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Preface
The origin of life—or how non-life can become life—is a fundamental question
in science. The question immediately calls forth another question, What do
we mean by life? Without answering this, we are unable to answer the first.
So, what is life? The question, however, might well be ill-defined and, thus,
might not have a definite answer. Nevertheless, let me consider one possiblity: Life is an information-processing system or, in other words, symbol
system (but not vice versa). For instance, the translation of an mRNA has
symbolic nature, in that a codon is associated with an amino acid, not because there is a direct physico-chemical affinity between them, but because
tRNAs and aminoacyl-tRNA synthetases mediate the association between
them. Another example is found in the relationship between heat given to
an organism and heat shock protein produced in response to it, which can be
contrasted with the relationship between heat given to a gas and the increase
of its volume. In fact, life is full of such examples: Information processing
is manifest in adaptability, excitability, regulation, signal transduction and
so forth. These processes are, we may say, the hallmark of biological processes. This answer to “What is life?” is worth considering, not because it is
the correct answer to the question, but because it renders the first question
interesting and concrete: the origin of an information-processing system.
The best substrate in which we can consider the origin of information
processing is RNA-like replicator systems. The “RNA world hypothesis”
suggests that, before the origin of DNAs and proteins, RNAs played the
central role both for information storage and for catalytic function in primordial life. In its conceptually simplest form, an RNA world consists of RNAs
that can catalyze the replication of their own copies. Such RNAs, or RNAlike replicators, can undergo Darwinian evolution in a self-sustained manner.
However, the system of RNA-like replicators, conceived in the simplest form,
does not possess such information processing capability. Therefore, we can
pose a question: Can a simple RNA-like replicator system acquire information processing through Darwinian evolution?
The purpose of this book is to report my past studies on RNA-like replicator systems which lead up to the above question. In this sense, the “end”
of this book is where this question begins.
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Chapter

Overview
1.1

Introduction

This thesis is centered around one general question: How can a system of
simple RNA-like replicators increase its complexity through Darwinian evolution? Our motivation is two fold: The question is crucial to the RNA world
hypothesis as will be explained in the next section. Moreover, the simplicity of RNA-like replicator systems makes it easier to investigate Darwinian
evolution as a process operating at multiple levels of organization such as
genotype, phenotype and interactions between individuals (the last includes
which individual interacts with which and when). The thesis approaches the
above question from the view point of bioinformatics, i.e. the study of informational processes in biotic systems.1 From this point of view, the thesis
discusses and compares a variety of mathematical or computational models of
RNA-like replicators. Emphasis will be placed on the use of models as a tool
to discover the unforeseen rather than that to confirm the preconceptions.
This thesis consists of two parts. The first part, this chapter, introduces
the above question, gives an overview of the past studies including those of
the author’s, discusses the general insight obtained from them and ends with
a future question. Its purpose is to explain the essence. The second part,
from Chapter 2 to 7, reports the author’s studies in detail. It consists of a
reprint of articles published elsewhere with a few corrections.
A few words are added on the style of Chapter 1. The word “we” is
henceforth used to invite readers to “our” discussion. Secondly, it is avoided,
where possible, to use an explicit reference style; instead, an implicit reference
style is preferred, such as “let us next consider x (X 20xx)”, in order to
keep the flow of our discussion and to focus on the contents of the studies.
1
“Bioinformatics: the science of information and information flow in biological systems,
esp. of the use of computational methods in genetics and genomics.”, quoted from Oxford
English Dictionary (a draft entry, 2002).

1
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Thirdly, when it comes to mathematical models, a more or less self-contained
explanation is given. However, when it comes to simulation models, it is
difficult to give a self-contained explanation for two reasons: The explanation
of the model implementation would make the chapter too long; moreover, the
details of the implementation distract our attention from the essence. Thus,
the explanations of models are kept sketchy, and appropriate references are
given for the details.
1.1.1

RNA World Hypothesis

The biotic system is amusingly diverse at a glance, beautifully sophisticated
on inspection and staggeringly complex on reflection. Yet, in thinking about
the origin of life, we can ask, What would be the simplest system we can
conceive if we simplify the current living system as much as possible? The
question is motivated by an attempt to retrace the evolutionary history of
life. Hence, the conjugate question is: How can that simplest system evolve
to a system as complex as the current life?
A natural unit of biological systems is the cell (ignoring viruses for a moment). Very roughly speaking, a half of an E. coli cell dry mass is proteins;
a quarter RNAs; a half of a quarter phospholipid; and a quarter of a quarter
DNAs (Phillips et al. 2009, p. 35). Proteins catalyze various chemical reactions essential to the cell, including the synthesis of lipids, DNAs and RNAs.
Proteins are synthesized from the translation of mRNAs, which are, in turn,
synthesized from the the transcription of DNAs, which are always replicated
from already existing DNAs as template. In other words, information always
flows from DNAs to proteins (to be precise, from nucleic acids to proteins):
the central dogma of molecular biology (Crick 1958). Therefore, it appears
that proteins and DNAs are the essential components of life. However, a
great surprise came from the investigation of ribosomes. It turns out that it
is the rRNAs, rather than the ribosomal proteins, that catalyze the synthesis
of proteins (i.e. the polymerization of amino acids); what is more, it is the
rRNAs that discriminate the correct codon-anticodon pairs from the incorrect ones; moreover, it is the rRNAs that prevent the premature hydrolysis
of peptidyl-tRNAs. Therefore, the ribosome is actually a ribozyme (Moore
and Steiz 2005, for review). Let us note two points in this: Firstly, even
though it is well conceivable that proteins can catalyze the translation of
mRNAs and the synthesis of proteins, this happens to be not the case. We
may call this historical contingency. Secondly, a ribosome illustrates that
not only proteins, but also RNAs have a catalytic activity. We may call this
(weak) functional equivalence. In fact, in vitro evolution experiments have
shown that RNAs can catalyze variety of chemical reactions relevant in biological processes such as RNA replication, nucleotide synthesis, thymidylate
synthesis, lipid synthesis and sugar metabolism (Robertson and Joyce 1990,
for pioneering work; Chen et al. 2007; Ellington et al. 2009, for reviews).
2
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Interestingly, a similar story holds for the relationship between RNAs
and DNAs. From a chemical point of view, RNAs and DNAs are very similar to each other. Firstly, although RNAs are the only templates on which
protein translation occurs in the cell, a DNA can be directly translated under certain conditions (McCarthy and Holland 1965). Secondly, although
DNAs are the major carrier of genetic information in cellular life, there are
many viruses that actually use RNAs as their genome. Hence, RNAs can
also carry genetic information. We add a few points on this: The absence
of 2’-hydroxyl makes DNAs more stable than RNAs (i.e. resistant against
hydrolysis) whereas it makes DNAs more difficult to replicate than RNAs
(i.e. to polymerize in a template-directed way) (Joyce 2002). Thus, there
are pros and cons in DNAs and RNAs for information storage. By the
way, although the proof-reading mechanism of error correction has sometimes been ascribed to the unique property of DNA replication (e.g. Lazcano
et al. 1988), the proof-reading can actually occur for the synthesis of mRNAs
too (Poole and Logan 2005; Zenkin et al. 2006). Thirdly, both DNAs and
RNAs can perform chemical catalysis. In vitro evolution experiments have
demonstrated that DNAs can also catalyze several chemical reactions, which
include RNA ligation/cleavage and DNA ligation (Breaker and Joyce 1994,
for pioneering work; Silverman 2008b, for a review). Although the range
of reactions catalyzed by “deoxyribozymes” is currently limited compared
to that of ribozymes [the tables in Silverman (2008b) list 23 (44) entries of
reactions catalyzed by deoxyribozymes (ribozymes)], there has not been a
clear experimental evidence indicating that DNAs are less competent than
RNAs at providing chemical catalysis (Silverman 2008a). Hence, we observe
functional equivalence between RNAs and DNAs.
However, from a biological point of view, RNA and DNA are very distinct from each other. In contrast to DNAs, of which function is essentially
the storage of information, RNAs are surprisingly ubiquitous in many other
processes besides protein translation. Numerous cofactors, such as ATP,
NAD and FAD, contain ribonucleotides (White 1976). Moreover, the building blocks of DNAs are always produced from the reduction of that of RNAs.
Finally, a variety of RNAs have been discovered that function for gene regulation, metabolite sensor and defense against viruses (Waters and Storz 2009).
Hence, we observe contingent distinction between RNAs and DNAs.
Based on these facts, we can conceive two notions. Firstly, given the
(weak) functional equivalence, we can conceive a far simpler form of “living”
systems based solely on RNAs both for information storage and for chemical
catalysis. Secondly, given the contingent distinction, we can conceive that the
ancestor of current life was once based entirely on RNAs and that DNAs and
proteins are the “late comers” that evolved as division of labor and functional
specialization. Truly remarkable notions they are, given the essentiality of
proteins and DNAs in the current life.
Hence conceived is the so-called RNA world hypothesis coined by Gilbert
3
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(1986) (see Gesteland et al. 2005, for a more extensive and historical review).
In its conceptually simplest form, an RNA world consists of RNAs that can
replicate themselves (Pace and Marsh 1985; Sharp 1985; Cech 1986). Then,
the question is, How can a system of RNA replicators evolve into life as we
know it? Or, in a more manageable manner, How can a system of simple
RNA-like replicators increase its complexity through Darwinian evolution?
This is the central question of this thesis.
To tackle this question we construct a multitude of mathematical or computational models of RNA-like replicator systems. In order to make explicit
the search image of knowledge we seek to obtain from this, let us first mention
two facts. Firstly, it is far from established fact that RNA replicators were
indeed the ancestor of life on Earth. Nor is it likely to be proved in the near
future. Secondly, the types of replicators considered in our studies do not
exist in reality although it might be a matter of time before they are synthesized in the laboratory (see the next section). Our aim is thus neither at the
reconstruction of the actual history nor at the construction of a model that
mimics a particular RNA replicator system in reality. Rather, our aim is at
discovering what we can and cannot expect from the evolution of an RNA-like
replicator system as conceived in the simplest form and, from this, revealing
what we should or should not conceive as an RNA-like replicator system if
it is to display the evolution of complexity. Therewith, we seek to obtain
general insights into the origin of biological complexity. For this sake, it is
important to construct models without explicitly aiming at the production
or reproduction of certain preconceived outputs (Hogeweg and Hesper 1989).
Instead, the behavior of models are to be discovered (Hogeweg and Hesper
1986; Toffoli and Margolus 1987, p. 142, to quote: “We want models that
talk back to us, models that have a mind of their own”). We then compare
different models for the induction of general principles and the determination
of causal relations.
Besides the above question, we must mention another question that is
equally important: Can such RNAs actually exist (on primordial Earth)?
Many scientists are striving to answer this question through laboratory experiments. Admittedly, however, the experimental work and the theoretical
work, which is our main focus, have been following a rather independent line
of development due to this very difference in the question.2 Yet, the two
questions are obviously related, and much of the theory is motivated by the
experiments in one way or another. For these reasons, we will briefly mention
a few relevant topics from experimental studies in the next section.

2
For example, Orgel (2004) once wrote, “It may be claimed, without too much exaggeration, that the problem of the origin of life is the problem of the origin of the RNA
World, and that everything that followed is in the domain of natural selection”.
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1.1.2

Wet Experiments on the RNA World3

The synthesis of ribonucleotide under prebiotic conditions is an active focus of
experimental studies. Powner et al. (2009) demonstrated the high-yield synthesis of pyrimidine ribonucleotides under prebiotically plausible conditions,
which has been considered the most difficult problem of prebiotic chemistry
(Orgel 2004, for review; see also Szostak 2009, for a commentary). Traditionally, it has been assumed that ribonucleotide is synthesized in two steps:
ribose and nucleobase are first synthesized separately, which was known to
occur under prebiotically plausible conditions; then, they are combined into
ribonucleotide, which, however, turned out either inefficient (for purines) or
impossible (for pyrimidines). Powner et al. (2009), however, demonstrated
an alternative pathway that bypasses the free form production of ribose and
pyrimidine. In this pathway, an intermediate product later constitutes a part
of both ribose and nucleobase in the final product. Interestingly, current living systems actually synthesize pyrimidine ribonucleotides in the two steps:
Pyrimidine (orotate) and ribose are first synthesized separately; then, they
are combined into a pyrimidine nucleotide (orotidylate), which are later modified into UMP and then to CTP (Nelson and Cox 2004, pp. 867–868). Hence,
the important message is that the way the extent living system achieves a
certain functionality might not necessarily be the way the functionality was
originally achieved.
Besides the synthesis of ribonucleotides, their polymerization into RNA
under prebiotic conditions is also an important question in the origin of the
RNA world. Ferris et al. demonstrated that the surfaces of a certain mineral
commonly found on Earth could catalyze the polymerization of activated
nucleotides such as nucleoside 5’-phosphorimidazolides (ImpN) or nucleoside
5’-phosphoro-1-metyladenium (MeadpN) (Ferris et al. 1996; Huang and Ferris
2006). The mineral, which is called montmorillonite, consists of layers that
are stuck on top of each other. It appears that the monomers and oligomers
of nucleotides are adsorbed on the mineral surfaces through the insertion
between these layers (Joshi et al. 2009). However, how exactly the nucleotides
are organized on the surface is yet unknown (Ferris 2006). Additionally, it
is interesting to reflect on the fact that while MeadpN condensates much
faster than ImpN, both types of monomers condensate into oligomers of up
to about equal length (50-mers) (Joshi et al. 2009). This might imply an
inherent limitation to the size of the oligomers growing while adsorbed on
the mineral surfaces.
The artificial synthesis of a self-replicating RNA is another active focus
of experimental studies. Lincoln and Joyce (2009) synthesized a pair of
ribozymes that can catalyze the synthesis of each other in such a way that
they can multiply exponentially. Each of a ribozyme pair (E) is produced
3
This section can be omitted from reading without harming the understanding of the
rest of this chapter.
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from the ligation of two substrates (A and B), which is catalyzed by the other
ribozyme from the same pair (E0 ) or the cross-replication partner as they call
it. One side of reaction pathways can be written as follows: A + B + E0 →
E0 · AB → E0 · E → E0 + E, where the dot denotes assembly through WatsonCrick pairing. Different types of substrates (say Ai ) carry a different catalytic
core, so that the different pairs of ribozyme multiply with a different rate—
i.e. variation in fitness. Importantly, when the system is supplied with a
heterogeneous mixture of substrates, a recombinant ribozyme can be formed
through mismatches (for example, A5 is ligated to B3 instead of B5 ). Such
a recombinant can transmit its genetic information by producing the crossreplication partner (a ribozyme consisting of A03 and B05 in the preceding
example). Therefore, Darwinian evolution can operate on this system.4 In
principle, the number of possible genotypes can be increased by increasing
the number of ligation steps.
The artificial synthesis of an RNA that can catalyze the template-directed
replication of RNAs is another focus of the experimental studies. Johnston et al. (2001), using in vitro evolution technique, synthesized an RNAdependent RNA “ribopolymerase” that can act on a template/primer duplex
in trans. We note three interesting points in this ribopolymerase. Firstly,
the Watson-Crick fidelity of polymerization is positively correlated with the
speed of polymerization Zaher and Unrau (2007). This might be opposite to an intuition—one may as well imagine a trade-off between fast but
sloppy versus slow but accurate replication, which seems to exist in HIV
RdRP (Furió et al. 2007). However, the fact that the ribopolymerase requires primers implies that the addition of a new nucleotide requires a stable
base-pair at the growing 3’-terminal (cf. transcriptase). Of course, lower fidelity results in more frequent unstable base-pairs, which would cause the
halting or abortion of the extension.5 Secondly, the ribopolymerase was
able to recognize a template/primer duplex without forming specific basepairs with it, which allows the generality in the recognition of duplexes.
However, the most serious rate limiting step was also the recognition of the
primer/template duplex (Lawrence and Bartel 2003). Thirdly, it is often reported that systems under in vitro evolution are swamped by inactive RNAs,
often called “parasites”, that somehow efficiently obtained a “tag” used for
the selection procedure (Johnston et al. 2001; Lawrence and Bartel 2005).
Regarding these last two points, both problems can be circumvented by
introducing a spatial structure in the population of molecules. Firstly, the
co-localization of template/primer duplexes and ribozymes can facilitate the
4
Joyce (1995) once said, “Among biologists and biochemists a current working definition of ‘life’ is: ‘a self-sustained chemical system capable of undergoing darwinian evolution’.”
5
It is important to distinguish “effective fidelity” estimated from extension products
and “spontaneous fidelity” per base: A longer extension product tends to contain more
correct Watson-Crick pairs.

6

1.1. Introduction

association between them. This was demonstrated by Müller and Bartel
(2008) by using micelles. Secondly, the spatial segregation of a ribozyme
population can circumvent the problem of parasites by reducing the interactions between different RNAs, which can tighten the linkage between what is
to be selected and what is actually selected. To achieve this Zaher and Unrau
(2007) used in vitro compartmentalization technique (water-in-oil emulsion).
Their selection procedure used a DNA probe that hybridized to the target
RNA sequence (i.e. the tag) that was supposed to be synthesized through
the polymerization. Interestingly, however, some RNAs simply inserted a
target sequence into its genome,6 thereby being selected without performing any polymerization. This is one of many examples showing the power
of evolution. Zaher and Unrau (2007) circumvented this “problem” by using another selection probe (the incorporation of 4S UMP into the extension
product) which prevents such simple cheating. Despite the new probe, only
about 20% of RNAs in a population actually had polymerization activity.
However, it is noted that one compartment in their experiment contained 30
genomes on average, so that interactions between different genomes would
still have been quite frequent. Finally, we add that it would be interesting
to consider a similar experiment using the mineral surface.
The artificial synthesis of protocells is another active focus of the experimental studies. An important problems that must be solved is how to divide
a protocell without relying on any complex machinery such as cytoskeletons.
Zhu and Szostak (2009) discovered a novel pathway for the division of vesicles.
The important point of their experiment was that vesicles were large (40µm)
and multilamellar. The addition of a large amount of micelles to vesicle solution causes the protrusion of the outer layer of vesicle membranes through
surface growth, which eventually transformed spherical vesicles into stringlike vesicles. Then, when weak agitation was applied, thread-like vesicles
got divided into multiple smaller vesicles. This indicates that the division of
protocells is not necessarily binary.
From the various experiments mentioned above, we notice that there are
a range of attitudes towards the RNA world hypothesis. At one extreme,
an experiment attempts to reconstruct an RNA world under the (plausibly)
same conditions as that on primordial Earth. At another extreme, an experiment attempts to create an RNA world under not necessarily prebiotic
conditions. Clearly, either extreme has the interest of its own. It would
be interesting to reflect on this in the theoretical studies too (e.g. cf. Langton 1988). In the following, we shall consider models that are biologically
relevant, yet artificial for the sake of simplicity.
6
Ribozymes were synthesized by T7 transcriptase from the DNA “genomes” within
each compartment. The genomes were covalently attached to a primer. If the primer was
elongated, the genome could be selected by the DNA probe that has the same sequence
as the template for polymerization contained in compartments.
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1.2
1.2.1

Replicators without Interactions
Essence of Darwinian Evolution

Darwinian evolution stands on the two kinds of variations.
1. In a population, variation is generated among individuals in their heritable characters.
2. There is variation among individuals in the number of descendants.
From these, it follows that the character of a population changes (evolves)
over generations. In other words, evolution is accounted for by the conversion
of “spatial” variation in a population (i.e. variation among individuals) into
temporal variation of a population (Lewontin 1983).
This framework by itself does not determine any particular evolutionary
dynamics. Three points must be further considered: the nature of the variation of heritable characters; the nature of the variation of the number of
descendants; and the correlation between the two. If we are to construct any
model of evolutionary processes, all three points must be specified, explicitly
or implicitly. In the next section, we will examine the simplest conceivable
such specification in RNA-like replicator systems.
Additionally, we note that Darwinian evolution, as formulated above, is
not contradictory to what is sometimes considered non-Darwinian such as
neutral evolution, the inheritance of acquired characters and the evolution of
evolvability. Firstly, the variation in the number of descendants can be uncorrelated with the heritable characters under consideration, which gives rise to
neutral evolution (we will see the impact of neutral evolution on adaptation
in Section 1.3.1). Secondly, individuals can actively acquire heritable characters, thereby generating heritable variation among them, as exemplified by
the CRISPR system (Waters and Storz 2009, for review). Without Darwinian
evolution, it is difficult to conceive how such active information acquisition
can originate. Thirdly, it is conceivable that the correlation between the two
variations—variability, to be precise (Wagner and Altenberg 1996)—is itself
a heritable character (Waddington 1957), the variation of which can again be
a substrate for evolution (e.g. Huynen 1993; Crombach and Hogeweg 2008).
These points enrich, rather than contradict, the framework of Darwinian
evolution.
1.2.2

Quasi-species Equation

The simplest possible set-up for the Darwinian evolution is that in which the
two kinds of variations are identical; i.e., heritable variation is the number
of progeny. Adopting this set-up, we will construct the simplest model of an
RNA-like replicator system and consider its evolutionary dynamics. Contrary
8
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to intuition, we will see that evolution does not necessarily result in the
survival of the fittest genotype.
Having RNA in mind, we formulate the following model (Eigen 1971;
Eigen and Schuster 1979; Eigen et al. 1989, for review):
• Each replicator is represented by a bit sequence of length ν, which we
call “genotype”. All possible genotypes compose a genotype space.
• Replicators replicate at a rate constant Ai (≥ 0), which depends on the
replicator’s genotype (genotype-i). That is, we conceive a map from
genotype-i to “fitness” Ai .
• Replication correctly copies the sequence pattern with a probability
q per digit or flips the bit with a probability 1 − q (we assume that
neither insertion/deletion nor recombination happens). Hence, the replication of a replicator with genotype-i produces another replicator with
genotype-i with a probability q ν or produces a replicator with genotypejPwith a probability denoted by Qji . Naturally, Qii = q ν . By definition,
j Qji = 1.
• In order to use ordinary differential equations (ODE) as the model
formalism, we assume that the population size of replicators is infinite
and that the system is mixed infinitely fast. Hence, the state of the system is representable by continuous variables denoting the concentration
of replicators.
• Since the population growing to infinity is unnatural, we assume that
replicators “flow out” of the system at a rate φ so as to keep the total
concentration constant. This introduces the selection (see below).
From these assumptions, we can construct the following ODE:
X
Aj Qij xj − φxi ,
ẋi = Ai Qii xi +

(1.1)

j6=i

where xi is the concentration of replicators with genotype-i; and the dot
denotes the time derivative. Eq. 1.1 describes the population dynamics of
replicators under mutation and selection. The first term on the r.h.s. represents the multiplication with exact replication. The second term represents
mutation fluxes. The third term represents the outflow.
P To specify φ, we
sumPup Eq. 1.1 over i and, by using Qji =P
1, obtain ċ = i Ai xi − φc where
c = i xi . Based on this, we assume φ = i Ai xi /c (i.e. the population average of Ai ), whereby we control the system such that c is kept constant.7
Eq. 1.1 is known as quasi-species equation (Eigen et al. 1989).
7
We
P can introduce a variable ξi =Pxi /c denoting the fraction. From Eq. 1.1, we obtain
ξ˙i = j Aj Qij ξj − φ0 ξi where φ0 = i Ai ξi . Hence, the dynamics of the fractions are
independent of c and, in fact, become identical to Eq. 1.1 if we set c = 1. Therefore, xi and
ξi hardly differ from each other (but see also Footnote 8).
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Additionally, we note that if q = 1/2, replication is completely random.
If q = 0, we can interpret Eq. 1.1 as describing the replicators with perfect
complementary replication. However, we will only consider the case q ≥ 1/2
in the following. Moreover, we add that the decay of replicators is ignored in
Eq. 1.1 since this does not cause a qualitative change in the arguments that
follow.8
Having constructed the model, we now want to know the outcome of
evolution, i.e. the equilibrium behavior of Eq. 1.1. Let us begin with the
simplest case. If q = 1, we have
ẋi = (Ai − φ)xi .

