It is therefore impossible to make a
fair comparison of translation at different reinitiation levels using the steady state
approximation, particularly for transcripts of different lengths.

Since we do not assume that translation on any given transcript is always at the
steady state, we cannot use the steady state analytical solutions of the TASEP.
Instead, we perform stochastic simulations using the Gillespie algorithm (Gillespie
1977), which capture both the steady state and the non-steady state. In models that
assume the steady state, all translation that occurs in simulations prior to the steady
state is ignored. For example, in a recent reinitiation-based model of translation
in yeast, the first 10%s of simulations was discarded (Marshall et al. 2014). Given
that the average lifetime of yeast transcripts is on the scale of 103-10* s (Pelechano
et al. 2010), this means that all translation occurring over biologically plausible
lifetimes was excluded from the analysis. Here, we make no assumptions about the
steady state; we simply account for all translation that occurs during the lifetime
of a transcript (both before and after the steady state is achieved). We simulated
translation on each transcript independently. Each run generated a time evolution
of the ribosome occupancy at each codon on a given transcript. We computed three
measures of translation: ribosome density (the average number of ribosomes on a
transcript over its lifetime divided by one tenth of CDS length, because each ribosome
occupies 10 codons), effective initiation rate (the total number of initiations occurring
through either de novo initiation or reinitiation divided by transcript lifetime) and
protein yield (the total number of ribosomes reaching the stop codon of a transcript).
We averaged the results of 1000 runs to produce results that are not subject to large
stochastic fluctuations. We do not consider untranslated regions and our transcripts
therefore represent only the CDS. The code for our TASEP is available at: https:
//github.com/marvinboe/reTASEP

Changing any transcriptome-wide parameter can dramatically alter global ribosome
usage. For instance, at a given de novo initiation rate, increasing the reinitiation
probability increases the total number of actively translating ribosomes. While this
effect may be true, given that reinitiation is expected to allow more efficient use
of ribosomes (see Discussion), it makes parameterizing the model difficult because
the actual level of reinitiation is unknown. To keep all simulations consistent with
empirical values, we have adjusted the de novo initiation rate to maintain the em-
pirically observed average ribosome density. For simplicity, we have kept the num-
ber of ribosomes on a 400-codon-long transcript constant (at 6 ribosomes) for all
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transcriptome-wide reinitiation probabilities and elongation rates. See 2.S1 Text for
details on parameter estimates used in each simulation.

2.3. Results

High levels of reinitiation generate length-dependent translation Our model
captures the negative correlation between ribosome density and CDS length observed
in empirical studies, but only if the probability of reinitiation is high (Fig. 2.2).
This result is intuitive; if reinitiation were perfect, all ribosomes that initiate would
continue to reinitiate and translate, never leaving a transcript until it degrades. The
density of ribosomes on a transcript of a given length and age would therefore be
determined exclusively by the de novo initiation rate. If the de novo initiation rate
is the same for all transcripts, then all transcripts of a given age should carry the
same number of ribosomes and ribosome density will be the inverse of CDS length
(with a log-log slope of -1). At a given elongation rate, the time required for a
ribosome to complete one cycle (travel from the start codon to the stop codon) is
less for short transcripts than for long transcripts. This means that, prior to the
steady state, reinitiation occurs more frequently on shorter transcripts resulting in
higher protein yields for short transcripts than long transcripts. When all or nearly
all terminating ribosomes reinitiate, the effective initiation rate is much higher for
shorter transcripts—providing a simple mechanism that could explain the length-
dependence of initiation rates predicted by recent studies of translation (Ciandrini
et al. 2013; Shah et al. 2013; Weinberg et al. 2016; Arava et al. 2003). The higher
ribosome densities on shorter transcripts increase the likelihood of collisions between
ribosomes, resulting in deviations from the expected power law relationship between
measures of translation and CDS length (Fig. 2.2) through two related mechanisms.
First, more frequent collisions between elongating ribosomes on shorter transcripts
slow down translation, generating less steep slopes for the effective initiation rate
and protein yield at low CDS lengths. Second, the initiation site is more likely to be
occupied on a short transcript than on a long transcript, resulting in higher levels
of initiation interference (Chu et al. 2014a) on shorter transcripts, further flattening
length-dependence for all measures of translation on short transcripts.

When reinitiation is not perfect, ribosomes can return to the cytoplasmic pool after
termination, and the effect of CDS length on ribosome density, effective initiation
rate, and protein yield is diminished. Even small reductions in reinitiation probabil-
ity greatly weaken length-dependence (Fig. 2.2). This is because short transcripts
have more opportunities to lose ribosomes than do long transcripts. While a suc-
cessful reinitiation event only guarantees that a ribosome remains associated with
the transcript until the next termination event, ribosome loss is permanent. In the
complete absence of reinitiation, length-dependence is therefore abolished.
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Figure 2.2: Reinitiation of post-termination ribosomes causes length-dependent
translation. Ribosome density is the average number of ribosomes occupying a transcript
during its lifetime divided by one tenth of the CDS length (since each ribosome occupies 10
codons). The effective initiation rate is the total number of initiation events ( initiation and
reinitiation) divided by transcript lifetime. Protein yield is the total number of ribosomes
reaching the stop codon during the lifetime of a transcript. Slopes (95% confidence intervals)
are indicated in the bottom left corner of each panel. De novo initiation rates were adjusted
at each reinitiation level so that a 400-codon long transcript carried 6 ribosomes. Top: exper-
imentally observed relationships between CDS length and ribosome density (left), initiation
rate (center) or protein abundance (right) in the budding yeast Saccharomyces cerevisiae.
Middle: experimentally observed relationship between CDS length and ribosome density
(left) and protein abundance (right) in the human HEK293T cell line. Estimates of the ini-
tiation rate are not currently available for this cell line, so we have used this space to list
the slopes from our simulations. Bottom: predicted relationships between ribosome density
(left), the effective initiation rate (center), and protein yield (right) and CDS length at dif-
ferent reinitiation levels (different colours) from our simulations. Simulations were performed
using a fixed elongation rate of 10s™!. See Fig. 2.52 for simulations at other parameter values.
Data sources: Yeast densities are weighted averages of the signals in polysomal fractions for
6071 transcripts from (Arava et al. 2003); initiation rates for 5348 transcripts were calculated
by Ciandrini et al. 2013 based on ribosome density data from (MacKay et al. 2004); protein
abundances of 4694 proteins included in the Peptide Atlas 2013 dataset from PaxDb (Wang
et al. 2012) normalized against the total number of proteins (expressed as parts per million).
HEK293T densities were calculated from mean ribosome numbers (across 3 replicates) re-
ported by Hendrickson et al. 2009; protein abundances of 2636 proteins with identified CDS
lengths included in the Geiger MCP 2012 data set (based on spectral counting) from PaxDb
(Wang et al. 2012).
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Figure 2.3: Transcript-specific change of the reinitiation rate, but not the de novo
initiation rate, has larger effects on short transcripts than long transcripts. We
simulated the effects of changing the reinitiation rate (A, B) or the de novo initiation rate
(C, D) of a single transcript species by 2-fold or 0.5-fold at different transcriptome-wide
reinitiation levels. For each transcriptome-wide reinitiation level (different colours), doubling
(or halving) the reinitiation rate shifted the reinitiation level to: 99% to 99.5% (98.0%); 95%
to 97.5% (90.5%); 90% to 94.7% (81.8%); 80% to 88.9% (66.7%); 50% to 66.7% (33.3%);
0% to 0% (0%). Doubling or halving the reinitiation rate at very high transcriptome-wide
reinitiation levels (e.g. 99.9%) has little effect on translation since ribosomes rarely leave
transcripts. Y-axes (log 2 scaled) show the ribosome density of altered transcripts relative to
an equivalent transcript at the transcriptome wide reinitiation level. The effects of changing
either the reinitiation rate or the de nowvo initiation rate on the effective initiation rate and
protein yield were nearly identical to the effects on ribosome density. Transcriptome-wide de
novo initiation rates were adjusted at each reinitiation level so that a 400-codon long CDS at
the transcriptome-wide reinitiation level carried 6 ribosomes.

Reinitiation, but not de novo initiation, has a larger effect on short transcripts
than long transcripts While changing transcriptome-wide parameters can dramat-
ically affect global ribosome usage (see Model), altering parameters of transcripts en-
coded by a single gene will have little effect on global ribosome usage. This is because
nearly all endogenous genes are expressed at low levels, so changing the translation
parameters of the transcripts produced by a single gene will have a negligible effect
on global ribosome availability (Shah et al. 2013; Plotkin and Kudla 2011; Charneski
and Hurst 2013). By studying transcripts of individual genes, we can therefore inves-
tigate the consequences of changing a single parameter while holding all other values
constant. We first tested the effects of altering the reinitiation rate of transcripts
encoded by a single gene (Fig. 2.3A and B). Doubling the reinitiation rate results in
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an extremely similar increase in all three measures of translation (ribosome density,
effective initiation rate, and protein yield; results are therefore only shown for ribo-
some density), but the effects are greater for short transcripts than long transcripts.
These effects are mirrored by a length-dependent decrease in translation when the
reinitiation rate is halved (Fig. 2.3B). Furthermore, the length-dependent effects of
changing the reinitiation rate of a single transcript species are generally stronger at
higher transcriptome-wide reinitiation probabilities, except when reinitiation is so
high that ribosomes rarely leave the transcript (e.g. 99.9%).

We next tested the effects of altering the de mowo initiation rate of a single tran-
script species (Fig. 2.3C and D). In the absence of reinitiation, doubling the de novo
initiation rate had an equal effect on ribosome density for transcripts of all lengths.
However, at higher levels of reinitiation, doubling the de novo initiation rate resulted
in a smaller increase in ribosome density on short transcripts than on long tran-
scripts, caused by increased initiation interference; the higher density of ribosomes
on short transcripts under reinitiation increases the probability that the initiation
site is blocked, preventing successful de novo initiation. The effects of altering the de
novo initiation rate on the effective initiation rate and protein yield are very similar
to the effects on ribosome density.

High levels of reinitiation couple effective initiation rates and protein yields
to the elongation rate So far, we have assumed that all transcripts have identical
elongation rates, but in reality the elongation rate varies between transcripts encoded
by different genes (Yu et al. 2015). We therefore investigated the consequences of
changing the elongation rate of a single CDS from 10s™ to either 20s! or 55! (Fig.
2.4). Increasing the elongation rate reduces the amount of time between initiation
and termination. In the absence of reinitiation, this causes ribosomes to spend less
time on the altered transcript resulting in decreased ribosome density, but has little
effect on the initiation rate or protein yield since these elongation rates are generally
not limiting. Altered elongation rates do affect how long it takes to clear the initiation
site and therefore the amount of initiation interference, explaining the relatively small
differences in initiation rates and protein yields seen at 0% reinitiation (Chu et al.
2014a).

Under perfect reinitiation, terminating ribosomes explicitly reinitiate on the same
transcript. Changing the elongation rate of a single gene therefore has no effect on
the density of ribosomes on the altered transcript. However, by altering the time
between reinitiation events, changing the elongation rate results in an equal change
in the effective initiation rate of the altered transcript (Fig. 2.4). The protein yield
of any endogenous gene is therefore exquisitely sensitive to changes in elongation
rate under perfect reinitiation. Under perfect reinitiation, this effect is seen at all
CDS lengths. The importance of the elongation rate decreases dramatically when
reinitiation levels are reduced: faster elongation results in more opportunities to lose
ribosomes, particularly on short transcripts.
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Figure 2.4: Transcript-specific change in translation caused by altering the average
elongation rate of a single coding sequence. We simulated the effects of changing the
average elongation rate of a single transcript species from 10s™ to either (A) 20s! or (B)
557! at different reinitiation levels (different colours). CDS length refers to the length of the
altered coding sequence. Y-axes (log 2 scaled) show the effect of altering the elongation rate
on the ribosome density (left), effective initiation rate (center), and protein yield (left) of the
altered transcript at the higher or lower elongation rate relative to 10s™! (dotted line). De novo
initiation rates were adjusted at each reinitiation level so that a 400-codon long transcript
with a fixed elongation rate of 10s™! carried 6 ribosomes.

Length-dependent consequences of a single slow step on translation So far, we
have only considered the effects of changing the average elongation rate of a tran-
script. However, it is difficult to imagine a mechanism that could simultaneously
alter the elongation rate of all codons in a single transcript species without affecting
the global elongation rate. Instead, transcripts are likely altered by mutations affect-
ing a single codon at a time. Codon usage can affect elongation by determining the
stability of secondary structures in the mRNA, but different codons are also decoded
at different rates depending on the cellular availability of the appropriate tRNA.
Most amino acids are encoded by multiple codons, and some codons (including syn-
onymous codons that code for the same amino acid) are decoded faster than others
(Yu et al. 2015; Presnyak et al. 2015). We therefore investigated the consequences of
a single slow step on translation of transcript species of different lengths (Fig. 2.5).
Here, we only examined translation at 99.9% reinitiation; similar results would be
expected for other models of length-dependent translation including those that omit
reinitiation. Introducing a single slow step into any transcript reduces its effective
initiation rate and protein yield, but the effects are much larger for short transcripts
than for long transcripts (Fig. 2.5). The length-dependence of a single slow step
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Figure 2.5: The consequences of a single slow step under length-dependent trans-
lation. We investigated the consequences of introducing a slow elongation step at either the
start codon (green), the middle codon (grey), or the final codon (immediately before the stop
codon, blue) under 99.9% reinitiation. CDS length refers to the length of the altered coding
sequence. Slow codons were translated at 157! (filled circles), 0.1s™! (open circles), or 0.01s™
(plus signs). Y-axes show the effect of a single slow step on the ribosome density (A), effective
initiation rate (B), and protein yield (C) at the lower elongation rate relative to 10s™ (dotted
line).
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arises from two sources. First, a single site represents a larger proportion of a short
transcript than a long transcript and consequently results in a greater decrease in
the average elongation rate (Comeron et al. 1999). Second, short transcripts have
higher ribosome densities and are therefore more prone to collisions or "traffic jams”
than are long transcripts. Effective initiation rates and protein yields are particu-
larly sensitive to single slow steps near the start codon, with larger effects on shorter
transcripts: slow clearance of the initiation site delays reinitiation and blocks de novo
initiation resulting in lower ribosome densities on affected transcripts.

A yeast-specific model of translation with reinitiation Given the importance of
variation in elongation rates to translation under reinitiation, we used our model to
simulate translation in S. cerevisiae using codon-specific decoding rates. We used
decoding rates (see Table 2.S1) estimated by Gilchrist and Wagner 2006 which are
based on tRNA availability and wobble pairing rules and scaled so that the average
decoding rate is 10s™!; they are related to measures of codon occupancy reported in
(Hendrickson et al. 2009) (r = 0.494, n = 61, P < 0.0001). Since efficient reinitiation
couples protein production to elongation rates, synonymous codon usage should have
detectable consequences for protein yield at high levels of reinitiation. We tested the
effects of synonymous codon usage at 99.9% reinitiation by predicting the yields of
nine different synthetic GFP constructs (Lanza et al. 2014) that differ only in their
synonymous codon usage (Fig. 2.6A). We compared these predictions to observed
protein abundances measured in S. cerevisiae expressing each construct, and found
a strong positive correlation between predicted yields and observed abundances (r =
0.750, n = 9, P = 0.020); our model predicted approximately half of the observed
effect of using different synonymous codons (relative expression of highest vs. low-
est construct, model = 2.4-fold, observed = 5.4-fold). Thus, efficient reinitiation
correctly predicts a role for synonymous codon usage in determining yield.

Having established that Gilchrist & Wagner’s (Gilchrist and Wagner 2006) codon-
specific elongation rates are realistic, we used them to simulate the entire budding
yeast translatome. The results of our simulations at 99.9% reinitiation are strongly
correlated (Fig. 2.6B) with experimental measures of ribosome densities (r = 0.932, n
= 5542, using data from Arava et al. 2003) and calculated initiation rates (r = 0.742,
n = 5348, using estimates from Ciandrini et al. 2013; r = 0.618, n = 3728, using
estimates from Shah et al. 2013). Our yield predictions are less strongly correlated
with measured protein abundances (r = 0.478, n = 4686, data from Peptide Atlas
2013). This weaker correlation is unsurprising as our predictions of yield omit many
important determinants of protein abundance including transcript abundance and
protein stability. Results of simulations at other reinitiation levels are included in Fig.
2.53 (fixed transcript lifetime) and Fig. 2.54 (experimentally measured transcript
lifetimes).
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Figure 2.6: Simulating translation in the budding yeast S. cerevisiae. Our simulations

were run using yeast-specific decoding rates (Gilchrist and Wagner 2006) and a transcript life-
A time of 1553s (Pelechano et al. 2010). Results are shown for 99.9% reinitiation (see Figs. 2.53
T y & 2.54 for simulations at other reinitiation levels). (A) Corre-

L]
r=0762

g 60004 3 lation of model-predicted protein yields (proteins per mRNA
3 per lifetime) for 9 differently codon-optimized GFP coding se-
c . . .
2 2000 quences with experimentally measured abundances (arbitrary
N units) from (Lanza et al. 2014). (B) Correlation of model-
2 predicted ribosome density, effective initiation rate, and pro-
%2000- 3 tein yield with experimentally measured values. Sources of
g . ¢ experimental data are the same as in Fig. 2.2. When X and
3 Y-axis scales are equivalent, the 1:1 line is represented by a
100 200 300 400 500 dotted line. When X and Y-axis scales are not equivalent, the
pleedicted proteingicid solid line is the regression line.
C T - T T T T p 104 T T T
- r=0.932 P 2 r=0.742 : A Y r=0478
= o . g E
2109 {1 £710%% 1 S 107
3 = =
o o 2 142]
E= 10
§ 21073 I
3 ‘c E 101‘
Q. 5 o VY
5103 18 B
g 210 1% %
2 o i s
3 £ , 810"y
£ - g
10-2 1 ) 10-3 1| ! ! 10-2 | |’
107 107 10° 10° 107 10" 10° 10 10° 10°
predicted ribosome density predicted effective initiation rate predicted protein yield

2.4. Discussion

We have shown that a fixed transcriptome-wide level of ribosome reinitiation can
generate both length-dependent translation and a powerful transcript-specific role for
codon usage, but only when reinitiation is extremely efficient. The level of reinitiation
in live cells is unknown, but multiple studies have established that reinitiation is
much more frequent than de novo initiation in cell-free systems. Furthermore, if
reinitiation benefits the cell, we would expect it to evolve to become highly efficient.
Maintaining a large pool of ribosomes consumes a substantial part of a cell’s energy
budget and selection will favor mechanisms that allow ribosomes to be used efficiently
(Warner 1999). If; as reported by Nelson and Winkler 1987 and Kopeina et al. 2008,
reinitiation of post-termination ribosomes is faster than de novo initiation from the
free ribosome pool, then efficient reinitiation reduces the amount of ”"dead time”
ribosomes spend in the pool waiting to be recruited (Marshall et al. 2014; Chu et
al. 2014b). Each ribosome in a cell is therefore able to complete more rounds of
translation in a given time interval under high levels of reinitiation compared to low
levels of reinitiation. Reinitiation levels should be very closely associated with fitness:
the translation initiation rate is thought to be the principal determinant of the rate of
cell division (Soifer and Barkai 2014; Polymenis and Aramayo 2015). Consequently,
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if reinitiation does occur in living cells, it is hard to imagine why it would not work
very efficiently. Direct measurement of the level of reinitiation in vivo may soon be
possible thanks to recent technological advancements enabling selective labeling of
ribosomes (Jan et al. 2014) and the visualization of translation on individual mRNAs
(Wang et al. 2016; Yan et al. 2016).

A single fixed level of reinitiation is not necessary to explain length-dependent trans-
lation; efficient reinitiation is only required on short transcripts (Fig. 2.S5). Studies
in living cells have shown that some transcripts are more likely to be associated with
translation factors required to form the closed-loop complex than others (Archer et
al. 2015). If the closed-loop complex is required for efficient reinitiation, then reinitia-
tion levels likely vary between transcripts. More specifically, shorter transcripts likely
experience higher levels of reinitiation since they are both more likely to be enriched
with closed-loop factors (Thompson et al. 2016; Costello et al. 2015), form more sta-
ble closed-loop complexes (Amrani et al. 2008), and may exhibit shorter end-to-end
distances allowing increased levels of reinitiation by passive diffusion (Fernandes et
al. 2017). Additionally, cellular depletion of both the closed loop factor elF4G and
the translational regulator Ascl/RACK1 has also been shown to have a greater ef-
fect on the translation of short transcripts than on long transcripts (Park et al. 2011;
Thompson et al. 2016). Using length-dependent reinitiation levels in our simulations
allows the empirical relationship between CDS length and ribosome density, effective
initiation rate, and protein yield to be captured at an average reinitiation level orders
of magnitude smaller (~90%; Fig. 2.S5) than does a fixed reinitiation level (99.9%;
Fig. 2.55).