(1.2)

Thus, the genotypes that have a greater multiplication rate than the population average (φ) will increase their concentration, whereas those that do not
will decrease their concentration. This results in the increase of φ until the
population eventually consists entirely of those genotypes whose Ai is the
greatest. Hence, we have the survival of the fittest.
We next consider the case q < 1. Eq. 1.1 can be written in a matrix form:
~x˙ = AQ~x − φ~x,

(1.3)

where A is a matrix whose diagonal elements are Ai and whose off-diagonal
elements are 0; and Q is a matrix whose element is Qij . This notation
suggests the diagonalization of AQ. Thus, we consider the transformation
of variables with ~x = B~y where B is a matrix whose rows are eigenvectors of
AQ, which is denoted by ~vi . With this transformation, Eq. 1.3 becomes
ẏi = (λi − φ)yi ,

(1.4)

where
λi is an eigenvalue
of
P
P
P AQ. Moreover, we can also transform φ =
x is decomi Ai xi /c into φ =
i λi y i /
i yi . Eq. 1.4 is identical to Eq. 1.2—~
posed into independent distributions ~vi . Hence, the following interpretation
is suggested: Eq. 1.4 describes the competition between various stable distributions of xi (~
vi ) whose “concentration” is yi , and whose “replication rate”
P
is λi ; and φ = i λi yi is the average replication rate. Therefore, ~vi whose λi
is greater than the average will increase its concentration, which results in
the increase of φ until the “fittest” ~vi dominates the entire population. This
result accords with intuition: The normalization term −φ~x in Eq. 1.3 does
not modify the direction of ~x (−φ~x k ~x); therefore, the final state must be
the normalized dominant eigenvector of AQ.
8
To include decay, we subtract a term Di xi from the r.h.s. of Eq. 1.1. We then assume
P
φ = i (Ai − Di )xi /c, which enables us to follow almost the same arguments as in the
main text. However, we add that this can potentially make it unreasonable to assume
that c is kept at a positive value since φ < 0 is now possible. At any rate, the existence
of a surviving replicator system is the precondition for the arguments made in the main
text.
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Since AQ is non-negative and primitive,9 the so-called Perron-Frobenius
theorem is applicable (Schuster and Stadler 2008). The theorem states that
(1) there is unique ~vM whose λM is real and satisfies λM > |λi | for all i 6= M and
that (2) the elements of ~vM are all positive (Hofbauer and Sigmund 1988; see
Rumschitzki 1987, for more specialized results). From this, we can say that
evolution shapes a population into a unique distribution of various genotypes.
However, the theorem also states that (3) ~vM is the only eigenvector whose
elements are all positive. This renders the biological meaning of ~vi other than
~vM less concrete (see van Nimwegen 1999, for how this is resolved by the
finiteness of a population). Eigen et al. (1989) defined ~vM as quasi-species,
and referred to it as the target of evolution.
Let us consider the following artificial, yet illuminating example of a
genotype-fitness map (Schuster and Swetina 1988): There is a unique genotype having the greatest Ai . The genotype differing from the fittest one
by the maximum Hamming distance (which is ν) has the second greatest
Ai . The one-step mutants of the second genotype—i.e. those differing from
it by the Hamming distance of 1—have the third greatest Ai . Finally, the
other genotypes have the smallest Ai . Note that the exact bit pattern of
the fittest genotype does not matter here. For a pseudo-visual aid, it is
illustrative to conceive a “fitness landscape” in which there are two peaks
in the “corners” of the genotype space and a valley between the two peaks
(Wright 1932). Given such a fitness landscape, it is convenient to consider a
genotype class, denoted by Gd , consisting of the genotypes whose Hamming
distance P
is d from the fittest genotype. Let zd denotes the concentration of
Gd : zd = i∈Gd xi . We can then transform Eq. 1.1 into
żd = Ai∈Gd Mdd zd +

X

Ai∈Ge Mde ze − φzd ,

(1.5)

e6=d

P
which is identical to the original equation except that Mde = i,j Qij where
i ∈ Gd and j ∈ Ge . Fig. 1.1 shows the equilibrium value of zd and xd as a
function of the mutation rate (1 − q). Interestingly, if the mutation rate
exceeds some critical value (1 − q ≈ 0.036), the dominant genotype becomes
the second fittest one, and the concentration of the fittest genotype becomes
nearly 0. Hence, “the survival of the fittest” is not always the case. Which
genotype evolves depends not only on the fitness of a single genotype, but
also on the fitness of its close mutants and the mutation rate. (The other
transition at a greater mutation rate will be discussed in the next section.)
The above example indicates that merely considering the fitness of individuals is insufficient to determine the result of evolution. However, since
the concept “the survival of the fittest” is useful, let us try to reformulate
9
A matrix M is said primitive when there is a k > 0 for which all elements of Mk is
positive (Hofbauer and Sigmund 1988). For AQ, this means all genotypes can be generated
through (successive) mutations.

11

1. Overview

Figure 1.1: Survival of a non-fittest. A: The equilibrium concentration of genotype
classes is plotted against the mutation rate. Notations are as follows: the fittest
genotype class z0 (thick broken line); the second fittest zν (thick solid line); the third
fittest zν−1 (solid line); the others (dotted lines). Parameters are as follows: ν = 50;
Ai∈G0 = 10; Ai∈Gν = 9.9; Ai∈Gν−1 = 2; Ai∈Gd = 1 where 0 < d < ν − 1. The results
were obtained by numerically calculating the dominant eigenvector of matrix (Bij )
where Bij = Ak∈Gj Mij . The total concentration is scaled to 1 (Footnote 7), which
is henceforth the case unless otherwise stated. B: The equilibrium concentration of
genotypes is plotted against the mutation rate. xi is obtained from the relationship
xi∈Gd = zd / dν .

it as follows. Evolution operates not among the genotypes of an individual,
but among local subspaces of the genotype space (i.e., genotype neighborhoods).10 The result of evolution is determined by the fitness of a genotype
neighborhood, i.e. the weighted average of the fitness of the genotypes in a
relevant local genotype subspace. The size of a genotype neighborhood—i.e.
the width of the distribution of the weights in the genotype space—increases
as the mutation rate increases. Stated differently, given a certain genotypefitness map, evolution “detects”, not only the fitness of an individual, but
also which genotype (i.e. “code”) is used to achieve the fitness (Hogeweg
2002). This notion is exemplified by many studies of simple self-replicators
(Huynen et al. 1993; Huynen and Hogeweg 1994; van Nimwegen et al. 1999a;
Wilke 2001). Moreover, it is a recurring theme in extremely diverse kinds of
evolutionary models (Hogeweg and Hesper 1992; Hogeweg 2000; Wilke et al.
2001; Knibbe et al. 2007; Chapter 7, to name a few). We will encounter some
of these examples in the later sections.

10
We chose the word “evolution” rather than “selection” because it implies mutation,
which is essential for the phenomenon in question.
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1.2.3

Information-Threshold

In this section, we will see that the amount of information that can be maintained by evolution in a simple replicator system is severely limited due to
erroneous replication.
Let us consider the following fitness landscape in Eq. 1.1: genotype-0 has
the highest fitness A0 , and all other genotypes have an identical fitness Am
(< A0 ) (Eigen 1971). This type of fitness landscapes is known as “sharply
peaked fitness landscape”. We can again categorize genotypes in classes: the
fittest genotype G0 and all the rest G̃m = {Gi |i > 0} (the mutant class).
There is only 1 genotype in G0 whereas there are 2ν − 1 genotypes in G̃m .
Hence, mutations happening to any genotype in G̃m is likely to produce
another genotype in G̃m . Given this, we ignore the mutation from G̃m to
G0 (called “back mutation”) and assume that mutations happening to a
genotype in G̃m always produce another genotype in G̃m . We then obtain
the following simplified equation (Maynard Smith 1983):
ż0 = A0 Q0 z0 − z0 φ
z̃˙m = Am z̃m + A0 (1 − Q0 )z0 − z̃m φ,

(1.6)

P
where z̃m = i>0 zi ; Q0 = q ν ; and φ = A0 z0 + Am z̃m . Let us find under
what condition G0 survives. For this sake, we use the following trick called
“invasion experiment”, which examines whether G0 can invade the system
which is dominated by G̃m . Mathematically, this means that the replication
rate per unit amount of z0 must be positive—i.e. ż0 /z0 > 0—when z0 ≈ 0,
z̃˙m = 0 and z̃m > 0. If this invasion criterion is fulfilled, z0 > 0 is likely at
equilibrium. A simple calculation shows that this condition is
A0 Q 0 > A m ;
that is, the effective multiplication rate of the fittest genotype must be greater
than the multiplication rate of the mutant genotypes. Since Q0 = q ν ≈
e−ν(1−q) , we obtain
ln σ
ν<
,
(1.7)
1−q
where σ = A0 /Am , which represents the relative fitness advantage of the
fittest genotype. It is important to notice that σ shows up in Eq. 1.7 as
logarithm, hence having a minor effect compared to 1 − q (mutation rate)
and ν (length). If the above condition is violated, G0 cannot maintain itself
through its own amplification. To put it differently, if ν and/or 1 − q are too
great, the “information” contained in G0 is lost from the system. We will
consider this point further in the following.
Let us next take back mutation into account. Mutations from G̃m to
G0 keeps the value of z0 positive even if the condition of Eq. 1.7 is violated
(Perron-Frobenius theorem, p. 11). However, this does not mean that the
13
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Figure 1.2: Error-threshold. A: The equilibrium concentration of genotype classes
(zd ) is plotted against the mutation rate (1 − q). The line for G0 is thickened.
The inset shows the equilibrium concentration of genotypes xi . xi is obtained from
the relationship xi∈Gd = zd / dν . Parameters are as follows: ν = 50; Ai∈G0 = 10;
Ai∈Gd6=0 = 1. B: The ancestor distribution (ad ) is plotted against the mutation rate.

The inset shows the ancestor distribution in genotypes (ad / dν ). The parameters are
the same as in A.

information contained in G0 is always maintained in the system. Firstly,
when Eq. 1.7 is violated,11 the distribution of a population in the genotype
space becomes uniform as shown in Fig. 1.2A (Eigen et al. 1989). That
is, evolution does not “detect” virtually any difference among genotypes.
(In passing, we note that if the population size is finite, the above uniform
distribution corresponds to genetic drift.)
Secondly, let us consider a useful concept called “ancestor distribution”
(Hermisson et al. 2002). Let a0d (τ , t) denote the fraction of the population at
time t+τ (τ > 0) whose lineage is traced back the individuals of the genotype
class Gd existing at time t. Then, the ancestor distribution is defined as
0
ad = limt→∞
τ →∞ ad (τ , t) (see Hermisson et al. 2002, for
 the calculation of ad
ν
and more details). Fig. 1.2B shows the ad and ad / d , which is the ancestor
distribution in genotypes rather than in genotype classes, as a function of the
mutation rate. This result shows that if the condition of Eq. 1.7 is fulfilled,
the lineage of an entire population can be almost always traced back to
ancestral individuals of G0 , no matter how small the equilibrium value of
z0 may be. In other words, only the lineage of G0 can continue itself in a
long run. If, however, the condition is violated, the lineage of a population
is almost equally traced back to individuals of any Gd (0 ≤ d ≤ ν); i.e.,
the ancestors are random. Hence, evolutionary history does not reflect any
difference among genotypes.
Additionally, we mention that if the assumption of infinite population
11
The precise value of the maximum allowable 1 − q or ν when back mutation is taken
into account is well approximated by Eq. 1.7.
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size is relaxed, an entire population will, after a sufficiently long time, share
one and the same ancestor (i.e. common ancestor) rather than a distribution
of ancestors. In this case, instead of the ancestors at certain past moment,
we can consider the distribution of the ancestors along the common ancestral
lineage, i.e. the last common ancestor and its ancestors (Chapter 3). Interestingly, the result turns out to be almost the same as the ancestor distribution,
except when 1−q is close to the maximum value allowed by Eq. 1.7, where the
system can display stochastic switching between the two metastable states
corresponding to the state in which the information is maintained and that
in which the information is lost (Chapter 3; see van Nimwegen 1999, for
extensive studies on such metastability).
To conclude, even if back mutation is taken into consideration, the information contained in G0 is lost from the replicator system when the condition
of Eq. 1.7 is violated.
The condition of Eq. 1.7 is commonly known as the “error-threshold”
(maximum allowable 1 − q) or “information-threshold” (maximum allowable ν). This is because, for fitness landscapes with sharp peaks, the system exhibits a transition at some threshold as seen in Fig. 1.2 and also in
Fig. 1.1 (1 − q ≈ 0.045). However, whether or not the system displays such
a transition—and, hence, a threshold—is actually immaterial to the limitation of information maintenance discussed above (Chapter 3). To see this,
let us consider the so-called “multiplicative fitness landscape”, which does
not display any sharp transition (Woodcock and Higgs 1996). In this fitness landscape, we have Ai∈Gd = s−d where s is a constant and s > 1. As
Fig. 1.3 shows, there is indeed no sharp transition in zd or ad as a function
of the mutation rate. However, as seen from the average Hamming distance
of the ancestor distribution (Fig. 1.3B, inset), evolution does not detect any
difference among genotypes for sufficiently large mutation rates. Therefore,
even through an error-threshold does not exist, the information contained
in G0 can be lost, albeit continuously, due to erroneous replication (and/or
too large sequence length). The absence of an error-threshold only makes it
difficult to say exactly at which point the information is lost.
We next consider a slight modification to Eq. 1.6. We assume that G0
is actually a sequence pattern embedded in a longer sequence, which we
call the background sequence. If the background sequence contains a certain
“correct” pattern (background pattern), G0 increases the fitness of its carrier
by a factor of σ (= A0 /Am ). If the background sequence contains wrong
patterns, G0 gives no effect. We assume that the mutant class G̃m has the
correct background pattern and conceive another mutant class G̃n that does
not. We then modify Eq. 1.6 into
ż0 = σAm Q0 Qm z0 − φz0
z̃˙m = Am Qm z̃m + σAm (1 − Q0 )Qm z0 − φz̃m ,
z̃˙n = An z̃n + Am (1 − Qm )z̃m + σAm (1 − Qm )z0 − φz̃m ,

(1.8)
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Figure 1.3: No error-threshold. A: The equilibrium concentration of genotype
classes (zd ) is plotted against the mutation rate (1 − q). The line for z0 is thickened.
The inset shows the equilibrium concentration of genotypes xi (the line for x0 is
thickened too). xi is obtained from the relationship xi∈Gd = zd / dν . Parameters are as
follows: ν = 50; Ai∈Gd = 1.05−d . B: The ancestor distribution (ad ) is plotted against
the mutation rate. The inset shows the average Hamming distance of the ancestor
distribution from the fittest genotype, had di, as a function of the mutation rate.

where Q0 = q ν as before; Qm = q η , where η is the length of the background
sequence pattern; and zn is the population concentration of G̃n , and An is
its multiplication constant. We again determine under what condition G0
can survive through its own amplification. The invasion criterion for z0 is
σAm Q0 Qm > φ where φ is obtained from a steady state with z0 = 0. If we
set z0 = 0 in Eq. 1.8, it reduces to Eq. 1.6 except that the subscript 0 and m
are replaced by m and n respectively. If we now assume that Am Qm > An —
i.e. zm survives through its own amplification when z0 = 0 (evolution can
maintain the background sequence pattern)—we have Am Qm − φ = 0 from
z̃˙m = 0. Hence, the invasion criterion for z0 is σAm Q0 Qm > Am Qm , which
boils down to the same expression as Eq. 1.7.
The above consideration suggests a reinterpretation of Eq. 1.7: A certain
sequence pattern, if contained in a genotype, increases the fitness of its carrier
by some relative factor σ. For that sequence pattern to be maintained by
evolution,12 the length of the pattern—i.e. the amount of information—must
be smaller than ln σ/(1 − q) for mutation rate 1 − q.
For comparison, let us next consider a model that appears to give a
contradictory result (Wagner and Krall 1993). In this model, we do not
consider the internal structure of the genotype, but directly conceive the
genotype space. We will later see the problem caused by this disregard. But,
for now, let us introduce it as a plausible model: We order genotypes by
12

tion.
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their fitness Ai such that Ai > Ai+1 (0 ≤ i ≤ n), where the subscript i
denotes different genotypes. A mutation happens with a probability 1 − Q
per genome per replication and deteriorates the genome such that its fitness
is decremented from Ai to Ai+1 . We consider the genotype-n completely
deteriorated, so that the mutation has no effect on genotype-n. We then
obtain the following equation:
ẋ0 = A0 Qx0 − φx0 ,
ẋi = Ai Qxi + Ai−1 (1 − Q)xi−1 − φxi ,
(1.9)
ẋn = An xn + An−1 (1 − Q)xn−1 − φxn ,
P
where 0 < i < n and φ = j Aj xj . It turns out that the condition for the
survival of genotype-0 in Eq. 1.9 is A0 Q > An . That is, the fittest genotype always survives unless An > 0. Assuming An > 0 would mean that a completely
“broken” genotype has positive fitness; to put it differently, there is no lethal
mutants. However, lethal mutants do exist in reality. Hence, the conclusion
seems to be that there is no limitation to the amount of information that can
be maintained by evolution except under a very peculiar condition. [We add
that Wagner and Krall (1993) originally assumed n = ∞, but this makes not
much difference: the above condition simply becomes A0 Q > limi→∞ Ai .]
Notice that Eq. 1.9 is almost identical to Eq. 1.6; in fact, the word “almost” drops when n = 1. The condition A0 Q > An from Eq. 1.9 is homologous
to the condition σQ0 > 1 from Eq. 1.6. This is an interesting example where
the two (almost) identical models are used to draw an almost opposite conclusion. The apparent paradox is due to a difference in the interpretation of
the parameters: An > 0 is considered unreasonable in Eq. 1.9, whereas σ = ∞
is considered unreasonable in Eq. 1.6.
Let us digress for a moment to consider this difference in interpretation.
We can think of two possible situations in which σ (= A0 /Am ) becomes infinite: A0 = ∞ and Am = 0 (we also assume Am > 0 and A0 < ∞ respectively).
The former is obviously unnatural whereas the latter is conceivable if we
assume that a sequence, or a sequence pattern, in question (G0 ) is required
for replication. This is essentially the same as assuming An−1 > An = 0 in
Eq. 1.9. For such a sequence pattern, it appears as if ν (or 1 − q) can be arbitrary large. However, this is merely an artifact of the assumption that the
population size is constant and, thus, always positive (due to φ). If this assumption is relaxed, the above statement would no longer hold. For instance,
a finite rate of hydrolysis can limit the maintenance of information required
for replication. Therefore, the condition for the maintenance of information
described by Eq. 1.7 is a necessary one: it only describes a limitation incurred
by the competition from mutants.
We further note two points in Eq. 1.9. Firstly, it is odd that the survival
of the fittest genotype-0 depends on the fitness of the most distant mutant,
genotype-n. This oddity stems from the assumption that every genotype-i
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where i < n has an identical mutation rate. This assumption is unnatural
as can be seen from the following argument. We can consider genotype-n/2
to be half broken compared to genotype-0. It is reasonable to assume that
mutations in the broken parts of a genome has less effect than that in the
non-broken parts. Therefore, the deleterious mutation rate of genotype-n/2
should be effectively smaller than that of genotype-0. If this were taken into
consideration, the above conclusion would not hold (see below). Secondly, the
assumption that mutation happening to genotype-n has no effect is essential
to the above conclusion. Clearly, these two assumptions are directly related—
in fact, they appear contradictory to each other. This illustrates a problem
of genotypes conceived as particles without complex internal structure.
Although Eq. 1.9—or the assumptions behind it—is unreasonable, the
above consideration indicates why a fitter genotype can lose in the competition against less fit genotypes. That is, the mutation rate is effectively
reduced in mutants. This can be simply illustrated with Eq. 1.5 as follows
(Chapter 3). In order for G0 to survive through its own amplification (i.e.
without back mutations), G0 must be able to invade at least G1 ; i.e., the net
multiplication rate of G0 must be greater than that of G1 . This condition is
Ai∈G0 M00 > Ai∈G1 M11 .
M00 is simply the probability of correct replication q ν , whereas M11 consists
of two parts: the probability of correct replication and the probability that a
genotype in G1 mutates into another genotype in G1 [which is (ν −1)q ν−2 (1−
q)2 ]. Therefore,
M00 < M11 ,
That is, the mutation rate of a mutant genotype class is effectively smaller than that of the fittest genotype because of mutations within the same
mutant class. This is essentially the same as the assumption we made to
obtain Eq. 1.6.
Moreover, we can also take lethal mutations into account in the above
argument. For instance, we assume that lethal mutants are uniformly distributed in the genotype space, so that there is a certain probability κ̃ that
mutations are lethal. Then, the above condition simply becomes
Ai∈G0 M00 > Ai∈G1 [q ν + (1 − κ̃)(M11 − q ν )].
When κ̃ > 0, the above condition can still be violated for sufficiently large
mutation rates. Therefore, even if lethal mutations are taken into account,
the information can still be lost13 (Chapter 3).
We add that the above argument is directly related to the notion of quasispecies in the previous section. To see this, let us rephrase the conclusion of
13
Moreover, lethal mutations can actually introduce an error-“threshold” in a multiplicative fitness landscape, where an error-threshold originally does not exist (see Chapter 3).
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this section in the quasi-species terminology. We consider two classes of genotypes: (1) genotypes containing a certain sequence pattern that increases
their fitness and (2) the others that, instead, carry random patterns in the
corresponding part of the sequence, which give no fitness advantage. If the
mutation rate is sufficiently high, the fitness of the genotype neighborhood
of each fitter genotype (i.e. the weighted average of the fitness in the local
genotype subspace around each fitter genotype) becomes indistinguishable
from that of the genotype neighborhood of less fit genotypes. This is because a high mutation rate makes the relevant subspace so large that the
contribution of a fitter genotype to the weighted fitness average becomes insignificant. Therefore, the notion of the quasi-species and the limitation to
information maintenance are actually the two sides of the same coin.
Using Eq. 1.7, we can obtain a rough idea about the length of sequence
patterns that can be maintained by evolution in simple self-replicating RNAs
(Eigen 1971). Given that RNA-based polymerization has a high mutation
rate, say 1 − q = 0.033 (Johnston et al. 2001), and assuming that some
sequence pattern increases the replication rate by 10 fold, we get νmax ≈ 70.
This number seems too small to contain enough information to achieve—i.e.
to “code”—any complexity comparable to that of current living systems. To
increase νmax , replicators must acquire additional biological machinery (e.g.
protein polymerase with proof-reading); however, to code such machinery,
greater νmax would be required (e.g. translation machinery) (Eigen 1971).
Therefore, there is a paradox in prebiotic evolution, so-called Catch-22 of
the origin of life (Maynard Smith 1983).
To conclude, there is a severe limitation to the amount of information
that can be maintained by evolution in a simple RNA-like replicator system
(σ shows up in Eq. 1.7 as logarithm). This poses an important question
to the evolution of complexity in RNA-like replicator systems: How can an
RNA-like replicator system increase the amount of information it contains
despite this limitation? We will consider this question in Section 1.4.1.

1.3
1.3.1

Replicators with Genotype and Phenotype
RNA Folding Genotype-Phenotype Map

In Section 1.2.2 and 1.2.3, we considered two points in a simple replicator
system: given a genotype-fitness map, which genotype will evolve; how much
information can be maintained by evolution. In this section, we consider two
points that are related to these:
• What is the genotype-fitness map of RNA-like replicators like?
• How can information be acquired by evolution?
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To illustrate the problem we are concerned with, let us reconsider the
assumption of infinite population size made in the previous section. A consequence of this assumption is that zd > 0 for any 0 ≤ d ≤ ν at any time
t > 0. Hence, a population “discovers” all possible genotypes in an infinitely
small amount of time, which is totally unrealistic regarding the acquisition
of information. If this assumption is relaxed, there is no guarantee that a
population can reach the fittest genotype (neighborhood). For example, in
the fitness landscape considered in Section 1.2.2 (A0 > Aν > Aν−1 > Arest ), a
population is unlikely to “cross” the region between the two fitness peaks due
to a decrease in fitness (however, note that this does not invalidate the notion
of quasi-species exemplified in that fitness landscape14 ). Generally speaking,
the problem is that, if the fitness landscape contains too many local optima,
evolution will stall (see van Nimwegen and Crutchfield 2000a, for mathematical studies on this). Therefore, the structure of the genotype-fitness map
is crucial for the attainability of information by evolution.
The question is whether this is indeed a problem for the evolution of RNAlike replicators. To consider this question, let us introduce the so-called minimum free energy RNA secondary structure prediction. It is a computational
method to predict the minimum free energy (m. f. e.) secondary structure of
an RNA from its sequence (i.e. primary structure). A secondary structure
of an RNA is defined as a set of Watson-Crick pairs and G-U pair that can
be represented in a “planar” pattern; e.g., the m. f. e. secondary structure
of “cccaaaggga” can be represented as “(((...))).”, where the pairs of
parentheses denote three G-C pairs, and the dots denote free bases (this is
called dot-bracket notation) (Konings and Hogeweg 1989). Fig. 1.4 shows
a more complex example in another representation. The m. f. e. RNA folding has the following three good features. Firstly, the algorithm to obtain
the m. f. e. secondary structure employs dynamic programming and is quite
efficient [O(ν 3 ) in time and O(ν 2 ) in storage]. Secondly, the secondary structure captures the major component of folding energy in the tree-dimensional
structure. Thirdly, the secondary structure of functional RNAs in biological
systems is often conserved through evolution, which indicates its importance
to function. The details of RNA folding algorithm is explained in textbooks
(e.g. Durbin et al. 1999; Baxevanis and Ouellette 2004; for classical review,
see Zuker and Sankoff 1984).
RNA folding can be interpreted as determining a phenotype (i.e. “shape”)
of an RNA from its genotype (i.e. sequence). Based on this notion we assume
that the fitness (i.e. Ai ) of an RNA replicator is determined by its secondary
structure, rather than by its sequence. In order to focus on the impact of the
RNA folding genotype-phenotype map on evolution, we assume the following
14
Even if the population size is finite, a statistical bias towards the survival of a nonfittest is clearly demonstrated if we set the initial state of the system properly (e.g. 50%
genotype-0 and 50% genotype-ν).
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Figure 1.4: Example of RNA secondary structure. ν = 76. The sequence is the
most abundant sequence at the end of the evolutionary simulation shown in Fig. 1.6
(t = 417650). The structure is obtained by using Vienna RNA Package (Hofacker
et al. 1994).

artificial phenotype-fitness map. The fitness of an RNA is determined by how
similar its secondary structure is to the predefined “target structure”. In this
way, we conceive evolution as an optimization process towards a predefined
target. Precisely speaking, we set Ai = s−di where di is the structural distance
between the m. f. e. secondary structure of RNA sequence-i and the target
structure. Then, the question is how well evolution can achieve the target.
Computer simulations give the following results (Fig. 1.5). Firstly, the system evolves the target structures, on average, within only a few thousand
generations for the sequence length of 300. Moreover, evolution modifies as
much as 2/3 of the sequence positions on average to obtain the first sequence
that has the target structure. Finally, the number of generations required
for the system to achieve the target structures is proportional to the length
of sequence. The last result is remarkable given that the number of possible
sequences increases exponentially as the length of sequence increases.
Then, our next question is how evolution can achieve the target so well
in the RNA folding genotype-phenotype map. We here focus only on the
essential points required to answer this question (see, e.g., Schuster 2001;
Fontana 2002; Hogeweg 2002, for more information).
(1) The RNA folding genotype-phenotype map is many-to-one map; i.e.,
many sequences fold into an identical secondary structure. For an RNA of
length ν, the number of all possible sequences is 4ν , whereas the number of
all possible secondary structures is calculated as 1.4848ν −3/2 1.8488ν , which
is even larger than the number of structures actually realized (Schuster et al.
1994). This means that as ν increases, structure to sequence ratio rapidly
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Figure 1.5: Evolution on the RNA folding genotype-phenotype map. The graph
shows the number of generations—i.e. the total number of replication events/the
total population size (1000)—required for RNA evolution simulations to achieve a
target structure. It also shows the average Hamming distance between the initial
sequence and the first sequence that achieved a target structure. To obtain the data,
100 simulations were run for each sequence length. For each simulation, two RNA
sequences were randomly generated (every base with an equal chance). The structure
of one RNA is used as the target structure; the sequence of the other is used as
the initial sequence. In each time-step, every sequence replicated with a probability
proportional to its relative fitness and was removed from the system with a probability
φ so as to maintain the total population size at 1000. The relative fitness of was
defined as 1.5−d where d is the structural distance between the structure of an RNA
sequence and the target. The structural distance was defined as the number of basepairs that must be opened and closed in order to transform one structure into another.
The mutation rate was set such that (1 − q)ν = 0.5 where ν is the length of sequence.

decreases. Exhaustive computation illustrates a more dramatic relationship
between sequences and structures. From all possible sequences consisting
only of G and C with ν = 30, the following data are obtained (Grüner et al.
1996a):
number of all possible sequences
number of all realized structures
number of typical structures
sequences folding into typical structures

109
2 × 105
2 × 104
93%

(typical structures are defined as those having a more than average number
of sequences folding into it, where the average is taken over all realized structures). The table shows that more than 90% of sequences fold into only 10%
of realized structures. Therefore, the “coding” of structures by sequences is
extremely redundant (Hogeweg 2002).
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(2) With only minor sequence changes, any random sequence can be made
to fold into an arbitrary chosen typical structure (Schuster et al. 1994). The
same exhaustive computation (GC-sequences of ν = 30) again shows that
90% of typical structures are found within the Hamming distance of, on
average, 8 (ca. 25% change) from an arbitrary sequence (Grüner et al. 1996b).
Moreover, the Hamming distance required for such structural coverage is
more or less proportional to ν at least up to ν = 100 (Grüner et al. 1996b).
Stated differently, a small hypersphere in the genotype space covers nearly
the entire phenotype space: the so-called “shape-space covering” (Schuster
et al. 1994). Note that this result parallels the linear relations seen in Fig. 1.5.
(3) A set of sequences folding into the same typical structure form a network of genotypes connected by a point mutation, which extensively percolates through the genotype space: the so-called “neutral network” (Schuster
et al. 1994). Firstly, for more than 20% of random sequences with ν = 100, one
can transform the initial sequence into a sequence differing in every sequence
position through step-by-step point mutations without ever changing its original secondary structure (Schuster et al. 1994). Such a property has been
experimentally demonstrated in actual ribozymes too (Schultes and Bartel
2000). Secondly, one-step mutants “off” the neutral network—i.e. mutant
genotypes differing from the genotypes on the neutral network by Hamming
distance of 1—fold into a great variety of structures that are dissimilar to
the original structure (Huynen 1996). In other words, a random walk in the
sequence space gives “perpetual innovation along the neutral net” (Huynen
1996).
These properties of the RNA folding genotype-phenotype map is extremely advantageous to the evolutionary optimization towards a target
structure. Let us now have a closer look at the dynamics of evolution on
the RNA folding genotype-phenotype map (Huynen et al. 1996). In Fig. 1.6,
at the time point indicated by the arrows, mutation generates a sequence
having a secondary structure that is closer to the target than that of the
resident population (Fig. 1.6A, black line). This sequence quickly dominates
the population: the population average of the structural distance quickly follows it (Fig. 1.6A, gray line); the change of the consensus sequence displays
drastic acceleration (Fig. 1.6D, black solid line); the genetic heterogeneity
within a population sharply drops (Fig. 1.6B). Note, however, that this adaptive transition does not leave any significant signature on the dynamics
of the cumulative Hamming distance from the initial sequence (Fig. 1.6C).
After the adaptive transition, the population gradually increases its genetic
heterogeneity (Fig. 1.6B). The population spreads through a neutral network,
breaking into small clusters, which undergo random walk, become split and
disappear (Huynen et al. 1996, Fig. 2; Schuster 2001, Fig. 7; see also Toffoli
and Margolus 1987, pp. 84–87; Derrida and Peliti 1991). Through this process, the population constantly changes its average genotype (i.e. consensus
sequence) although its phenotype remains unchanged due to purifying selec23
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Figure 1.6: Dynamics of RNA evolution towards target structure. ν = 76;
q = 0.999; A = 1.5−d , where d is the structural distance between the structure of
an RNA sequence and the target structure. The population size is 1000. The target
structure is the same as shown in Fig. 1.4.

tion: neutral evolution (Fig. 1.6, A and C). Additionally, the formation of
population clusters in the genotype space accelerates the rate of the change
of the consensus sequence (Fig. 1.6D, black solid line). Moreover, the average
neutrality of the population hλi—where λ is the fraction of neutral substitutions in all possible single substitutions—increases (Fig. 1.6D), which indicates that the population moves towards a more connected part of the neutral
network (see van Nimwegen et al. 1999a, for a neat mathematical treatment).
In other words, the population evolves greater robustness against mutations
(Huynen et al. 1993) [see Huynen (1993) and Huynen and Hogeweg (1994),
for a counter example, i.e. the evolution of evolvability]. After long phenotypic stasis (but not genotypic stasis), the population discovers a sequence
that folds into a structure yet closer to the target (time ≈ 0.65 × 105 ). That
is, the population discovers a “portal” to another neutral network which has
a better phenotype. Then, another round of the cycle begins.
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To summarize, the evolution in the RNA folding genotype-phenotype
map is characterized by a cycle of a nearly15 random “searching” on a neutral
network and an adaptive transition to another neutral network (Huynen et al.
1996; see Zuckerkandl 1997, for the relation to the neutralist-adaptationist
debate).
During these cycles of events, the phenotype of the population displays
so-called “punctuated equilibria” (Fig. 1.6A), whereas the genotype of the
population exhibits a more or less constant motion (Fig. 1.6C). Moreover, the
average neutrality displays a step-wise decrease as the population discovers
better phenotypes (Fig. 1.6D). Hence, the closer the phenotype is to the
target structure, the more sequence pattern must be maintained—i.e. the
accumulation of information.
Let us add a few words regarding the evolution of mutational robustness seen above (i.e. the increase of λ). This phenomenon is called “neutral
evolution of mutational robustness” (van Nimwegen et al. 1999a), not only
because there is no adaptive phenotypic change during this process, but also
because the increase of mutational robustness does not add anything to the
fitness of a single genotype. However, the word “neutral” should not be
taken to the effect that the increase of the mutational robustness is due to
a completely random process (genetic drift), because Fickian diffusion along
a neutral network does not account for the observed increase of mutational
robustness. To be precise, it can be shown that the average neutrality of
a population evolving on a neutral network is, at a steady state, greater
than the average neutrality of the neutral network, provided the population on the neutral network has sufficiently great genetic heterogeneity (van
Nimwegen et al. 1999a). Then, how can mutational robustness evolve? This
seemingly paradoxical situation disappears once we realize that this is yet
another manifestation of the notion of quasi-species. The fitness of a genotype neighborhood is greater if the neutrality of a genotype is greater. In
this sense, “neutral” in the above phrase could be rephrased as “adaptive”
sensu quasi-species; at any rate, the point is that the conceptual distinction
between neutral and adaptive evolution is nontrivial. Finally, let us have a
look at a sequence that has actually evolved during the above simulation.
The most abundant sequence at the very end of simulation (time ≈ 4 × 105 )
is depicted in Fig. 1.4. Notice how the sequence achieves mutational robustness (Huynen and Hogeweg 1994): the upper stack largely consists of G-C
or G-U; the middle stack is dominated by A-U; the bottom stack consists
of alternating A-U and G-C. These patterns avoid the formation of wrong
stacks. Moreover, the two upper internal loops predominantly consist of C
to avoid base-pair formation. Although the paradox has been resolved, it is
still remarkable that evolution can generate such a “smart” genotype even
though there is no explicit selection pressure for it.
15

See also van Nimwegen et al. (1999a), for the concept of “myopic ant”.
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1.3.2

Phenotypic Information-Threshold

The previous section discussed the acquisition of information in the RNA
folding genotype-phenotype map. Let us next consider the maintenance of
information in this map. In Section 1.2.3, we considered the survival of a
particular genotype. However, if a genotype-phenotype-fitness map contains
percolating neutrality, there is no unique genotype that can be maintained
by evolution due to genetic drift. Therefore, we must instead consider the
survival of a particular phenotype in order to formulate a similar relationship
as Eq. 1.7 (Huynen et al. 1996). Thus, we consider two phenotypes and
categorize genotypes into those having the fitter phenotype and those having
the less fit phenotype (Chapter 2). We again ignore back mutation from
the less fit to the fitter phenotype. Summing Eq. 1.1 separately for each
phenotype (van Nimwegen et al. 1999a; Reidys et al. 2001), we can obtain
the following equation:
ẋ = σQx + σΛ(1 − Q)x − φx,
ẏ = y + σ(1 − Λ)(1 − Q)x − φy,
where x is the concentration of the fitter phenotype; y is that of the less
fit phenotype; Λ is the average probability that mutations occurring to a
genotype in x are neutral; the replication rate of y is normalized to 1 by
scaling t; and Q = q ν and φ = (σx + y)/(x + y) as before. For x to be able
to maintain itself through its own amplification, the effective multiplication
rate of x must be greater than the multiplication rate of y:
σ[Q + Λ(1 − Q)] > 1.

(1.10)

The question is how to calculate Q + Λ(1 − Q). For this sake, we make
the simplest possible assumption: Base substitutions do not interact with
each other—i.e. the assumption of no epistasis (Chapter 2). Every single
base substitution can be classified as neutral or deleterious depending on
whether it retains the original phenotype. Then, the above assumption can
be rephrased as follows: A mutant is neutral iff it contains no deleterious
substitution. Let λ be the fraction of neutral substitutions in all possible
single substitutions. The probability that a substation occurs in one position
and it is a deleterious substitution is (1 − q)(1 − λ). Thus, the probability
that the replication does not introduce any deleterious substitutions—i.e.
Q + Λ(1 − Q)—is [1 − (1 − q)(1 − λ)]ν . We can now substitute this in
Eq. 1.10, but a simpler way is to realize that (1 − q)(1 − λ) is analogous to
1 − q in Eq. 1.7. Then, by analogy, we immediately obtain
ν<

ln σ
,
(1 − q)(1 − λ)

(1.11)

which is the condition for the maintenance of the fitter phenotype. There
are three points to note in Eq. 1.11: Firstly, it tells that λ increases νmax
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by a factor of (1 − λ)−1 . It turns out that λ in the RNA folding genotypephenotype map is a decreasing function of ν, and it takes a value between
0.2 and 0.5 (Chapter 2, Fig. 2.2). Therefore, the increase of νmax due to the
neutrality is quite limited. Secondly, computer simulations show that the
approximation is very precise (Chapter 2, Fig. 2.3). This might be surprising
given that many bases do interact with each other in RNA folding (Huynen
et al. 1993; Fontana et al. 1993). However, it is actually consistent with the
first conclusion: The number of mutations per replication cannot be too large
even if the neutrality is taken into account; thus, epistasis, though strong, has
minor influence (see Chapter 2, for a more precise argument). Finally, the
fact that νmax is increased by the neutrality does not necessarily mean that a
greater amount of information can be maintained by evolution, because the
neutrality indicates that the sequence pattern can accommodate a certain
level of randomness.
Summary
In this section, we considered evolution as an optimization process towards
a predefined target in the RNA folding genotype-phenotype map. The RNA
folding genotype-phenotype map exemplified the concept of neutral network,
an extremely advantageous feature of a genotype-phenotype map for evolutionary optimization. However, the amount of information that can be
maintained by evolution in a simple replicator system is still severely limited.

1.4
1.4.1

Replicators with Interactions
Hypercycle

In the preceding sections, we were confronted with the problem of information
maintenance in a system of simple self-replicators. Moreover, we saw that
the target of evolution in a simple replicator system was the fittest local
genotype subspace, i.e. a single quasi-species. This means that evolution
does not allow the stable coexistence of genetically distant replicators. This
is known as “competitive exclusion” in ecology. To overcome these problems,
we abandon the simplistic view that the number of progeny is a heritable
character of an individual. Instead, we assume that the number of progeny
is determined by the interactions between individuals. We then consider the
maintenance of information through the coexistence of genetically distant
replicators. To state it differently, we consider the evolution of a complex
replicator “ecosystem”. Thus, our search image for complexity is here shifted
from individual-based to population-based complexity (Hogeweg 2007).
As the simplest kind of interactions between replicators, let us consider
the replication interaction. That is, we assume that a replicator (say, Ri )
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can catalyze the replication of other replicators (Rj ) as template: Ri + Rj →
Ri + 2Rj . These catalytic replicators form a network of replication interactions, i.e. a “replicator network”. To focus on the ecological dynamics of
replicators arising from interactions, we ignore the evolution of replicators
for a moment. Then, by analogy with Eq. 1.1, we can construct the following
equation describing the dynamics of a replicator network (Eigen and Schuster
1979):
X
ẋi =
kij xj xi − φxi ,
(1.12)
j

where xi denotes the concentration of the i-th replicator “species”; kij represents
the catalytic
activity of replicator-j replicating replicator-i; and φ =
P
P
16
i,j kij xi xj /
i xi , which keeps the total concentration constant as before.
Eq. 1.12 is known as replicator equation (Hofbauer and Sigmund 1988). Note
that replicators described by Eq. 1.12 display hyperbolic multiplication in
contrast to simple self -replicators described by Eq. 1.1, which display exponential multiplication (Eigen and Schuster 1979).
In the following, we consider a particular type of replicator network called
“hypercycle”. We first explain why the hypercycle attracted the attention of
researchers. We then explain the notion of “parasites”, which incur a serious
problem to the idea of the hypercycle.
As the simplest replicator network, let us consider the system consisting
of only two replicator species. We then have
ẋ1 = (k11 x1 + k12 x2 )x1 − φx1 ,
ẋ2 = (k21 x1 + k22 x2 )x2 − φx2 .

(1.13)

The question is, under what condition the two species can coexist. Since the
total concentration is kept constant (x1 + x2 = c0 where c0 is a positive constant), we can substitute x2 = c0 − x1 in ẋ1 of Eq. 1.13 (Szathmáry 1989a,b).
After some algebraic manipulations, we obtain
ẋ1 = c−1
0 x1 (c0 − x1 )[(α + β)x1 − c0 β],

(1.14)

where α = k11 − k21 and β = k22 − k12 , which represent how much a replicator
recognizes its own species for replication relative to the other species. Since
x1 (c0 − x1 ) ≥ 0 always holds, we only have to consider the terms within the
square brackets. In order that the two species coexist, the equation must
16

P
As before, we can introduce a variable ξi = xi /c denoting the fraction (c = i xi ).
P
P
From Eq. 1.12, we obtain ξ˙i = c( j kij ξj ξi − φ0 ξi ) where φ0 = i,j kij ξi ξj . Hence, the
dynamics of the fractions are independent of c except with respect to their timescale and,
in fact, become identical to Eq. 1.12 if c = 1. Therefore we do not have to distinguish xi
and ξi as long as it is reasonable that c is kept at a finite positive value (we come back to
this later).
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have a steady state x̄1 such that 0 < x̄1 < c0 ; moreover, this steady state must
be stable. These two conditions respectively correspond to
0<

β
< 1 and α + β < 0.
α+β

(1.15)

From these inequalities, we obtain α < 0 and β < 0, that is
k21 > k11 and k12 > k22 .
This result accords with intuition: When x1 is in a majority, k21 > k11 implies
a negative feedback on x1 ; equally, k12 > k22 implies a negative feedback
on x2 (cf. invasion criteria, p. 13). In conclusion, the two species must be
“mutualistically” coupled to stably coexist (Eigen and Schuster 1979).
The simplest replicator network with mutual coupling is obtained by setting k11 = k22 = 0 and k12 , k21 > 0 in the above example. By analogy, we can
obtain a mutualistic replicator network with a greater number of species by
assuming cyclic interactions: for a system of n species, ki i+1 > 0 for i < n; and
kn1 > 0; otherwise, kij = 0. This is the so-called n-member hypercycle (Eigen
and Schuster 1979). Fig. 1.7 shows numerical solutions of Eq. 1.12 for 3, 4,
5 and 9-member hypercycle. The results show that the hypercycle indeed
allows the stable coexistence of all member species for large n (see Hofbauer
and Sigmund 1988, pp. 72–107, for a mathematical proof). Hence, the system, as a whole, maintains the sum of information contained in the members
of a hypercycle, which can be greater than permitted in one replicator quasispecies. Based on this point—and 6 other points (Eigen and Schuster 1979,
p. 59)—Eigen and Schuster (1979) suggested that the hypercycle had been
an essential intermediate stage of prebiotic evolution.
However, we must also note that the dynamics of the hypercycle for n > 4
displays a large amplitude oscillation, in which the concentration of each
member can become extremely small (Fig. 1.7D). Thus, the hypercycle with
large n is confronted with the inherent instability, which is explained by
the positive feedback with large delay due to large n. Hence, the stable
maintenance of a hypercycle with many members requires that the system
contains a great number of replicators so that no member of the hypercycle
is completely lost due to stochasticity (Boerlijst and Hogeweg 1995). It
should be noted that this problem is artificially avoided in Eq. 1.12 due to
the assumption of a continuous population (i.e. the number of replicators is
infinitely large).
Let us see one important aspect of the hypercycle dynamics. For simplicity, let us consider the competition between 1-member hypercycle in
Eq. 1.13. That is, we set k12 = k21 = 0 and k11 , k22 > 0. It can be immediately
seen from Eq. 1.15 that a steady state 0 < x̄1 < c0 is unstable. Moreover, the
steady state x̄1 = 0 and x̄1 = c0 are both stable as can be seen by considering either x1 ≈ 0 or x1 ≈ c0 in Eq. 1.14. The winner of competition thus
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Figure 1.7: Dynamics of the hypercycle. The figure shows numerical solutions
of Eq. 1.12 for hypercycles with various number of members. The coordinate is the
fraction of a population, and the abscissa is time. A: 3-member hypercycle. The
dynamics has a stable steady state. B: 4-member hypercycle. The dynamics has an
asymptotically stable steady state (the system linearized around the steady state has
the dominant eigenvalue whose real component is 0). The inset shows dynamics for
longer duration. C: 5-member hypercycle. The dynamics displays oscillation. D: 9member hypercycle. The amplitude of oscillation is enlarged compared to 5-member
hypercycle. The parameters are as follows: P
kji = 1 for j = i + 1 − δin n; otherwise,
kji = 0. xi (0) = 0.1 for i 6= n, and xn (0) = 1 − i6=n xi (0).