Beyond acting on global mechanisms, natural selection also operates to maximize
the protein yield of transcripts encoded by individual genes (translational efficiency
Comeron et al. 1999). Selection for increased translational efficiency can not only
increase the abundance of a given protein in a cell, but can also maintain protein
levels while minimizing the cost of transcription, which has been shown to be an
important determinant of fitness in yeast (Kafri et al. 2016). The strength of se-
lection depends on the magnitude of the effect of a given mutation on translational
efficiency; mutations with larger effects are subject to stronger selection. We have
shown that the magnitude of the effect on translational efficiency of altering a given
parameter by an equal amount can vary with the length of the altered transcript
species. Thus, the strength of selection on mutations that affect a given parameter
can be length-dependent (Comeron et al. 1999). For instance, doubling the reiniti-
ation rate of a single transcript species results in a bigger increase in translational
efficiency for shorter transcripts (Fig. 2.3). Mutations affecting the reinitiation rate
of short transcripts are therefore more likely to be selected than are those than oc-
cur on long transcripts, potentially contributing to higher levels of reinitiation on
shorter transcripts as discussed above (Fig. 2.55). In contrast, doubling the de novo
initiation rate does not result in higher translational efficiency on shorter transcripts
and, under reinitiation, can actually have smaller effects on shorter transcripts due
to increased initiation interference (Fig. 2.3). Selection for increased translational
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efficiency on individual transcript species is therefore not predicted to result in higher
de nowvo initiation rates on shorter transcripts. Instead, selection under reinitiation
will be more effective at reducing initiation interference on shorter transcripts.

At high levels of reinitiation, we have shown that a single slow step in translation
causes a greater reduction in the translational efficiency of short transcripts than
that of long transcripts (Fig. 2.5). Eliminating slow steps has larger effects on the
translation of short transcripts compared to long transcripts and therefore selection
to eliminate slow steps will be most effective in genes encoding short transcripts.
Length-dependent selection against slow steps under reinitiation therefore offers an
explanation for the negative correlation between codon adaptation and CDS length
observed across eukaryotes (Shah et al. 2013; Comeron et al. 1999; Ding et al. 2012;
Duret and Mouchiroud 1999; Marais and Duret 2001; Kliman et al. 2003; Waldman
et al. 2010, but see also Coghlan and Wolfe 2000). Translational efficiency is par-
ticularly sensitive to slow sites near the start codon (Fig. 2.5, see also (Chu et al.
2014a)): slow clearance of the initiation site delays reinitiation (promoting ribosome
loss) and blocks de novo initiation resulting in lower ribosome densities on affected
transcripts. Multiple mechanisms can determine how slowly ribosomes vacate the
initiation site including the presence of one or more slow codons (Chu et al. 2014a)
or the presence of stable 5" secondary structures in the transcript (Gu et al. 2010).
As both features reduce yield to a greater extent on short transcripts compared to
long transcripts (Fig. 2.5), selection should be more efficient at eliminating them
on shorter transcripts, consistent with the negative correlations between CDS length
and both 5" mRNA folding energy and 5’ codon adaptation (Ding et al. 2012). Thus,
length-dependent translation generated by high levels of reinitiation will generate
length-dependent selection against slow steps (Comeron et al. 1999), which will in
turn reinforce patterns of length-dependent translation.

Reinitiation provides a simple mechanistic explanation for empirically observed pat-
terns of length-dependent translation including negative correlations between CDS
length and ribosome density, effective initiation rate, protein yield, transcript codon
adaptation, 5’ codon adaptation, 5’ folding energy, and association with closed-loop
factors. Under reinitiation, these patterns are expected to emerge through selection
for efficient ribosome usage, maximizing protein yield, and translational efficiency on
individual transcript species. This is in sharp contrast to linear models in which, at
low ribosome availability, length-dependence arises through direct selection for higher
de novo initiation rates on shorter transcripts (Ciandrini et al. 2013; Shah et al. 2013).
Our model is consistent with the emerging view that translation is controlled not only
by initiation, but also by elongation and termination/reinitiation (Chu et al. 2014a;
Tarrant and von der Haar 2014; Merrick and Harris 2014). This conceptual shift
makes clear that manipulating any these stages can have profound consequences on
translation, and presents factors associated with elongation, release, and recycling as
new targets for therapeutic intervention (cf. Richter and Coller 2015).
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Figure 2.S1: The steady state is a poor approximation of translation at high reini-
tiation levels for transcripts with finite lifetimes. (A) Time to approach the steady
state ribosome density at different reinitiation levels for transcripts of different lengths. Sim-
ulations were run for 3 x 105 s using the parameter values described for our general model.
De novo initiation rates were adjusted at each reinitiation level so that a 400-codon transcript
carried an average of 6 ribosomes at the steady state. The steady state ribosome density was
calculated as the average density over the final 10%s of 1000 iterations (if this value showed
no directional change over time). The first passage time represents the earliest time point
that the average density of 1000 iterations equaled or exceeded the steady state density. Long
transcripts (4000 codons) failed to reach the steady state during the 3 x 10°s run time at
reinitiation levels above 99.6%. Data points at higher reinitiation levels were therefore ex-
cluded. (B) Steady state translation rate (yield s'!) relative to the average translation rate
(vield s7!) on equivalent transcripts with a finite 3000s lifetime. Deviations from a ratio of
1 represent the magnitude of the misestimation of the translation rate caused by assuming
a perpetual steady state on transcripts with finite lifetimes. De nowvo initiation rates were
adjusted at each reinitiation level such that the average 400 codon-transcript carried 6 ribo-
somes either at the steady state or on average over its 3000 s lifetime. Consequently, all 400
codon transcripts have the same average ribosome density allowing fair comparison. At high
reinitiation levels, the steady state approximation overestimates ribosome density on long
transcripts and underestimates ribosome density on short transcripts.
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Figure 2.S2: Full model predic-

tions of ribosome density, effective
initiation rate, and protein yield
at different reinitiation levels. We
simulated translation for a wide range
of transcript lifetimes and de nowvo ini-
tiation rates. For any given combina-
tion of transcript lifetime and de novo
initiation rate, we simulated transla-
tion for transcripts with different CDS
lengths and then calculated the slope
of ribosome density, effective initiation
rate, and protein yield over CDS length.
Slopes are indicated in different colours
(see colour bar), reflecting the degree
of length-dependence. The white line
in each panel shows the de novo initia-
tion rate required at each lifetime such
that a 400-codon long transcript car-
ries 6 ribosomes. Our model predicts
that high levels of reinitiation can cause
length-dependent translation across a
wide range of transcript lifetimes and
de movo initiation rates. At high lev-
els of reinitiation, length-dependence is
strongest for short transcript lifetimes
and low de movo initiation rates; since
ribosomes are unlikely to leave the tran-
script, at long lifetimes or high de novo
initiation rates, all transcripts eventu-
ally become saturated with ribosomes.
As a result, the number of ribosomes
per transcript becomes proportional to
CDS length (since longer transcripts can
carry more ribosomes) and ribosome

density, the effective initiation rate, and protein yield become similar for all CDS lengths. As
the reinitiation level falls, the effective initiation rate becomes dominated by the de novo initiation
rate, which is the same for all CDS lengths, and ribosome density, the effective initiation rate, and
protein yield all become independent of CDS length. In a linear model of translation (0% reiniti-
ation), negative slopes for density and yield are only seen for extremely short transcript lifetimes
simply because the first initiating ribosome fails to reach the stop codon on long transcripts before
the maximum lifetime is reached. This effect disappears when transcript lifetimes exceed the time
required for the first ribosome to reach the stop codon of the longest transcript (~400 seconds).
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Figure 2.S3: Simulating translation in the budding yeast S. cerevisiae at different
reinitiation levels. Predicted ribosome density, effective initiation rate, and protein yield for
all 5888 budding yeast transcripts simulated at different reinitiation levels using codon-specific
decoding rates from (Gilchrist and Wagner 2006). The left y-axis scale applies to ribosome
density (left) and effective initiation rates (center); the right y-axis scale applies to protein
yield (right). Slopes are indicated in the top-right corner. As in Fig. 2.6, all transcripts had a
fixed lifetime of 1553 seconds. De nowo initiation rates were adjusted at each reinitiation level
so that a 400-codon long transcript with a fixed decoding rate of 10s~! carried an average of 6
ribosomes. Pearson correlation coefficients between simulated results and empirical measures
for each reinitiation level are: (i) ribosome density (n = 5542): 100% = 0.935, 99.9% = 0.932,
99% = 0.908, 95% = 0.784, 90% = 0.619, 80% = 0.377, 50% = 0.083; (ii) effective initiation
rate (n = 5348): 100% = 0.742, 99.9% = 0.742, 99% = 0.729, 95% = 0.671, 90% = 0.591,
80% = 0.468, 50% = 0.289; (iii) protein yield (n = 4933): 100% = 0.480, 99.9% = 0.478, 99%
= 0.475, 95% = 0.458, 90% = 0.449, 80% = 0.442, 50% = 0.438. Empirical data sources as
in Fig. 2.2.
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Figure 2.S5: Length-dependent translation only requires high levels of reinitiation
on short transcripts. Decreasing reinitiation levels with transcript length (open circles)
produces very similar relationships between CDS length and ribosome density, effective initia-
tion rate, and protein yield as does a fixed reinitiation level of 99.9% (purple circles). Slopes of
each relationship are shown in the upper right corner of each panel. Length-dependent reini-
tiation levels capture length dependent translation at much lower reinitiation levels than that
required using a fixed reinitiation level. We have arbitrarily chosen to decrease the reinitiation
level as a function of CDS length according to the formula 100% x (1 — CDS length/4000).
The de nowvo initiation rate was set such that a 400-codon transcript carried an average of 6
ribosomes (99.9% reinitiation = 0.004 58 s~!, length-dependent reinitiation = 0.02285s71).

Amino acid | Codon | Decodingrate | Amino acid | Codon | Decodingrate | Aminoacid | Codon | Decoding rate
ALA GCU 18.2 GLY GGC 27.0 PRO CCA 15.6
ALA GCC 11.7 GLY GGA 4.69 PRO CCG 15.6
ALA GCA 7.82 GLY GGG 3.13 SER Ucu 22.4
ALA GCG 7.82 HIS CAU 8.43 SER ucc 14.4
ARG CGU 4.21 HIS CAC 13.8 SER uca 7.28
ARG CGC 2.70 ILE AUU 20.3 SER UcG 1.56
ARG CGA 2.70 ILE AUC 13.0 SER AGU 3.82
ARG CGG 1.56 ILE AUA 3.13 SER AGC 6.26
ARG AGA 17.2 LEU UUA 10.9 THR ACU 17.4
ARG AGG 1.72 LEU uuG 19.2 THR ACC 11.2
ASN AAU 9.56 LEU Cuu 0.956 THR ACA 6.26
ASN AAC 15.6 LEU cuc 1.56 THR ACG 1.56
ASP GAU 15.5 LEU CUA 9.00 TRP UGG 11.7
ASP GAC 25.3 LEU CUG 9.00 TYR UAU 10.4
CYS UGU 4.56 LYS AAA 6.70 TYR UAC 17.0
CYS UGC 7.47 LYS AAG 15.1 VAL GUU 19.3
GLN CAA 14.1 MET AUG 7.82 VAL GUC 12.4
GLN CAG 1.56 PHE uuu 8.9 VAL GUA 3.13
GLN GAA 18.4 PHE uuc 14.6 VAL GUG 2.87
GLN GAG 3.13 PRO CCU 3.13
GLY GGU 16.5 PRO CccC 2.01

Table 2.S1: S. cerevisiae codon-specific elongation rates from (Gilchrist and Wagner 2006).
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2.S.1. Parameter estimates and justification

Transcript lifetime, age distribution and mode of decay The decay of eukaryotic
transcripts is initiated by the stepwise removal of adenine residues from the poly(A)
tail (Cao and Parker 2001). Deadenylation is the slowest step in mRNA decay, and
during this process there is no apparent decay of the transcribed portion of the mRNA
(Dreyfus and Régnier 2002; Chen et al. 2008). Enzymatic digestion of the poly(A)
tail is distributive: the deadenylase binds to a poly(A) tail, cleaves a small number
of residues, then dissociates from the transcript before binding to a different poly(A)
tail (Chen and Shyu 2011). Thus deadenylation consists of a series of sequential first-
order reactions, resulting in a hypo-exponential distribution of full-length transcript
lifetimes (Cao and Parker 2001; Decker and Parker 1993). Hypo-exponential distri-
butions, by definition, have lower variances than an exponential function with the
same mean lifetime and age-matched populations of eukaryotic transcripts are ex-
pected to show very little degradation for long periods then decay rapidly. When the
number of sequential deadenylation steps is high (~30), the distribution of transcript
lifetimes becomes symmetrical and approximates the normal distribution (Kuo et al.
2006). We have therefore, for computational simplicity, assumed that all transcripts
in a given simulation have the same fixed lifetime.

In our model, all translation ceases as soon as the transcript lifetime is reached;
ribosomes that have a new round of translation are not allowed to finish and therefore
do not contribute to the protein yield. Consequently, protein yield in our model does
not exactly match the effective initiation rate. There is evidence that eukaryotic
mRNA decay is co-translational: transcript degradation in the 5-3” direction follows
the last translating ribosome allowing all ribosomes to complete their final round
(Pelechano et al. 2015). If this is the sole mechanism of eukaryotic transcript decay,
then the true yield becomes the effective initiation rate multiplied by the transcript
lifetime (a constant in our model).

De novo initiation rates

The average number of ribosomes per transcript is remarkably constant across eu-
karyotes. Polysome profiling studies estimate that the median S. cerevisiae transcript
contains 6.0 ribosomes (based on weighted averages for all measured transcripts (Ar-
ava et al. 2003); an identical average was calculated in (MacKay et al. 2004)) while
the average human embryonic kidney HEK293T cell contains 5.6-6.1 ribosomes (Hen-
drickson et al. 2009). Direct counts of the numbers of ribosomes in polysomes (Lauria
et al. 2015) using atomic force microscopy provide similar values (S. cerevisiae = 6.5
ribosomes per transcript, HEK293T = 8.7 ribosomes per transcript, human MCF-7
cells = 8.3 ribosomes per transcript). Direct polysome counts are almost certainly
over-estimates of the average number of ribosomes per transcript as they ignore unoc-
cupied transcripts (approximately 15-30% of mRNAs (Arava et al. 2003; Hendrickson
et al. 2009)) and mRNAs occupied by a single ribosome. To be consistent with these
counts, in all of our models, for any transcript lifetime and reinitiation probability,
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we have adjusted the de nowvo initiation rate such that the average transcript (CDS
length = 400 codons) carries 6 ribosomes (white line on each heatmap in Fig. S2).
This causes the de novo initiation rate to decrease with increasing reinitiation level
and decreasing transcript lifetimes.

Maintaining six ribosomes on a 400-codon-long transcript for transcripts with dif-
ferent lifetimes requires much larger changes to the de movo initiation rate at high
reinitiation probabilities compared to low reinitiation levels (Fig. S2). Under perfect
reinitiation, the lifetime protein yields of transcripts of a given CDS length will be
similar, but the rate of protein production over time (proteins per mRNA per unit
time) will be higher for short-lived transcripts compared to long-lived transcripts.
Thus, organisms with short-lived transcripts, such as yeast, will exhibit much higher
protein synthesis rates than organisms with long-lived transcripts, such as mammals.
Current estimates suggest that protein production rates in mammals are considerably
lower than in yeast, consistent with the much higher doubling rates and much lower
protein stabilities in yeast compared to mammals (Jackson et al. 2000; von der Haar
2008; Schwanhéusser et al. 2011). In contrast, assuming similar elongation rates
across species, linear models predict that yeast and mammals should have similar
protein production rates since they have similar average ribosome densities.

Model parameters

Full model. We explored the consequences of different reinitiation levels on the
average ribosome density, effective initiation rate and protein yield for transcripts
with different CDS lengths using a wide range of transcript lifetimes and de novo
initiation rates (Fig. S2). For each combination of transcript lifetime and de novo
initiation rate, we simulated translation for transcripts of the following log-uniform
distributed CDS lengths (in codons): 50, 63, 79, 100, 126, 158, 200, 251, 316, 399,
502, 632, 796, 1002, 1263, 1590, 2002, 2522, 3176, and 4000, and then calculated
the slope of the resulting estimates of ribosome density, effective initiation rate, and
protein yield over CDS length. All codons were decoded at a rate of 10s™ based on the
average level in yeast (Waldron et al. 1974) and similar to the average rate observed
in a mouse embryonic cell line (5.6 (Ingolia et al. 2011)). Termination rates (the
sum of the release rate and the reinitiation rate) are set equal to the elongation rate
at 10s!. Different reinitiation levels are achieved by setting the reinitiation rate as
the corresponding proportion of the termination rate. Translation of each transcript
was averaged over 1000 runs.

General model. To explore the consequences of different reinitiation levels in more
detail, we present a model using an arbitrary lifetime of 3000s (50 minutes) for all
transcripts (Figs. 2-5). This value is intermediate between estimates of median
transcript half-lives in yeast (10-30 minutes Geisberg et al. 2014) and mammalian
cell lines (300-600 minutes Geisberg et al. 2014). Simulations were performed with
a constant elongation rate of 10s™ (except for Fig. S3 where we perform the same
simulation at 55! and 20s!). The model is otherwise the same as the full model,
except that a single de nowvo initiation rate is used at each reinitiation level. De
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novo initiation rates are adjusted for each reinitiation level such that a 400-codon-
long transcript carries an average of 6 ribosomes. The de novo initiation rates used
with a transcriptome-wide elongation rate of 10s™ were: 100% = 0.00438s™!, 99.9% =
0.00458s7t, 99% = 0.00586s7, 95% = 0.01289s7!, 90% = 0.02285s, 80% = 0.04199s?,
50% = 0.09570s, 0% = 0.17578s™L.

Yeast-specific model. We computed the average ribosome density, effective initi-
ation rate, and protein yield (Fig. 6) for 5888 S. cerevisiae transcripts ranging in
CDS length from 16 to 4910 codons (median length = 405 codons) in our model. We
used the codon-specific elongation rates calculated by Gilchrist and Wagner 2006;
these rates are scaled such that the average elongation rate is 10s™t. As above, we
adjusted de novo initiation rates for each reinitiation level such that a 400-codon-long
transcript (ignoring variation in decoding rates) contained an average of 6 ribosomes.
The exact de novo initiation rates used were: 100% = 0.00859s!, 99.9% = 0.00869s™,
99% = 0.01016s", 95% = 0.01641s!, 90% = 0.02568s, 80% = 0.04492s!, 50% =
0.09766s, 0% = 0.17578s".

Most studies of mRNA stability report transcript half-lives. If eukaryotic transcripts
decay with biphasic (slow-then-fast) kinetics, then transcript lifetimes cannot be
calculated from observed half-lives by assuming first-order kinetics (Chen et al. 2008).
We have therefore based our estimate of transcript lifetime on a study of nascent
transcription rates in S. cerevisiae which estimated that the entire set of mRNAs in
a cell turns over more than four times per 6780s (113 minute) cell cycle (Pelechano et
al. 2010), resulting in an average transcript lifetime of 1553s (26 minutes). Although
most yeast studies predict fairly similar median transcript half-lives, gene-specific
estimates show little correlation across studies (Geisberg et al. 2014). Consequently,
we have made the simplifying assumption that all transcripts have the same 1553s
lifetime.
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3. Cell replicative ageing

Somatic evolution and replicative ageing

In most tissues of multicellular organisms there is a cellular turnover, which means
that cells constantly die and get replenished by the birth of new cells via cell divisions.
Since on each cell division the whole genome is copied, this confers a large risk for
mutations. Very often these mutations are insignificant as they occur in regions of
the genome which are not processed into proteins in general (introns, e.g. Berget
et al. 1977), are not expressed in the specific tissue (Gurdon 1992) or render the cell
completely dysfunctional which in turn often leads to cell death. In rare occasions,
however, these mutations enhance the proliferative potential of the cell which causes
the expansion of abundance of the clone and can ultimately lead to cancer.

The distribution of replicative age in a cell population is strongly correlated to the
genetic variation inside a cellular subpopulation (see section 1.1.2); which itself is
one of the main components of (somatic) evolution. One way to reduce variation and
mutational load on tissue and to suppress somatic evolution is to limit the number
of cell divisions. A central function of tissue structure is therefore to control the
replicative age of cells and to reduce the number of cell divisions in the longest
lasting stem cells. A hierarchical tissue structure with only few long lasting stem
cells, but increasingly more cells in each progenitor compartment, excels at this task
(Michor et al. 2003b; Derényi and Sz6llési 2017), as in the long term only the slowly
dividing stem cells will prevail in the organism.

Since replicative ageing of stem cells is thought to be one of the major determinants of
organismal ageing (Rando 2006) and also for the accumulation of somatic mutations,
a lot of models and experimental work concentrates on stem cells. By contrast, in
this chapter I will present how differentiation steps after the stem cell compartment
can change the replicative age distributions away from the stem cell compartment.
Additionally, I will show how measuring the replicative age distributions in differen-
tiated tissue can give insights into the dynamical properties of a hierarchical tissue
structure.