depends on the initial abundance of the replicators. This accords with intuition: each replicator population behaves as a positive feedback with mutual
dumping. Therefore, a hypercycle, once established, excludes the establishment of a new hypercycle, even if a new hypercycle has improved catalysis:
the so-called once-for-ever selection (Eigen and Schuster 1979, p. 38). This
type of competition dynamics is known in ecology as interference competition, founder control and contingent competition, etc. (e.g. Yodzis 1989,
pp. 132–137).
The hypercycle calls forth two immediate questions. First of all, how can
it originate? Secondly, assuming that a hypercycle has originated, how will
it evolve further (Maynard Smith 1979)? Let us first consider the second
question. There are two types of mutation that can “improve” a member
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(say x1 ) of a hypercycle: mutations that make x1 a better template than the
original; mutations that make x1 a better replicase than the original. The first
type of mutations increases the multiplication rate of mutant x01 whereas the
second type does not; thus, only the first type will be fixed in the population.
Therefore, selection acting on the level of individual replicators favors only
the evolution of better templates, but not the evolution of better replicases
(Maynard Smith 1979).
It is illustrative to consider an extreme example: a mutation that makes
0
x1 a better template—i.e. k12
> k12 —in return for completely diminishing its
0
catalytic activity—i.e. k21 = 0 (Bresch et al. 1980). Such a mutant, which
we may call “parasite”, will out-compete the original x1 because its multiplication rate is always greater than that of the original. Moreover, this
results in the extinction of x2 because there is no replicase that replicates x2 .
Hence, the whole replicator system goes extinct (note that Eq. 1.12 does not
exhibit the extinction of the whole system due to the assumption of constant
population size; see Chapter 4, for an explicit treatment). Therefore, the
hypercycle is evolutionarily unstable. Given this result, it is also difficult
to conceive the origin of a hypercycle through evolution. This problem of
parasites is known as the evolution of cheaters in evolutionary biology (esp.
in the context of the evolution of altruistic behavior and corporation).
Let us give a little more consideration on the problem of parasites introduced above. In Eq. 1.12, we wrote the multiplication term as the secondorder kinetics. This means we implicitly assumed that replication reaction
is an instantaneous process. However, if we take into account the fact that
the reaction takes a finite amount of time, the problem of parasites becomes
even more severe (Chapter 4). This can be easily seen from the fact that
a replicase spends a part of its lifetime replicating others, during which the
replicase itself cannot be replicated, whereas the parasite, which do not replicate others, can spend more time as template than the replicase. Hence,
there is a direct cost in catalyzing the replication of others (we will illustrate
this mathematically in Section 1.4.3). This means that selection acting on
the level of individuals, in fact, disfavors the evolution of better replicases.
Moreover, it can also be seen that mutations are more likely to produce parasites: A replicase only has to destroy its replicase activity in order to gain a
selective advantage and thereby become a parasite (Chapter 5).
To summarize, the hypercycle has been suggested as a way to maintain
multiple replicator species through cooperative coupling. However, the further consideration has revealed a problem inherent to the system of cooperatively coupled replicators: the exploitation by parasites. In the next section,
we will see how this problem can be circumvented by the consideration of
spatial pattern formation.
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1.4.2

Hypercycle and Spatial Self-Organization

So far, we have made the three assumptions: the system is well-mixed; each
replicator interacts with every other replicator in an infinitely small amount
of time; the number of replicators is infinitely large so that the replicator
dynamics is deterministic and continuous. We have made these assumptions,
not because they represent the natural properties of replicator systems, but
because they allow us to use ordinary differential equations (ODE) as the
model formalism. In other words, they are the natural properties of ODEs.
In this section, we will employ an alternative model formalism, so-called
stochastic cellular automata (CA). The natural properties of CA is the locality of interactions and the discreteness of a population (Toffoli and Margolus
1987; Hogeweg 1988). Using this formalism, we will see that spatial selforganization and the discreteness of a population play an important role for
the evolutionary dynamics of interacting replicator systems (Boerlijst and
Hogeweg 1991a,b).
The dynamics of a hypercycle with spatial extension and a discrete population is modeled in the framework of stochastic cellular automata. Briefly
speaking, the model consists of a two-dimensional square grid, where one
square is either empty or contains one replicator (see Chapter 7, for the
details of implementation; see Boerlijst and Hogeweg 1991b, for a much simpler implementation; however, the results presented below are independent
of the implementation). Empty squares represent the resource required for
replication. This assumption limits the maximum number of replicators the
system can sustain both globally and locally. It plays an analogous role as
φ in Eq. 1.12; however, it allows us to avoid assuming the constancy of population size. The dynamics of the model are run by randomly choosing one
square from the grid and locally applying the algorithm that simulates reaction and diffusion. In the current case, we conceive two kinds of reaction:
replication Xi + Xi+1 → Xi + 2Xi+1 and decay Xi → “empty”. Diffusion is
considered as a particular kind of second-order reaction, and when it happens, it swaps the position of two molecules located adjacently on the grid.
Each reaction happens with a probability proportional to its rate constant.
The algorithm simulates the dynamics so as to approach that simulated by
the Gillespie algorithm (Gillespie 1976) in the limit of infinite diffusion rate
with a constant grid size (Chapter 4).
Fig. 1.8 depicts snapshots of simulations with the CA model described
above. Interestingly, when n > 4, the spatiotemporal distribution of replicators self-organizes into rotating spiral waves under certain conditions
(Boerlijst and Hogeweg 1991b). One of such conditions is that each member
of the hypercycle must have parameter values similar to the other members
(Boerlijst and Hogeweg 1991a) (we will come back to this point later). The
formation of spiral wave patterns solves one of the problems of the hypercycle: Large amplitude oscillation is spatially localized, so that the system as
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Figure 1.8: Spiral wave formation in hypercycles. The upper panels show the dynamics of hypercycle from Eq. 1.12 for comparison.
The colors represent different members of a hypercycle and correspond to those in the lower panels. The parameters are the same as in
Fig. 1.7. For n < 5, the initial condition is also the same as in Fig. 1.7. For n ≥ 5, xi (0) = 0.1 for i > 2, x1 (0) = 0.11 and x2 (0) = 0.11.
The lower panels show snapshots of simulations with the stochastic CA model. In the model, reaction and diffusion are prohibited to occur
across grid boundaries. The parameters are the same as in Fig. 1.7, where the rate constants are treated as the proportionality constant of
the probability of reactions (see Chapter 7, for details) Diffusion rate is set to 1, where the number has the same meaning as that of the
rate constants. The size of the grid is 512 × 512 squares (this is true in other snapshots unless otherwise stated).
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a whole exhibits no large amplitude oscillation. The most important feature
of these spiral waves is that every individual descends from the spiral core
regions as depicted in Fig. 1.9. As a spiral wave rotates, layers of replicase
species “traverse” outwards from the spiral core, which is not due to active migration, but due to the interaction dependent multiplication. When
they reach the periphery of the spiral wave, they are annihilated through the
collision with other spiral waves. Hence, the spiral wave displays “differentiation” into core and periphery. An interesting consequence of this is that the
formation of spiral waves makes a hypercycle resistant against parasites to
some extent (Boerlijst and Hogeweg 1991b). Let us consider “inoculating”
parasites that are replicated by one of the members of a hypercycle, but do
not replicate any members of it. If the parasites are placed outside the spiral
core regions, they tend to “go” outwards from the core. If n is sufficiently
0
large and/or the parasite is not too strong—e.g. n = 9 and ki+1
i = 2ki+1 i
0
or n = 6 and ki+1 i = 1.1ki+1 i in the parameters of Fig. 1.8—the parasites
are completely pushed into the regions where spiral waves collide (i.e. the
boundaries between spiral waves) and go extinct there. If they are placed in
the core of a spiral, they bring that spiral to extinction; however, they are
still outside the cores of the other spirals.
The most striking consequence of the spiral wave dynamics explained
above is that selection occurs on the level of spiral waves (Boerlijst and
Hogeweg 1991a). When a system contains multiple spiral waves which have
different parameters, those that rotate fastest—i.e. the waves with the highest
frequency (Zaikin and Zhabotinsky 1970)—destroy other spiral waves with
slower rotation speeds and eventually dominate the entire system. Simulations show that the rotation speed of the spiral wave is largely an increasing
function of the catalytic activity of replicases (ki i+1 ) and that of the decay
rate (d) (Boerlijst and Hogeweg 1991a). This accords with intuition: increasing these rate constants speeds up the dynamics—if one member of a
hypercycle replicates the next member faster and/or decay faster, this will
speed up the invasion of the next member into the area currently occupied by
the member in question. This indicates that there is selection pressure on the
level of spiral waves that tends to increase the catalytic activity of replicases,
which is unexpected in a well-mixed system as we saw in the previous section
(p. 31). Moreover, the selection pressure also tends to increase the decay rate
of replicators, which is opposite to the expectation from a well-mixed system.
Hence, spatial self-organization can strongly impact—and even reverse—the
direction of selection (Boerlijst and Hogeweg 1991a).
However, the selection on the level of spiral waves also posits a problem
to the evolution of the hypercycle. The rotation speed is faster for a smaller
value of n (compare the periods of oscillation in Fig. 1.8). Hence, there is
a selection pressure to decrease the number of members in the hypercycle
(however, this is true up to n = 5: a 4-member hypercycle is out-competed
by a 5-member hypercycle because it does not form spiral waves) (Boerlijst
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Figure 1.9: Core-periphery differentiation. The spatiotemporal dynamics of a
rotating spiral wave are shown by consecutive snapshots of a simulation. At time
step 0, the replicators in the core of one of the spiral waves are colored yellow. The
replicators around this core are colored blue. One of the 9 members of the hypercycle
in this region is colored red. Replicators in other regions are in gray scale representing
different members. The darkest member corresponds to the member colored red.
Every replicator “inherits” the color from the template from which it is replicated.
Parameters are the same as in 1.8.

and Hogeweg 1991a).
Another interesting consequence of the spiral wave formation is the circumvention of the once-for-ever selection, which inhibits the establishment of
a new hypercycle with improved catalysis (p. 30). Since competition happens
locally in space, once a new hypercycle establishes one spiral wave (e.g. by
stochasticity), the competition among hypercycles will be determined by the
speed of their rotation rather than their initial abundance in the whole system. In this sense, natural selection is more effective in a spatially extended
system (see Pagie and Hogeweg 1999, for the same mechanism suggested in
the evolution of colicin producing bacteria).
Finally, we note that the stability of the hypercycle against parasites rests
on the discreetness of a population, which allows the number of parasites
to become locally zero (Boerlijst and Hogeweg 1995). If the population is
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treated as a continuous variable, the concentration of the parasite is positive
at every relevant spatial coordinate at any time t > 0 (unless the concentration
is zero everywhere). In this case, the system goes extinct because every spiral
core contains a finite amount of parasites, which eventually destroy all spiral
waves.
So far, we have only considered the selection dynamics of the hypercycle.
A question still remains as to whether the hypercycle is stable upon a continuous influx of mutants including parasites. Unfortunately, the answer turns
out to be negative for two reasons (Hogeweg and Takeuchi 2003). Firstly,
there is a dilemma: On the one hand, if a hypercycle can form stable spiral
waves, then, once spiral waves have been established, new spiral waves cannot
be generated. On the other hand, if a hypercycle cannot form stable spiral
waves, it forms chaotic waves (where spiral waves are continuously generated
and destroyed); however, due to the lack of stable spiral waves, the resistance against parasites is lost (Boerlijst and Hogeweg 1995). Secondly, the
core-periphery differentiation is a double-edged sword. Mutations occurring
to the replicators in the core of a spiral wave have a deciding impact on the
character of the whole spiral wave since those mutations are likely to be fixed.
This is problematic since a hypercycle requires sufficient homogeneity in the
parameters of its members in order to form stable spiral waves as mentioned
before. Moreover, mutations that transform replicases into parasites can also
occur in spiral cores. Hence, a continuous influx of mutants poses a serious
problem to the stability of the hypercycle (Hogeweg and Takeuchi 2003) (see
Scheuring et al. 2003, for the requirement of spatial homogeneity; but see also
Boerlijst and Hogeweg 1995, for the advantage of spatial gradients). These
two problems conspire to render the hypercycle evolutionarily unstable.
The last conclusion, however, should not blind us to the important insight obtained from the hypercycle: Spatial self-organization can strongly
impact the direction of selection. Even if the hypercycle itself turns out to
be unfeasible, this general insight stands. Just to indicate a far reaching
consequence of spatial self-organization on evolution, let us mention several
insights born out of the studies outside prebiotic evolution. Firstly, spatial
self-organization complicates, if not thwarts, the use and measurement of traditionally defined fitness. This is because the success of a lineage depends on
where the ancestor of the lineage has been located in spatial patterns, which
have their own dynamics distinct from those of an individual with timescale far longer than the lifetime of individuals (Savill et al. 1997; Rauchi
et al. 2003). Secondly, spatial self-organization can improve evolutionary algorithms (Hillis 1990; Pagie and Hogeweg 1997; Pagie 1999; Wiegand and
Sarma 2004). Thirdly, spatial self-organization can give rise to an emergent
trade-off situation (van Ballegooijen and Boerlijst 2004; Chapter 7, for a
similar result in prebiotic evolution, which we will review in Section 1.4.3).
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1.4.3

Spatial Self-Organization and Multilevel Evolution

In the previous section, we considered a special type of replicator network, the
hypercycle. In this section, we will see how the general insights obtained from
the hypercycle are exemplified and extended in a much simpler replicator
network.
Traveling Waves
We consider a very simple replicator network consisting of one replicase and
one parasite species, which is henceforth referred to as the RP-system. As a
reference for comparison, let us write down the ODE model describing the
dynamics of the well-mixed and continuous RP-system:
Ṙ = kR R2 θ − dR,
Ṗ = kP RP θ − dP ,

(1.16)

where R and P denote the concentration of the replicase and parasite respectively; kR and kP denote the rate constant of replication; d denotes that
of decay; θ ≡ 1 − R − P represents the generalized resource for replication and
puts a limit on the maximum size of a population the system can sustain. θ
plays a role homologous to that of empty squares in the CA model explained
in the previous section. If kR < kP , the multiplication rate of the replicase per
unit amount is always smaller than that of the parasite (i.e. kR Rθ < kP Rθ),
so that the parasite out-competes the replicase. Hence, if kR < kP , the system
goes extinct: R, P → 0 (see Chapter 4, for a little more details).
The above conclusion, however, does not hold in a spatially extended
system with a discrete population (Hogeweg and Takeuchi 2003). Such a
system can be easily simulated with a stochastic CA model in essentially the
same way as explained in the previous section (Chapter 4). Fig. 1.10 depicts
the results of such simulations. As can be seen from the figure, the spatial
distribution of the population self-organizes into traveling wave-like patterns.
This happens if the diffusion rate is sufficiently small (see Chapter 7, for more
on this point), and if the parasite is sufficiently strong (i.e. kP is sufficiently
greater than kR ). The traveling wave pattern has the following dynamics.
The front of a traveling wave consists of replicases (Fig. 1.10 white), and the
back of it consists of parasites (Fig. 1.10 black). In the wave front, the replicases propagate into an empty area, while in the wave back the parasites
out-compete the replicases and leave an empty area behind due to local extinction (this can be referred to as the parasite propagation). In this way,
waves travel and rotate. The lifetime of a traveling wave is limited mainly due
to the collision with other waves, which can annihilate the wave(s) (depending on the boundary conditions, the collision also happens with the system’s
boundaries). Importantly, moreover, traveling waves can continuously generate new traveling waves. The generation of a new traveling wave typically
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Figure 1.10: Traveling wave formation. Snapshots depict the result of a stochastic
CA model simulating the dynamics of one replicase one parasite system (RP-system).
The colors denote the content of grid squares: replicase (white); parasite (black);
empty (gray). The ratio kP /kR is so chosen as to be the maximum allowable value
for which the system can survive for a given fixed value of kR (ca. 0.39) and the value
of d designated above each snapshot. The diffusion rate is set to 0.01. The CA grid
is toroidal (no boundary). (Additionally, the model also assumed a small chance—
10−4 per replication—of mutations transforming a replicase into a parasite in order to
prevent the accidental extinction of the parasite.)

Figure 1.11: Generation of a new traveling wave. The figure shows consecutive
snapshots of a simulation of the RP-system. Time goes from left to right. Only a
part of the whole CA field is depicted (75 × 75). From these snapshots, we can see
how a new wave can be generated. A small number of replicases are left behind a
propagating layer of parasites. They locally amplify their population; concomitantly,
they are infected by the nearby parasites. The color coding is the same as in Fig. 1.10.

begins with the replicases that are originally located at the front of an existing wave, by chance, being isolated (or “escaping”) from the parasites that
are located at the back of the wave as depicted in Fig. 1.11. Two or more escaped replicases can start a new local population, which is then “infected” by
nearby parasites, resulting in a new traveling wave (Chapter 4). Through the
continuous generation of traveling waves, the system as a whole can persist
(i.e. the macroscopic stability is achieved). To conclude, even if the parasite
is a better template than the replicase (i.e. kR /kP > 1), the system does not
necessarily go extinct due to the formation of traveling waves.
Although the above result is similar to that from the hypercycle, the
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difference is worth noting. In the case of the hypercycle, the members of
a hypercycle must first be arranged into spiral waves, which makes them
resistant against parasites. Moreover, spiral waves, if stable, cannot generate
new spiral waves. Contrastingly, in the case of the RP-system, replicases
by themselves do not form any spatial pattern. Instead, the interactions
between replicases and parasites generate traveling wave patterns. Moreover,
traveling waves can continuously generate new traveling waves, which renders
the RP-system macroscopically stable.
As can be seen from Fig. 1.10, the stability of the RP-system critically
depends on the dynamics of spatial patterns. Notably, the system becomes
more stable against parasites—i.e. the maximum tolerable value of kP /kR
becomes greater—when the relative size of the system and spatial patterns
are such that there are a large number of relatively thick, distinct traveling
waves. Whether the system can develop such clear traveling wave patterns
depends, not only on the relative multiplication rate of the replicase and
parasite (kP /kR )—which was the only determinant of the competition in a
well-mixed system—but also on the absolute speed of replication (Chapter 4).
This is because the absolute speed of replication influences the width of the
traveling waves.17 Therefore, the strength of parasites (i.e. kP relative to kR )
is not the only determinant of the macroscopic stability of the system (we
will come back to this soon).
Having seen the importance of spatial self-organization, we next illustrate
the importance of the discreteness of a population. For this sake, required is a
model that treats a population as a continuous quantity, but which takes account of spatial extension, allowing a possibility for spatial self-organization.
These are precisely the natural properties of partial differential equations
(PDE). Thus, by analogy with Eq. 1.16, we construct the following PDE:
∂t R = R2 θ − dR + ∇2 R,
∂t P = k̂RP θ − dP + ∇2 P ,

(1.17)

where R, P and θ ≡ 1 − R(x, y) − P (x, y) denote the amount of replicases,
parasites and empty squares respectively (x and y are the spatial coordinate);
k̂ (> 1) is the rate constant of R replicating P relative to R replicating a copy
of itself (i.e. kR is normalized to 1 by scaling t); d is the decay rate; and the
boundary has no flux. To determine whether the replicase and parasite can
stably coexist, we introduce the following change of variables (Durrett and
17
Precisely speaking, the relative speed of the catalyst propagation and that of the
parasite propagation determines the width of the waves. This relative speed also depends
on the decay rate (d) because increasing d speeds up the parasite propagation more than
the replicase propagation. See Chapter 4 for details
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Levin 1994):
R
,
R+P
v = R + P.

u=

It can be easily calculated that ∂x u = (P ∂x R−R∂x P )/v 2 and ∂xx u = (P ∂xx R−
R∂xx P )/v 2 − 2(∂x u)(∂x v)/v etc. Using these equations, we can transform
Eq. 1.17 into
2
u̇ = (1 − k̂)u2 (1 − u)v(1 − v) + ∇2 u + ∇u · ∇v,
v
2
2
v̇ = u[u + k̂(1 − u)]v (1 − v) − dv + ∇ v.

(1.18)

We then consider the point at which the fraction of the replicase u is maximum. At u = umax , ∇u = ~0 and ∇2 u < 0; i.e., diffusion always decreases the
maximum value of u. This accords with intuition: diffusion can only average
things out [unless diffusion itself contains some heterogeneity (Turing 1952)].
Then, u̇max < 0 because 1− k̂ < 0; hence, u → 0 everywhere. Since u → 0 everywhere, we also have v̇ < 0 eventually everywhere. Therefore, if populations
are treated as a continuous quantity, the RP-system goes extinct. This is in
parallel with the result from the hypercycle (p. 35). Additionally, we mention
that the discreteness of populations alone cannot make the system resistant
to parasites either as will be shown in Section 1.6. (See Section 7.6.4, for
what happens during the transition from discrete to continuous populations.)
Complex Formation
We previously saw that there is a direct cost in catalyzing the replication of
others because replicases “waste” a part of their lifetime in replicating others
(p. 31). Let us mathematically illustrate this point in the RP-system. For
this sake, we need to take account of the fact that replication reaction takes
a finite amount of time. This can be done by considering complex formation
between a replicase and template (Chapter 4):
akR

κθ

−
*
2R −
)
−−
−−
−−
−
−CR → 3R,
a(1−kR )
ak

(1.19)

P
κθ
−
*
R+P−
)
−−
−−
−−
−
−CP → R + 2P

a(1−kP )

where R, P, CR and CP denote the replicase, parasite, complex between 2R
and that between R and P respectively; a represents the overall speed of
association/dissociation reaction; kR and kP represent the affinity towards
the replicase (0 ≤ kR , kP ≤ 1); κ represents the speed of replication; d is the
rate constant of decay; and θ ≡ 1 − R − P − 2(CR + CP ) puts a limit on the
maximum population size the system can sustain.
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What is the effect of complex formation on the competition between R
and P? In a well-mixed system, the outcome of competition is determined
by the relative amount of CR and CP because the rate of multiplication is
proportional to them. For simplicity, we assume a  κ (see Chapter 4, for
the case where κ  a). In order to capture a wide range of possible behavior,
we consider two extreme situations.
(1) kR , kP ≈ 0: The amount of complexes is negligible. By using the
equilibrium assumption, the amounts of complexes can be approximated as
CR = kR Rt2 ,
CP = kP Rt Pt ,
where Rt = R + 2CR + CP and Pt = P + CP (i.e. the total concentration). As
expected, the system reduces to that described by Eq. 1.16.
(2) kR , kP ≈ 1: The amount of complexes is substantial. To approximate
CR and CP , we set kR = kP = 1 and κ = CR (0) = CP (0) = 0 and determine
the equilibrium of the reactions 2R
CR and R + P
CP . After some
calculation (Chapter 4), we obtain
1 Rt2
,
2 R t + Pt
R t Pt
CP =
.
R t + Pt
CR =