Publication information The rest of this chapter is currently under revision. A
preprint of an earlier version is available: Bottcher, M. A., B. Werner, D. Dingli, and
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A. Traulsen (2018b). “Replicative cellular age distributions in compartmentalised
tissues”. bioRxiv preprint, pp. 1-27.
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Abstract The cellular age distribution of hierarchically organized tissues can re-
veal important insights into the dynamics of cell differentiation and self-renewal and
associated cancer risks. Here, we examine the effect of progenitor compartments
with varying differentiation and self-renewal capacities on the resulting observable
distributions of replicative cellular ages. We find that strongly amplifying progeni-
tor compartments, i.e. compartments with high self-renewal capacities, substantially
broaden the age distributions which become skewed towards younger cells with a
long tail of few old cells. In contrast, if tissues are organised into many downstream
compartments with low self-renewal capacity, the shape of the replicative cell distri-
butions in more differentiated compartments are dominated by stem cell dynamics
with little added variation. In the limiting case of a strict binary differentiation tree
without self-renewal, the shape of the output distribution becomes indistinguishable
from the shape of the input distribution. Our results suggest that a comparison of
cellular age distributions between healthy and cancerous tissues may inform about
dynamical changes within the hierarchical tissue structure, i.e. an acquired increased
self-renewal capacity in certain tumours. Furthermore, we compare our theoretical
results to telomere length distributions in granulocyte populations of ten healthy
individuals across different ages, highlighting that our theoretical expectations agree
with experimental observations.

3.1. Introduction

Many tissues in multicellular organisms resemble a compartmentalised structure with
a hierarchy of cells at different stages of differentiation and function. This hierarchy
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is usually fuelled by a few stem cells that ideally can self-renew indefinitely, whereas
the majority of the tissue consists of shorter-lived differentiated cells that emerge
from these stem cells (Dingli et al. 2007; Tumbar et al. 2004; Blanpain and Fuchs
2009).

In most tissues it is thought that stem cells divide infrequently, while their progenitors
and further differentiated cells divide more frequently to ensure tissue function under
homeostasis (Busch et al. 2015). Such structures allow both the production of many
cells in a short time and the reduction of the risk for the accumulation of somatic
mutations within the stem cell compartment (Michor et al. 2003a; Nowak et al. 2003;
Michor et al. 2003b; Dingli et al. 2007; Werner et al. 2011; Werner et al. 2013; Derényi
and Szoll6si 2017).

Due to these pronounced dynamical disparities in hierarchical tissues, replicative age
— the number of divisions a cell has undergone — can be an important observ-
able providing information about the structure and cellular dynamics within these
tissues. Since many somatic mutations are acquired during cell divisions (Ju et al.
2017; Williams et al. 2016), we would expect replicative age also to be strongly
correlated with different cancer risks in different hierarchical tissues (Tomasetti and
Vogelstein 2015; Adams et al. 2015; Noble et al. 2015). In the context of ageing, the
focus is typically on changes within the stem cell compartment, since stem cells have
the ability to self-renew and persist long enough to become relevant for organismal
ageing (Rando 2006; Rossi et al. 2008). It is generally assumed that replicative cell
age in downstream compartments is a good proxy for replicative stem cell age. For
example, some of us previously developed and tested a mathematical model for hu-
man hematopoietic stem cell ageing based on replicative ages in human lymphocytes
and granulocytes (Werner et al. 2015). Here, we do not model the detailed dynamics
on the stem cell level. Instead, we regard the cellular age distribution on the stem
cell level as a steady influx of progenitor cells into the differentiation hierarchy to
keep up homeostasis of the tissue.

Cellular dynamics in hierarchically organised tissue structures can be hard to ex-
plore experimentally due to the large scaling difference between differentiation levels
(Bystrykh et al. 2012) and the challenges to correctly assign cells to specific differen-
tiation stages. One possibility to assess the age distribution of a cell population is to
measure the telomere length of the cellular chromosomes. Telomeres are the protec-
tive, non-coding ends of chromosomes, consisting of the same short DNA sequence
repeated thousands of times. Telomeres typically shorten with each cell division
(Harley et al. 1990; Blackburn 1991; Rodriguez-Brenes and Peskin 2010). Cells with
critically short telomeres enter replicative senescence, which is thought to be a cancer
suppression mechanism (Collado et al. 2007). Moreover, critically short telomeres are
often associated with genome instability and corresponding increased risk of cancer
(Blasco 2007). For our purpose, telomere length distributions can be thought of as a
measure for the cellular replicative age distribution. These can be assessed in tissue
samples (Nussey et al. 2014; Baerlocher et al. 2006) which are for example especially

46



CHAPTER 3. CELL REPLICATIVE AGEING

a b
( ) symmetric ( )
self-renewal no
_— — )ageing
p ny |«
influx 7’ outflux &

*************** _— U]

w
symmetric to ] freq ] ] freq w0
. differentiation L1 |3 n3 3 w1
_— £1 _— h
¢ ‘ - a- M a- >
= 2]
L3 |s o w3
&4 &4 |
777777777777777 o o .

asymmetric

ns

‘ division ‘
_—
@

Figure 3.1: Sketch of the basic model. (a) Three different modes of cell division in the focal
progenitor compartment. Blue cells are cells within the compartment, red cells differentiated
and leave the compartment. The replicative age of a cell in the specific compartment is j,
increasing by one in each cell division. (b) Full model for ageing in progenitor compartment.
The number of cell in each age class is n;, and all cells age according to the modes of cell
division (a). The cell influx 7 into the compartment has a certain distribution of replicative
age ;. The cell outflux from the compartment includes all differentiating cells and is denoted
by the distribution .

accessible in differentiated tissue in the hematopoietic system and thus in principle
would also allow for some time resolution within healthy human individuals (Werner
et al. 2015). For simplicity, we concentrate solely on replicative ageing, that is the
number of cell divisions a cell has undergone, by contrast to temporal ageing which
is also commonly explored in models (Fonseca and Voit 2015).

However, it remains unclear if cellular age distributions in hierarchically organized
tissues are dominated by stem cell dynamics or alternatively are determined by the
possibility of a multi-step differentiation process with strong intermediate self-renewal
of progenitor cells. Here, we develop a mathematical framework that allows us to
describe the distribution of replicative cellular ages across several hierarchical levels
of differentiation. Thereby, we demonstrate under which conditions the distribution
of replicative ages in differentiated cell populations can provide insights into the
properties of the dynamics within the underlying tissue.

3.2. Model

In the following, we present a mathematical description for the replicative age dis-
tributions within compartmentalized tissue structures (fig. 3.1). First, we discuss
the simplest case of only two compartments - one stem cell compartment and the
focal downstream progenitor compartment. We then ask what is the distribution of
replicative ages of cells in the progenitor compartment provided a continuous influx
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of cells from the stem cell compartment. For example, it is estimated that in hema-
topoiesis of mice there is a constant production of early progenitor cells from stem
cells with a rate of around 150 cells per day (Busch et al. 2015). However, we do not
discuss the time dynamics on the stem cell level explicitly. The temporal change of
replicative age distributions in stem cell compartments and the resulting potential
influx distributions for progenitor compartments are discussed in detail in Werner
et al. 2015.

We assume that in the progenitor compartment there are n; cells of each replicative
age class 7. Progenitor cells divide with proliferation rate r and after each division the
replicative age of both daughter cells increases by one j — j + 1. Each daughter cell
can in principle take a different cell fate that contributes differently to the distribution
of replicative ages (fig. 3.1A). In general, the following outcomes are possible after a
single cell division

(i) With probability p a cell self-renews symmetrically, both daughter cells stay
in the same compartment and increase their cellular age by one (n; — n; —
1, Njp1 — Ny + 2)

(ii) With probability d a cell differentiates symmetrically, effectively removing it
from the compartment of differentiated cells (n; — n; —1).

(iii) With probability 1 —p — d a cells divides asymmetrically, with one cell staying
in the pool of differentiated cells while the other cell leaves the compartment
(KHOthh 2008) (nj — N — 1, Njr1 — Nj+1 + 1)

We choose the influx of cells from the stem cell compartment to be a constant rate ¢,
that might differ for each cellular age j. Below we give explicit examples for different
distributions of ¢;. We assume the dynamics on the stem cell level to be much slower
compared to downstream compartments and hence consider the influx ¢; into the
progenitor compartment to be constant over time.

Using the above, we can formulate differential equations for the change of the number
of cells in each age class n;. Thereby, we account for the loss of cells due to prolifer-
ation and subsequent differentiation and gain of cells due to symmetric self-renewal
and cell influx from the stem cell compartment,

on. lgp — TNy Jj=0
@—tj: vi—rnj+ (1 +p—drnj, j>1, (3.1)
————

[0}

where we set & = 14+p—d to be the self-renewal parameter which critically determines
the most relevant results of our model. Since p and d are probabilities with p+d < 1,
the self-renewal parameter can be in the range 0 < o < 2. However, since we are
interested in homeostasis and not an exponentially growing tissue, the symmetric
division probability p in our case must be smaller than the symmetric differentiation
probability d and therefore 0 < o < 1.
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Figure 3.2: Several downstream compartments amplifying the rate of cell produc-
tion from influx to outflux. In each compartment there are self-renewal or differentiation
processes as described in figure 3.1. Each cell division thereby leads to an increase of replica-
tive age and changes the age distribution of the corresponding compartment. Self renewal
occurs proportional to the self-renewal parameter a, whereas differentiated cells are produced
with 1 — « and go into the next downstream compartment. The compartment number c is
shown as superscript, the total number of compartments is C' = 4.

The above system of ordinary differential equations can be solved analytically (see
appendix 3.E). However, as we assume that the dynamics on the level of stem cells
is much slower compared to progenitor compartments we can investigate the equi-
librium solutions nj to equation 3.1 for each age class j. The equilibrium solutions

can be obtained via recursion by setting % = 0 (see appendix 3.A). The general
solution is

J
n; = Z %ozj_k (3.2)
k=0

which is equivalent to a convolution sum of the influx ¢, and C“Tk between zero and
j.

3.2.1. Multiple compartments

In reality, most tissues will consist of multiple progenitor cell compartments. It
is thus natural to ask how multiple downstream compartments affect cellular age
distributions. To answer this question, we can generalise our previous framework.
Differentiated cells in a downstream compartment are either produced by symmetric
differentiation with probability d or by asymmetric division with probability 1—p—d.
If we denote the output of cells per unit of time for each age class as w;, we can write

wj = (1 —p— d)?"nj_l + 2d7’nj_1

=(2—a)rn;_1.

To allow for multiple compartments, we can identify the output distribution of a
compartment ¢ and the input distribution of the next downstream compartment
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c+1,

= w9, (3.3)

Total cell outflux For our purpose it is desirable to compare the effect of different
tissue structures, that is a different number of total compartments C, but with the
same tissue function, that is the same total outflux of fully differentiated cells. In
our model, the total outflux of differentiated cells @ = > w; is determined by the
total influx of cells I = > j 43, the number of compartments C' and the self-renewal
parameter . We therefore choose o such that the total output of cells remains
constant, i.e. assuring certain replenishing needs of a specific tissue. For this we
formulate differential equations for the change of the total number of cells N9 =
> i ng.c) in each of the compartments ¢ with a compartment specific proliferation rate

for each cell (¢ by collecting all influx and outflux terms:

N©
8(% = (a—1rONO 41
ON©
e (= 1)7rON© 4 (2 — q)rleDNED,

Here, I is the total influx into the first compartment (¢ = 0) (i.e. the sum of all
direct stem cell derived progenitors per time unit). The total outflux 2 is related to
the number of cells in the last compartment N~ via

Q=(2—a)r@HNED,

Under steady state conditions, the above equations can be solved explicitly for the
self-renewal parameter « (see appendix 3.B):

a= E (3.4)

c/Q
7 — 1

This allows us to adjust the self-renewal parameter v such that the outflux 2 remains
constant given an influx I for any number of compartments C'. However, since the
self-renewal parameter is constrained 0 < a < 1 (see above section) the minimum
amplification of cell production is given by (%) = 29 corresponding to a = 0.

min

3.2.2. Properties of the replicative age distribution

Mean and variance The mean and variance of the replicative age distribution
under steady state conditions can be calculated analytically, see appendix 3.C. The
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mean p of the replicative age distribution in the progenitor compartment increases
compared to the influx based on the self-renewal « to

. . o a
- n* — =+ PEE——
p=he =0t e =t
where (j),,+ is the first moment of the replicative age distribution in the focal progen-
itor compartment and (j), = p, is the average replicative age of the influx. Note that
the average replicative age of the outflux u, = (j), is increased by one to account
for the extra differentiation step

fo = (J)o=p+1= (3.5)

1—a
The minimal increase of the mean between influx and outflux for no self-renewal
(av = 0) is therefore equal to one.

The variance o2 of the replicative age distribution increases similarly as the mean
above

a 9 a

o® = (%) — () +

Here, 02 denotes the variance of the replicative age distribution of the influx.

Generally, also the higher moments (j7),« of the replicative age distribution can be
calculated based on the moments of the influx distribution (j#), with 8 < «. The
corresponding calculations and results are shown in the appendix section 3.C.

Limiting behavior For very low self-renewal, o < 1, the only age class of influx
that significantly contributes to the age distribution n} in equation 3.2 is t—;, as
it is in zeroth order of a. The influx of all other age classes is of higher order of
self-renewal o and will therefore vanish for o < 1 such that

* tj

n, <~ —.

-
Hence, the outflux distribution will look approximately like the influx distribution.
To evaluate the impact of the progenitor compartment on the replicative age distri-

bution in the limit of high self-renewal 1 — a < 1, we rewrite equation 3.2 to

.o 7L
k=0
The limiting behavior therefore strongly depends on the age distribution of the influx
tr. If the influx has an upper bound K on replicative age, such that for all £ > K
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holds ¢; < oF, the sum in the above equation is constant and the distribution of
replicative age will decline exponentially

* aj .
njo<7 for j > K.

If, on the other hand, the influx distribution ¢4 is not declining fast enough and is in
the same order as o (1, > o¥), we cannot make a general prediction for this limit.

3.3. Results

It seems natural to suspect that the specific distribution of replicative ages in down-
stream compartments strongly depends on the distribution of cellular ages within
the stem cell compartment. In the following, we present the resulting age distribu-
tions for various different influx distributions. Additionally we will compare tissue
structures with many subsequent downstream compartments and a low probability
for self-renewal against having only very few compartments with a high probability
for self-renewal.

An important parameter for the age distribution in the progenitor compartment is
a = 14 p — d which depends on both the probability for symmetric splitting and
symmetric differentiation and critically defines the total size of the compartment
as well as the amount of cells produced (appendix 3.B). For a compartment model
of hematopoiesis with many differentiation steps as for example in (Dingli et al.
2007; Lenaerts et al. 2010), o would be around 0.3, whereas for other models with
fewer compartments o would need to be higher to allow for sufficient output of fully
differentiated cells per unit time (Michor et al. 2005; Marciniak-Czochra et al. 2009a;
Dingli and Michor 2006).

3.3.1. A single progenitor compartment

Here we discuss the distributions of replicative age in the special case of a single
progenitor compartment given four different influx distributions from the stem cell
compartment. All distributions are calculated analytically and the corresponding cal-
culations can be found in the appendix 3.D.1 and 3.3.1. Realisations of the resulting
replicative age distributions are shown in figure 3.3.

Identical replicative cellular age influx

We first discuss the simplest case for a cellular age distribution on the stem cell level
that is all stem cells have identical replicative age v. This results in a delta function
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Figure 3.3: Distributions of replicative age in the first progenitor compartment for
varying influx distributions from the stem cell compartment. (a) Influx of only a
single replicative age ¢, = 6(k — v) with parameter v = 5. (b) Influx given by a geometric
distribution with many young and few old cells ¢; = A¥(1 — ). The distribution parameter
is A = 0.85. (¢) Model based influx for purely asymmetric divisions on the stem cell level
resulting in a Poisson distribution ¢, = %e’/\ (Werner et al. 2015). Parameter A = 10. (d) A
model based influx with symmetric divisions (probability ps = 0.1) also result in differently
normalized Poisson distribution ¢ = t*%e’/\ with a more pronounced difference to the age
distribution for purely asymmetric divisions at older ages of the stem cell pool. In (c) and (d)
the underlying parameters for A and A are the same (section 3.3.1 for details).

input ¢, = rs0(k —v), where 0(x) is the Dirac delta distribution and r, is the rate of
cell production. Together with equation 3.2 this implies for the age distribution

J
* TS
nj = E §(k —v)ad ™"
k=0

_ %oﬂ'*” for 7 > v’ (3.7)
0 else

The resulting distribution is shown in figure 3.3A. Cellular ages within the single pro-
genitor compartment follow an exponential distribution that approaches zero faster
for smaller self-renewal parameters a and always has the maximum at the influx
replicative age v.
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Geometrically distributed replicative cellular age influx

The former section is of course an oversimplification. We expect some form of dis-
tributed cellular ages on the stem cell level. We first discuss the possibility of a
geometrically distributed replicative age tp = r,A\*(1 — \) with distribution parame-
ter A and total cell influx r, as input from the stem cell level. This replicative age
distribution resembles the distribution in the first progenitor compartment for an
influx with identical replicative age from the stem cell compartment as shown in the
previous section (Sec. 3.3.1); it would therefore correspond to the second downstream
compartment for that specific influx.

The resulting age distribution within this progenitor compartment - equation 3.2 -
can be solved analytically (see appendix 3.D.1):

L RN for a A
I L(1-XNa/(j+1) for a=2

These age distributions are shown for different self-renewal parameters « in figure
3.3B. For low self-renewal, the shape of the replicative age in the progenitor com-
partment strongly resembles that of the influx distribution, i.e. a monotonically
decreasing function of replicative age. For large self-renewal o > 0.5, however, the
distribution of replicative cellular ages in equilibrium becomes increasingly indepen-
dent of the influx distribution and very similar to the age distributions resulting from
other influx distributions, see e.g. figure 3.3 C and D.

Influx from stem cell pool with random stem cell divisions

We previously investigated the dynamics within the stem cell compartment given that
stem cell proliferations are independent and distribution times are exponentially dis-
tributed (Werner et al. 2015). Once a stem cell is picked for division it either divides
symmetrically with probability ps, resulting in two stem cells, or asymmetrically with
probability 1 — p, resulting in one progenitor and one stem cell. Now we ask how
influx from such a stem cell pool percolates through the hierarchy.

Asymmetric stem cell divisions Exclusively asymmetric divisions (p; = 0) on the
stem cell level result in a Poisson distribution of replicative age (Werner et al. 2015)
and the corresponding influx into the progenitor compartment is given by

k
_rst (st
Ly, = TsNoe No <J\;€0,> .

The distribution depends on age t, proliferation rate r,, as well as the initial number
of cells Ny in the stem cell compartment. We can set A = TFS to see that this is a
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Poisson distribution multiplied by 7 Ny:
e MNF
k!

with a time dependent rate parameter A = A(t).

L = 15Ny

The corresponding sum from equation 3.2 can be solved analytically (see appendix
3.D.2) and the distribution of replicative age becomes

ny = 2No——T( +1,2),

where I'(a,z) = f;o t*~le~tdt is the upper incomplete gamma function (Gautschi
1998).

The above distribution of replicative age is shown in figure 3.3C for various values
of the self-renewal probability «. The normalization factor r,/Ny is set to one, as
this does not change the general shape of the underlying distribution. Similar to our
previous observations, the age distribution is heavily skewed towards younger cells.
This effect is more pronounced for higher values of «, corresponding to more cells in
the compartment.

Symmetric stem cell divisions The age distributions for a growing stem cell com-
partment due to occasional symmetric stem cell self-renewals with probability ps > 0
is given by (Werner et al. 2015)

No
g

<1 +ps)j o/ I ()

S

ti =1s(1 —ps)

with t* = ’"STp;t + 1. Here the exact distribution depends explicitly on the initial
number of stem cells Vy and the ageing factor t*, which itself depends on the relative
increase of the stem cell pool size during time ¢ given a symmetric division probability
ps and a proliferation rate r,. However, the distribution is again a Poisson distribution
with a different normalization. This becomes apparent if we substitute A = % In(t*)

and get

e M\

J!

Lj = 7”3(1 — pS>N0t*

The solution of the convolution sum in equation 3.2 is therefore the same as for purely
asymmetric stem cell divisions and the corresponding calculations are identical (if we
exchange A — \) (appendix 3.3.1),

rs(1 — ps) ajeé(l_a)
n, = 2 2 Not* -

T(j+1.2).
. i (j+1,2)
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Figure 3.4: Comparison of different total number of progenitor compartments C
for different influx age distributions. The self-renewal parameter « is adjusted such the
total outflux €2 is the same for each C'. The influx distributions are the same as in figure 3.3:
(a) Influx with a single age. (b) Influx age geometrically distributed. (¢) Model based influx
for purely asymmetric divisions on the stem cell level. (d) Model based influx with symmetric
divisions. For comparison of the influx ¢’ with the resulting outflux &, the distributions are
normalized (all parameters as in figure 3.3).

The shape of the resulting influx distribution therefore varies only slightly from the
asymmetric case and differences in the age distribution of the progenitor compart-
ment are minimal (fig. 3.3 C and D). However, the difference in average replicative
age on the stem cell level is conserved in the progenitor compartment and still can
be used to distinguish between those processes on the stem cell level (Werner et al.
2015).

3.3.2. Multiple compartments

In most organs, the maturation of functional tissue specific cells requires multiple
stages of differentiation. We therefore generalize our approach above and discuss the
impact of multiple subsequent non-stem cell compartments on the replicative age
distribution within such hierarchical tissue organizations.

Impact of the number of compartments In order to deduce the impact of the
number of compartments on the age distributions, we vary the number of compart-
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ments by simultaneously keeping the final outflux of cells constant. This requires an
adjustment of the self-renewal parameter o accordingly and is motivated by the idea
that certain tissues might require a certain constant cell replenishment per unit time,
but this could in principle be achieved in different tissue architectures. We use the
same principal influx distributions from the stem cell compartment discussed above,
see figure 3.3. Solutions in this section were obtained by numerically calculating the
sums of equation 3.2.

Figure 3.4 shows the resulting replicative age distributions for a broad range of com-
partment numbers. Interestingly, the age distribution in the final compartment is
very sensitive to the number of compartments, even though the total cell number
amplification of the compartments is the same by construction. For a large number
of compartments and corresponding small self-renewal o the shape of the influx dis-
tribution is basically conserved through all stages of the hierarchy, especially for the
extreme case of a purely binary tree (o« = 0) where the shape of the distributions is
unchanged but only shifts towards older replicative age.

For the other extreme case of only one or two downstream compartments (a ~ 1),
the distribution of replicative age is almost flat, such that the frequency of young cells
is the same as the frequency of very old cells. Note, however, that in this case the
steady state assumption might be violated as the time to reach homeostasis, i.e. the
state where the system does not change anymore, might exceed realistic biological
time scales. This is shown in the appendix section 3.E in more detail.

However, distributions of replicative age become similar already for intermediate, but
biologically still high, values of self-renewal a &~ 0.5. It might therefore be impossible
to distinguish between age distributions on the stem cell (influx) level from measure-
ment in the differentiated tissue alone, provided there is considerable self-renewal in
non-stem cell compartments. This is especially surprising considering the extreme
differences in influx distributions, for example delta distributed (fig. 3.4A) and Pois-
son distributed (fig. 3.4C and 3.4D), which become seemingly undistinguishable in
downstream compartments (at equilibrium). This effect is reminiscent of the law
of large numbers for random variables, where the sum of independent random vari-
ables tends to a normal distribution regardless the actual distribution of the random
variable. In our case, though, the distribution approached is not a Gaussian.

Mean and variance through multiple compartments In a system with multiple
downstream compartments it is also interesting to see how mean and variance of
replicative age change from compartment to compartment. As shown in equations
3.5 and 3.6 for a single progenitor compartment, mean and variance increase linearly
from compartment to compartment with a slope of ﬁ for the mean and ﬁ
for the variance. Strong self-renewal therefore has a more pronounced effect on the
variance than the mean due to the quadratic term in the denominator.
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Figure 3.5: Mean u and variance o2 of replicative age distributions per compart-
ment. Influx age distribution is the Poisson distribution with a mean and variance of A = 10

as in figure 3.3(c); the x-axis shows the progression through the compartments &. To com-

pare different tissue structures, the self-renewal parameter « is adjusted for the same output
of cells as in figure 3.2. (a) The mean of replicative age increases slightly faster for high
self-renewal. (b) The variance of replicative age increases also linearly, however, the impact
of the self-renewal parameter a is much more pronounced: for a = 0 there is no change, but
for a = 0.67 there is a drastic increase of the standard deviation per compartment.

Figure 3.5 shows the mean and variance of replicative age for multiple subsequent
compartments for different total number of compartments, but as above with the
same tissue function, that is the same overall cell production. In this example, the
variance for strong self-renewal, o = 0.67, at the second out of ten compartments
is already larger than in the last compartment for the case of lower self-renewal,
a = 0.34, even though there are five compartments more in the latter case. The im-
pact on the mean of the distribution throughout the compartments is not nearly as
pronounced. Since both, mean and variance, only depend on self-renewal o and the
number of compartments, in principle stem cell dynamics can be inferred from com-
paring mean and or variance of telomere length distributions over time (Rodriguez-
Brenes and Wodarz 2016; Werner et al. 2015), as long as the general tissue structure
and dynamics does not change.

Telomere length data In order to compare our theoretical expectations to bio-
logical data, we use previously published telomere length distributions of human
granulocyte cell populations (Werner et al. 2015) in healthy adults across different
ages. Granulocytes are differentiated cells of the myeloid arm of the hematopoietic
system. Differentiation from hematopoietic stem cells to fully mature granulocytes
requires multiple steps, allowing us to utilise our multi-compartment model.

The telomere length distributions for ten healthy humans along with the best pa-
rameter fit are shown in Figure 3.6. We use a least-squares fit, varying the number
of compartments C' and adjusting the self-renewal parameter o according to equa-
tion 3.4 to maintain a constant total daily output of granulocytes. We compare
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Figure 3.6: Comparison of our model to telomere length distributions from human
granulocytes. Previously published telomere length distributions from (Werner et al. 2015),
where details of the experimental procedures are given. We compare the fits for four different
influx distributions as shown in Figure 3.3(a-d): delta influx distribution, geometric influx
distribution, and influx according to the stem cell model discussed in section 3.3.1 with and
without symmetric self-renewal adjusted to the age of the person. We assume a loss of 100
base pairs of telomeric DNA per cell division. We fit our model by varying the total number
of compartments C' and fixing the self-renewal parameter « according to equation 3.4 such
that we obtain the same total outflux from the last compartment Q = 2.1 x 10'° cellsdays™!.
Each panel also shows the best fit parameter C' and the mean squared error ¥ — which gives
the quality of the fit — for each influx distribution separately.
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the fits for all four previously discussed influx distributions (Fig. 3.3), but ad-
just the age t for the stem cell model according to the dataset (see section 3.3.1
for details), while assuming a daily total influx of cells from the stem cell com-
partment of approximately I = ry, = lcellsdays™! and Ny = 400 hematopoi-
etic stem cells (Dingli et al. 2007). The daily outflux of granulocytes is set to
Q = 2.1 x 10'%cellsdays™!, as can be estimated from the total number of mature
granulocytes in humans Ny,.q, &~ 2.1 x 10 cells (Donohue et al. 1958) and a removal
rate of mature granulocytes from circulation with rate v ~ 1days™! (Craig et al.
2016). Additionally we assume a fixed loss of telomeric DNA of 100 base pairs per
cell division and we pick the best fitting initial telomere length for each distribution
individually, as the initial telomere length is unknown.

Interestingly, by varying a single parameter, we obtain a very good agreement be-
tween our model and the granulocyte data of healthy humans, regardless the influx
distribution from the stem cell compartment. The results point towards relatively
high self-renewal o ~ 0.85 with comparatively few downstream compartments and
the fit result is virtually independent of the influx distribution applied. This suggests
that it is difficult to infer detailed stem cell dynamics from telomere length data of
differentiated tissue in this case.

Change of replicative age distribution in CML Chronic myeloid leukemia (CML)
is a cancer of the hematopoietic system that can be characterized by enhanced self-
renewal of cancerous cells in the progenitor compartments compared to healthy cells
(Dingli et al. 2008). Here we compare the replicative age distribution for different
self-renewal probabilities in the same tissue structure. For this, the tissue consists
of 29 downstream compartments with either self-renewal probability p = 0.15 for
healthy cell (Dingli et al. 2007) or self-renewal p = 0.28 for cancerous cells (Dingli
et al. 2008) and without asymmetric division (d = 1 — p), leading to self-renewal
parameters pealthy = 0.3 or aomr, = 0.56.

The resulting distributions are shown in figure 3.7. For CML both mean and standard
deviation are strongly increased compared to healthy hematopoiesis, which can be
measured by comparing telomere length distributions during treatment of the disease
(Britmmendorf et al. 2000). We accordingly expect that both mean and standard
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deviation will decrease under successful treatment, when self-renewal in progeni-
tor compartments normalizes again, which is consistent with available clinical data

(Briimmendorf et al. 2003).

3.4. Discussion

While the age structure of cells within a tissue is driven by the age structure of the
tissue specific stem cells, the progenitor compartments can substantially alter this
age distribution. From a perspective of signal processing, they act as a filter that
transforms an input signal (in our case a distribution) into an output signal. The
properties of this filter are restricted by the biological structure of the tissue. Two
limiting cases are of particular interest:

(i) Focussing on a compartment that is weakly amplifying (o < 1), such that the
number of output cells is approximately twice the number of input cells, the
replicative age distribution in the progenitor compartment resembles that of the
influx distribution. Only the average age of the cells is then increasing with
the compartment number, even in tissues with many subsequent downstream
compartments, such as blood (Dingli et al. 2007).

(ii) For intermediate to high self renewal (large «), the distributions of cell replica-
tive age in a differentiated tissue with multiple progenitor compartments are
virtually indistinguishable from one another, even for influxes with completely
different replicative age distributions. Measuring replicative age distributions
in differentiated tissue, for example via telomere lengths (Werner et al. 2015;
Rodriguez-Brenes and Wodarz 2016), may therefore be more informative about
the tissue structure and dynamics than the dynamics within the long lasting
stem cell level.

Cellular age is explored in many experimental studies (e.g. Dykstra and de Haan
2008 gives a nice overview) and in multiple models (Ashcroft et al. 2017; Johnston et
al. 2007). Some of these models also take the effect of replicative ageing into account
(Glauche et al. 2009; Werner et al. 2015; Johnston et al. 2007). Furthermore, some
of these models for example show that cellular age might be a critical parameter for
certain diseases such as sickle cell anemia and malaria (Altrock et al. 2016; Fonseca
and Voit 2015). However, replicative ageing in differentiated tissues is often over-
looked, since here the cell turnover is very high and mutation accumulation as well
as loss of function in these cells might not be as clinically relevant as in stem cells or
early progenitor cells. On the other hand, we show that understanding the replicative
ageing of differentiated cells and the resulting age distributions in the cell population
can lead to a much better understanding of tissue dynamics from measurements.
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Previous models of replicative ageing in a tissue hierarchy including stem cells and
progenitor cells focussed strongly on the total replication limit of cells (Marciniak-
Czochra et al. 2009b; Holbek et al. 2013). However, in our model such a total
replication limit would most often leave the largest (and potentially measurable)
portion of the replicative age distribution unchanged. However, the question becomes
critical for the accumulation of mutations and the risk of cancer initiation, which
we only peripherally discuss here. In reality it is not clear whether or not fully
differentiated cells are close to the end of their replicative life-span in vivo, but it
appears likely that they have sufficiently many cell cycles left and only a significantly
increased cell turn over would lead to an exhaustion of possible cell cycles. We
therefore did not include an upper replication limit explicitly here.

When comparing the distributions of replicative age between individuals or at differ-
ent time points (or, for most practical purposes, their average and variance), changes
of replicative age in the differentiated tissue might not always point towards changed
dynamics on the stem cell level, but towards abnormal dynamics in the progeni-
tor compartments. Accordingly, we would expect to observe these differences in
replicative age distributions in certain diseases that change proliferation and differ-
entiation characteristics in the progenitor compartments. Examples of this include
chronic myeloid leukemia, acute promyelocytic leukemia and some other forms of
acute myeloid leukemia where a progenitor cell in the 'middle’ of the hierarchy ac-
quires enhanced self-renewal capabilities. For example, increased self renewal would
lead to a increase of average cellular age (Briimmendorf et al. 2000; Michor et al.
2005; Dingli et al. 2008; Werner et al. 2014).

In our model we focus on homogeneous population of cells that have same prolifera-
tion rates, differentiation probabilities and therefore the same fitness across multiple
compartments (Traulsen et al. 2010). However, mutations or epigenetic changes can
change the proliferative properties of cells within the tissue structure. Interestingly,
these changes can also affect the self-renewal capacities and thus fitnesses of cells
across compartments directly causing selection gradients for different lineages of cells
throughout the hierarchy. Examples for both negative and positive selection are
known. For example cells might die prematurely, as for example in sickle cell ane-
mia (Altrock et al. 2016), or die later or not at all, as is observed in many cancers
(Hanahan and Weinberg 2011).

An important complication that we have not considered here is that real tissues are
often found in dynamical regimes that change the cellular age distribution over time.
In multicellular organisms the rates for self-renewal and for symmetric differentiation
or cell death are variable and tightly regulated by a variety of feedback mechanisms
(Morrison and Spradling 2008). In this way, a tissue can respond to environmental
conditions such as injury or infections. Also, in the context of tissue reconstitu-
tion of the hematopoietic system after stem cell transplants, the tissue structure is
initially far from the steady state (Ashcroft et al. 2017). It was shown previously
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that replicative age can give valuable insight into the dynamics of tissue reconstitu-
tion (Britmmendorf et al. 2003) and modelling of replicative ageing can potentially
contribute towards better understanding of tissue reconstitution. It is important to
point out that the steady state results presented here are not directly applicable in
this situation.

In conclusion, quantitatively describing replicative age distributions of tissues in mul-
ticellular organisms can contribute to our understanding of the complex dynamical
processes within such tissues and allows us to describe deviations from heathy and
diseased tissue states due to changed cell proliferation properties.

Availability of source code The data for the figures in this manuscript was either
calculated analytically or solved numerically by using the Scipy library for python.
The scripts to create our results figures can be accessed at https://github.com/
marvinboe/DownstreamReplAge.

Acknowledgements B.W. is supported by the Geoffrey W. Lewis Post-Doctoral
Training fellowship.

Appendix

3.A. Steady state distribution

Here we show the general solution for the steady state distribution of replicative
age inside a downstream compartment for any input distribution 7. The differential
equations for the number of cells in each replicative age class are:

Lo — Ty 7=0
nj=9qt—rn;+(1+p—drn;j, j<1

=«
We then start by setting the equation for ng to zero, such that

no=1ty—1rng=0 = nj=u/r
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We use this result to solve for n; and then continue recursively until we find the
general solution for n;:

n =0=1 —rn;+arng :>n>{:%(owo+q)
No=0=1s—rnos+arny = ny=an;+1/r

L(a®1y + aty + 13)

T

=nl =

1
Ty

(Loaj + Llaj_l + ..+ Lj) ,

which can be written in the more compact form

J
1 )
n; = - g e 7k
r
k=0

3.B. Total cell number amplification

Here we start again by writing down the differential equations for the total number
of cells N(© in each of the compartments ¢ with proliferation rates r(¢. Additionally
we have the total influx I into the first compartment (¢ = 0), and similarly the total
outflux €2 from the last compartment (¢ = C' — 1).

dN©

o = (- ArONO 4 T = (a—1)rONO 4T
dN©

P = (a— l)r(C)N(C) +(2— oz)r(c’l)N(cfl)

As in the calculation above we assume our compartment to be in the steady state
and set the above differential equations to zero.

0= d](\;m =(a—1)rONO 17 = NO = a —i)r@
0=(a—1)rOND £ (2-a)r@ONO = NO = g - Z;:g N©
The same calculation can be done for each compartment c:
0=(a—1)r9N© 4 (2 —a)lNCED
~ NO — w (1 _ 2— a)*r(e Dyl N2 (2 = a)r® N©
(1—a)r® (1 — a)r@r-1 (1— a)r©
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From this follows for the total outflux 2

2 _ &>C—1r(0)
o N (O AO) _ g _ oy ooy 0 _ 2=a)
=Q=02—-a)r N (2—a)r = Oé)o—lr(C—l)N (1= a)

By rearranging this for a we get

3.C. Mean and variance of replicative age distribution

To calculate the moments of the replicative age j in the progenitor compartment, we
need to normalize the replicative age distribution n} in the steady state by the total
number of cells in the progenitor compartment N* = ZJOOO 7. We can then write
down the m-th moment of the age j in the progenitor compartment

00 oo,a].j
DN AR Dhel) D~ -

o0 J
2"l 3 &

=0 j k=0 j=0 k=0
. = .

2, o

—~
<
3
~
3
*
Il
<.
8
|

J
P

By changing the order of summation in the denominator we get

oo J
lk  olo 1(to L1 )
Zajz—k—OéE—i-Oé (@‘FJ)‘F ( +J+?>+...

j=0 k=0
=p(l+ar+a?+.. ) +u(l+at+a+..)+...

(T -2 ()

k=0

Similarly, we change the order of summation in the nominator to

bk moo m_ 1 (o 51 m_ 2 ( to L1 %)
Z] oﬂz =0"a"—% 1a(@+$)+2a(@+5+¥)+...

= 1p(0™ + 1" + 2" 4+ .. ) F (1™ + 2"t + 3" 4+ ) ..

-y (Z j+k>maf).
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We then rewrite the above binomial to (j+ k)™ =", ( )kZ ™~ and rearrange the
sums to

where in the last step we defined the sum which is independent of the influx

o0
= E jmal.
J=0

The next step is to put together the nominator and denominator and to insert the
moments of the replicative age distribution of the influx (j),:

o i (") St (i ’fibk)
(i) Z Lk
1o gj: ( ) ) (3.8)

which is the general solution for any moment of the replicative age distribution.
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To get an expression for the mean and variance, we have to solve S, form = 0,1, 2:

f% :=j§t6W1211<i
j=0

Slzijaj:aa—ioﬂ
7=0 7=0
o 1 «

7=0
=a" ==Y &d+a—)>» o
20/ a

Generally, for m > 0 the sum S,, is by definition the polylogarithm Li_,,(«) (Wood
1992) with negative order m and can be written as

m—1
Li_p(0) = 1—0"”“;;E ,
with the Eulerian numbers E(n, k) = Zfié(—l) ("H) (k+1—74)"

By using the general solution equation 3.8 and the above solutions for S, for n =
0,1,2 we can calculate the mean p and variance o? of the replicative age distribu-
tion:

. o _ a
M—<J>n*—m+<J>L—m+m

7 = (e~ (e = G2~ GV o = O

where we used the mean g, and the variance o2 of the influx distribution.
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3.D. Replicative age distributions for specific influx

3.D.1. Geometric influx

Here we calculate the distribution of replicative age in the steady state resulting from
geometrically distributed age of the influx ¢, = A*(1 — \) by solving equation 3.2:

n—Z)\k oﬂk

Now we factor out all factors independent of k and substitute x := 3:
' J
n; = (1-A)a’ Zxk
k=0
. . J k (x(j+1)71)
By using the results for the geometric sum > 2" = =y for x #£ 1 we get
k=0
. (1—)\)% for a# A
! (1-=Na?(j+1) for a=\

3.D.2. Poisson influx

To find the replicative age distribution in the progenitor compartment for Poisson
distributed influx, we have to solve the following sum:

J —)\)\k
E a7k,

k=0

By factoring out all factors independent of k, we arrive at

>\k
n;‘ = e E —
ok Kkl

k=0
Now We substitute = 2 and note that for the upper incomplete gamma function
['(a, f tole~tde and integer values of j the following equality holds (Gautschi

1998)
J ok
T(G+1a)=jle™> -
k=0

Using this we get

as the desired result.
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3.E. Time to steady state

Equation 3.1 can be solved analytically to get an estimate for the time until steady
state is reached. In the following we solve the equations for an initially empty pro-
genitor compartment, which gives us an estimate to the relaxation time until steady
state is reached. For this we start by solving the equation for the first replicative age
class 7 = 0 and then subsequently for all others:

dno (h)
— =g — TN =N,
a 0 0

oC
= Ee‘” —Cre" +rCe™ =1y = C="2(" 1)

(t) = Ce ™ variation of parameter C — C(t)

= no(t) = 2(1 - e ™)

This we plug into the differential equation for the next age class

d
% =1 +arng —rng =1 +ag(l —e ) —rny
which can be solved in the same way
ni(t) = M(l —e ™) + argte™™.
r

. . . J i~k
Now we use the steady state values of the main text (equation 3.2), n} = kz—:o %,
which allows us to rewrite the above equation to

ni(t) = nj(l —e™ ™) + arnjte™".
For the third age class we get

% —rt 2 2¢2 x _—rt *t _—rt
ny(t) = ny(1 —e™™) + o r*Gnie™ + arnjfe .

From this we can infer the general solution
7j—1
. _ G=m) o _
ni(t) =ni(l—e )+ > g e,
m=0

which as expected goes towards the equilibrium solutions n} for the limit of time ¢ to
infinity. Figure 3.E1(a) shows the time evolution of of n; for different age classes j.
Approach to steady state for this specific value of « is relatively fast. To compare the
time until steady state is reached for different values of «, we numerically calculated
the time until n; reached 99% of the equilibrium value n} and the results are shown
in figure 3.E1(b). As expected, for large o the time to reach steady state increases
drastically, since many more downstream compartments have to be filled due to the
long tail towards old ages in the distribution of replicative age. Also for higher age
classes, in this case 7 = 20 for example, time to steady state is much longer as all
changes have to go through the previous age classes first. However, since the steady
state value in this case is close to zero and the influx into this compartment is even
smaller, our assumption of a quasi-static process is still valid.
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Figure 3.E1: Time to the steady state for different parameters. (a) The number of cells
n; for various age classes j increases until the steady state is reached, earlier compartments
reach the steady state faster (o = 0.3). (b) Time to approach equilibrium solutions for
different age classes j in a single progenitor compartment for different self-renewal parameters
a. The influx age is Poisson distributed with A = 10 (see section 3.3.1).