That is, the replicase has two fold disadvantage relative to the parasite.
This implies that, in general, even if the parasite is worse template than the
replicase—i.e. kR > kP —the parasite can out-compete the replicase and bring
the whole system to extinction (see Chapter 4, for numerical analysis). To
summarize, the complex formation advantages the parasite; therefore, under
well-mixed conditions, it destabilizes the replicator system.
The question is whether the above conclusion still holds if spatial selforganization is allowed. This again turns out to be not the case (Chapter 4).
We shall omit the detailed explanation since the essence of it has already
been seen. That is, the stability of a spatially extended RP-system critically
depends on the dynamics of spatial patterns. Furthermore, the dynamics of
spatial patterns are a complicated function of various factors and parameters, of which complex formation is just one. For this reason, the effect of
complex formation on the stability of a spatially extended system is not as
straightforward as in the case of a well-mixed system (Chapter 4; cf. Füchslin
et al. 2004). At any rate, the consideration of complex formation does not
modify the importance of spatial self-organization.
Evolution on the Level of Traveling Waves
So far, we have considered the dynamics of the RP-system with constant
parameters. The next question is, if parameters are allowed to evolve, whether
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they remain in the range for which the system survives. Let us now make
a slight modification to Reaction 1.19. We assume that P switches between
two conformations: a folded state and template state. When P is in the folded state, it cannot be replicated by the replicase; when it is in the template
state, it can be replicated. For simplicity, we assume that the conformation
switching is so fast that it is always in equilibrium. Hence, the concentration
of P in the folded state (Pf ) and that in the template state (Pt ) can be expressed as lP and (1 − l)P respectively, where l = K/(1 + K) and K is the
equilibrium constant of Pt Pf . Hence, we now have
(1−l)kP

κθ
R+P−
)−
−−
−−
−*
− CP → R + 2P,
1−kP

(1.20)

where a is set to 1 for simplicity. We then consider the evolution of two
parameters: kP and l (other parameters are fixed). In a well-mixed system,
it is expected that the parasite minimizes the time it spends being in the
folded state while maximizing the affinity towards the replicase (i.e. l → 0
and kP → 1). Hence, even if the parameters of the parasite are initially set so
as to make the system stable, the system will eventually go extinct through
evolution under well-mixed conditions.
The question is whether this also holds in a spatially extended system with
a discrete population. To answer this question, let us consider a stochastic
CA model where each individual parasite carries its own kP and l value, which
are inherited upon replication with a chance “mutation”—i.e. the parameters
are slightly perturbed upon replication with some probability (Chapter 7).
Fig. 1.12 (solid line) shows an evolutionary trajectory of kP and l obtained
from such a model. The trajectory can be separated into two phases: short
term-evolution and long-term evolution. In the former, the trajectory quickly
goes to a contour given by some functional relationship f (kP , l) = 0, which
indicates a constraint in the possible values kP and l can take. Note that this
constraint arises through the evolutionary dynamics of replicators, for it is
assumed that kP and l are independent in the model. In this sense, we shall
refer to this as an emergent trade-off situation between kP and l to indicate
the difference from the more common situation that is referred to as a tradeoff18 (see van Ballegooijen and Boerlijst 2004, for a similar phenomenon in a
spatial SIR model). Given that increasing kP (affinity towards the replicase)
and/or 1−l (availability of templates) make parasites stronger (i.e. replicated
faster), the shape of the emergent trade-off curve indicates that the strength
of parasites is somehow maintained at some moderate extent. Hence, we
obtain the first conclusion: in contrast to the well-mixed system, the spatially
extended RP-system is stable even if the parasite can evolve its parameters
18
The word “trade-off” is often used to indicate the situation where two (or more)
characters of an individual cannot freely change independent of one another due to some
innate constraints in an individual (e.g. physiological constraints).
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Figure 1.12: Evolutionary trajectory of kP and l. The solid line depicts the average
value of kP and l in the spatially extended RP-system. The arrows indicate the initial
value of kP and l. The numbers along the solid line denote the points at which the
snapshopts of the simulation shown in Fig. 1.14 were taken. The dotted line depicts the
evolutionary trajectory for the compartmentalized RP-system, which will be explained
in Section 1.6.3. The parameters were as follows: kR = 0.6; κ = 1; d = 0.02. kP and
l were perturbed with maximum step size ±0.05 with a probability 0.01 per replication.
In the spatially extended RP-system, D = 0.1 (diffusion). In the compartmentalized
RP-system, D = 1 and vT = 1000 (division volume). The boundaries of the system has
no flux.

(provided that the mutation rate is not too high; see Chapter 7, for more on
the maximum tolerable mutation rate). In the latter phase of the evolution
(long-term evolution), the trajectory goes along the contour such that the
parasites decrease the time they spend being in the template state (increasing
l) while increasing the affinity towards the replicase (increasing kP ). This
might appear puzzling since we did not assume any functionality in the folded
state (being in the folded state gives no selective advantage to the parasite).
Let us first consider how the spatially extended RP-system achieves evolutionary stability. For simplicity, we take a case in which only l is allowed
to evolve. Fig. 1.13 shows the spatio-temporal dynamics of such a system.
Firstly, we notice that an individual wave changes its characteristics as it
travels such that the parasites, which are in the wave back, evolve to decrease the value of l (Fig. 1.13, the color changes from cyan to yellow). That
is, as far as an individual wave is concerned, parasites tend to evolve a greater
chance of being replicated (this was also expected in the well-mixed system).
In other words, each traveling wave experiences a sort of “aging” in the form
of the evolution of stronger parasites in local replicator systems. However,
we must also add that this aging does not necessarily cause the annihilation
(“death”) of waves. As was mentioned before, the annihilation of waves hap43
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pens mainly though the collision with other waves (and with the boundaries
of the system), so that, a wave, if isolated, can persist quite a long time
despite the aging. Hence, even if the parameters of the parasite are allowed
to evolve, a traveling wave by itself is a stable mesoscopic entity.
However, as was discussed before, a traveling wave can multiply through
generating new waves. Furthermore, the newly generated waves inherit the
character of parasites (i.e. l) from the waves that generate them as can be
seen from Fig. 1.13 (see the global distribution of colors). This is because the
parasites of a newly generated wave mostly descend from those of the wave
that has generated it—or the sub-population thereof, to be precise—due to
the finiteness of diffusion.
Moreover, there is a variation in this heritable character among (and also
within) traveling waves (see the local variation of the colors in Fig. 1.13; see
also Fig. 1.14). This variation is caused by finite diffusivity and stochasticity,
both of which reduce the effect of local competition among parasites.
Finally, the above variation correlates with the ability of traveling waves
to multiply (as shown in Fig. 1.13, the colors of newly generated waves are
always blue or cyan—note that newly generated waves are small in size). As
was mentioned before, new waves are generated through the chance escape
(isolation) of replicases from parasites. If a wave—or a part of a wave, to
be precise—contains weaker parasites (i.e. greater l), the replicases have a
greater chance of escaping, which translates into a greater chance of generating new waves. Moreover, since the annihilation of waves happens mainly
through the collision with other waves, waves that generate new waves at
a higher frequency out-compete those that do so at a lower frequency (this
frequency can be considered as the “fecundity” of waves). Note that this is
very much in parallel with what we saw in the hypercycle: in both cases, the
outcome of selection on the level of waves is determined by the frequency at
which waves emit (or generate new) waves.
The above points respectively allow multiplication, inheritance, variation
and selection in traveling waves. The resulting evolutionary dynamics on
the level of traveling waves counteract the evolution of too strong parasites,
which are continuously happening in local replicator systems (i.e. the aging
of waves). Stated differently, the evolutionary dynamics on the level of mesoscopic entities counteract those on the level of microscopic entities; thereby,
the macroscopic stability of the system is achieved. Additionally, the value of
kP (or l) changes the value of l (resp. kP ) at which the two levels of evolutionary dynamics balance out each other; thereby, the aforementioned trade-off
situation emerges.
Let us next consider the second part of the results: Why is there an
evolutionary trend to increase kP and l along the trade-off curve? As can
be seen from Fig. 1.14, the number of waves increases through the long-term
evolution. This implies that the above evolutionary trend is caused by the
wave-level evolution to increase the frequency at which waves generate new
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Figure 1.13: Life history of traveling waves. The figure shows consecutive snapshots of a simulation with fixed kP (= 1). It depicts the aging and reproduction of
traveling waves. The numbers depicted in the picture identify individual waves. The
time was reset to zero when the first snapshot was taken. The other parameters were
the same as in Fig. 1.12, except that l was perturbed with a probability of 0.19 per
replication. The size of the CA was 15362 squares.

Figure 1.14: Evolution of traveling waves. Snapshots of the simulation taken at
the three points along the evolutionary trajectory designated in Fig. 1.12. The number
of traveling waves increases in concurrence of the increase of the size of waves.

waves (i.e. to increase the fecundity of waves). To support this argument,
we must first note that, the strength of parasites—i.e. how often they are
replicated by replicases—is more or less constant along the trade-off curve.
While maintaining the strength, the parasite can take two options: either to
decrease the effective rate of the complex formation reaction (i.e. kP (1 − l))
while increasing the association constant of it (i.e. kP (1 − l)/(1 − kP )) or the
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1. Overview

other way around. Given this notion, we consider whether these two options
make any difference regarding the dynamics of traveling waves. For a new
wave to be generated, the replicases that have escaped from parasites must
be able to amplify their population before being obliterated by the nearby
parasites. We can “model” this process with the well-mixed system if we
set its initial condition such that R, P  1 (also CR = CP = 0). In order to
determine the chance of the successful amplification, we need to compare the
replicase with the parasite with respect to their propensity of amplification
(Chapter 7). Because the local system is largely empty (θ ≈ 0), the limiting
process for the amplification of R and P is the complex formation reaction,
viz. 2R → and R + P → respectively. Then, decreasing the effective rate of
the latter reaction, kP (1 − l), will promote the amplification of the replicase
by releasing it from the competition with that of the parasite. This can be
achieved by increasing kP and l along the trade-off curve.
To summarize, the novel evolutionary trend along the trade-off curve
emerges due to the adaptation on the level of traveling waves to increase their
“fecundity”. This was achieved by changes in the parameters of parasites,
which do not correspond to any direct selective advantage of parasites as far
as the dynamics of replicators at the microscopic level is concerned.
Conclusion
The RP-system exemplified many of the insights obtained from the hypercycle and extended them. The extension comes from the ability of mesoscopic
entities to multiply (i.e. the generation of new traveling waves). The consequence of this is that not only selection, but also evolution operates among
mesoscopic entities. Interestingly, the adaptation on the level of mesoscopic
entities was achieved through the change of the characters in microscopic
entities (parasites) that corresponds neither to an advantage nor disadvantage of the microscopic entities as far as the evolution on the microscopic
level is concerned (we will encounter a similar result in Section 1.6). Such a
phenomenon is familiar to biologists: Selection operates on the phenotype of
individuals, which are generated by the developmental dynamics of interacting microscopic entities, the characters of which evolve due to the feedback
from selection on individuals. The point is that such a biological phenomenon
can be exhibited by the replicator system that is so simple as to be barely
biological if spatial self-organization is taken into consideration.
Factors Weakening the Parasite
In this short addendum, we briefly explain a simple way to weaken the
parasite, which can potentially increase the stability of spatially extended
replicator systems. In essence, it is to decrease the local abundance of replicases that can replicate parasites (Hogeweg and Takeuchi 2003; Chapter 4;
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Chapter 5). In a spatially extended system, the local replication builds
up a positive correlation between the spatial distributions of replicases (see
Chapter 6, for a quantitative analysis on this, esp. Fig. 5). In contrast, the
local exploitation by parasites builds up an anti-correlation between the distribution of the replicase and that of the parasite. Hence, the parasite relies
on passive diffusion to gain (or regain) access to the replicase. Therefore, a
decrease in the effective concentration of the replicase will affect the parasite
more severely than the replicase, provided that their decay rates are identical.
There are various mechanisms that can decrease the effective concentration of the replicase. The simplest of these is to take into account the
deleterious mutation that completely diminishes the catalytic activity of the
replicase (Chapter 4). Another way to achieve the same effect is to allow
the replicase to evolve a reduced catalytic activity (Hogeweg and Takeuchi
2003, for a ligation-based system). Also, the complementarity of replication
halves the concentration of replicases (Hogeweg and Takeuchi 2003). Finally,
the same effect can also be achieved through the evolution of diversity in the
population of replicases. This is because the diversity in the replicases can
constrict the exploitation by the parasites to only a subset of the replicase
population (Kaneko and Ikegami 1992; Huynen and Hogeweg 1994; Hogeweg
and Takeuchi 2003; Chapter 5). Interestingly, these mechanisms naturally
arise if we take into account the genotype-phenotype map of RNA-like replicators, which has been ignored in the last two sections (see Chapter 5, for
details).

1.5

Replicators with Genotype, Phenotype and
Interactions

On the one hand, in Section 1.3, we considered the maintenance and acquisition of information by replicators with a complex genotype-phenotype map,
where we predefined what is informational (i.e. which phenotype has the
functionality of multiplication). The limitation of this approach is that we
cannot investigate the generation of novel information. On the other hand,
in Section 1.4, we considered the maintenance of information in the form
of replicator ecosystems, where we presumed the existence of a replicator
ecosystem with a fixed network structure. The limitation of this approach
is that the origin of a replicator ecosystem is left unexplained. In this section, we will transcend these limitations by combining these two approaches
to complement each other. Namely, we assume that the sequence of replicators determines their structure; their structure determines the interactions
between them; and the interactions give a dynamic feedback to the spatiotemporal distribution of the sequences. In this way, we conceive evolution
as a process of pattern formation in genotype, phenotype, interactions and
spatio-temporal distribution of replicators. Thereby, we avoid preconceiving
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the ecological functionality of genotypes (i.e. information) and the ecological
organization of replicators (i.e. replicator network). This enables us to investigate both the generation of information and the origin of a complex
replicator ecosystem at the same time. As we will see in this section, considering both of these at the same time is not a mere complication, but a key
to the evolution of complexity.
To investigate evolution as such, we consider a model that explicitly takes
into account the genotype-phenotype-interaction map of individual replicators. In general, there seems to be two things required in a model to allow a
possibility for the evolution of complex replicator ecosystems. The first is the
biologically relevant structure that incorporates a large degree of freedom in
the genotype-phenotype map. As we saw in Section 1.3, the RNA folding is a
model of highly nonlinear genotype-phenotype map, allowing a great variety
of sequences and structures. Hence, we use the RNA folding to model the
first half of the genotype-phenotype-interaction map.
The second requirement is that a model must have the biologically relevant constraints that simulate the fact that not every RNA can catalyze
replication and that not every template can be recognized by a replicase.
This pertains to the second half of the genotype-phenotype-interaction map,
i.e. how to define “who can replicate who”. Clearly, a model cannot be
chemically precise in this regard. This is not so much because of the lack
of RNA replicators in reality (Section 1.1.2), but more because of the problem of “over-materialization” (as opposed to oversimplification). The overmaterialization does not only make the model intractable, but also renders
the intended materialization itself spurious due to inevitable insufficiency and
inaccuracy. Rather, we want a model to be artificial for the sake of simplicity,
yet biologically relevant (the theme of our whole discussion).
To achieve this goal, we assume that the replication process consists of
two steps: the recognition of a template by a replicase (i.e. complex formation; see p. 40) and the actual replication reaction. For the actual replication,
we assume that an RNA can catalyze the replication of other RNAs at an
equal rate (denoted by κ) if it has a certain predefined secondary structure,
which we call the catalytic structure (to be precise, two hairpin-loops connected by one multi-loop; see Chapter 5, for a graphical representation).
Complex formation happens through binding between the 5’-dangling-end of
one RNA and the 3’-dangling-end of another RNA located adjacently on the
grid. The binding affinity (denoted by k1 /k2 ) is determined by the number of
complementary base-pair matches between the two dangling-ends. Finally,
these two reactions are coupled as follows: an RNA can be replicated if its
3’-dangling-end is binding to the 5’-dangling-end of an RNA that has the
catalytic structure. In this sense, we may say that the 5’-dangling-end is
the motif to recognize a template whereas the 3’-dangling-end is that to be
recognized by a replicase. In addition, it is assume that replication is complementary (cf. p. 47) and that every RNA decays at an equal rate (denoted
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by d).
To summarize, we assume the following reaction scheme:
k0

k

1
1
−*
−*
CY50∼ 30X ,
X+Y )
− CX50∼ 30Y and )
−
0

k2

k2

κ

CX50∼ 30Y + θ → X + Y + Yc ,
d

X → θ,
where X denotes an RNA having the catalytic structure; Y denotes an RNA
not having the catalytic structure; C denotes a complex molecule; the superscript c denotes a complementary sequence; and θ represents the general
resource for replication as before. For simplicity, we only allow base substitutions as possible mutations so that the sequence of each replicator has a fixed
length (ν = 50). The above system can straightforwardly be implemented in
the stochastic CA formalism (see Section 5, for more details and parameter
values).
Let us mention one interesting consequence of the above set-up: It is difficult for a replicase to recognize its exact copy as template. This is because too
much base-pair matches between the 5’ and 3’-dangling-ends of two identical
copies of an RNA sequence can cause stack formation within a single RNA,
which diminishes both its ability to recognize and to be recognized by any
other RNAs. This illustrates that there is a complex structural interference
(or interactions) between the recognition motifs and the catalytic structure.
In the current model, evolution has neither a predefined goal to achieve
nor a preconceived ecological structure to maintain (or construct) as is the
case in reality (cf. Section 1.3.1 and 1.4.2). Rather, evolution is modeled
as a process of multilevel pattern formation (see above). While this is the
most important property of the model, inevitably, it also gives rise to an
interesting problem. The absence of a predefined goal translates into the
lack of search images in us and the absence of predefined observables in the
model, which makes the observation of the system highly nontrivial (Hogeweg
and Hesper 1986). Running a simulation produces a million of sequences that
have existed in the system over time. However, for that reason, these data
are not informative by themselves. In such a situation, bioinformatic pattern
detection devices—which are, in fact, developed to study evolution—turn
out to be extremely useful, if not essential, as we will see below.
The question is whether and how a replicator system can generate a complex ecosystem from a simpler one through the evolution of individual replicators. For this sake, we inoculate the system with a homogeneous population
of a sequence that can catalyze the replication of its exact and complementary copy (see Chapter 5, for details). We then construct a phylogenetic tree
to observe what sort of patterns are generated by evolution in a population
of sequences. Fig. 1.15 shows an example of a phylogenetic tree constructed
from a set of sequences obtained after evolution. The tree clearly depicts the
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Figure 1.15: Phylogenetic tree. Continued on p. 51.

C-catalyst:

G-parasite:

A-catalyst:

U-parasite:

Figure 1.16: Sequence logos and secondary structures. Continued on p. 51.

existence of four sequence classes, which are distinctive regarding the patterns
in their sequence. Having recognized the sequence classes, we use sequence
logos to characterize the pattern of each sequence class as shown in Fig. 1.16.
Moreover, a simple statistical representation of the common secondary structure (Fig. 1.16, below the logos), together with the sequence logos, enables
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Figure 1.15 (continued from p. 50): Phylogenetic tree is constructed from the genotype of 2000 replicators obtained after evolution from the model explained in the
main text (1 − q = 0.004). Due to great divergence among sequences, the tree depicts
only the patterns in the population of sequences, but not necessarily the evolutionary
relationship among them (see Chapter 5, for details). The leaves were colored according to the sequence composition of a dangling-end. For replicases, the 5’-dangling-end
of the catalytic strand is chosen (note that the replication is complementary; and it is
seldom the case that both strands have the catalytic structure). If the dangling-end
has more C’s, the color becomes more cyan, whereas, if it contains more A’s, then
the color becomes more magenta. For non-replicases (i.e. those having no catalytic
structure in both strands), the 3’-dangling-end with the most extreme sequence composition among a pair of complementary sequences is chosen. If the dangling-end has
more G’s, the color becomes more red, whereas, if more U’s, then more green. In this
coloring scheme, each sequence class appears as follows: C-catalyst (cyan); A-catalyst
(magenta); G-parasite (red); U-parasite (green). Note that the red leaves appearing
in the clades of the C-catalyst are not the G-parasite. Instead, these represent the
mutants of the C-catalyst that have lost the catalytic structure, and they are members
of the C-catalyst quasi-species. This is also the case for the green leaves in the clades
of the A-catalyst. The phylogenetic tree was constructed through maximum likelihood
method by using Phyml (Guindon and Gascuel 2003).
Figure 1.16 (continued from p. 50): Sequence logos and typical secondary structures
are depicted for each sequence class detected from the phylogenetic tree. A sequence
logo depicts the pattern of sequence conservation in sequences, where the size of
a nucleotide character designates the frequency of occurrence of that nucleotide in
the corresponding sequence position (Schneider and Stephens 1990, for details). The
sequence logos were produced by using WebLogo (Crooks et al. 2004). The typical
secondary structures are represented in the dot-bracket notation mentioned in p. 20.
The color of the brackets represents its frequency of occurrence: the more frequent,
the more red. The structure next to each sequence logo represents the typical structure
of the RNA strand represented by a sequence logo. The structure below it is that of
the complementary strand.

the characterization of possible interactions between the sequence classes.19
These results show that the system has evolved two catalytic classes that
can replicate their own kind. They can be called C-catalyst or A-catalyst
according to the sequence composition at their 5’-dangling-ends (which is to
recognize other replicators). Moreover, the system has also evolved two parasitic classes that are replicated either by the C-catalyst or by the A-catalyst.
They can be called G-parasite or U-parasite according to the sequence composition at their 3’-dangling-ends (which is to be recognized by replicases).
Let us next see how RNA sequences achieve these (possible) interactions
19
We use the word “possible” to imply that interactions depend not only on the internal
character of individuals, but also on their spatial location.
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Figure 1.17: Visualization of the model system. The snapshot depicts mutually
invading traveling wave patterns. Each replicator is colored in the same way as the
leaves of the phylogenetic tree in Fig. 1.15. In this coloring scheme, each sequence
class appears as follows: C-catalyst (cyan); A-catalyst (magenta); G-parasite (red);
U-parasite (green). The arrows represent the direction of the propagation of wave
fronts: the C-catalyst fronts (black); the A-catalyst fronts (white). See also a movie
available from Takeuchi and Hogeweg (2008, the publisher’s website).

(cf. p25). For example, the U-parasite has five conserved regions in its sequence (Fig. 1.16, logo). There are two regions mainly consisting of either
A or U. Each of these becomes the motif recognized by the A-catalyst in
either of the two complementary strands (Fig. 1.16, structure). Three regions
consisting mainly of G and C flank the previous two regions. The middle
region and either of the two terminal regions alternatively form a stack in
either of the complementary strands. This alternative stacking achieves two
things: Firstly, the motif at the 3’-end becomes structurally available to the
replicase; secondly, the motif at the 5’-end becomes structurally unavailable
to recognize other replicators, which prevents the formation of useless complexes (the U-parasite does not have the catalytic structure). The G-parasite
has a somewhat similar strategy to that of the U-parasite. However, it has
alternative C-A pattern in one of the recognition motifs, which is presumably a solution to the problem that the G-parasite must use G and C for
both structural sequence and recognition motifs (G-C pairs have a greater
energetic contribution to the folding than A-U pairs). We shall omit the explanation for the C-catalyst and A-catalyst (see Chapter 5). Finally, we must
keep in mind that these sequence patterns are not predefined in the model.
Rather, they are generated by the replicator system through evolution.
Once we have recognized the existence of “meaningful” entities in the
system, i.e. sequence classes, we can device a proper observable to visualize
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the system’s dynamics. The simplest and most useful of such visualization is
to color each individual, literary speaking, according to the properties that
can distinguish which sequence class an individual is more closely associated
with. The result of such visualization is shown in Fig. 1.17. As can be seen
from the figure, the four classes of replicators generate mutually invading
traveling wave-like patterns. We can recognize two types of waves in the
system: the one that has the C-catalyst (cyan) in its front and the G-parasite
(red) in its backs (let us call it the CG-wave); the other that has the Acatalyst (magenta) in its front and the U-parasite (green) in its backs (AUwave). The temporal dynamics of these waves show that the front of the
CG-wave can invade the AU-wave, while the front of the AU-wave can invade
the back of the CG-wave. This is because the C-catalyst can out-compete
the A-catalyst in the absence of the G-parasite, while the A-catalyst can outcompete the C-catalyst in the presence of the G-parasite. Because of this
mutual invasion, both types of waves can persist indefinitely, and thereby the
four sequence classes can coexist stably.
It is interesting to note that, in order to describe the dynamics of the system, we must employ the concepts, such as the sequence classes and traveling
waves, that are not preconceived in the model. In this sense, the observed
ecological organization is an emergent property of the system (Hogeweg and
Hesper 1989), which evolves as patterns in the genotypes, phenotypes, interactions and spatial distributions of individuals.
The next question is how this ecological organization arises through evolution. The same visualization allows us to observe the following sequence of
“events” (which are described in terms of the a posteriori recognized concepts
again). As have been noted, the biological constraints of the model define
which sequence can replicate its own copy faster. This imposes evolutionary
optimization towards faster replication in the initial population, which results in a highly optimized catalyst “species”, the C-catalyst. The presence of
a catalyst species entails a “niche” (i.e. ecological functionality) for a phenotype to parasitize that catalyst. This enables the evolution of the second
replicator species, the G-parasite, which arises through “speciation” from the
C-catalyst (see Takeuchi and Hogeweg 2008, for a movie, which is available
from the publisher’s website). Once this catalyst-parasite ecosystem is established, it generates yet another niche, i.e. a niche for a phenotype that
can “escape” from the G-parasite, which gives selective advantage to the escaper relative to the C-catalyst. Acquiring such a phenotype, the A-catalyst
evolves through speciation from the C-catalyst. Finally, the establishment
of the escaper catalyst, in turn, generates a niche for a phenotype that can
parasitize the escaper catalyst. This causes the evolution of the U-parasite.
To summarize, an emergent ecosystem generates a novel ecological functionality, which promotes the evolution of a novel species realizing that functionality. This, in turn, results in the development of a more complex ecosystem. In this way, a complex replicator ecosystem can evolve through a
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chain reaction of niche generation and speciation.
The model exemplified a kind of “bootstrapping” mechanism in which
a replicator ecosystem can increase its complexity through evolution. The
same mechanism also indicates how evolution can generate novel information. As was noted before, the ecological functionality “coded” in the sequence of an evolved replicator species is not preconceived in the model.
Instead, it is generated by the organization of the ecosystem, which itself is
the product of evolution; for example, the sequence of the U-parasite is ecologically functional because the ecosystem contains the A-catalyst. Therefore,
the functionality of a sequence is given by the context in which the sequence
finds itself, and this context itself can arise through evolution. In this way,
evolution can generate information from within the system.
To conclude, an ecological organization supplies a context in which a
novel phenotype gains functionality. This promotes the evolution of genotypes realizing such a phenotype—the evolution of novel information. The
evolution of such genotypes, in turn, leads to the evolution of more complex ecological organization. Hence, there is a positive feedback between the
evolution of information and that of organization; thereby, the evolution of
complexity is possible.

1.6

Replicators with Compartmentalization

In Section 1.4, we saw that spatial self-organization gave rise to selection
operating at multiple levels of entities (viz. individual replicators and spiral
or traveling waves). This type of selection process is an example of so-called
multilevel selection. In the context of prebiotic evolution, a more obvious alternative of multilevel selection is to consider compartmentalization, whereby
the replicators are localized in compartments such as vesicles (i.e. “protocells”), and the selection operates on the level of compartments besides the
level of replicators within each compartment. This provides us with yet another opportunity to consider evolution operating on mesoscopic entities that
consist of microscopic entities (cf. traveling waves).
Multilevel selection caused by compartmentalization can be called explicit multilevel selection because the mesoscopic structure and dynamics of a
replicator system are externally imposed by boundaries such as membranes.
Correspondingly, that caused by spatial self-organization can be called implicit multilevel selection because the mesoscopic structure and dynamics of
a replicator system internally arise through the dynamics of replicators by
themselves. In this section, we compare various models embracing different
kinds of multilevel selection in replicator systems. Our main purpose is to
discuss the effect of compartmentalization upon the evolution dynamics of
replicators. However, we will also illustrate the general properties of multilevel selection.
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1.6.1

Classical Theory of Group-Selection

In this section, we consider the classical theory of group-selection as the
simplest model of multilevel selection. In this model, a system is subdivided
into a large number of subsystems that can be considered independent of
each other in the generation time of replicators (Wilson 1975; Michod 1983).
The origin and dynamics of such population structure are ignored in the
model (we will come back to this problem later). Each subsystem has n
sites, each of which can contain at most one individual from two competing
types: X and Y . We assume that X produces some kind of “metabolite”
required for replication, and that the metabolite is available only within the
subsystem where produced, and that its amount is proportional to xi , where
xi is the number of X in subsystem-i. From these assumptions, we set the
multiplication rate of X in subsystem-i to fxi = bxi − c and that of Y to
fyi = bxi where c represents the cost of the metabolite production (c > 0),
and b represents the benefit from the metabolite (b > 0) (see Michod 1983,
for the original work, which conceives a slightly different story). Thus, fxi is
always smaller than fyi in every subsystem. Therefore, if the distribution of
xi and yi over the subsystems is uniform, the metabolite producer (X) cannot
evolve (the same is true if the system consists of only one subsystem). The
question is whether X can evolve if the distribution is non-uniform. For X to
be selected, the average multiplication rate of X must be greater than that
of Y (Wilson 1975). That is,
hfyi yi i
hfxi xi i
>
hxi i
hyi i
where hi denotes the average over all subsystems. With simple algebraic
manipulations, this inequality can be transformed to
 2

hxi i hxi yi i
b
−
> c,
hxi i
hyi i
or equivalently

γxy
σx2
b
−
> c,
(1.21)
hxi i hyi i
where σx2 is the variance of xi ; and γxy is the covariance between xi and yi .
This is the classical theory of group-selection (Wilson 1975). The above
expression is analogous to Hamilton’s rule in the theory of kin-selection
(Hamilton 1964; see van Veelen 2009, for when this analogy breaks down).
As the simplest case, let us assume that the distribution of replicators
over the subsystems is random.20 If the number of individuals and that of


20
Although the random distribution appears similar to well-mixed conditions, there
is a significant difference. In the group-selection model, interactions between individuals
within a single subsystem determine the (absolute) fitness of individuals. This would be
impossible if the system were well-mixed within timescales far shorter than the generation
time of individuals.
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subsystems are infinitely large, xi and yi follow multinomial distribution.
Hence, we have σx2 = npx (1 − px ) and γxy = −npx py , where px = hxi i/n and
py = hyi i/n. From these, Eq. 1.21 becomes b > c (Wilson 1975; Michod 1983).
This result accords with intuition: Because the distribution is random, the
environments individuals experience are statistically identical irrespective of
their type,21 and the only difference they experience is the influence an individual gets from itself.22 Therefore, the metabolite producer can be selected
if the metabolite production benefits the producer itself (i.e. b > c). To summarize, although the fitness of the producer is always smaller than that of the
non-producer in each subsystem (i.e. fxi < fyi ), the random distribution of
individuals into many groups permits the evolution of a metabolite producer
(see Czárán and Szathmáry 2000, for a closely related study).
We next assume that X is a replicase; i.e., it can catalyze the replication
of other replicators as template. Since replication requires both replicase and
template, we set fxi = kx (xi − 1). The replicase also replicates the parasite
(Y ); hence, fyi = ky xi . If we further assume that kx = ky = k, the current
set-up boils down to the previous one where b = −c = k. The equation
b + c = 0 represents the fact that catalyzing the replication of other replicators gives no net advantage to the replicase itself. Thus, from Eq. 1.21, the
replicase will not be selected. To conclude, even if the interactions are local
and finite (i.e. individuals interact only within a subsystem and n is finite),
a replicase cannot evolve if the distribution of individuals is random (assuming that the parasite can be a better template than the replicase). Note
that this result differs from that of Eq. 1.17, where the finiteness of diffusion
alone—which does allow a possibility for non-random distribution—does not
stabilize the replicator system against parasites. Moreover, in Eq. 1.17, interactions between replicators are not finite because one coordinate point
contains infinitely many replicators that can interact with each other.
In Section 1.4.3, we saw that the discreteness of a population and spatial
extension together allowed the stable coexistence of the replicase and parasite. To conceive this in the current model, we can assume that there is a
positive correlation between the spatial distributions of replicases; σx2 > γxy .
However, there is a fundamental problem in this extension. The value of
21

The “environment” of an individual here refers to the number of X and Y in the
subsystem excluding the individual in question.
22
The group-selection usually means that a fitness cost of altruism on the level of
individuals can be overcompensated by a fitness benefit on the level of groups. However,
the random distribution discussed in the main text is a special case, where the former
exactly compensates the latter (“separatrix”). To see this, we convert b and c into Fr = b
and Fd = b−c, where Fr denotes a fitness change caused by one individual of X to all other
individuals in the subsystem, and Fd denotes a fitness change caused by an individual of
X to itself (Wilson 1975). In this notation, the condition b > c becomes Fd > 0, where
the absence of Fr means that the influence made by every individual of X on the other
individuals in a subsystem, on average, neither increases nor decreases the fitness of X
relative to that of Y .
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σx2 and γxy are external to the model and are, thus, disconnected from the
population dynamics of replicators. However, the distribution of xi and yi
are exactly what the population dynamics of replicators are all about.
1.6.2

Complex Relation between Diffusion and Evolution

The discussion in the previous section suggests that the model of multilevel
selection should take into account how a higher level population structure
and its dynamics arise from the population dynamics of replicators. The consequence of such consideration has already been exemplified in Section 1.4.2
and 1.4.3, where spatial pattern formation played an important role (see
McCaskill et al. 2001, for another approach; however, cf. Chapter 4). In the
following, we consider a model of implicit multilevel selection that provides
a more direct insight into the problem discussed above.
To introduce the model, let us first explain the notion of strand displacement. A crucial issue for RNA replicators is how to deal with the
double-stranded RNA (Bartel 1998). The RNA-based replication, due to its
complementarity, turns templates into a double-stranded form. For replication to continue, either a double-strand must be separated into single-strands
or the replicase must be able to replicate double-strands. One possibility to
replicate a double-strand is to displace a preexisting strand by a newly synthesized strand—this is called strand displacement (Bartel 1998). Notice
that a double-strand offers two alternative templates for replication. Let us
now suppose that one of the two strands, say plus strand, can act as replicase
when single-stranded. Then, we can pose a question: Do replicators evolve
strand preference so as to increase the production of replicases (Chapter 6)?
To answer this question, we set up the following reaction scheme:
kSP

Pj + Pi −→ Pj + Di or Pi + Dj ,
kSM

Pj + Mi −→ Pj + Di ,
kiDP

(1.22)

Pj + Di + θ −→ Pj + Di + Mi ,
kDM

i
Pj + Di + θ −→
Pj + Di + Pi ,

where P, M and D represent a single-stranded plus strand, single-stranded
minus strand and double-strand respectively; the subscripts denote a replicator of different strains; θ again represents the general resource for replication
and limits the maximum size of the population. For simplicity, we assume
that (1) the replicase equally recognizes the two strands when they are singlestranded—i.e. k SP = k SM —and that (2) the replicases do not discriminate the
templates from different strains—i.e. j is arbitrary in Pj above (Chapter 6,
for the analysis of assumption 1 and 2)—and that (3) the value of k DP and
k DM depend only on templates. Moreover, we further constrain the system
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Figure 1.18: Complex relationship between evolution on diffusion. The population mean of r (r̄ ) is plotted as a function of the diffusion rate for various decay rates
(d). Error bars show the deviation of r within a population. Both r̄ and its deviation
were averaged over time after the system reached equilibrium. The parameters not
designated in the graph were as follows: kSP = kSM = kDP + kDM = 1; d = 0.01.

by assuming that kiDP + kiDM = 1. Then, there is only one parameter that
can change through evolution, i.e. kiDM /(kjDP + kjDM ). This ratio is hereafter
denoted by r.
From assumption 1, 2 and 3, it follows that there is no selection acting
on the value of r—i.e. it is a neutral character—under well-mixed conditions
(see Chapter 6, for a mathematical illustration). However, if the system is
spatially extended and if the diffusion is finite, this conclusion would not
hold as can be seen from the following argument. The locality of replication
and the finiteness of diffusion build up a positive correlation between the
spatial distributions of replicators of the same descent. This would correspond to σx2 > γxy in Eq. 1.21. This type of structure in a population makes
it advantageous to produce replicase strands rather than template strands
because replicases are more likely to replicate its own “genome” (double
strands) than that of other strains. Therefore, replicators would evolve a
bias towards the production of replicase strands (i.e. r > 1/2).
However, the above expectation turns out to be incorrect (or half correct,
to be precise). The stochastic CA model displays a surprisingly complex
behavior of the evolved value of r as a function of the diffusion rate as shown
in Fig. 1.18. To understand this result, we first consider if there is anything
that can make it advantageous to produce more template strands (given that
the system can evolve r < 1/2). Intuitively, this must come from the first
two lines of Reaction 1.22. On the one hand, the first line says that either of
the two replicases converts the other into a double-strand, diminishing the
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catalytic activity of the latter. On the other hand, the second line says that
if the interactions are between a single-stranded plus strand and a singlestranded minus strand, it is always the minus strand that is converted into
a double-strand. Hence, there is actually a selective advantage in producing
more minus strands.
Moreover, the advantage of producing minus strands becomes strongest
when the diffusion is slowest, and vice versa. To see this, we next construct
the following caricature “model” describing the dynamics of the full model
at the smallest scale. Let us suppose that a pair of replicators are interacting
only with each other. We then consider two kinds of pairs: Pi and Pj , and
Mi and Pj . If the diffusion is sufficiently slow, the two replicators interact so
long that either one or the other must be turned into a double-strand before
they diffuse away. The probability that Di is produced is 0.5 in the first
pair whereas it is 1 in the second pair. If the diffusion is sufficiently fast,
there is little chance that a double-strand is produced before the replicators
diffuse away. However, if a double-strand is produced, the probabilities that
the product is Di are identical between the first and second pair because the
replication rates are identical in both cases (assumption 1).
To summarize, the finiteness of diffusion gives rise to a selective advantage
both in producing plus strands and in producing minus strands. The former
is due to the building up of a spatial correlation whereas the latter is due to
the persistency of local interactions. Moreover, both of these two opposing
advantages diminish as the diffusion rate increases. Therefore, the outcome of
evolution (i.e. the evolved value of r) is determined by the relative sensitivity
of these advantages to the diffusion rate.
On the one hand, the advantage of producing plus strands is directly related to the average distance traveled by a replicatorpin its life time (root
mean square displacement), which is proportional to D/d where D is the
diffusion rate, and d is the decay rate (see Chapter 6, esp. Fig. 7). On the
other hand, the advantage of producing minus strands is related to the timescale of interactions relative to that of diffusion, where the decay rate plays a
minor role (see Chapter 6, for a mathematical illustration). Due to this difference in their dependency on the decay rate, these two advantages diminish
at different diffusion rates. This can explain the complexity of r shown in
Fig. 1.18 (see Chapter 6, for more details).
To conclude, the persistency of local interactions can turn what was
thought to be a neutral character of individuals (i.e. r) altruistic or egoistic at the microscopic scale (i.e. a pair of replicators). Since how persistent
the local interactions are depends on the timescale of diffusion, what is altruistic or egoistic is correlated with the mesoscopic structure of a population,
which depends on the timescale of diffusion and the lifetime of individuals.
Consequently, the outcome of evolution becomes a complex function of the
timescale of interactions, that of diffusion and that of decay.
The above conclusion can be rephrased in the terminology of the classical
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theory of group selection (Eq. 1.21). What is costly or beneficial at the
microscopic scale (i.e. b and c) is not a fixed, innate property of individuals; it
depends on the dynamics of interactions at the microscopic scale. Moreover,
σx2 and γxy are not fixed, external conditions of the system; they are given
by the dynamic, mesoscopic state of the system. Finally, these two are
inseparable from each other because they are related though the timescale of
diffusion.
Finally, let us place the model of strand displacement in perspective. We
have introduced into the model many assumptions that constrain the degree
of freedom available to evolution. On the one hand, it is remarkable that evolution could still display such a complex behavior despite those constraints.
But, on the other hand, we might as well think that those constraints actually made what was left to evolution (i.e. r) “sensitive” enough to render
the complex interplay between the adaptive forces observable on it. Such a
consideration naturally prompts us to question the structural stability of the
model. For instance, if we remove one of the constraints by allowing k SP and
k SM to evolve, it turns out that the model displays “speciation” of replicators
into a plus strand producer and minus strand producer (Chapter 6, Fig. 9).
This can be considered as another manifestation of the same principle discussed above. However, if we add complex formation into the model, it turns
out that the complexity in the behavior of evolved r disappears due to the
overwhelming cost of producing plus strands (Chapter 6, Fig. 10). Given
this result, we might wonder what the point of this model (without complex
formation) is in relation to reality. This is unclear to us.
However, the discussion in the previous paragraph should not blind us
to the important insight obtained from the current model: Multilevel selection can give rise to an unexpectedly complex behavior of evolution if it is
manifested as multilevel dynamical processes (rather than the multilevel decoupling of a system as in the classical group-selection theory). This point
will be further extended in the next section.
1.6.3

Compartmentalization and Multilevel Evolution

Spatial self-organization is not the only way to stabilize the replicator system against parasites. The problem of parasites can also be circumvented
by compartmentalization (Niesert et al. 1981; Szathmáry and Demeter 1987;
Silvestre and Fontanari 2008; Chapter 7). The compartmentalization here
means not only that replicators are placed in compartments, but also the
multiplication and decay of the compartments are coupled to the dynamics of replicators within the compartments. Such a compartment may be
considered as a primordial cell or, simply, “protocell”.
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Problem of Parasites
The mechanism by which compartmentalization circumvents the problem of
parasites is quite simple (at least theoretically). To see this, let us consider
the compartmentalization of the RP-system of Reaction 1.20 with two extra
assumptions (Chapter 7). Firstly, parasites being in the folded state enable
the growth of compartment boundaries, e.g., by catalyzing the synthesis of
vesicle components. Secondly, compartments split in two daughter compartments when its volume exceeds a certain threshold.
Compartmentalization can be simulated by the so-called Cellular Potts
Model (CPM) (Graner and Glazier 1992; Anderson et al. 2007, pp. 77–167).
The CPM is a two-scale stochastic CA, in that it explicitly defines a mesoscopic entity, compartment, as a set of grid squares having an identical
state. At microscopic scale the CPM algorithm tends to minimize the contact between different compartments, whereas at mesoscopic scale it tends
to keep the volume of a compartment (i.e. the number of the squares constituting a compartment) at some target volume denoted by V . The CPM is
implemented in a CA of N × N squares and is superimposed onto another
N ×N CA that simulates the dynamics of replicators (Hogeweg and Takeuchi
2003; Chapter 7). Then, the dynamics of the two CA planes are coupled as
follows. Firstly, replicators in the replicator CA plane are forbidden to permeate though the compartment boundaries in the CPM plane. Secondly, the
dynamics of V (target volume) of each compartment are governed by the
increase due to the catalysis provided by the internal parasites and by the
decrease due to spontaneous decay (this could be expressed as V̇ = lP −dV V ).
It is worth noting that V plays a crucial role for the competition among compartments because the greater V is, the greater chance a compartment has to
expand its actual volume and grow. Thirdly, a compartment divides when its
actual volume exceeds a threshold vT . A compartment is divided along the
line perpendicular to the main axis. The internal replicators are inherited by
the two daughter compartments according to the location of replicators. V is
also distributed between the two in proportion to their volume after division.
Finally, we mention that the death of compartments is not simulated as an
explicit process as it happens implicitly from the dynamics already specified.
(See Chapter 7 supporting information, for the implementation).
Note that we have here explicitly assumed the existence of mesoscopic
entities (compartments) and their ability of multiplication. This contrasts
with the spatially extended RP-system considered in Section 1.4.3, where
mesoscopic entities (traveling waves) emerge through the dynamics of replicators by themselves. Despite this difference, we will see that many of
the insights obtained from the spatially extended RP-system apply to the
compartmentalized RP-system as well.
For simplicity, let us first consider the evolution of kP in the compartmentalized RP-system, keeping all the other parameters constant. Fig. 1.19
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Figure 1.19: Evolution dynamics within and among compartments. The dynamics of kP averaged over all parasites in a compartment were followed for each
compartment in the system. l was fixed to 0.5. Gray lines indicate kP of all compartment lineages. For visibility, the dynamics of kP are not shown between the last
division and the moment of a compartment’s death. The gray dots indicate this by
designating the moment of such last division events. The colored squares indicate all
compartments that were alive at the designated time. The colored lines indicate the
ancestral linage of the compartments indicated by the squares (ancestor trace). The
parameters were as follows: the diffusion rate is 1; kR = 0.6; κ = 1; d = 0.02; vT = 1000
(with this value of vT , the number of internal replicators is about 200 in total on
average).