4. Cancer in compartmentalized
tissues

Somatic evolution in hierarchically structured tissue

In the previous chapter I have shown how a hierarchical tissue structure influences
the replicative age of cells, a major source for mutations and therefore for somatic
variation. However, the other main ingredient of evolution - selection - can also be
strongly influenced by this tissue structure.

If an advantageous clone arises within a later stage of the differentiation hierarchy, its
offspring will only transiently increase in abundance (Werner et al. 2011), unless the
clone can acquire stem cell like properties to prevail in the tissue indefinitely. The
total amount of cells with this mutation strongly depends on the stage within the dif-
ferentiation hierarchy where it emerged: If the clone arises in a very early progenitor
compartment, it will produce a large amount of offspring due to the subsequent am-
plification of cell numbers, potentially already causing problems for the multicellular
organism. If, on the other hand, the clone arises only at a later stage of the differ-
entiation hierarchy, the clone abundance will stay very low. Accordingly, for clones
to fully fixate within a tissue they need to fixate within the stem cell population of
the tissue (or acquire stem cell like behavior) (Kaveh et al. 2016). Another aspect
of somatic evolution in hierarchically structured tissue is the potentially different
impact of variation and selection in different positions within the structure.

In this chapter I will present the effect of a mutation which is neutral on the stem cell
level, but has a positive fitness effect in later differentiation stages, at the example
of chronic myeloid leukemia (CML). For this I will employ a stochastic model for the
hierarchical tissue structure of full hematopoiesis from stem cells to fully maturated
cells.

Manuscript status The rest of this chapter is a working draft of a manuscript with
the title given below by: Marvin A. Bottcher, Benjamin Werner, David Dingli, Arne
Traulsen, and Tom Lenaerts.
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Abstract Chronic myeloid leukemia can be effectively treated with tyrosine kinase
inhibitors such as Imatinib. However, it remains unclear if these drugs provide a cure
to the disease, or a lifelong treatment of patients is necessary. Recent show that for
some patients treatment can be stopped after several years without relapse of the
disease; other patients in seemingly similar conditions experience a rapid relapse.

Here, we use a compartment based computational model of chronic myeloid leukemia
to describe this disparity in outcomes. We use a multiscale approach to simulate
thousands of virtual patients starting with a single mutated hematopoetic stem cell
and follow each patient through clonal expansion ultimately leading to diagnosis,
treatment and eventually cure or relapse. Our analysis suggests that the stochasticity
of the stem cell dynamics is crucial in reproducing the clinical observations. What
is more, our stochastic simulations might help to identify factors that predict if or
when it is possible to safely stop the treatment.

4.1. Introduction

Chronic myeloid leukemia (CML) is a neoplasm of the hematopoietic system that
leads to an increase in bone marrow output of white blood cells (Fialkow et al. 1977).
CML is caused by the aberrant fusion of two chromosomes leading to the Philadelphia
chromosome and the production of the fusion oncoprotein ber/abl (Rowley 1973; Da-
ley et al. 1990). In 2001, treatment with Tyrosine Kinase Inhibitors (TKI) became
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available; these drugs target with high specificity the ABL kinase that drives the
disease and result in a high and long lasting response (Hochhaus et al. 2017). Treat-
ment with TKI, however, has to be given continuously as long as it is well tolerated
or the patient does not progress to blast crisis since it supposedly does not eradicate
the mutated leukemic stem cells from the bone marrow and the mutated cells regrow
if treatment is stopped (Quintés-Cardama and Cortes 2009).

Despite treatment usually being applied for the foreseeable lifetime of the patient,
recent studies have shown that TKI therapy can safely be stopped under certain
circumstances (Kimura 2016) and guidelines for discontinuation of treatment outside
of clinical studies have already been published (Hughes and Ross 2016). Clinical
data for the timing and probability of relapse from several studies across the world
are now available (Etienne et al. 2016; Mahon et al. 2010; Ross et al. 2013; Rousselot
et al. 2014; Imagawa et al. 2015). In all these studies, treatment is only stopped when
the disease burden based on ber/abl estimation falls below some critical treshold for
extended periods of time - a state that is commonly referred to as deep molecular
response (DMR) (Cross et al. 2015). However, the exact depth of molecular response,
the exact term used to describe this reduction limit, and the required duration this
deep response has to be maintained for, varies from study to study. When the
conditions for treatment cessation are fulfilled, treatment is discontinued and the
level of the ber/abl mutation in the blood is regularly monitored. Around 40-60%
of patients participating in these studies experienced a detectable expansion of the
ber/abl mutation and needed to restart treatment. Interestingly, in many of these
cases, relapse usually occurs within a few months after stopping treatment. Which
patients experience a relapse or remain in remission appears to be entirely random.
This high influence of chance on treatment outcome despite seemingly similar deep
responses across patients, suggest that stochastic processes play a major role in the
dynamics of CML and its therapy.

Previous work has shown that CML can be understood in terms of an evolutionary
framework where the fitness of leukemic cells is altered such that normal regulatory
feedback within the hematopoietic system is disturbed (Michor et al. 2005; Roeder et
al. 2006; Dingli et al. 2008; MacLean et al. 2014). While the leukemic cells have a re-
productive fitness advantage compared to normal cells, targeted treatment with TKI
decreases the fitness of the leukemic cells (Traulsen et al. 2010; Lenaerts et al. 2011).
As a result bone marrow output normalizes again and cells containing the Philadel-
phia chromosome gradually decrease in abundance. However, it is hypothesized that
leukemic stem cells (LSC) are not affected by this targeted treatment (Graham et
al. 2002; Jorgensen et al. 2007; Lenaerts et al. 2010; Hamilton et al. 2012). Stem
cells harbouring the ber/abl-mutation may therefore persist in the stem cell pool and
constitute a permanent risk of CML recurrence after stopping therapy.

Here we use a hybrid stochastic and deterministic model to investigate the time
dynamics and relapse probabilities before and after stopping of treatment of CML
in the light of evolution. Predictions from previous work (Lenaerts et al. 2010) are
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Figure 4.1: Compartment model of hematopoiesis. Full hematopoietic differentiation
line including the stem cell compartment and n progenitor compartments. (a) Stem cells
produce progenitor cells with a constant proliferation rate ro. With a probability 8 there
is a stem cell replacement event along with the production of the progenitor cell, which
allows for the expansion or extinction of leukemic cells in the stem cell pool. The number
of stem cells is constant and the BCR-ABL mutation has no phenotypic effect here. (b)
In the downstream compartments cells either differentiate with probability €, creating two
daughter cells that move to the next compartment, or they self-renew with probability 1 — ¢,
leaving both daughter cells in the same compartment. Cells harbouring the ber/abl mutation
have a lower differentiation probability than normal cells e < ey which leads to the strong
expansion of leukemic cells in the progenitor compartments.

validated by the above mentioned data: relapse occurs only in some cases, but rapidly
due to the existing progenitor CML cells that constantly feed ber/abl cells into the
hematopoietic system. However, here we show that the crucial determinant for the
properties of relapse is the stochastic nature of the leukemic stem cell dynamics.

4.2. Model

To explore the emergence, treatment, and relapse of CML we use a coupled stochastic
and deterministic model of the hematopoietic system (Lenaerts et al. 2010). We
model the full differentiation process of the whole hematopoietic system from the
stem cell pool of around 400 cells that divide approximately once a year up to the
enormous output of 10 fully differentiated cells per day (Fig. 4.1). We partition
the hematopoietic system into compartments, each comprising a different level of
differentiation of the hematopoietic cells (Michor et al. 2005; Dingli et al. 2007).

In general, we distinguish between the dynamics within the stem cell compartment
and all the progenitor compartments as they fundamentally differ: In the stem cell
compartment there is no influx from an upstream compartment and we assume the
size of the stem cell pool to be fixed (modelling disease in adults). For all progenitor
compartments, on the other hand, there is a constant influx of cells from upstream
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compartments. The dynamics of stem cells and progenitor cells are described in more
detail in the following subsections.

Throughout all compartments we account for three different cell types - healthy cells
H, cancer cells with ber/abl mutation C, and cancer cells harbouring the ber/abl
mutation bound to the TKI treatment B. All three cell types have different prolif-
eration characteristics. However, there is no interaction between the cell types apart
from a transition of C' cells into B cells under treatment.

Stem cell compartment We are interested in two basic processes in the stem cell
compartment: Production of differentiated progenitor cells to enable tissue turnover
of the hematopoietic system and self-renewal of stem cells to assure a constant number
of stem cells: Firstly, we assume that progenitor cells are produced at a fixed rate rg
to maintain regular homeostasis. Secondly, we consider stem cell replacement, where
one stem cell may stochastically replace another. However, these replacement events
are coupled with the proliferation rate, such that faster proliferation leads to faster
replacement.

In the following we use a parameter 5 € [0, 1] to describe the fraction of stem cell
replacements per produced progenitor cell. For 5 = 0 there are no replacement
events so that the stem cell pool stays unchanged throughout the simulations and a
mutation within a stem cell cannot stochastically go extinct or increase in number.
For g = 1, on the other hand, there is one replacement event for each differentiated
cell produced, which corresponds to a pure Moran process (Moran 1958) as was
implemented in (Lenaerts et al. 2010).

However, we do not model the exact microscopic processes on the stem cell level
explicitly, as the same replacement dynamics (given by /) could in principle be ob-
tained by different microscopic stem cell proliferation patterns (Ashcroft et al. 2017;
Glauche et al. 2009). For example, for § = % there are exactly two differentiated cells
produced per replacement event which could be explained by exclusively symmetric
self-renewal and symmetric differentiation as microscopic processes on the stem cell
level (Werner et al. 2011). Smaller values of 8 would point to a larger fraction of
asymmetric divisions (Knoblich 2008), where only one of the two daughter cells be-
comes a differentiated cell while the other stays in the stem cell pool. Accordingly,
no stem cell replacement (8 = 0) corresponds to exclusively asymmetric divisions at
the stem cell level.

As argued previously, we assume that the ber/abl mutation does not provide a selec-
tive advantage in the long lasting stem cell compartment (Dingli et al. 2008; Huntly
et al. 2004). All stem cells- healthy H and cancerous C' - in our model, have the
same proliferation rates and replacement characteristics.
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Downstream compartments Downstream compartments experience permanent in-
flux and outflux of cells that leads to a dynamic equilibrium of cell numbers in each
compartment determined by the model parameters. This steady state is for exam-
ple reached in normal unperturbed hematopoiesis (Werner et al. 2011). Similarly to
stem cells, cells in a progenitor compartment can either differentiate with probability
¢ and both daughter cells go into the downstream compartment; or they self-renew
with probability 1 — ¢, and both daughter cells stay in the compartment (Fig. 4.1A).
We do not take asymmetric division in the progenitor compartments into account,
as it can be included into the above mentioned symmetric modes of division in the
average over many cell replications (Dingli et al. 2007).

In the progenitor compartment, the different cell types have an effect on the prolif-
erative characteristics: The differentiation probability for C' cells, i.e. e¢, is lower,
which causes an expansion of cancerous cells within the hierachy. Differentiation
probabilities for H and B cells, ey and g are in comparison higher, which in the
absence of cancerous cells C' would allow for normal unperturbed hematopoiesis.

Treatment with TKI Treatment with TKI specifically targets cells harbouring the
cancerous ber/abl fusion gene and affects their proliferation characteristics (Quintas-
Cardama and Cortes 2009). Accordingly, in our model cells change from the cancer-
ous state C' to the bound state B with some rate ry,..q;. If treatment is discontinued,
B cells immediately switch back into the state C'. Normal cells are not affected by
the treatment and for simplicity we assume no other interactions between cells.

Coupled stochastic simulations and numeric integration: For our analysis of
CML relapse, the stochasticity of cellular events plays a central role. However, the
vast number of cells and corresponding cell divisions in hematopoiesis precludes a
full stochastic treatment.

Therefore we use a hybrid algorithm of stochastic simulations coupled with numerical
integration (Lenaerts et al. 2010): The first few compartments , with only several
thousand cells and slow reaction rates, are modelled stochastically using the next-
reaction-method Gillespie algorithm in continuous time (Gillespie 1977; Cao et al.
2004). In the compartments further downstream, the number of cells is usually
too large for stochastic simulations to be feasible. In these compartments the cell
numbers are updated numerically using the Euler algorithm in discrete time steps.

Since there is only downstream differentiation in our model, the coupling of the two
methods is straightforward: Reactions in the stochastic simulations are executed
until the time counter (continuous time) is larger than the time for the next deter-
ministic update. All differentiated cells produced in the last stochastic compartment
from these stochastic reactions are added to the number of cells in the first deter-
ministic compartment and the deterministic update is executed. Afterwards the
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stochastic simulations are continued again until the next deterministic time interval
is reached.

Simulation observables Using our model we can simulate full hematopoiesis of
virtual patients while keeping track of the complete life history of CML starting
from a single mutated hematopoietic stem cell through diagnosis, reduction under
treatment, and eventually eradication or relapse. To compare our results with clinical
data we record the number of ber/abl cells Ny, /abl and healthy cells Npealtny in the last
progenitor compartment and calculate the burden b as is done in typical polymerase
chain reaction (PCR) measurements in the clinical setting (Egan and Radich 2016);
we calculate the ratio of mutated against unaltered chromosomes via

Nbcr/abl

b= ,
2 Nheatthy + Noer/abl

as each cell contains the ber/abl fusion gene only once (Michor et al. 2005).

In our model, diagnosis is reached when the total number of cells in the last compart-
ment reaches 10'? (Lenaerts et al. 2010). From the burden at diagnosis by, and the

burden b(t) at time ¢ we calculate the log-reduction over time A(t) = log,, (b(t) )

binit

Model parameters Only few parameters need to be adjusted to reflect treatment
dynamics of clinical studies with our model.

In order to describe the dynamics of normal hematopoiesis, we use the parameters
of a previously parametrised compartment based model of blood formation (Dingli
et al. 2007): there are in total 32 compartments from stem cell to fully differentiated
cells, a differentiation probability of healthy cells of ey = 0.85 and an exponentially
increasing proliferation rate per compartment i according to 7; = 797’ with the
proliferation expansion factor v = 1.26. In the stem cell compartment a cell divides
on average once per year, such that their proliferation rate is ry = 1years™* (Rufer
et al. 1999).

In cells harbouring the ber/abl mutation, the differentiation probabilities are altered.
The same is true for cells with ber/abl mutation bound to treatment as their fitness
is reduced compared to untreated cells (Traulsen et al. 2010). Parameter values for a
similar, but fully deterministic model were obtained in (Dingli et al. 2008) by fitting
the model to published clinical data (Michor et al. 2005; Roeder et al. 2006) and are
for the differentiation probability for cancer cells e = 0.72, for cancer cells bound

to TKI e = 0.9, and the treatment rate is given by z = 0.046 days™*.
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Number of stochastic compartments The number of stochastic compartment is
chosen such that a further increase has no effect on the observed outcome of interest.
However, this minimum number may differ for different obervables. We therefore
tested the effect of changing the number of stochastic compartments for each observ-
able presented here in this manuscript.

For the fraction of virtual patients that go into diagnosis seven stochastic compart-
ments are sufficient (Lenaerts et al. 2010). Relapse dynamics and probability, how-
ever, strongly depend on extinction of the mutated cell type which is only possible
in the stochastic compartments. In our simulations we typically used nine stochas-
tic compartments to achieve consistent results regarding relapse dynamics (data not
shown).

4.3. Results

4.3.1. Treatment dynamics

In our model treatment with TKI reduces self-renewal for cells that harbour the
ber/abl mutation except for stem cells. Thus treatment causes a drastic reduction
of cancerous cells in the hematopoetic system. Interestingly, in the clinical setting
the tumor burden can be inferred from blood or bone marrow samples on the molec-
ular level, since the tumor causing mutation is well characterized (Egan and Radich
2016).

In general, an exponential decay of tumor burden with two distinct decay rates can
be observed under treatment (Michor et al. 2005): An initial fast decline caused
by reduction of tumor cells in the compartments with cells having fast turn over
is followed by a slower second decline that is caused by the reduction of slower
diving early progenitor cells [Cite: Werner et al Cancer Research 2016]. This general
treatment trajectory can also be observed in all of our virtual patients, Figure 4.2(a).
As expected, the initial faster decline is not influenced by the speed of stem cell
replacement [3.

By contrast, the long term treatment success, Figure 4.2(b), is strongly dependent
on the stem cell replacement rate. For fast stem cell replacement 8 = 1 the leukemia
causing stem cell leaves the stem cell pool quickly and a deep molecular response
(DMR) of MR*® (Cross et al. 2015), which means a 4.5-log reduction from the base-
line burden, is reached relatively fast. In this case almost all patients reach DMR
within 50 years. For slower stem cell replacement rates, on the other hand, the
leukemic stem cell stays in the system and keeps providing progenitor cells which ef-
fectively prevents deep molecular response for the majority of patients. Additionally,
if patients reach this threshold for these slow stem cell replacement rates at all, it
takes a much larger time on average.
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Figure 4.2: CML burden dynamics under treatment. (a) Median of initial treatment
trajectories from 5000 virtual patients including upper and lower quartile. The dynamics in
the first years of treatment with TKI are very similar regardless of the stem cell dynamics. (b)
Time until deep molecular response (DMR) of MR*5 (4.5-log reduction from baseline) (Cross
et al. 2015) is reached for different stem cell replacement values 8. The inset shows the overall
percentage of patients reaching deep molecular response within 50 years. For fast stem cell
dynamics § = 1 almost all patients reach deep molecular response within 50 years. For low
stem cell replacement 8 = 0.001, 4.5-log reduction is only achieved in a quarter of patients.
For slower stem cell replacement (data not shown) the fraction of virtual patients going into
reduction is even lower and the distribution over time is essentially flat over relevant time
scales.

4.3.2. Stopping TKI treatment

Even though treatment with TKI is very effective and side effects are far less severe
compared to other cancer treatments, stopping of TKI treatment can be necessary for
various reasons. To date, several clinical studies have shown the effect of stopping the
treatment (reviewed in (Kimura 2016)). However, these studies are variable regarding
the selection of patients, the total duration of treatment, the required reduction of
tumor burden, and the disease burden level that defines relapse before treatment is
restarted.

All TKI stop studies have in common that treatment is continued for a certain
amount of time after a specific level of disease burden reduction close to or below
the detection limit of the cancer causing mutation is reached. For the STIM study
(Mahon et al. 2010) this limit is at 5-log reduction from the baseline burden, for
TWISTER at 4.5-log reduction (Ross et al. 2013), for A-STIM at undetectable level
(40,000 copies of ABL, similar to 4.5-log reduction) (Rousselot et al. 2014), for ISAV
between 4-log and 4.5-log reduction (Mori et al. 2015), and finally for DADI at 4.16-
log reduction (Imagawa et al. 2015). Also common for all trials is a highly variable
duration of treatment continuation after the above mentioned reduction threshold
has been reached before treatment is stopped. Additionally, the definition for relapse
varies between the studies, from just crossing the previous burden level once or twice
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Figure 4.3: Relapse after stopping of TKI treatment. (a) Example treatment trajectory
for one virtual patient exhibiting relapse. The treatment is stopped when DMR is maintained
for the duration of the treatment continuation time. (b) Probability of relapse for different
treatment continuation times and stem cell dynamics . In clinical trials treatment continu-
ation time is usually above two years and overall relapse probabilities are between 40% and
60% (Kimura 2016) (gray area). Each data point is the average of 20000 virtual patients.

again to even going back to major molecular response (MMR), which is commonly
defined as 3-log reduction from the baseline burden.

Here, we universally choose a DMR of MR*® as a threshold for treatment discon-
tinuation and the reappearance of MMR as a threshold for relapse. An example
treatment trajectory of a virtual patient is shown in Figure 4.3(a).

At first, we are interested in the probability for a virtual patient to go into relapse.
This probability is both dependent on treatment continuation time after DMR is
reached, as well as on the stem cell dynamics which critically determines the existence
of the leukemic stem cell after long treatment durations. Later we will look at the
time dynamics of relapse after stopping the treatment with TKI.