shows the evolutionary trajectory (average kP ) of the internal replicator system of every compartment in the system. As can be seen from the figure (gray
lines), the evolution of replicators within a compartment tends to increase
kP . This is because selection operating on the level of individual replicators
(i.e. microscopic level) favors the evolution of stronger parasitism (i.e. greater
kP ). Hence, a compartment experiences a sort of “aging” in the form of the
evolution of stronger parasites in its internal replicator system. Note that we
obtained a similar result for traveling waves (Section 1.4.3).
However, as Fig. 1.19 shows, the compartments that have greater kP values cannot successfully leave offspring, so that all compartments existing at
some time are the descendants of those that had a small value of kP in the
past (colored lines). This indicates that a compartment containing too strong
parasites has shorter longevity and/or lower fecundity (we will come back to
this point later).
Moreover, the evolutionary dynamics of internal replicator systems are
highly stochastic (Fig. 1.19), which is due to the finiteness of the replicator
population and the disturbance from the compartment division (Szathmáry
and Demeter 1987). This stochasticity generates variation in the extent
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of parasitism (kP ) among compartments. This variation is acted upon by
the compartment-level selection, which disfavors the evolution of too strong
parasites. Hence, the evolution at the level of compartments counteracts the
evolution at the level of internal replicators. Thereby, the stability of the replicator system as a whole is obtained. This is known as “stochastic corrector”
mechanism23 (Szathmáry and Demeter 1987). Note that this mechanism is
essentially the same as we saw in the spatially extended RP-system (Section 1.4.3).
Emergence of a Novel Evolution Trend
Previously, we saw that spatial self-organization gave rise to a novel evolutionary trend in the spatially extended RP-system (Section 1.4.3). Given
the similarity between the two systems seen above, we may wonder whether
compartmentalization can also give rise to such a trend. To examine this,
we now also allow l to evolve. The result of simulations shows that the compartmentalized RP-system displays essentially the same evolutionary trend
as the spatially extended RP-system—i.e., both kP and l increase along a
similar trade-off curve—as shown in Fig. 1.12 (dotted line). However, this
should not surprise us since we have explicitly assumed that the folded state
of the parasite has the functionality to promote the growth of compartments
(the trend is not novel). By removing this functionality, we can easily check
whether this is indeed the cause of the observed evolutionary trend. Hence,
we now make the following modification to the model: V (target volume)
takes a constant value greater than vT if a compartment contains at least
one individual of the parasite (V = 1.1vT , to be precise); otherwise, V = 0.
This means that the compartment-level selection now operates solely on the
stability of the coexistence between the replicase and parasite in internal
replicator systems, which determines the longevity of compartments (not
fecundity because V is fixed). Note that this modification makes the current
system closer to the spatially extended RP-system because the folded state
of parasites has no predefined functionality in both systems.
The modified compartment system displays an interesting result. Firstly,
the evolutionary trajectory largely overlaps with that of the original compartment system (not shown; see Chapter 7, Fig. 3). This indicates that if
the growth of the target volume (i.e. l) is sufficiently great, the compartmentlevel selection that determines the location of the trade-off curve is solely due
to the selection for the stability of the coexistence between the replicase and
parasite in internal replicator systems. This has an important implication
to the discussion we previously made: a compartment containing too strong
parasites always suffers from shorter longevity (note that the fecundity de23
In the original stochastic corrector model (Szathmáry and Demeter 1987), the parameters of replicators were not allowed to evolve. However, the stochastic corrector mechanism itself does not depend on this point.
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pends on the assumptions on dV and vT ). Given the process of “aging”
mentioned before, we can conclude that a single compartment, which is an
externally imposed mesoscopic entity, is innately unstable due to the evolution of the internal replicator system. This is in sharp contrast with the
case of a traveling wave, which is a mesoscopic entity arising from spatial
self-organization.
Secondly, in the modified compartment system, an evolutionary trend still
does appear along the same trade-off curve; however, its direction depends on
the mutation rate of kP and l (i.e. the frequency at which they are perturbed
upon replication). Namely, when the mutation rate is sufficiently small,
kP and l increase, whereas when it is sufficiently great, kP and l decrease
(not shown; see Chapter 7, Fig. 6). This result indicates two points. The
evolutionary trend seen in the original system was indeed caused by the
selection for the functionality of the folded state (the original system always
displays the increase of kP and l as long as the mutation rate is not too large
to destroy the macroscopic stability). Moreover, the compartmentalization
by itself gives rise to a novel selection pressure, the direction of which is a
function of the mutation rate.
To understand the last result, let us consider the timescale of the evolution of replicator systems within compartments. It is easy to see that slowing down the replicator-level evolution slows down the evolution of stronger
parasites in each compartment. For instance, this can be achieved by decreasing the mutation rate of kP and l. Now, if the replicator-level evolution
is sufficiently slow relative to the compartment-level evolution, the latter can
counteract the evolution of stronger parasites so well that the internal replicator systems can remain in the state in which the coexistence between the
replicase and parasite is deterministically stable (i.e. the internal replicator
dynamics deterministically display the coexistence). In this case, there is a
selective advantage on the level of compartments to decrease the stochasticity
of the internal replicator dynamics because the stochasticity can potentially
destroy the coexistence (which leads to the death of the compartments).
However, if the replicator-level evolution is sufficiently fast relative to the
compartment-level evolution, the latter cannot counteract the evolution of
stronger parasites very well, so that the coexistence in the internal replicator
systems is deterministically unstable (i.e. the internal replicator dynamics
deterministically exhibit extinction). In this case, it is advantageous on the
level of compartments to increase the stochasticity of the internal replicator
dynamics because the stochasticity can disturb the deterministic extinction,
thereby increasing the longevity of the compartments.
Given the above argument, if the stochasticity of the internal replicator
dynamics can be modulated by kP and l, the observed evolutionary trend
can be explained as the adaptation of the compartments to increase their
longevity. This turns out to be indeed the case. As shown in Fig. 1.20, if
the coexistence is deterministically unstable (∆l < 0), decreasing kP and l
64

1.6. Replicators with Compartmentalization

Figure 1.20: Phenotype of compartments as the result of internal replicator
dynamics. The death rate of compartments is plotted as a function of l for various
values of kP . The abscissa ∆l is defined as l − lH . If ∆l < 0, the coexistence of the
replicase and parasite is deterministically stable under well-mixed conditions (this can
be obtained from a ODE model). If ∆l > 0, it is unstable. Note that lH is a increasing
function of kP . The inset is a magnified part of the main graph.

increase the longevity of compartments; and vice versa. (See Chapter 7, for
how exactly kP and l modulates the stochasticity).
To summarize, changes in the character of parasites along the trade-off
curve can modulate the stochasticity of the replicator dynamics. This, in
turn, can change the longevity (i.e. “phenotype”) of a compartment depending on the deterministic stability of the coexistence between the replicase and
parasite in the internal replicator system. Hence, although these changes do
not confer any selective advantage to the parasites as far as the replicator
dynamics on the microscopic level are concerned, they can still evolve due to
the selection at the level of compartments.
The above conclusion is essentially the same as we obtained from the
spatially extended RP-system (Section 1.4.3, p. 46). This and the other similarities mentioned before indicate a strong parallelism between the explicit
and implicit multilevel selection. However, there is one difference worth noting, namely a shift in the focus of selection. A compartment is an externally
imposed mesoscopic entity whereas a traveling wave is an internally generated mesoscopic pattern. Hence, the former is inherently unstable, whereas
the latter is relatively more stable (otherwise, it would not self-organize).
Correspondingly, the compartment-level selection, by default, tends to increase the “longevity” (stability) of compartments whereas the wave-level
selection tends to increase the “fecundity” (generation) of traveling waves.
Finally, let us relate the above result to the notion of quasi-species. In
the compartmentalized RP-system, the direction of the novel evolutionary
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trend depends on the mutation rate of kP and l. This is essentially the
same as the survival of a non-fittest discussed in Section 1.2.2. To see this,
let us consider the average value of kP and l within a compartment as the
“genotype” of the compartment. If the mutation rate is sufficiently low, the
size of a relevant genotype neighborhood is so small that the fittest genotype
evolves—i.e. the combination of kP and l that minimizes the decay rate. This
results in the increase of kP and l (Fig. 1.20, triangles). If the mutation rate
is sufficiently high, the size of a relevant genotype neighborhood is so large
that the genotype neighborhood becomes fittest when the decay curve of
Fig. 1.20 is flattest (squares). This dependency of the outcome of evolution
on the local structure of the fitness landscape is the essence of the notion of
the quasi-species.
Genotype of Compartments
There is an interesting difference between the protocell as conceived in the
current discussion (i.e. compartment) and the modern cell. The difference
lies in the concept of “genotype”, which we usually conceive as the almost
constant, heritable state of an individual. This is natural for the modern
cell because the genome of a cell does not change much during its generation time. However, this is clearly not the case for the protocell because
the internal replicator system, which can be considered as the genome of a
protocell, greatly changes its state through evolution over time comparable
to the lifetime of the protocell (compare Fig. 1.19 and 1.20). That is, the
protocell is a multilevel evolutionary system (as is also the case for the traveling wave). This naturally raises a question: the origin of modern genotype
in the RNA-like replicator systems. One possibility might be to conceive
the evolution of entities solely dedicated to the storage of information (i.e.
DNA). The research is under way in this direction (see also Hogeweg 1994a;
Hogeweg 1994b; Kaneko and Yomo 2002).
Conclusion
The compartmentalized RP-system exemplified many of the insights obtained
from the spatially extended RP-system. However, we also saw an interesting
difference in the stability of a mesoscopic entity and the resulting shift in the
focus of selection at the level of mesoscopic entities. Moreover, the compartmentalized RP-system exemplified the notion of the quasi-species, despite its
being quite remote from the simple non-interacting replicator system, where
the notion was originally obtained. Finally, we discussed an interesting difference between the protocell as conceived in this section and the modern
cell. Namely, the protocell lacks a component solely dedicated to the storage
of information.
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1.6.4

Information-Threshold Revisited

In this short addendum, we reconsider the maintenance of information in
the light of multilevel selection. For this sake, we return to the replicators
without interactions. We shall simply list three conclusions below.
Finite Population
The finiteness of a population decreases the amount of information that
can be maintained by evolution (Nowak and Schuster 1989; Campos and
Fontanari 1999; van Nimwegen et al. 1999b). This can be seen from the
fact that the population size of the fittest sequence becomes vanishingly
small close to the error-threshold as shown in Fig. 1.2 (see also Chapter 3,
Fig. 3.4B). This is known as Muller’s ratchet in population genetics (e.g. see
Maynard Smith 1983).
Finite Diffusion
Moreover, the finiteness of diffusion also decreases the maintainable amount
of information (Altmeyer and McCaskill 2001). The finiteness of diffusion
and spatial extension effectively subdivide a system into partially overlapping subsystems that are more or less independent of one another (cf. Section 1.6.1). This means that the population size of replicators is effectively
reduced, and the less fit genotypes (mutants) are effectively shielded from
the competition with the fitter genotype.
Compartmentalization
It is natural to assume that the compartments that contain faster replicating
replicators would also multiply faster. If this is the case, selection on the
level of compartments operates in the same direction as that on the level of
internal replicators (this is in contrast to the case of interacting replicators).
Hence, the compartment-level selection, in principle, seems to be able to
increase the maintainable amount of information. However, this turns out to
be not the case for the following reasons (Hogeweg and Takeuchi 2003).
Firstly, there is a dilemma. On the one hand, the number of replicators within each compartment is required to be sufficiently small to generate
enough variations among compartments, on which the compartment-level selection operates. On the other hand, decreasing the number of replicators
enhances the effect of stochasticity in the internal replicator dynamics, which
is detrimental to the information maintenance as we saw above.
Secondly, the compartment-level selection does not come for free. A system of non-interacting replicators is evolutionarily stable under well-mixed
conditions (no problem of parasites). This means that a compartment containing non-interacting replicators is stable in itself (this is another difference
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from interacting replicator systems). Therefore, there must be some external
factor that sufficiently increases the mortality rate of compartments in order
to make the compartment-level selection effective (if there is no motarity,
there is no population turnover, i.e. no selection). However, the externally
introduced mortality should not, of course, be too high relative to the growth
of internal replicators. Therefore, the effective compartment-level selection
requires a fine tuning between the timescale of internal replicator dynamics
and that of compartment dynamics (see Hogeweg and Takeuchi 2003, for a
further explanation; see Silvestre and Fontanari 2005, for a closely related
study).
Finally, the previous argument about the finiteness of diffusion precisely
applies to the population of compartments too.

1.7

Discussion and Prospect

Let us now put what we have discussed in perspective. In Section 1.2.2 we
took the simplest set-up for Darwinian evolution; namely, the number of
progeny was a heritable character of an individual. We then encountered
the problem of information maintenance. In Section 1.4.1 we abandoned
this simplistic view and instead assumed that the number of progeny was
determined by the interactions between individuals. We then encountered
the problem of parasites. From there on, we considered evolution operating
on entities with complex internal structure made of multiple organizational
levels (such as genotype-phenotype-interaction map, spiral/traveling waves
and compartments). The consequence of this was an array of unexpected
adaptations generated by evolution.
In the model of the spatially extended RP-system (one replicase one parasite system) discussed in Section 1.4.3, there were only two parameters subject to evolution (kP and l). Despite this strong constraint imposed upon the
system, evolution still generated a novel adaptation, which turned out to increase the fecundity of traveling waves. Although we were able to explain this
by considering the replicator dynamics at multiple levels, we would not be
able to notice a possibility of such an adaptation until evolution demonstrated
it. Interestingly, a similar story holds for the model of strand-displacement
discussed in Section 1.6.2. In that model, only one parameter, namely, the
strand bias (r) was subject to evolution. Nevertheless, evolution produced
various levels of strand bias as a complex function of the diffusion rate. This
complexity was due to the sensitivity of evolution finding the balance between
the two opposing adaptive factors in the strand bias. Although we were able
to identify and analyze those two factors, we would not be able to notice
the possibility of such an adaptation until evolution demonstrated it. For
the model of the compartmentalized RP-system (Section 1.6.3), the story is
again the same except that the adaptation produced by evolution was even
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more complicated because it involved the notion of the quasi-species.
There are four points common in the above three studies. First of all, the
degree of freedom available to evolution was extremely small. Despite the
previous point, we were unable to foresee the outcome of evolution. However,
once the model produced a evolutionary trend, it was trivial for us to observe
it because it was manifested in just a few numerical parameters (the small
degree of freedom). Nevertheless, the adaptive factors that explained such an
evolutionary trend was quite complex. In other words, evolution generated
something simple in a rather complex manner: “the complex evolution of
simplicity”.
However, we saw a contrasting story in the model of replicators with a
genotype-phenotype-interaction map (Section 1.5). That model had a far
greater degree of freedom available to evolution. Moreover, due to the absence of predefined observables and the lack of search images, it was far from
trivial to observe the outcome of evolution. However, once we recognized the
patterns generated by evolution, they were obviously adaptive in hindsight;
and we could easily understand the course of events through which they
were generated as a sequence of simple adaptive innovations. This very simplicity implies the importance and relevance of the general results—they are
so simple that it is hard to imagine the nature would “miss” it. Yet, despite
its simplicity, the results were totally unforeseeable, let alone the complex
patterns generated by evolution in the sequence and structure of replicators.
In other words, evolution generated something complex in a rather simple
manner: “the simple evolution of complexity”.
These two contrasting stories can be summarized as follows. We conceive
evolution as a “sensitive” and “inventive” generator of adaptations. In the
models where evolution operates on the multiple levels of organization, it
is nearly impossible to foresee what adaptations evolution can generate irrespective of the degree of freedom available to it. However, depending on
the degree of freedom, evolution generates different kinds of adaptations. If
the degree of freedom is small, evolution sensitively detects adaptive features
despite the strong constraints and generates them, which, to us, are easily
recognizable due to the small degree of freedom, but intricate or subtle in
their adaptive effect. If the degree of freedom is large, evolution inventively generates the best adaptations—also with respect to attainability and
maintainability—from vast possibilities, which, to us, are far from trivial to
recognize due to the lack of search images, but which are, in hindsight, obviously adaptive and hence important (here, subtle adaptations might be like
stars in daylight).
Now, we should not take the above statement as a strict proposition.
Rather, its use lies in putting our discussion in perspective and letting us
realize that there might possibly be a great deal of complexities that evolution
can simply generate, and which we can only realize with the help of models that incorporate both a large degree of freedom and complex biological
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structure (or constraint).
Finally, we shall end our overview with a future question. We discussed
the evolution of RNA-like replicator systems from a view point of bioinformatics. Namely, we considered the maintenance of information (Section 1.2.3
and 1.4.1), the acquisition of information (Section 1.3.1), the generation of information (Section 1.5) and the storage of information (Section 1.6.3). Given
these developments, an interesting next step is to consider the processing of
information: Can RNA-like replicator systems evolve information processing,
e.g. in the form of the regulation of metabolism? To see the point of this question, let us enlarge the scope of our discussion. According to Bateson (1972),
information is “a difference which makes a difference”. As we saw in Section 1.5, the functionality of a sequence pattern depends on the context (i.e.
organization) in which the sequence is placed. Therefore, in the terminology
of Bateson, a difference in context can make a difference in what difference
a difference makes. But, on the other hand, the ontogeny of the context (organization) also depends on certain sequence patterns. Hence, a difference
can make a difference in context, which makes a difference in what difference
a difference makes. Therefore, there is not much point in deciding which
makes the difference: differences unfold themselves, so to speak (the positive feedback between the evolution of information and that of organization).
This arbitrariness of information (i.e. context dependency) and, thereby, its
“bootstrappability” are what is emphasized by the notion of gratuity (Monod
1971, pp. 77-79): in the words of Maynard Smith (2000), “molecular signals
in biology are symbolic”. This symbolicalness is the essence of information
processing (as conceived here), the whole raison d’être of which is the adaptability (Simon 1996, p. 22), excitability, regulation, signal transduction and
so forth, which we consider the hallmark of biological processes (e.g. Hogeweg
1994a). In this sense, life makes a difference. And, therefore, there is a point
in investigating the origin of information processing.

70

Chapter
Phenotypic Error Threshold;
Additivity and Epistasis in RNA Evolution

Takeuchi, N., Poorthuis, P. H. and Hogeweg, P. (2005)
BMC Evolutionary Biology, 5:9.

71

2

2. Phenotypic Error-Threshold; Additivity and Epistatis in RNA

Abstract
Background: The error threshold puts a limit on the amount of information
maintainable in Darwinian evolution. The error threshold was first formulated in
terms of genotypes. However, if a genotype-phenotype map involves redundancy
(“mutational neutrality”), the error threshold should be formulated in terms of
phenotypes since there is no unique fittest genotype. A previous study formulated
the error threshold in terms of phenotypes, and its results showed that a rather
low degree of mutational neutrality can increase the error threshold unlimitedly.
Results: We obtain an analytical formulation of the phenotypic error threshold
by considering the “additive assumption”, in which base substitutions do not
influence each other (no epistasis). Our formulation shows that an increase of
the error threshold due to mutational neutrality is limited. Computer simulations
of RNA evolution are conducted to verify our formulation, and the results show
a good agreement between the analytical prediction and the simulations. The
comparison with the previous formulation illustrates that it is important for the
prediction of the error threshold to consider that the number of base substitutions
per replication is rather large near the error threshold. To examine the additive
assumption, a detailed analysis of additivity and epistasis in the RNA folding of a
particular sequence is performed. The results show a high degree of epistasis in
RNA folding; furthermore, the analysis also elucidates the reason of the success
of the additive assumption.
Conclusions: We conclude that an increase of the error threshold by mutational neutrality is limited, and that the additive assumption achieves a good
prediction of the error threshold in spite of a high degree of epistasis in RNA
folding because the average number of base substitutions of sequences retaining
the phenotype per replication is sufficiently small to avoid the effect of epistasis.

2.1

Background

The error threshold is a limit on the permissible mutation rate for which
“survival of the fittest” holds in Darwinian evolution (Eigen 1971). The error
threshold can be seen as a limit on the amount of information maintainable
in evolutionary systems (information threshold) since an increase in sequence
length results in an increase in error rate. The information threshold leads
to a paradox in prebiotic evolution (Maynard Smith and Szathmáry 1997,
pp. 41-58). Suppose that to increase the maintainable amount of information, an evolving system must acquire a more complex molecular mechanism
to reduce the mutation rate. However, to have such a complex molecular
mechanism the system must maintain a longer sequence in the first place.
Thus, the system will encounter a barrier in the evolution of complexity (cf.
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van Nimwegen and Crutchfield 2000a).
The error threshold was first formulated in terms of genotypes. However
if some changes in genotype do not alter the phenotype or the fitness (mutational neutrality), there is no unique genotype which can be stably maintained. Instead, the survival of a phenotype should be considered, and thus
the error threshold should be formulated in terms of phenotypes (Huynen
et al. 1996).
In this chapter, we first formulate the phenotypic error threshold analytically by employing the additive assumption, in which base substitutions do
not influence each other. Under the additive assumption, we obtain the probability that a replication does not alter the phenotype (neutral replication)
as a function of the number of base substitutions and the fraction of “neutral
substitutions”. Our results show a qualitative difference from the previous
formulation (Reidys et al. 2001). Second, we analyze epistasis in RNA folding
of a particular RNA sequence to examine the additive assumption.

2.2
2.2.1

Results and Discussion
Phenotypic Error Threshold

Analytical Formulation
The quasispecies equation describes (prebiotic) replicator dynamics in wellmixed systems (Eigen 1971). We transform the equation in two ways: (1)
describing the abundance of phenotypes instead of that of genotypes by denoting the population of genotypes which share the same phenotype by one
variable (see Reidys et al. 2001, for mathematical details); (2) distinguishing
only two classes of phenotypes, the focal phenotype (denoted by x) and the
others called mutants (denoted by y). The population size is assumed to
be large enough to express the abundance of the phenotypes by normalized
concentration. The population dynamics of the phenotypes is described as
dx/dt = σQx + σΛ(1 − Q)x − Dx − Φx,
dy/dt = y + σ(1 − Λ)(1 − Q)x − Dy − Φy

(2.1)

where σ (> 1) is the replication rate of x (that of y is normalized to 1); Q
is the replication accuracy of x. Λ is the fraction of neutral mutants of x.
D is the degradation rate (or the death rate) assumed to be uniform over
the phenotypes. Φ = (σ − D)x + (1 − D)y is the excess production (or the
mean fitness). The term −Φx and −Φy induce a selection pressure. We
neglect back mutation from y to x (this simplification will be discussed in
the next section). From Eq. 2.1, we obtain the survival condition of x as
Q + Λ(1 − Q) > σ −1 , for which the stationary value of x is larger than zero.
From this inequality, we will deduce the phenotypic error threshold, i.e., the
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maximum error rate of replication for which x can be stably maintained in
the system.
We distinguish two classes of single base substitutions1 : neutral and deleterious substitutions. The class of a substitution is determined by the effect
of the substitution on the phenotype when there are no other substitutions in
the genotype: A substitution which retains the phenotype is a neutral substitution; otherwise, it is a deleterious substitution. A beneficial substitution
is not considered since the focus of the study is on the maintenance of x.
To calculate the effective replication accuracy Qe = Q + Λ(1 − Q), we
assume that a mutant is neutral iff there is no deleterious substitution: The
effect of a substitution on the phenotype is independent of the other substitutions; i.e., no epistasis is assumed (the additive assumption). Let λ denote
the fraction of neutral substitutions in all possible single substitutions, and
let d denote the number of substitutions per replication. Then, the probability that d substitutions are all neutral substitutions (thus neutral replication)
is approximated by λd by assuming that the number of neutral substitutions
in d substitutions follows the binomial distribution (the binomial approximation). This approximation is valid if the probability of correct replication
per base (denoted by q) is sufficiently large so that d is small. Denoting the
sequence length of replicators by N , the effective replication accuracy (Qe )
is obtained as
Qe =

N  
X
N
d=0

d

q N −d (1 − q)d λd

= [q + (1 − q)λ]N ,

(2.2)

by assuming that q and λ are uniform among the genotypes in x, that q
is invariable over sequence positions, and that N is the same among the
populations2 .
The minimum q for which x can survive is derived fromQ+Λ(1−Q) > σ −1
and Eq. 2.2 as
qmin = (σ −1/N − λ)/(1 − λ).

(2.3)

The phenotypic error threshold is 1 − qmin . As seen from Fig. 2.1 (the solid
line), the increase in the error threshold is limited for almost all values of
λ. This is because if q decreases, the number of substitutions per replication
(d) increases; hence the probability of neutral replication (λd ) decreases (cf.
1
A replicator is thought of as a polymer in our study. We refer to a monomer as a
base, having RNA in mind. The formulation of the phenotypic error threshold itself is
independent of this terminology.
2
A similar formula was obtained by Wilke (2001) as Qe = (q + ν(1 − q))N , where ν is
a parameter to be tuned to match the formula to the observed value of Qe . Therefore ν
of Wilke (2001) implicitly involves both the additive effect and epistasis.
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Figure 2.1: Error threshold. The minimum permissible replication accuracy per
base (qmin ) is plotted against λ for three different ways of calculation. The solid line
is obtained from the additive assumption and the binomial approximation (Eq. 2.3).
The binomial approximation is threatened at a high error rate. To examine this, the
error threshold is calculated without the binomial approximation (but with the additive
assumption) in the extreme example, where the binomial approximation deviates most
(see the main text). Let Nδ be the sum of the sequence length of the parts where all
single mutations are deleterious. Then qmin is calculated as σ −1/Nδ . The dotted line
represents the so calculated error threshold in this extreme example. The x-axis for
the dotted line (i.e., λ) is calculated as (N − Nδ )/N. The dashed line is obtained from
the formulation of Reidys et al. (2001) (Eq. 2.5). In all cases, N = 100 and σ = 10
[the same value of N and σ as those used by Reidys et al. (2001) are chosen for a
comparison purpose].