Probability of relapse after stopping treatment The relapse probability in our
model is shown for varying treatment continuation times and under varying stem
cell dynamics ( in Figure 4.3(b). As expected, there is a strong negative correlation
between relapse probability and treatment continuation time. For very small con-
tinuation times, below a certain threshold, there is an almost 100% probability of
relapse. In this case the self-renewal of the remaining ber/abl cells in the downstream
compartments leads to a fast relapse. For longer treatment continuation times the
relapse probability is strongly dependent on the underlying scenario for stem cell
dynamics. For fast stem cell replacement, 8 ~ 1, the relapse probability quickly
drops to zero with increasing treatment continuation times. For very low stem cell
replacement 8 < 0.01, on the other hand, the relapse probability also drops, but
neither as fast nor as low as for strong stem cell replacement.
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In clinical trials treatment continuation times are generally very long, between 2 and
8 years, and the resulting relapse probabilities collected from all patients are around
50% (Kimura 2016). Since the exact distribution of treatment continuation times in
these trials are not published, we can not directly compare our model to these data.
However when accumulating results over treatment continuation times above two
years it appears plausible that the stem cell dynamics within patients is consistent
with a stem cell replacement probability 8 ~ 1073, that is one replacement event per
1000 produced early progenitor cells.

Probability of relapse and stem cell dynamics As mentioned above, the speed of
stem cell replacement [ also has a significant impact on the relapse probabilities. In
this section we explore the relation of stem cell dynamics and relapse probability in
more detail, see Figure 4.4.

For no or very low stem cell replacement (8 = 0) the probability of relapse is close
to one regardless of the treatment continuation time 7, and almost all patients go
into relapse eventually if they reach reduction at all. Interestingly, even for still very
small stem cell replacement rates of 5 =~ 0.01 the relapse probability already drops to
around 50%. For larger stem cell replacement rates = 0.1 and higher the mutated
clone quickly vanishes from the stem cell pool and the relapse probability is low,
dropping to values well below 25% even for short treatment continuation times. For
the smallest treatment continuation time 7 = ly, relapse probability is very high
regardless of the stem cell dynamics which points to progenitor cell driven relapse in
this case.

By contrast to real patients, in simulated patients we have full information about the
dynamics on the stem cell level. In fact, the presence or absence of leukemic stem
cells is strongly correlated with relapse, see Figure 4.4(b): Almost all patients that
have at least one LSC left (right panel) when stopping treatment will experience a
relapse. Conversely, the absence of the LSC does not guarantee relapse free survival,
as around 11% of patients that do not have a LSC will experience a relapse. Similarly
from the viewpoint of relapse or non-relapse (left panel), almost 100% of patients that
do not experience a relapse have no LSC left at the time of stopping the treatment.
By contrast, 26% of virtual patients experiencing a relapse have lost the LSC at time
of stopping the treatment.

Relapse probability and treatment dynamics Since both long term treatment suc-
cess and relapse after stopping of treatment are strongly connected to the dynamics
of the LSC, it seems natural to ask whether we could infer relapse probabilities from
the treatment trajectories of patients. Accordingly, Figure 4.5 shows individual bur-
den trajectories under treatment for two cohorts - patients experiencing a relapse
or not. As shown before (Fig. 4.2a), the CML burden decays in two slopes, the
initial slope being the same for all patients regardless of the stem cell dynamics.
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Figure 4.4: Stem cell dynamics and relapse probability. (a) Relapse probability is
dependent on the underlying speed of stem cell replacement g and treatment continuation
time 7 (see Fig. 4.3). For very small 3 < 10~* the relapse probability is close to 100%,
regardless of the treatment continuation time 7, and drops to around 50% as seen in the
clinical studies for the stem cell replacement in the range of 1072 < 8 < 1072, (b) Relapse is
strongly correlated to the presence of a LSC at the time of stopping the treatment; if there
is a single LSC left in the hematopoietic system there will be relapse with close to 100%
probability (bottom row). Almost all patients that do not experience a relapse have lost their
LSC accordingly. However, there is a also substantial fraction of patients going into relapse
not having a single LSC left at stopping the treatment (top left). Accumulated data from
simulations with parameters shown in (a).

The second slope, however, is determined by early progenitor cells which in turn are
strongly influenced by the existence of the LSC. It was shown previously that the
fraction of cancer stem cells is inversely related to the offset n of the second slope
under treatment (Werner et al. 2016).

In our model there is such a correlation between slope s and offset n of the second
burden decay and relapse probability. For fast stem cell replacement (5 = 1), the LSC
usually goes extinct quickly and only in rare cases reaches relatively high abundance
within the stem cell pool instead. Accordingly, the long term prevalence of a single
or very few LSC does not occur in this scenario, and there is a strong distinction in
both slope s and offset n between the two cohorts.

For the biologically more relevant case of slower stem cell replacement (5 < 0.1),
however, this distinction becomes less clear since the fraction of LSC is similar for
both cohorts. For these slower stem cell dynamics, it might therefore be impossible to
predict the relapse probability for patients given their previous treatment history (as
in the extreme case we would need to predict a single stochastic extinction event).

4.3.3. Dynamics of relapse

In light of the broad variation of relapse probabilities shown in the previous section, it
is interesting to explore the dynamics of relapse in more detail. The available clinical
studies for stopping TKI treatment also contain information about the recurrence
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Figure 4.5: Treatment dynamics of individual patients. 10 representative burden tra-
jectories under treatment for patients experiencing a relapse after stopping of treatment or
not along with a linear regression of the second burden decay slope over 5000 virtual patients.
After the initial decay, which is virtually indistinguishable across all patients, the slope of the
decay s is steeper and the offset n larger for the non-relapse cohort (thick blue bars). This
effect is much stronger for fast stem cell dynamics g = 1 (a). For slower - and biologically
more plausible - stem cell dynamics (b-d) the two cohorts become more similar and the sec-
ond burden decay is less informative about prognosis after stopping the treatment. Treatment
continuation time before stopping treatment is two years.

dynamics of CML (Kimura 2016). In the clinical setting, patient relapse is usually
very fast: most often within a year the clinical threshold for relapse is reached, if it
is reached at all.

Individual patient dynamics Figures 4.6 (a)-(c) show the burden trajectories after
stopping treatment for 75 virtual patients in the relapse and non-relapse cohort
each. For both cohorts the CML burden increases significantly after stopping of
treatment which already leads to a relapse in many patients, dependent on their
initial burden before stopping treatment. However, after this initial increase the
burden steadily decreases for all patient groups. Late relapse only occurs sporadically
in few patients and only for low stem cell replacement probabilities 5. In this case,
the sudden increase of tumor burden is the result of a stochastic proliferation event
of the leukemic stem cell or a very early progenitor cell, which is still present in the
virtual patient.

Interestingly, in some cases of relapse the tumor burden will decline again after
crossing the burden threshold for relapse. This potentially corresponds to all cases
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Figure 4.6: Relapse dynamics. Treatment is stopped when DMR is maintained for two
years. (a)-(c) Examples of relapse trajectories for different speed of stem cell replacement 3.
After stopping of treatment the burden in all patients will go up, but only few reach MMR,the
limit for relapse in this case. The burden for most patients will decline steadily after this initial
increase, but in some cases for § < 1 patients will go into relapse spontaneously later. Each
plot shows 75 virtual patients eventually going into relapse (red) and 75 virtual patients not
going into relapse (blue). (d) If relapse occurs, it appears relatively fast. The fraction of
virtual patients without relapse declines quickly in the first few months after stopping the
treatment, due to the deterministic increase of tumor burden shown in (a)-(c).

where relapse occurs even though the leukemic stem cell is lost and the relapse is
driven solely by progenitor cells, compare Figure 4.4. If the leukemic stem cell is still
present in the patient, on the other hand, tumor burden will increase back to the
baseline level.

Time to relapse The fraction of virtual patients which that do not relapse for
various rates of stem cell replacement rates [ is depicted in Figure 4.6(d). The overall
relapse dynamics is very similar to published clinical data, as for example (Etienne
et al. 2016), regardless of the stem cell dynamics and the final overall probability
for relapse. These results strengthen our previous analysis of individual patient
trajectories above: The timing of the initial relapse is hardly affected by the stem
cell dynamics and is driven by intermediate progenitor cells in the hierarchy, which
are already present at time of stopping treatment.
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4.4. Discussion

Here we have shown how the long-term success of treatment of CML with TKI
crucially depends on the dynamics of the disease causing leukemic stem cell in the
stem cell compartment. This holds for both reduction of the tumor burden to very
low levels as well as for the relapse probabilities after stopping treatment. However,
relapse probabilities as observed in the clinical setting (Kimura 2016) are in our
model only obtained for very slow stem cell dynamics with around one stem cell
replacement event per hundred or more progenitor cells produced (5 < 0.01). If
phenotypic changes only occur at cell divisions, this could be a sign for predominantly
asymmetric cell divisions at the stem cell level (Knoblich 2008; Werner et al. 2015).
Surprisingly, the first of 31 compartments downstream of the long lasting stem cells,
which still have a very low proliferation rate, have almost no relevance on the long
term relapse probability of CML in our model.

The exact nature of the evolutionary processes within the hematopoetic stem cell
compartment are hard to explore experimentally. Recent ideas include measuring
the telomere length distributions — markers for replicative age — over time (Werner
et al. 2015) or by fluorescent staining of cells expressing certain stem cell markers
(Takizawa et al. 2011; Busch et al. 2015). However, even when specifically modelling
the dynamics on the stem cell level in more detail (for example (Ashcroft et al.
2017)), the process often resembles a Moran process (Moran 1958) with stochastic
replacement of cells in an approximately constant cell population. The advantage
of our approach of modeling the dynamics on the stem cell dynamics with a single
parameter [ is that we can capture a wide variety of possible scenarios without
modeling the process in detail. In fact, § can also be seen as a survival parameter
for the LSC: for low beta the extinction time of the LSC is massively prolonged and,
under treatment with TKI, stays in the stem cell pool in a seemingly dormant state
(Zhang et al. 2018).

The dynamics of CML is strongly influenced by the hierarchical differentiation struc-
ture of hematopoiesis, which is usually thought to reduce proliferation in the long
lasting stem cells and hence minimizes their mutational load and cancer risk (Michor
et al. 2003a; Nowak et al. 2003; Michor et al. 2003b; Werner et al. 2011; Werner et al.
2013; Derényi and Sz6llési 2017). This is consistent with the overall rare occurrence
of the disease (Noone et al. 2018). However, if the mutation already occurred and
the disease appeared, this structure with the slow extinction of stem cell clones along
with the neutrality of the mutation on the stem cell level (Huntly et al. 2004) can
cause the persistence of the cancer in the hematopoietic system, making a lifelong
treatment often necessary.

The basic requirement for successful discontinuation of treatment without fast relapse
is the loss of the (single) long lasting leukemic stem cell which cannot be measured
directly. We show that very low tumor burden, i.e. 4.5-log reduction (Branford et al.
2007), can be achieved when either this leukemic stem cell is lost or when it did not
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proliferate for an extended duration due to stochastic effects. Therefore, maintaining
a specific reduction threshold as in the clinical studies may be a necessary, but not
a sufficient condition for the loss of the leukemic stem cells under current detection
limits. However, for relatively fast stem cell dynamics (§ > 0.01) slope and offset of
the long term burden decay under treatment are correlated with relapse probability.
These observables could therefore potentially be used to support estimating the risk
of relapse or the need for longer treatment continuation time after DMR is reached.

In contrast to the importance of stem cells for the long-term outcome of the disease
(cure versus non cure), it is the downstream progenitor cells in the differentiation
hierarchy that are responsible for rapid relapse once therapy is stopped (Marley and
Gordon 2005; Werner et al. 2011). These leukemic progenitor cells are constantly
fed into the hierarchy by the still present leukemic stem cell, even under treatment.
However, when stopping treatment these cells regain their proliferative ability and
their abundance is quickly amplified in the downstream progenitor compartments
with high proliferation rates. If the treatment is immediately stopped after reaching
the required reduction level, the prevailing progenitor cells with the ber/abl mutation
will cause a quick increase of the tumor burden, possibly above the burden threshold
for relapse, regardless of whether the leukemic stem cell is lost. If, on the other hand,
treatment is further continued for a long enough duration after reaching the required
reduction — in our simulations dependent on the relapse burden threshold more than
three years —, relapse predominantly occurs in cases where the leukemic stem cell is
still present in the stem cell pool.

Other models for CML either use deterministic equations, which do not capture
stochastic effects on the stem cell level (Fokas et al. 1991; Michor et al. 2005; MacLean
et al. 2014), or downscale the model of stem cell dynamics and subsequent hema-
topoiesis to allow for computational efficiency (Roeder et al. 2006). By contrast,
the main advantage of our modeling approach is that we take into account both the
stochastic effects in small stem cell and early progenitor populations and also the
large scale dynamics of fully differentiated cells.

In conclusion we have shown the underlying mechanisms of relapse in CML after
discontinuation of treatment that are observed in many clinical studies. Our model
of neutral evolution in a small population of stem cells successfully captures major
finding from these clinical studies such as probabilistic occurrence of relapse and
relapse dynamics over time. This helps to establish a clearer view on the evolutionary
processes involved in treatment with TKI, stopping treatment, and relapse of CML.

Availability of source code All the data in this work was produced with our soft-
ware Stochtreat. The complete source code can be accessed and downloaded at
https://github.com/marvinboe/stochtreat.
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5. Cancer in fluctuating environments

As previously shown for hierarchically structured tissues, cells with the same genome
can have different phenotypes, that is they have a different set of traits based on
their gene expression. This is also the case for cells within a cancer which can exhibit
a variety of heterogeneous phenotypes (Heppner 1984). Accordingly, the cancer cell
phenotypes can be described as different species with in an ecosystem, where each
species has a certain set of traits and occupies its own niche (Gatenby et al. 2011;
Maley et al. 2017). Since selection generally acts on a set of traits (see section 1.1.3),
the outcome of somatic selection is therefore dependent on these different phenotypes
within the cancer.

However, selection is also shaped by the momentary environmental and ecological
conditions (Darwin 1859). In the context of somatic evolution and cancer, many
factors influence the ecological niche of a cell, including nutrient availability, exter-
nal signals as for example for proliferation or apoptosis, or predation by immune
cells (Tyson et al. 2003; Hynes and Naba 2012; Lu et al. 2011). This external mi-
croenvironment determines the somatic selection on the different phenotypes within
a cancer and therefore also their evolution (Mintz and Illmensee 1975; Dolberg and
Bissell 1984; Gatenby and Gillies 2008). Accordingly, interference with the tumor
microenvironment could be a promising target for cancer therapies (Anderson et al.
2006).

Combining the two arguments from above, in the following I will show how fluctuating
environments can influence the selection in a population consisting of two phenotypes
— a dormant and a rapidly proliferating type — using the example of a highly
malignant brain tumor. Here, the environmental fluctuations are caused by the
chemotherapeutic treatment which has a different effect on selection for dormant or
rapidly proliferating cells. This elucidates the role of the environment in somatic
evolution. Additionally, it demonstrates how an already established cancer with
different phenotypes survives in adverse conditions exerted by the treatment.

Publication information The rest of this chapter is published in the same words
as:

Bottcher, M. A., J. Held-Feindt, M. Synowitz, R. Lucius, A. Traulsen, and K. Hatter-
mann (2018a). “Modeling treatment-dependent glioma growth including a dormant
tumor cell subpopulation”. BMC' Cancer 18.1, p. 376
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Abstract

Background: Tumors comprise a variety of specialized cell phenotypes adapted to
different ecological niches that massively influence the tumor growth and its response
to treatment.

Methods: In the background of glioblastoma multiforme, a highly malignant brain
tumor, we consider a rapid proliferating phenotype that appears susceptible to treat-
ment, and a dormant phenotype which lacks this pronounced proliferative ability and
is not affected by standard therapeutic strategies. To gain insight in the dynamically
changing proportions of different tumor cell phenotypes under different treatment
conditions, we develop a mathematical model and underline our assumptions with
experimental data.

Results: We show that both cell phenotypes contribute to the distinct composition
of the tumor, especially in cycling low and high dose treatment, and therefore may
influence the tumor growth in a phenotype specific way.

Conclusion: Our model of the dynamic proportions of dormant and rapidly growing
glioblastoma cells in different therapy settings suggests that phenotypically different
cells should be considered to plan dose and duration of treatment schedules.
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5.1. Background

Gliomas are the most common type of primary brain tumors including their highly
malignant form, the glioblastoma multiforme (GBM), which accounts for about 15%
of all brain tumors (Ohgaki and Kleihues 2005). Despite current standard treatment
of GBM by surgical resection and adjuvant radio- and chemotherapy, the median
survival time for GBM patients is still poor, approximating 12-15 months (Stupp
et al. 2005), mostly due to unsatisfactory response of the tumor to treatment strate-
gies. Additionally, combined aggressive radio-/chemotherapy is causing severe side
effects frequently necessitating interruptions of the therapy due to e.g. blood toxicity
(Niewald et al. 2011). GBMs and also many other tumors are heterogeneous tumors,
being composed of cells with different, partly specialized phenotypes (Gatenby et
al. 2011). Besides e.g. rapidly proliferating tumors cells, invading immune cells,
endothelial cells and (tumor) stem cells, also a subpopulation of so called dormant
tumor cells exists in the heterogeneous tumor mass. These cells enter a quiescent
state driven by cell-intrinsic or extrinsic factors, including permanent competition
for nutrients, oxygen, and space (“cellular dormancy”) (Almog 2010; Wikman et
al. 2008; Bragado et al. 2012; Yeh and Ramaswamy 2015). In several tumors and
metastases, dormant cells have been shown to be not proliferative or only very slowly
cycling (Zhang et al. 2013; Sosnoski et al. 2015; Linde et al. 2016; Sertil 2014). Link-
ing dormancy and effects of chemotherapy, studies on glioma cells showed that cells
underwent a prolonged cell cycle arrest upon treatment with temozolomide (TMZ),
the most common chemotherapeutic in GBM therapy (Hirose et al. 2001).

Evolutionary forces, such as competition and selection, shape the growth of the tumor
and therefore the progression of the cancer. These forces create different ecological
niches within the tumor encouraging the adaption of specialized tumor cell pheno-
types. Accordingly, the proportional balance between different tumor cellular pheno-
types can drastically change with treatment conditions. Indeed, compared to rapidly
proliferating tumor cells, especially dormant cells exhibit a much higher robustness
against chemotherapeutic drugs (Almog 2010). This dormant state seems to be re-
versible (Hirose et al. 2001), so that the conversion to dormancy and the exit from
dormancy may be a mechanism that facilitates tumor survival and progression even
upon adverse or changing conditions. Hence, a better understanding of the propor-
tional dynamics of different cell phenotypes within gliomas under chemotherapeutic
treatment may improve further therapeutic approaches.

Mathematical models are beneficial resources to gain insight into key mechanisms of
cancer development, growth, and evolution and to help identifying potential ther-
apeutic targets (Altrock et al. 2015). Among these approaches, evolutionary game
theory (Nowak 2006; Hofbauer and Sigmund 1998) models the interactions between
different individuals as a game between agents playing different strategies and relates
the payoff from this game to the reproductive fitness of the corresponding agent (Bas-
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anta and Anderson 2013; Basanta and Deutsch 2008; Dingli et al. 2009; Kaznatcheev
et al. 2015; Orlando et al. 2012).

Here, we use evolutionary game theory to model the proportions of two different
phenotypes of GBM cells in a variety of different treatment conditions, see Basanta
and Deutsch 2008 for a related approach in GBM. Defining the fitness of the different
cell types as growth rate in comparison to cells of the respective other phenotype,
we focus especially on the balance between the rapidly proliferating and the cellular
dormant phenotype and describe the corresponding payoffs in a payoff matrix which
also includes the effect of treatment. Then, we use a special form of the replicator-
mutator equation (Bomze and Biirger 1995; Page 2002), which takes into account
that conversion from dormant to rapidly proliferating phenotype and wvice versa is
possible. To strengthen our theoretical assumptions, we analyzed cell numbers and
the cellular expression of a dormancy marker under different chemotherapy dosages
and the phenotypic conversion modalities in cultured GBM cells in wvitro. Taken
together, the aim of our study was to develop a simple theoretical model which de-
scribes the dynamically changing proportions of two different GBM cell phenotypes,
rapidly proliferating and dormant cells, under different treatment conditions. Show-
ing this, we suggest that different properties of cell phenotypes should be taken into
account for the development of more efficient, less toxic treatment schedules in order
to improve patient’s prognosis and quality of life.

5.2. Methods

Theoretical model We analyze the proportions of two different GBM cell phe-
notypes, dormant (D) and rapidly proliferating (P) cells, in a mathematical model
including the influence of different treatment conditions. In the following, we char-
acterize the cells in terms of their fitness, which we define as the growth rate in
comparison to cells of the other phenotype. Dormant cells always have a very low or
even zero growth rate ¢, which we assume to be independent of the exact composition
of the population and the treatment condition. Rapidly proliferating P cells, on the
other hand, have a very large fitness advantage compared to dormant cells, which
means they proliferate much faster, but they also compete with each other for space
and resources. Facing another P cell, a focal P cell has an intermediate fitness, which
we assume to be still much larger than the growth rate of D cells €. Their fitness
therefore depends on the relative fraction of D vs. P cells. Due to the very slow
growth of D cells, P cells will represent the vast majority of glioblastoma cells in the
absence of treatment.

Under treatment conditions, however, the population composition changes. Even
though D cells still have the same very low (or zero) growth rate e, P cells experience
a fitness cost A\ due to treatment. The reduction of the fitness due to treatment
only applies to P cells, because cytotoxic drugs mostly affect rapidly dividing cells.
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The fitness cost parameter A can be adjusted to account for the strength of the ap-
plied treatment. In principle we can continuously vary this parameter. However,
for simplicity we focus on two different treatment strategies: In high dosage (HD)
chemotherapy the treatment strength parameter A is large compared to the growth
rate of the P type. Since high dosage chemotherapy has strong side effects for the
whole organism (for GBM: (Niewald et al. 2011)), in reality this treatment strat-
egy cannot be maintained for extended time periods. Therefore, strong treatment
needs to be applied in turns with weaker or no treatment. For low dosage (LD)
chemotherapy, A means only a small reduction of the growth rate of the P cells. As
the side-effect stress to the organism should also be lower, this treatment regime
could be applied for longer time spans.

Dormant (D) and rapidly proliferating (P) phenotypes in glioblastoma and their
aforementioned interactions can be described by the following payoff matrix (Basanta
and Deutsch 2008):

D RP
D € € (5.1)
RP\1—-e—X 1/2—-2X

This matrix gives the fitness for each type if confronted with any of the two other
types. Here, we find for example that the fitness of a focal P cell interacting with a
D cell is1 — ¢ — A, which includes both the small or zero growth rate of D cells € and
the fitness cost for P cells under treatment .

As the phenomenon of dormancy is presumably a reversible process that also oc-
curs without any treatment, we assume that conversion between both phenotypes is
possible with a small rate 0. Thus, P cells may enter a dormant phenotype, and D
cells may exit from their quiescent state, converting into a P phenotype at any time
point.

In the following, we include these fitness effects and phenotypic conversion into a set
of ordinary differential equations. In general, the growth of a whole cell population
can be explained in terms of a differential equation that describes the change in the
number of individuals over time

Here n is the number of individuals, ¢ is the time and r(n, ) is the growth rate, which
can itself depend on the number of cells and the time.
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At first, we focus on the number of D cells, np, in the population over time, which
have a very small but constant growth rate ¢,

= E&Nnp.

dt

For P cells on the other hand, the growth rate of np, given by the average fitness
from the payoff matrix (weighted to the cell fractions), changes with the composition
of the population

dnp np 1 np
—F = l—e—AN—2 4 (=-x)—2 ).
dt ne <( © )nD+np + (2 ) nD—{—np)

Since the system under consideration is constrained, both in terms of nutrients and
space, in reality the cell population only grows exponentially as indicated by the
growth equations in the very beginning of the process where the constraints regarding
space or nutrients are negligible. However, we are mainly interested in the fraction

of D cells xp = nDnTan in the population and vice versa the fraction of P cells
xp =1—xp = —L—. To obtain the change in fractions for both types, we subtract
np+np y

the average growth rate f of the population from both individual growth rates,

f=cxp+ [(1—5—)\)371)4—(%—)\)3:13] Tp.

From this we obtain two differential equations for the fractions of D and P cells,

tp=xp(e— f)
x'p:xp<{(1—£—)\)xp+ <%—A)xp] —7).

Next, we include the spontaneous conversion between phenotypes with a constant
rate o, which is independent of the cellular growth. This leads to an additional term
to the differential equation of both phenotypes

ip=le—flep+o(zp—zp) (5.2)

i’p: (1—8—)\)1’D—|— (%—)\) l‘p—7:| ZL‘P—FO'($D—£EP).
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ny number of cells of type X

xy ratio of cells of type X in population

D,P index for dormant or rapidly proliferating cell type, respectively
¢ Fitness of dormant (D) cells
A treatment cost on normally growing cells
o  probability for spontaneous conversion between types

f total average fitness of all cell types in the population

Table 5.1: Overview of all symbols used in the model.

These equations have the important difference to the usual replicator-mutator equa-
tion (Nowak 2006) that phenotype conversion is a spontaneous process with a con-
stant rate and is independent of the growth in the population. This allows conversion
from D to P even if D cells do not grow at all.

Using these equations, we model different therapy schedules combining different treat-
ment strengths in different cycling time plans. Since the equations are nonlinear, we
use numerical integration with Odeint of the Python library Scipy! to examine the
temporal dynamics of the system under different treatment regimes. Additionally we
analytically determine the fixed points of the system and their stability.

5.2.1. Experimental model

Cell culture and cell number determination The GBM cell line LN229 was pur-
chased from the European Collection of Authenticated Cell Cultures (ECACC, Sal-
isbury, UK) and cultured in Dulbecco’s modified eagle medium (DMEM) plus 10%
fetal calf serum (FCS, PAN Biotech, Aidenbach, Germany). Mycoplasma contami-
nations were routinely excluded by bisbenzimide staining. The GBM cell line iden-
tity was proven routinely by STR (Short Tandem Repeat) profiling at the Depart-
ment of Forensic Medicine (Kiel, Germany) using the Powerplex HS Genotyping Kit
(Promega, Madison, WC). Briefly, DNA was amplified with a STR multiplex PCR,
electrophoretic separation was performed with the 3500 Genetic Analyser (Thermo
Fisher Scientific, Waltham, MA, USA), and evaluated using the Software GeneMap-
per ID-X (Thermo Fisher Scientific). For determination of cell numbers after low
and high dose chemotherapy treatment, 25,000 cells/well were seeded in 6 well plates
(Greiner Bio-one, Frickenhausen, Germany). Cells were grown for 24 h, then washed

Yhttps://www.scipy.org/
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with phosphate buffered saline (PBS), supplemented with fresh DMEM + 10 % FCS
and temozolomide concentrations (Sigma-Aldrich, St. Louis, MO, USA; dissolved
in dimethyl sulfoxide DMSO) as indicated in Figure 2A (5, 50 or 100 pg/ml for 10
days). Temozolomide (TMZ) is a DNA alkylating drug causing apoptotic cell death
and the most commonly used chemotherapeutic in GBM therapy. Control cells were
supplemented with 0.5 % DMSO, which corresponds to the solvent concentrations of
each TMZ stimulated sample. Cells were stimulated for 10 days with TMZ, while me-
dia were changed every 2-3 days. After 10 days, cells were detached by trypsination
and total cell numbers per well counted using trypan blue exclusion and a Neubauer
chamber (Brand, Wertheim, Germany). DMSO stimulated control cells were already
detached after 6 days of stimulation, split 1:10 and seeded again to exclude limita-
tions of growth due to space and nutrient limitations. This splitting factor (1:10)
was considered when relative cell numbers of TMZ treated samples in comparison to
DMSO controls were determined for n = 5-6 independent experiments.

Immunocytochemistry For immunocytochemistry, 50,000 cells were seeded onto
poly-D-lysine coated glass cover slips, grown for 24 h and supplemented with indi-
cated TMZ or DMSO concentrations as described above. From day 6, growth media
were additionally supplemented with 10 pM 5-bromo-2’-deoxyuridine (BrdU, Sigma-
Aldrich, St. Louis, MO) to allow for incorporation in the DNA in the S phase of the
cell cycle. After 10 days, cover slips were fixed with an ice-cold mixture of methanol
and acetone (1:1) for 10 min, rinsed with 0.1% Tween / PBS (3x5 min), incubated
with 1 M HCI for 30 min, neutralized with 0.1 M sodium borate buffer (pH 8.5),
and rinsed again with 0.1% Tween/PBS. Afterwards, cells were blocked for unspe-
cific bindings with 0.5% bovine serum albumin (BSA) / 0.5% glycine in PBS (1 h)
and incubated over night with the primary antibody against H2BK (1:300, Biorbyt,
Cambridge, UK), a marker of glioma dormancy (Almog et al. 2009; Adamski et al.
2017a) and the primary antibody against BrdU (1:200, Abcam, Cambridge, UK).
Then cover slips were incubated with the secondary antibodies (donkey anti-rabbit
IgG, labelled with Alexa Fluor 488, and donkey anti-sheep labelled with Alexa Fluor
555, both Invitrogen, Carlsbad, CA, USA) for 1 h at 37°, and 4, 6-diamidino-2-
phenylindole (DAPI; Sigma Aldrich, St. Louis, MO, USA; 1 mg/ml, 1:30,000, 30
min at room temperature) to stain nuclei. Cover slips were embedded using Immu-
Mount (Thermo Fisher Scientific, Rockford, IL, USA), and analysed with equal expo-
sure times using an Axiovert microscope and digital camera (Zeiss, Jena, Germany).
H2BK-immunopositive, BrdU-positive and double positive cells were counted and
normalized to total cell numbers in 6 (DMSO controls) to 10 (TMZ samples) fields
of view for n = 4 independent experiments.

DiO retention and cell countings on phenotype conversion To monitor the con-
version to and from dormancy we used the green fluorescent vital dye DiO (Invit-
rogen), as rapidly proliferating cells lose the dye due to repeated divisions, while
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resting, dormant (or very slowly cycling) cells retain the dye and can be detected by
fluorescence microscopy. Investigating the conversion to dormancy, 150,000 LN229
cells were seeded into 6-well-plates, stained with Vybrant® DiO Cell-Labeling Solu-
tion (Thermo Fisher Scientific, Waltham, MA, USA) following the manufacturer’s
instructions and stimulated with 100 pg/ml TMZ (or equal volume of the solvent
DMSO) for 10-12 days. Cells were photographed combining transmitted-light mi-
croscopy and fluorescence microscopy with equal exposure times for TMZ and control
treated cells, and green fluorescent cell portions were determined in comparison to
total cell counts. To determine the influence of different cell densities on the incidence
of conversion, 50,000 and 150,000 cells were seeded, respectively, into 6-well-plates
and treated with 100 pg/ml TMZ (or equal volumes of the solvent DMSO) for 10
days. As the DMSO control treated cells rapidly proliferate, cells were detached at
day 6 (50,000) or day 3 and 6 (150,000), cell numbers counted using a Neubauer
chamber to determine the growth rate over this time period, and seeded again at ini-
tial density, to allow for cell growth without limitation of space and nutrients. After
10 days, TMZ and control treated cells were detached and counted. To extrapolate
the total cell numbers of control cells, growth rates determined at day 3, 6 and 10
were used, and TMZ surviving cells were calculated as percentage of extrapolated
total cells.

Statistical analysis Statistical analysis and graphical presentation of experimen-
tal data were performed with Graph Pad Prism using a two-tailed t-test (*** p <
0.001).

5.3. Results

5.3.1. Modelling the dynamics of cell frequencies

The temporal dynamics of the proportion of D against P cells in GBM strongly
depends on the treatment conditions. Therefore, we first analyze the fixed points
of the dynamical system and how they change for different treatment strengths A,
without considering possible conversions of phenotypes. The fixed points mark a
stable equilibrium between the portions of P and D cells under certain, predefined
conditions and are found by setting equation 5.2 to zero. Of particular interest
are stable fixed points, as the system returns into this state again after a small
perturbation (Strogatz 2014).

For our system, there is only one stable fixed point for each treatment condition (Fig.
1A). If we consider the case of no phenotype conversion, o = 0, we can give the exact
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Figure 5.1: A Equilibrium fraction of dormant cells depending on treatment cost A. B Average
growth rate at the fixed point depending on treatment cost A. Blue lines indicate a growth
rate of D cells of ¢ = 0 and orange lines a growth rate € = 0.1. Solid lines are for the absence
of phenotype conversion (o = 0) and dashed lines with phenotype conversion (o = 0.1).

position of this point for each treatment condition A. The fraction of D cells at the
fixed point is then given by

2)
0 1—2¢ S 1
_ 2) 22
TD = 1—25_1 1§1—2‘e§2
22
1 2s

For small treatment strengths A the fraction of D cells in the population at the
stable fixed point is zero, but after reaching a threshold, the fraction of dormant cells
increases linearly with A\ until the whole population consists of dormant cells at very
high treatment strengths.

With conversion between the two phenotypes (o > 0), the analytical calculation
for the stable fixed points is more difficult and the result is not instructive. By
contrast to the previous results without phenotype conversion, there is always a
small proportion of dormant cells in the population, even at very low treatment
strengths. The proportion of dormant cells at the fixed points increases immediately
with increasing treatment strength until it approaches a maximum at high treatment
strengths. For both D cell growth rates € (¢ = 0, orange lines; and ¢ = 0.1, blue
lines) the population composition is very similar or even the same without phenotype
conversion at very small or large treatment strengths . In contrast, t intermediate
values of ame without phenotype conversionnt strengths is very very similar. eas e
dynamics.fore decided to onlythe largest effect of € on the population composition is
at intermediate values of treatment strength.

The average fitness f for the whole tumor cell population including P and D cells
decreases linearly from the maximum at treatment strength A = 0 until it reaches the
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minimum of f = ¢ at the point where the fraction of dormant cells in the population
starts to increase (Fig. 1B). Interestingly, with spontaneous conversion o > 0, the
average fitness at the fixed point can become smaller than ¢ and even negative for
high treatment strengths, potentially leading to a shrinking tumor. This is caused
by conversion of D cells into P cells which are then susceptible to treatment.

5.3.2. Comparison to experimental data

To test our mathematical model of phenotype composition upon treatment, we used
LN229 cells as an experimental in vitro model. We treated these cells for 10 days with
temozolomide (TMZ), the most commonly used cytotoxic drug in glioma therapy. In
a first step, we focused on different treatment strength and analysed the portions of
surviving cells in comparison to control cultures and the percentage of cells expressing
H2BK (histone cluster 1), a marker of glioma dormancy (Almog et al. 2009; Adamski
et al. 2017a), alongside with incorporation of BrdU in the late treatment phase (day
6-10). In general, after 10 days of treatment, samples stimulated with 5, 50 and 100
ng/ml TMZ had significantly less total cell numbers than control treated cells (Figure
5.2A). By immunocytochemistry of H2BK, we could detect and quantify the fraction
of dormant cells within the cultures, and by adding BrdU to the cells from day 6
of treatment and immunocytochemical staining of BrdU, we could in parallel mark
cells that incorporate BrdU in the DNA (examples of microscopic pictures in Figure
5.2B). While DMSO-treated control cells showed a low fraction of H2BK-positive
cells (mean: 9.7% =+ 3.5), TMZ treatment yielded increased numbers of dormant cells
reaching a plateau at high concentrations (5 pg/ml: mean 26.8% =+ 9.0, 50 pg/ml:
mean: 82.8% =+ 5.3, 100 pg/ml: 87.7% + 8.0, compare Figure 5.2B, grey graph
portions). In parallel, we investigated the incorporation of BrdU in the DNA and
determined a high portion (66.0% =+ 7.8) of BrdU positive cells in the control cultures
and lower portions upon TMZ treatment (5 pg/ml: 53.6% + 14.5; 50 pg/ml: 33.4%
+ 5.3; 100 pg/ml: 33.7% =+ 10.1, compare Figure 5.2B, hatched graph portions).
Interestingly, BrdU incorporation also took place in TMZ treated cultures, so that
staining for the dormancy marker H2BK and for BrdU could be observed in the very
same cells (compare examples of microscopic photographs in Figure 5.2B) indicating
that cell cycle arrest may occur after the S phase of the cell cycle. Together with
our experiments described in the following section and Figure 5.2C, showing that
dormant cells hardly divide within our experimental time frame, these observations
suggest that dormant glioma cells are not or only very slowly cycling. Furthermore,
taking into account that we use a clonal cell line, the occurrence of dormant cells
needs to be a phenotypic adaption to the environmental conditions as all cells are
genetically homogenous (as proven by routinely STR profiling, compare Materials
and Methods section).

To investigate if the conversion to a dormant phenotype depended on the cell density,
initially, we determined in a DiO retention assay that nearly all cells (98.3% =+ 1.2)
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Figure 5.2: A Decrease of total cell numbers upon different temozolomide (TMZ) treatment
strength. LN229 glioma cells were treated with different TMZ concentrations for 10 days,
control cells were treated with the solvent DMSO (0.5%). Total cell numbers strongly de-
creased in a TMZ concentration dependent manner. Given are mean values of cell counting
+ SD from n = 3 independent experiments. B Increase of the H2BK positive dormant cell
portion upon different TMZ treatment strength, and incorporation of BrdU. The fraction of
dormant cells as determined by immunoreactivity for the glioma dormancy marker H2BK and
counting of the positively stained cells was remarkably increased in a concentration dependent
manner (grey portions of the graph). The fraction of cells with BrdU incorporation in turn
decreased (hatched portions of the columns), but, remarkably, in higher TMZ concentrations,
H2BK and BrdU double positive cells were frequently observed (hatched, grey portions of the
columns). Microscopic pictures exemplarily show cells expressing the dormancy marker H2BK
(green) and the incorporation of BrdU (red) upon stimulation with different concentrations of
TMZ for 10 days. The pictures are representative examples from 6-10 fields of view that were
analyzed for n = 4 independent experiments and summarized in the graphs in the upper part;
the bars indicate 20 pm. C Influence of cell density on portions of dormant cells. Left: When
stained with the vital dye DiO and treated with 100 pg/ml TMZ for 10-12 days, nearly all cells
(about 98%) cease from dividing which is indicated by the retention of the green fluorescent
dye. Meanwhile, in control treated cells (DMSO), nearly all cells lose the green fluorescent
dye due to repeated cell divisions. Right: Graphs show surviving dormant cells after 10 days
of TMZ treatment (100 pg/ml) in dependence of the initially seeded cell numbers. Portions
of surviving cells are very low in comparison to total (extrapolated) cell numbers in DMSO
control cultures, and do not depend on initially seeded cell numbers. Given are mean values
of cell counting + SD from n = 6 independent experiments.
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Figure 5.3: Impact of cyclic treatment on

the cell population. In each treatment in-
terval, either high dosage (H) or low dosage
(L) treatment is applied.
Top: Population composition between dor-
mant (D) and rapidly proliferating (P)
cells displayed by the relative fraction of
both phenotypes under changing conditions.
Middle panel: Average growth rate of the
whole population under changing treatment
condition. A negative growth rate only oc-
curs in phases of strong treatment.

Pop. fraction

Growth

Bottom panel: Absolute number of all % /a” c ”SZ
tumor cells, P and D phenotype, assum- S %
ing exponential growth with the given aver- 2 LIHHILIL

age growth rate (parameters: dormant cell
growth rate € = 0, conversion rate o = 0.01,
high dosage effect Ay = 1, low dosage effect
Ar = 0.25).

retain the green fluorescent dye when treated with 100 pg/ml (“high dose”) TMZ
for 10-12 days, while in control cultures (treated with equal volumes of the solvent
DMSO) only 2.9% =+ 1.7 retained the dye (Figure 2C, left part). The vital dye is
included in every cell at the moment of staining, and is transferred to every daughter
cell upon cell division. However, this means the staining is diminishing after several
divisions of rapidly proliferating cells, but retained in non-proliferative or very slowly
cycling dormant cells. Thus, assuming that nearly all cells that survive treatment
with 100 pg/ml TMZ are dormant in our particular setting, we determined the rel-
ative incidence of phenotype conversion and the influence of the cell density on this
conversion factor by determination of TMZ surviving cells in relation to (extrapo-
lated) total cell numbers of control (DMSO treated) cultures. In our experimental
setting, a portion of 0.68% = 0.13 cells of initially seeded 50,000 LN229 glioblastoma
cells survived this high dose treatment, while in cultures of initially seeded 150,000
cells, the portion of surviving cells was nearly similar (0.66% + 0.13; Figure 2C, right
part) underlining the assumptions of our theoretical model.

Thus, treatment with TMZ significantly reduced total cell numbers of LN229 cells,
while the share of dormant cells within the culture, as detected by the dormancy
marker H2BK, was drastically elevated. The incidence of conversion to dormancy
did not depend on cell densities in our particular experimental setting.

5.3.3. Treatment schedules

Next, we use our model to analyze the dynamics of the population composition for
periodically changing treatment conditions. One example trajectory for a growth

102



CHAPTER 5. CANCER IN FLUCTUATING ENVIRONMENTS

rate for D cells € = 0 and a conversion rate between phenotypes o =0.1 is depicted
in Figure 5.3. The fraction of D and P cells in the population alternates between the
fixed points corresponding to the momentary treatment condition. The trajectory
starts with a phase of no treatment, which is characterized by a high average growth
rate and a cell population composition of mostly P cells and only very few D cells.
After the first phase of unconstrained growth large parts of the tumor are removed
(e.g. by surgery), leaving only a small number of cancer cells. Under the following
high dosage treatment conditions, the dormant phenotype has the highest fitness
and takes over the population. The relative fraction of D cells will increase until the
steady state under high treatment conditions is reached. The impact of treatment on
P cells leads to a strong initial decline in average growth rate, until the population
has a significant proportion of dormant cells and the growth rate starts to recover
slightly.

Under the following low dosage treatment conditions, P cells (making up a small
fraction of the whole population at the end of the high dosage treatment) are less
affected by the treatment and now grow faster. The average growth rate will have a
maximum when then relative fraction of P cells in the population is still low, since
they have a competitive advantage over D cells, and then declines afterwards towards
an equilibrium well above the high dosage growth rate. Accordingly, the total number
of cells increases strongly again in this regime.

Switching the order of high dosage and low dosage treatment only has a small effect
on total number of cells: If treatment starts with low dosage, the system will go into
a state with a slightly higher fraction of dormant cells, which makes it less susceptible
to the following high dosage treatment. Starting with low dosage therefore does not
help to reduce the tumor size.

In Figure 5.4 we compare three different treatment schedules: just one switch from
initial high (H) dose to low (L) dose treatment (HHHHHHLLLLLL, Fig. 4A, each
instance of the letter H or L corresponds to the same time interval), slow cyclic
switching (HHHLLL, Fig 4B), and fast cyclic switching (HLHL, Fig. 4C) for two
different growth rates of D cells (left panels e = 0 and right panels € = 0.1). In case
of only switching once, the fixed points for each treatment are quickly reached. At
high dosage treatment the number of cells increases very slowly or even decreases.
In the following low treatment phase, however, P cells take over growing particularly
fast and jeopardizing any positive effect from the previous strong treatment. This is
true for both treatment strengths of the high dosage phase.

For the fast switching treatment schedule (HLHL, Fig. 4C), the fixed point of the
population proportion is not reached before the treatment changes again. Therefore
the population dynamics stays between the two stable fixed points for the two treat-
ment regimes, but does not reach them. By contrast, in the slow treatment switching
regime (HHHLLL, Fig. 4B) the fixed points for both high and low dosage treatment
are reached such that the composition of the cell population essentially resembles the
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Figure 5.4: Comparison of the effect of different treatment cycle lengths on population compo-
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sition, average growth rate and number of cells, similarly to Figure 5.3. All panels on the left
have a D cell growth rate of ¢ = 0, whereas all panels on the right have ¢ = 0.1. A The top
row shows the case of high dosage treatment followed by a sustained low dosage treatment.
B The middle panels use a relatively slow switching between high dosage and low dosage
treatment, whereas the bottom panel C shows very fast switching. All other parameters as
in Figure 5.3.
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case of just one switching event (Fig. 4A). However the time spent at these fixed
points is still significantly reduced compared to only a single switch.

The bottom panels of Figure 4 A, B and C show the total number of cells based on
the average fitness of the population under the assumption of exponential growth.
When the growth rate is positive the cell population grows, otherwise it shrinks.
Interestingly, the average growth rate of the population is well below zero only for
a short period during the high dosage treatment and only if the share of P cells is
still very high and the fraction of D cells in the population is small. However, in this
regime the fitness recovers fast and approaches equilibrium with an average fitness
close to zero, such that the total number of cells does not change anymore. The
strongly negative growth rate directly after switching to the high dosage treatment
is therefore the reason why the number of cells for quickly changing treatment regimes
is significantly smaller than for slowly changing treatment cases.

5.3.4. Population growth

0.15 1 .‘.QQ..W Figure 5.5: Overall growth rate for different
£ .. treatment cycle length and for two different
g 0.10 ..‘ growth rates of dormant cells ¢ = 0 and
o e = 0.1. High and low dosage phases are
g 0.05 - alternating with the given treatment cycle
> @® =01 length for in total 30 cycles. The overall
© e=0.0 growth rate is then calculated from a linear

0.00 *+

T T T T T fit to the log-plot. Other parameters as in
0.0 0.5 1.0 1.5 2.0 2.5

Figure 3 and 4.
Treatment cycle length

To systematically examine the effect of switching treatment cycles on the growth
rate of the population, we analyze the temporal dynamics of the population size for
varying treatment cycle durations and two different growth rates of D cells ¢ (Fig.
5). Unsurprisingly, a lower growth rate of D cells has a diminishing effect on the
overall growth of the cells. For increasing treatment cycle length cancer cells have
an increasing overall growth, while maintaining the same total high and low dosage
treatment durations. The overall growth rate approaches a maximum with increasing
treatment cycle length when the dynamics reaches equilibrium in each cycle.

Taken together, our mathematical model allows us to theoretically predict the fit-
ness and proportions of rapidly proliferating and dormant tumor cells under different
treatment conditions. Strengthening our theoretical assumptions we could exemplar-
ily show the effect of high and low chemotherapy doses on the cell numbers and the
proportion of a dormant cell phenotype in cultured GBM cells in vitro. Simulating
different therapy schedules, we observed that fast switching of low and high treatment
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doses yields a lower total tumor cell number at equal total drug dose in comparison
to low switching schedules.

5.4. Discussion

In this study, we established a mathematical model and analyzed the proportions of
two different cell phenotypes occurring in GBM, rapidly proliferating and dormant
cells. Corroborated by experimental data obtained from in vitro experiments with
cultured GBM cells, we observed that treatment strength influences the balance
between both phenotypes which in turn influences the growth of the whole tumor
population. Sequential switching of treatment strength may thus drastically influence
the proportion of dormant and rapidly proliferating cells, especially if switching to the
next condition takes place before the population dynamics reaches a steady state.

Dormancy in GBM has been shown by the existence of distinct fraction of temporar-
ily non-proliferative cells in murine models (Endaya et al. 2016), as well as by the
identification of clones which were able to generate indolent dormant tumors both
in subcutaneous and orthotropic intracranial sites (Satchi-Fainaro et al. 2012). Ad-
ditionally, dormancy seems to be characterized by specific features in GBM, such as
a non-angiogenic phenotype (Almog et al. 2009; Satchi-Fainaro et al. 2012; Naumov
et al. 2006), and is influenced by the (micro-)environment e.g. hypoxia (Hofstetter
et al. 2012) and coagulation (Magnus et al. 2013; Magnus et al. 2014b; Magnus et
al. 2014a). However, cellular dormancy in tumors is not only regarded as a state
to overcome times of adverse conditions but has also been assigned to DNA repair
mechanisms (Evans 2015). Interestingly, dormant GBM cells are hallmarked by the
upregulation of specific genes like angiomotin, ephrin type-A receptor 5 (EphAb),
insulin-like growth factor-binding protein 5 (IGFBP5), and histone cluster 1 (H2BK)
(Almog et al. 2009; Adamski et al. 2017a). We used the latter as a marker to detect
dormant cells in our in vitro experiments and show that the proportion of dormant
cells increases with increasing chemotherapy concentrations.

As the fitness in the competition for space and resources depends on the proportions
of phenotypically different cell subpopulations, we used evolutionary game theory
as a framework for our mathematical model. Previous studies discussed game theo-
retic interactions with more phenotypes for many different types of cancer, including
glioma (Basanta et al. 2008), prostate cancer (Basanta et al. 2012), and multiple
myeloma (Dingli et al. 2009; Pacheco et al. 2014) or general tumors (Kaznatcheev
et al. 2017). Also, evolutionary game theory is often used in spatially structured pop-
ulations to answer questions about the effect of environmental constraints on tumor
composition and invasiveness of cancer cells (Kaznatcheev et al. 2015; Gerlee and
Anderson 2007; Anderson et al. 2009). However, including spatial structure in order
to increase the realism of the model leads to a large number of additional assumptions
and potential pitfalls (Zukewich et al. 2013; Hindersin and Traulsen 2015). Other
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modeling approaches for dormancy in cancer focus on the interaction between the
immune system and the tumor (Wilkie and Hahnfeldt 2013; Hahnfeldt et al. 2003;
Page and Uhr 2005), the effect of angiogenesis (Kareva 2016), or spatial competition
between cells (Enderling et al. 2009). However, these approaches do not explicitly
model the conversion between phenotypes and its consequences under therapy with
varying strength.

Thus, we decided to simplify our model on several levels: (i) We do not take spatial
structure into account. (ii) We abstract from the interaction with the immune system.
(iii) We concentrate on two tumor cell phenotypes — rapidly proliferating and dormant
cells — although other cell phenotypes, such as fast migrating cells, cells mimicking
vasculature, (cancer) stem cells and invading immune cells (e.g. Adamski et al. 2017b;
Hattermann et al. 2016; Held-Feindt et al. 2010), also contribute to the whole tumor
mass. (iv) We focus on the fitness of the respective phenotypes rather than the
potentially underlying reasons for phenotypical changes (e.g. genetic or epigenetic
changes).

An important aspect of our model is the conversion between the different cell pheno-
types. Recent studies suggest that dormant cells may originate from “normal” tumor
cells by currently intensively investigated mechanisms (e.g. Hoppe-Seyler et al. 2017,
Sosa et al. 2015; Ranganathan et al. 2006). As a fundamental criterion for tumor
dormancy, dormant cells need to be able to reawake and start growing again, so
that they then phenotypically resemble the rapidly growing cell phenotype. Thus,
we introduced a conversion factor o into our model capturing these phenotypical
transformation processes. Whether such conversions occur spontaneously or can be
induced specifically or randomly by extrinsic or intrinsic mechanisms is poorly un-
derstood. We thus assumed a spontaneous event which can be modeled by a constant
rate.

Using our theoretical approach we showed that dependent on the applied treatment
strength an equilibrium balance between rapidly proliferating cells and dormant cells
is eventually reached. At this fixed point and with low dosage or no treatment,
mostly rapidly proliferating cells dominate the population, similar to the findings of
Basanta and colleagues (Basanta et al. 2008). At stronger treatment, the fraction of
dormant cells becomes successively larger, yielding a lower growth rate of the whole
tumor. However, high dosage treatment cannot be applied for longer time periods,
as it causes severe side effects (for GBM: Niewald et al. 2011). Hence, we focused on
alternative treatment schedules.

Several previous models discuss the effect different treatment schedules on various
aspects of the cancer growth like angiogenesis (Hahnfeldt et al. 2003; Schéttler et al.
2016) or evolution of resistance (Dhawan et al. 2017). Here, either the dosage and
timing or the type of the chemotherapeutic drug is varied, which can have a massive
effect on the growth of the tumor. Accordingly, we combine sequential cycles of low
and high dose treatment with different durations. Thereby, we observed that the
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total growth of the tumor is considerably lower for fast switching compared to a slow
switching scheme.

5.4.1. Conclusion

In this study, we have developed a theoretical model to predict the tumor growth
kinetics under different treatment strengths including a dormant cell phenotype and
underlined our theoretical approach with experimental data. Using our model which
allows for phenotypic conversion, we could simulate how different tumor cell phe-
notypes proportionally contribute to the growing tumor mass in cycling treatment
schedules. Additionally, we could observe that switching between high and low dosage
treatment (with equal total treatment amounts) remarkably affects tumor growth in
a frequency dependent way.

Thus, the dynamic proportions between cell phenotypes should be taken into account
in the optimization of treatment schedules in order to control tumor growth.

List of abbreviations

DMSO, dimethyl sulfoxide; FCS, fetal calf serum; GBM, glioblastoma multiforme;
SD: standard deviation; TMZ, temozolomide; D, dormant cells; P, rapidly prolifer-
ating cells
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6. Conclusion

6.1. Conclusion & Discussion

In this work I have discussed four different models in the context of somatic evolution
on different scales. Both basic ingredients of any evolutionary process were involved
— variation and selection — and each model put the spotlight on different aspects
of somatic evolution:

1. The fitness effect of synonymous mutations on the molecular level

2. The impact of tissue structure on mutational load of cells via replicative ageing
3. A malignancy caused by a somatic mutation in a hierarchical tissue structure
4. The impact of treatment fluctuations on tumor growth

On the molecular level of somatic evolution, the mechanisms for storing and process-
ing genetic information are the source for genetic variation and fitness differences
in cells. Previous models of RNA translation do not provide an explanation for
many recent experimental findings, including the strong dependency of observables
of translation on the length of the translated gene as for example ribosome density and
protein yield. Chapter 2 has shown a possible mechanistic explanation for these ob-
servations: When taking ribosome reinitiation into account, the time to steady state
is significantly longer than previously thought and the longest part of the translation
process occurs before a steady state is reached. This provides a possible explana-
tion for the connection between speed of translation and protein yield, which has a
fitness effect on the cells. This in turn could be a possible cause for the evolution
of "optimal” (faster) synonymous codons in shorter transcripts compared to longer
transcripts (Comeron et al. 1999). However, also other mechanisms like changes in
RNA structure (Goodman et al. 2013) or changes in protein folding (Zhou et al.
2013) could potentially lead to a fitness effect of synonymous mutations.

Interestingly, the fitness effect of synonymous mutations might also play an essential
role in the context of somatic evolution and cancer (Supek et al. 2014) and changes
in the quantity of protein produced can have drastic consequences on cellular re-
action networks (Bagowski and Ferrell 2001; Veening et al. 2008). Besides, it also
implies potential complications for one of the commonly used measures to infer the
strength of selection dN/dS, dividing the number of non-synonymous by the number
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of supposedly neutral synonymous mutations (Yang and Bielawski 2000). For exam-
ple, dN/dS is also used to determine the strength of selection in cancer mutations
(Martincorena et al. 2017), which can have important therapeutic consequences for
targeted treatment (Sawyers 2004). However, due to the fitness effect of synonymous
mutations — predicted by the model of RNA translation presented in this work, but
also shown in other studies (overview in Plotkin and Kudla 2011) — it might be
necessary to further refine dN/dS (Zhou et al. 2010).

Moving away from the intracellular towards the intercellular level of somatic evo-
lution, tissue in multicellular organisms is often structured. In most cases, this
structure consists of stem cells, which stay within the organism for its lifetime, and
differentiated cells, which constitute the bulk of the somatic cells and fulfill the tissue
function (Tumbar et al. 2004; Blanpain and Fuchs 2009; Busch et al. 2015). Often,
there are multiple intermediate steps from stem cells to mature functional cells which
strongly amplify the rate of cells that are produced within the tissue (Dingli et al.
2007). This tissue structure has strong implications for both variation and selection
in somatic cells.

In hierarchical tissue structures the long lasting stem cells usually divide far less often
than differentiated functional cells and therefore have a smaller replicative age and
a smaller risk for the accumulation of mutations. In chapter 3 I have shown how the
replicative age distribution of stem cells changes through several rounds of differen-
tiation which is strongly connected to the somatic variation in cells of the specific
tissues. For strong self-renewal in the progenitor compartments, this variation will
become much broader than in the stem cells. This in turn allows to infer parameters
of the differentiation structure from measurements of replicative age in the differ-
entiated tissue, for example via telomere length (Werner et al. 2015). Furthermore,
control of replicative age within the tissue is important as a cancer prevention mech-
anism (Rodriguez-Brenes et al. 2013), as in most tissues the maximum number of
cell divisions is limited (Hayflick 1965).

However, tissue structure not only has an effect on somatic variation as shown above,
but also on selection (Nowak et al. 2003; Lieberman et al. 2005; Allen et al. 2017).
Using the example of chronic myeloid leukemia (CML), in chapter 4 I presented a
mutation which is neutral on the stem cell level, but is under strong positive selection
within the differentiated tissue. This leads to significant expansion of cell number of
the mutated cells (Werner et al. 2011) which finally leads to diagnosis of the disease.
In the case of CML, a targeted treatment exists which basically reverses the selection
effect of mutated cells (Dingli et al. 2008). However, in the model presented here, the
long-term treatment success critically depends on the neutral evolutionary dynamics
— or drift — on the stem cell level, which might be much slower than previously
thought (Lenaerts et al. 2010).

If, as can be hypothesized from the above observation, stem cells divide mainly
asymmetrically and existing stem cells rarely get replaced by others (Werner and
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Sottoriva 2018), the time for successful fixation in the stem cell pool might be sig-
nificantly prolonged such that the effect of somatic selection is reduced. However,
since some cancer mutations initially might have deleterious fitness effects without
the presence of other driver mutations (Bauer et al. 2014), it is generally not clear
in which situations tissues should ideally suppress or amplify selection to reduce the
risk for cancer (Michor et al. 2003b; Hindersin et al. 2016).

Since cancers arise from normal somatic tissue, their structure often also resembles
a similar organization structure with slowly cycling cancer stem cells while the bulk
tumor mass consists of "differentiated” tumor cells (Perez-Losada and Balmain 2003).
However, often also other phenotypes are described in cancer like dormancy, which
is potentially related to cancer stem cells (Adamski et al. 2017a; Li and Bhatia
2011). Dormant cells divide only rarely or not at all and therefore suffer a huge
fitness disadvantage against rapidly proliferating cancer cells under normal growth
conditions. However, by applying treatment, the environmental conditions for the
cancer are drastically changed and accordingly the fitness effect is basically reversed
(chapter 5). Since chemotherapeutic drugs mostly kill dividing cells, dormant cells
are essentially immune or at least much less affected by the treatment than rapidly
growing cells. By periodically cycling the treatment this competition between the
phenotypes could be used to at least slow down the overall growth of the tumour.

Overall, this work shows that very different modelling approaches are necessary
depending on the aspect of somatic evolution under consideration. In some cases
stochasticity is central, as in this work for the totally asymmetric simple exclusion
process to model RNA translation (chapter 2) or the extinction of the leukemic stem
cell for the relapse of CML (chapter 4). In other cases the populations sizes are large,
such that descriptions with ordinary differential equations are sufficient, as for the
distribution of replicative age in downstream compartments or glioblastoma growth
in fluctuating environments (chapters 3 and 5). Often observing a system at a fixed
point by stability analysis (Strogatz 2014) or at a stationary state (Chou et al. 2011)
can be sufficient to capture important features of the system; in some cases, though,
the convenience of these stationary approaches can prevent new insights, as here
specifically shown in the case of RNA translation.

The objective of the presented models is to be descriptive rather than predictive, that
is they show possible underlying mechanisms in observable experimental results. Re-
markably, even these rather abstract models provided specific predictions that could
in principle be verified by experiments or are consistent with existing experimental
observations.
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6.2. Outlook

The future implications of the presented work can be divided into two categories:
On the one hand gaining new insights by combining models with potentially new
experimental techniques, and on the other hand application of evolutionary theory
to help solving real-world problems. In the future further advances in experimental
techniques and measurements are to be expected that might allow a more detailed
look on some of the processes presented in this work.

In the field of RNA translation research the past 10 years have seen an incredible
advancement of measurement techniques such as ribosome profiling (Ingolia et al.
2009) or even real time imaging of nascent proteins of RNA translation (Morisaki
et al. 2016; Wu et al. 2016), which for example allows insights into initiation, elonga-
tion and location of translation in living cells. However, as demonstrated in chapter
2, models are still necessary to understand and interpret findings of these new exper-
imental techniques.

A promising and relatively new technique to explore the structure of the hematopoi-
etic system is the genetic tagging of cells - barcoding - which can be used to track
clones throughout time and is already used extensively in this context (Blundell and
Levy 2014; Levy et al. 2015; Bhang et al. 2015; Blundell et al. 2017). Results from
these experiments help to further refine structured tissue models and to measure
parameters such as division rates of hematopoietic stem cells which are otherwise
difficult to obtain in vivo (Busch et al. 2015). However, experimental results are not
straightforward to interpret, such as in the example of replicative age distributions
presented in this work. Hence, knowledge frequently advances at the interplay of
new experimental results along with ideas about the underlying mechanisms — the
models.

Especially interesting for inferring the replicative age of cells is the measurement of
telomere length, which is technically challenging due to the repetitive structure of
telomeric DNA (Nussey et al. 2014). However, even though there is a general corre-
lation between telomere length and replicative age, the exact connection is influenced
by various other factors. New measurements (Zong et al. 2014) in conjunction with
useful models (Rodriguez-Brenes and Peskin 2010) might therefore help to obtain
more precise distributions of replicative age of cells. Eventually this information
could be used to infer dynamical parameters of tissue structure within multicellular
organismes.

Intriguingly, insights from studying processes of evolution can be and are currently
applied in the treatment of diseases. This includes prevention of resistance in infec-
tious diseases like bacterial or viral infections (Rosenbloom et al. 2012), or preventing
the spread of infectious diseases within a population (Leventhal et al. 2012; Leven-
thal et al. 2015). In many cases it is desirable to manipulate evolutionary paths in
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these complex fitness landscapes such that the impact of a specific pathogen will stay
manageable in the long run (Nichol et al. 2015).

Furthermore, also for cancer treatment in humans it can be vital to understand so-
matic evolution: The initial treatment for cancer is generally successful, such that
the size of the primary tumor gets significantly reduced. However, after the initial
treatment there often is relapse with a resistant clone, which can severely limit the
subsequent treatment options (Hanahan and Weinberg 2011). Most often the onset
of metastasis, that is the dispersal of cancer cells and recolonization at distant sites
throughout the body, is lethal for the organism (Chaffer and Weinberg 2011). In
fact, both emergence of resistance and dispersal to distant locations are evolutionary
processes and mathematical models can support their understanding (Iwasa et al.
2006; Yamamoto et al. 2015; Bozic and Nowak 2017). Broadening the quantitative
knowledge of somatic evolution in the diverse tissue structures within humans can
therefore potentially help to inform treatment decisions (Gatenby et al. 2011). Ac-
cordingly, evolutionary informed treatment approaches for cancer are already applied
in clinical trials and yield promising results (Zhang et al. 2017).

Overall, this work has shown that insights into processes of somatic evolution can be
gained by combining mathematical modeling with new experimental observations. As
the cooperation between the experimental and theoretical biologists becomes more
common and experimental techniques become more refined, I expect many more
interesting insights in the area of somatic evolution in the near future.
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