Reidys et al. 2001; Eq. 2.5). At a large λ (= σ −1/N ), there is a singularity such
that qmin becomes zero. However, this singularity is not plausible in two ways:
(1) Such a large λ is not realistic (see below); (2) q at the singularity is so
small that the binomial approximation is threatened. We studied the validity
of the binomial approximation, and found that the inaccuracy in the binomial
approximation is largest if in some positions of the sequence all possible single
substitutions are neutral, but in the rest of the positions all possible single
substitutions are deleterious; i.e., the distributions of neutral and deleterious
substitutions over the sequence positions are completely separated. By taking
this extreme example, qmin is calculated with the additive assumption but
without the binomial approximation. As Fig. 2.1 (the dotted line) shows, for
a wide range of λ the binomial approximation is valid. qmin is underestimated
by the binomial approximation only around the singularity (λ > 0.8), and thus
the singularity is actually located at higher λ, which makes the singularity
even less plausible. We conclude that the increase in the error threshold due
to mutational neutrality is limited.
From Eq. 2.3, we obtain the information threshold, i.e., the maximum
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Figure 2.2: Information threshold. The solid lines represent the maximum maintainable sequence length (Nmax ) plotted against λ, where Nmax is calculated by using
Eq. 2.4 with σ = 2, 10 and 100 (as indicated within the figure) and q = 0.95. The
value of q was chosen to be plausible for ribozyme polymerization (Johnston et al.
2001). These solid lines show the dependence of Nmax on λ. On the other hand, the
dependence of λ on N (the length of sequence) is examined by calculating the average
λ in RNA folding for various values of N. The filled circles represent so obtained λ
values as a function of N. In obtaining λ, a neutral substitution is defined as a single
base substitution which does not alter the secondary structure of a focal sequence. For
each sequence length, a hundred randomly generated RNA sequences are examined.
In the RNA folding program (Hofacker et al. 1994), the default parameters are used
in the all occasions in the study.

permissible sequence length as
Nmax = ln(σ −1 )/ ln (q + (1 − q)λ) .

(2.4)

As Fig. 2.2 (the solid lines) shows, the increase in the information threshold is
limited for plausible values of λ. (Nmax reaches infinity only when λ increases
to one.) However, this result does not mean that a longer sequence in fact can
have a larger λ, and thus it can be maintained. We studied the relationship
between λ and the sequence length by utilizing RNA folding, which is a wellstudied prototype of genotype-phenotype map, where the genotype is the
primary structure of an RNA sequence and the phenotype is the minimum
free energy secondary structure of the RNA sequence. We utilized Vienna
RNA Package (Hofacker et al. 1994) to fold RNA (the default parameters
are used in the all occasions in the study). The average λ for different
sequence length was obtained through comparing the secondary structure
of randomly created RNA sequences with that of all possible mutants with
only one substitution. A substitution which retains the original secondary
structure is considered as neutral; otherwise, deleterious. As Fig. 2.2, (the
filled circles) shows, the average λ is a decreasing function of the sequence
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length. This relationship further limits an increase of information threshold
due to mutational neutrality.
Comparison between the Analytical Prediction and Computer
Simulations
We compare our analytical prediction with computer simulations. Our computer program simulates the evolution of RNA replicators in a well-mixed
flow reactor (see e.g. Fontana and Schuster 1987). In the simulations, each
RNA sequence replicates and/or is diluted (be taken out from the reactor)
with a certain probability in every time step. RNA folding is utilized again
as a genotype-phenotype map [computed with Vienna RNA Package
(Hofacker et al. 1994)]: The fitness of an RNA sequence depends on the
secondary structure (i.e., the phenotype) of the RNA sequence. The fittest
phenotype is set to the secondary structure of a yeast tRNAphe (the cloverleaf
structure, N = 76). RNA sequences which have the fittest phenotype replicate with the probability 0.01 per time step; all the other RNA sequences
(mutants) replicate with the probability 0.001 per time step (thus σ = 10).
The replication introduces mutations with a certain probability. Back mutations are not allowed to occur—the effect of back mutations is negligible if
the sequence length is large enough (Eigen et al. 1989) (this was confirmed
by the simulations which were the same as above except for allowing back
mutations [data not shown]). The dilution probability (Φ) is calculated as
the average probability of replication divided by the target population size.
The target population size is set to 10000. All the simulations start with
10000 yeast tRNAphe sequences. The degradation of sequences is ignored
(D = 0).
The results of the computer simulations showed that the “representative
λ” (defined in Section 2.4.1) of the fittest sequences increased from 0.307 to
ca. 0.40 for the examined values of the error rate (data not shown; such an
increase is also observed for the population average of λ). The value of the
representative λ fluctuates over time (st. dev. = 0.01 at 1 − q = 0.0475).
The equilibrium fraction of the fittest sequences of the computer simulations is compared to that of the analytical prediction over the different error
rate in Fig. 2.3. The analytical prediction is calculated under the additive assumption from Eq. 2.1 and Eq. 2.2 by using the time averaged representative
λ observed in the simulations after the evolution (λ = 0.4). As Fig. 2.3 shows,
the calculation (the thicker solid line without error bars) closely predicts the
result obtained from the computer simulations (the thinner solid line with
error bars). The predicted error threshold (0.05) is slightly higher than that
observed (between 0.045 and 0.048) probably due to the assumption of infinite population in Eq. 2.1 (see Nowak and Schuster 1989; van Nimwegen and
Crutchfield 2000a).
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Figure 2.3: Comparison of population structure between analytical predictions
and computer simulations. The fraction of the fittest phenotype population is
plotted against the error rate per base (1 − q). The thinner solid line with error
bars is obtained from computer simulations. The thicker solid line (without error bars)
is calculated with the additive assumption from Eq. 2.1 and Eq. 2.2 with σ = 10 and
N = 76 as in the simulations. λ is set to 0.4, which is the time averaged representative
λ value observed in the simulations after the population evolves (see Section 2.4.1,
for the definition of the representative λ). The dotted line is obtained from the
formulation of Reidys et al. (2001) with the same parameters as above. The dashed
line is calculated with the four λ approximation by using λ values reported by Reidys
et al. (2001) (λ = 0.2489 on average) and σ = 10 and N = 76 as in our simulations.

Comparison with a Previous Formulation
Reidys et al. (2001) derived the phenotypic error threshold as


1 − λσ
qmin =
(1 − λ)σ

1/N
(2.5)

from Qe = Q + λ(1 − Q). This equation shows an unlimited increase in the
error threshold for λ ≥ σ −1 (see the dashed line in Fig. 2.1 and the dotted
line in Fig. 2.3). However, Qe = Q + λ(1 − Q) is valid only if either (1) a
neutral set is uniformly distributed over the genotype space3 , or (2) q is so
large that most mutants have d = 1. The uniform distribution of neutral sets
in the genotype space is not applicable in RNA folding as shown later. The
latter possibility is discussed next.
Studies of replicator dynamics on a neutral network4 often consider a
very large value of q so that most mutants have d = 1 (e.g., van Nimwegen
3

A neutral set is a set of genotypes where all genotypes map to the same phenotype.
A neutral network is a neutral set, or its subset, where every genotype is connected
to at least one genotype of the set by one or two base substitutions.
4
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Figure 2.4: Number of substitutions per replication in mutants. The y axis is the number of base substitutions (d) per replication (or per neutral replication) at the error threshold. The thick solid line represents the average d per
neutral replication (i.e., the average d of the sequences which retain the master phenotype per replication): d = Np/(qmin + p) where p = λ(1 − qmin ) and
λ = (σ −1/N − qmin )/(1 − qminp
). The thin solid line represents the standard deviation of it, i.e., ±(qmin + p)Np (N − 1)/N + (qmin + p)/(Np) − 1. The dashed line
represents the average d per replication, which is N(1 − qmin ). N is 100 and σ is 10.
The lines are plotted against qmin (the lower x-axis), and the corresponding λ is shown
in the upper x-axis.

et al. 1999a). However, if the error rate (1−q) is close to the error threshold,
mutants can have on average d > 1 even if λ = 0, for which the error threshold
is at the lowest error rate (see the dashed line in Fig. 2.4). The average d
of the neutral sequences (i.e., the exact copies and the neutral mutants) per
replication (this will be later called the average d per neutral replication) is
lower than the average d per replication. However at the error threshold,
even the average d per neutral replication is larger than one for λ > 0.32
(see Fig. 2.4, the solid lines). The above consideration asserts that the error
threshold will be substantially overestimated if one considers only a single
mutation.
Reidys et al. (2001) obtained an extension of Eq. 2.5, the so called “four λ
approximation”. This extension divides a sequence in four sub-sequences in
order to take into account the fact that the fraction of neutral substitutions
varies over sequence positions. This extension still overestimates Qe , though
less so than Eq. 2.5 because the approximation now permits four substitutions
per replication as a side effect of the subdivision. Note that this extension
makes a fairly good prediction on the error threshold (see the dashed line
Fig. 2.3) because the use of a small non-evolved λ value coincidentally cancels
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out the overestimation.
In conclusion, it is crucial for the calculation of the error threshold to
consider that the number of substitutions per replication is large near the
error threshold.
2.2.2

Epistasis in RNA Folding

The rather impressive success of the additive assumption is counter-intuitive
in view of RNA folding, in which many interactions occur between bases. In
this section, we study a particular RNA sequence, namely the yeast tRNAphe
(which comprises the initial population of the previously described RNA
evolution simulations), in terms of additivity and epistasis. The objective
of this study is to understand how the additive assumption achieves a good
prediction in spite of a high degree of non-linearity in RNA folding (Huynen
et al. 1993; Wilke et al. 2003).
We compare the secondary structure of randomly sampled mutants to
that of the tRNAphe. Similar to the previous section, a mutant is neutral
if its secondary structure is the same as that of the tRNAphe; otherwise, it
is deleterious. To evaluate the deviation from the additive assumption, we
categorize mutants into four classes as shown in Table 2.1. Negative epistasis
refers to the case in which mutants that are predicted to be neutral under
the additive assumption turn out to be deleterious due to the interactions
between the base substitutions. Positive epistasis refers to the reverse case.
As Fig. 2.5 shows, the additive assumption underestimates the degree of
mutational neutrality. The same conclusion was drawn differently in the
study of Wilke et al. (2003), where the additive neutral mutant is defined
as a neutral mutant which lies in the same neutral network as that of the
original sequence. Our results show that positive epistasis occurs more frequently than negative epistasis in total. What actually happens is as follows.
If mutants with δ > 0 are only considered, positive epistasis occurs very rarely
compared to the additive deleterious case: No more than 0.5% of the mutants
are neutral at d = 5 if they carry at least one deleterious substitution. If
mutants with δ = 0 are only considered, negative epistasis is rather frequent
relative to the additive neutral case: As much as 35% of the mutants are
deleterious at d = 5 even if they carry only neutral substitutions. However,

δ=0
δ>0

mutants are
neutral
deleterious
additive neutral
negative epistasis
positive epistasis additive deleterious

Table 2.1: Definition of positive and negative epistasis. δ is the number of
deleterious base substitutions.
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Figure 2.5: Additivity and epistasis in RNA folding. The frequency of mutant
classes is plotted against the number of base substitutions (d). (a) Log. plot. The
patterns in the bars indicate the mutant classes: (from bottom) mesh, additive neutral; dots, positive epistasis; black, negative epistasis; stripes, additive deleterious (see
Table 2.1 for the definition). The data were generated by RNA folding by using Vienna RNA Package (Hofacker et al. 1994) with a S. cerevisiae tRNAphe sequence
as a reference sequence: GCGGAUUUACCUCAGUUGGGAGAGGGCCAGACUGAACAUCUGGAGGUCCGGCGCGCGAUACGCCGAAUUCGCACCA (each non-RNA is converted to RNA). We examined all possible
mutants at d = 1, 2 and the subsets of mutants for other d values (2 < d < 10, the
portion of examined mutants is respectively, 10, 1, 0.1, 0.01, 0.3×10−3 , 0.1×10−3 ,
0.4×10−5 %). These observations in RNA folding are compared with the following two
analytical predictions. The solid line is the probability of neutral replication estimated
under the additive assumption, i.e., λd (λ = 0.307). The dashed line is the probability
of neutral replication estimated with epistasis, i.e., λ̃(d) (see Section 2.4.2, “Probabilistic Approach”). (b) Linear plot. Symbols: • the frequency of the neutral mutants
(additive neutral and positive epistasis); ◦ the frequency of the deleterious mutants
(additive deleterious and negative epistasis).

replication with δ > 0 occurs far more frequently than replication with δ = 0:
As much as 99.7% of the replication contains at least one deleterious substitution at d = 5 and λ = 0.307. Therefore, the relative frequency of epistasis is
flipped around. Consequently, the additive assumption underestimates the
degree of mutational neutrality. (Note that in Fig. 2.3 the additive assumption predicts the fraction of the fittest sequences always slightly smaller than
that of the computer simulations.)
The effect of epistasis is already noticeable when d > 2 as seen in the
comparison between the probability of neutral replication under the additive
assumption (λd ) and that observed in RNA folding (see Fig. 2.6a). Since the
average d per replication is more than 3 close to the error threshold in our simulations, Fig. 2.6a may seem to suggest that the additive assumption would
substantially underestimate the effective replication accuracy (Qe ) near the
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Figure 2.6: Comparison between additivity and epistasis in RNA folding. (a)
The relative probability of neutral replication under the additive assumption (λd ) is
plotted against the number of base substitutions (d), where the probability of neutral
replication with epistasis (i.e. the fraction of neutral mutants observed in the yeast
tRNAphe folding) is set to 1 for each d as a reference. It can be seen that the effect
of epistasis on the probability of neutral replication becomes larger as the number of
substitution (d) increases. The same data as that of Fig. 2.5 are used. (b) The solid
line (the left y -axis) represents the relative effective replication accuracy (Qe ) under
the additive assumption plotted against the error rate (1 − q), where Qe calculated
with epistasis is set to 1 as reference (see Section 2.4.2, “Probabilistic Approach”, for
details). It can be seen that the effect of epistasis on Qe increases as the error rate
(1 − q) increases. The shape of the curve is in a similar manner as that of the curve
in Fig 2.6a. Although the x-axis of Fig 2.6b is different from that of Fig 2.6a, one can
relate the two graphs via the average d per neutral replication, with which the different
x-axes can be transformed to each other. The average d per neutral replication is
represented by the dashed line (the right y -axis plotted against 1 − q). Its value is
calculated under the additive assumption as d = Np/(q + p) where p = λ(1 − q),
λ = 0.4 and N = 76.

error threshold.
We calculated the effective replication accuracy (Qe ) including the effect
of epistasis in order to compare it with Qe calculated under the additive
assumption. The first trial was to include a “trivial” epistasis in base paired
regions (helices) as a part of the additive effect (see Section 2.4.2, “Trivial
epistasis”). However, the analysis showed that epistasis occurs mainly in
a “non-trivial” way (data not shown), and thus it is not sufficient for our
sake to include a trivial epistasis. We next took a probabilistic approach
to calculate Qe with epistasis (see Section 2.4.2, “Probabilistic Approach”).
The results of this method agreed with the observation (see the dashed line
in Fig. 2.5).
We compare Qe calculated under the additive assumption to that calculated with epistasis as shown in Fig. 2.6b (the solid line). As the comparison
shows, the additive assumption indeed underestimates Qe ; however, the un82
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derestimation becomes prominent only if the error rate is higher than the
error threshold (1 − qmin = 0.05). As Fig. 2.6b (the dashed line) shows, the
average d per neutral replication is ca. 1.5 at the error threshold, which is
much smaller than the average d per replication (ca. 3.8). This means that the
main contribution to Qe under the additive assumption is from the mutants
of d = 1 or 2 at the error threshold. According to Fig. 2.6a the additive
assumption is a good approximation at d = 1 or 2. Therefore, the additive
assumption accurately estimates Qe and thus the error threshold. When the
average d per neutral replication reaches 3, the additive assumption substantially underestimates Qe (see Fig. 2.6b), which is consistent with Fig. 2.6a.
[However, note that this analysis does not imply that the average number
of substitutions per replication is safely assumed to be near one. On the
contrary, in our calculation it was more than one—actually 3.8—at the error
threshold.]
In the above examination of the additive assumption, there are two points
which must be examined further: (1) The analysis of epistasis was performed
on a yeast tRNAphe, which comprises the initial population of the RNA
evolution simulations, but the results may differ if the analysis is done for
a sequence which appears later in the RNA evolution simulations. Thus,
we performed the same analysis to a sequence which was chosen from the
population of the fittest sequences after the evolution in the simulations (at
the 20000th time step). The results, however, did not change our conclusion (data not shown). (2) If the length of sequence is greater, the average
d per neutral replication may increase, and thus the additive assumption
may break down before the error threshold. However, it turns out from the
analytical calculation that the average d per neutral replication at the error threshold decreases as N increases when λ is invariant (cf. the caption
of Fig. 2.6b). Furthermore, λ decrease as N increases (see the filled circles
in Fig. 2.2). Therefore, if the sequence length is greater, the average d per
neutral replication will be actually smaller. We also conducted computer simulations of RNA evolution with a greater sequence length (200 bases). The
results showed that the average d per neutral replication (calculated under
the additive assumption) at the error threshold was indeed smaller (ca. 1.2
substitutions with λ ≈ 0.35) than in the previous case of the shorter sequence
length (ca. 1.5 substitutions with λ ≈ 0.4), and the additive assumption still
predicts the results of the simulations closely (data not shown).

2.3

Conclusions

• The phenotypic error threshold was formulated under the additive assumption. The formulation asserted that mutational neutrality increases the error threshold, but the increase is limited.
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• The importance of considering multiple substitutions per replication at
the error threshold was illustrated.
• The comparison with the computer simulations and the analysis of
epistasis showed that the additive assumption correctly estimates the
effective replication accuracy (Qe ) and thus the error threshold.
• The reason why the additive assumption achieves a good prediction of
the error threshold in spite of a high degree of (non-trivial) epistasis
in RNA folding is that the average number of substitutions per neutral
replication is small enough to avoid of the effect of epistasis.

2.4
2.4.1

Methods
Non-uniform Distribution of λ

If λ is not uniform over the genotypes sharing the same phenotype, the effective replication accuracy (Qe ) depends on the distribution of the genotypes in
the population. In this case, Qe is calculated under the additive assumption
as
X
{q + λi (1 − q)}N xi /XI
Qe =
(2.6)
i∈SI

where XI denotes the population of the focal phenotype (I), and xi (resp. λi )
is the population (resp. the fraction of neutral substitutions) of the genotype
i. The set SI denotes the set of genotypes which have the phenotype I. If xi
and λi are known, the representative λ of the phenotype can be calculated
from the following equation as
X
{q + λi (1 − q)}N xi /XI = {q + λ(1 − q)}N .
(2.7)
i∈SI

The difference between the representative λ and the population average
of λ was very small in the computer simulations. (The population average
was always slightly smaller [ca. 99%] than the representative λ unless the
distribution of λ in the fittest population is completely homogeneous [data
not shown].)
2.4.2

Calculation of Qe with Epistasis

Trivial Epistasis in RNA Folding
It is trivial that epistasis occurs between bases which make a pair (hydrogen
bond) in the reference secondary structure. Our first trial to include epistasis
in the calculation of Qe was to include this epistasis as a part of the additive
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effects of mutations as described by Reidys et al. (2001). In this approach,
the reference sequence is subdivided into non-paired regions and paired regions; paired regions are treated as strings of base pairs (one pair of bases is
considered as one character); a substitution of a base pair is considered as
an elementary step of mutations in paired regions. Following this procedure,
the epistasis occurring between bases in a pair is now treated as an additive effect. For example, two mutations—GC→GG and GC→CC—occurring
in paired bases must be deleterious because the bases can not make a pair
any more. If the combined mutation—GC→CG—is neutral, it is a case of
positive epistasis in the previous procedure. However, in the new procedure it will be a case of additive neutral because the combined mutation is
treated as one substitution of a base pair. We categorized the mutants into
the previously defined four groups of mutants (i.e. additive neutral, additive
deleterious, positive epistasis and negative epistasis) using the same data as
that of Fig. 2.5. However, the result did not differ much from that shown
in Fig. 2.5 (data not shown). We conclude that epistasis occurs mainly in a
non-trivial way and, thus, that this approach is not effective for our purpose.
Probabilistic Approach
Since (non-trivial) epistasis makes it difficult to predict what happens to
the phenotype given a specific change in genotype, we take the following
probabilistic approach: We assume that a mutant is neutral with a certain
probability [denoted by µ(ν, δ)], which depends on the number of neutral base
substitutions (denoted by ν) and on that of deleterious base substitutions
(denoted by δ). Then, the probability of neutral replication is obtained (by
using the binomial approximation) as
λ̃(d) =

d  
X
d
ν=0

ν

λν (1 − λ)δ µ(ν, δ)

(2.8)

where d = ν + δ. Qe is thereupon derived as
Qe =

N  
X
N
d=0

d

q N −d (1 − q)d λ̃(d).

(2.9)

We measured µ(ν, δ) in the tRNAphe folding as shown in Fig. 2.7ab.
When δ = 0 and ν > 0, µ declines a little slower than exponentially as ν
increases due to negative epistasis (Fig. 2.7a). When ν = 0 and δ > 1, µ is
not zero due to positive epistasis, and µ decreases slower than exponentially
as δ increases (Fig. 2.7b). When ν > 0 and δ > 0, µ(ν, δ) increases, saturates,
and finally decreases as ν increases (Fig. 2.7a): neutral substitutions can
compensate deleterious substitutions. We express the above observations as
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Figure 2.7: Probabilistic approach in calculating the effective replication accuracy with epistasis. (a) The probability that a mutant is neutral with ν neutral
substitutions and δ deleterious substitutions [i.e., µ(ν, δ)] is plotted against the number of neutral substitutions (ν). Symbols: • δ = 0; 2 δ = 1; 3 δ = 2; ◦ δ = 3; ∗ δ = 4.
The plots were obtained from the same data set as that of Fig. 2.5. The solid lines
represent the results of curve fitting. We used Eq. 2.10 (ν > 0, δ = 0) to the δ = 0
data set, and Eq. 2.10 (ν > 0, δ > 0) to the δ = 1 data set. The second fitting was
done after we obtained α and n from the first fitting, and d and η from the fitting
in Fig. 2.7b. The dotted lines are the estimation made with the obtained parameters
(listed below). (b) µ(ν, δ) plotted against the number of deleterious substitutions (δ).
Symbols: • ν = 0; 2 ν = 1; 3 ν = 2; ◦ ν = 3; ∗ ν = 4. The solid part of the line
represents the curve fitting; the dotted part is an exception, i.e., µ(0, 1) = 0. We used
Eq. 2.10 (ν = 0, δ > 0) toward the ν = 0 data set in the fitting. All the fitting was
done after transforming both the equations and the data sets to logarithmic scale to
reduce the biased importance of the points in small d. The obtained parameters are
as follows: n = 0.1190, α = 0.8483, nd = 2.418, β = 2.333, γ = 3.996, d = 0.02697
and η = 0.6380.

follows:
µ(ν, δ) =

1
(ν = 0, δ = 0)


α

(ν−1)

(ν > 0, δ = 0)
 (1 − n )
0
(ν = 0, δ = 1)

δη


(ν = 0, δ > 1)

d

βν

η
α
(1 − n )(ν−1) (1 + nd ) γ+ν δd (ν > 0, δ > 0)

(2.10)

where n , d and nd are the epistatic parameters of the interactions among
neutral substitutions, among deleterious substitutions, and between neutral
and deleterious substitutions respectively. Note that in the additive assumption, all epistatic parameters are zero. α and η represent non-exponential
decay. To express the compensation by neutral substitutions, we arbitrarily
used a saturation function βν/(γ + ν) where β and γ are parameters. To
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obtain the parameters, we fitted Eq. 2.10 to the data in Fig. 2.7ab (the solid
lines) as explained in the caption. As shown in Fig. 2.7a (the dotted lines),
the theoretical estimation turns out to be a slight underestimation. λ̃(d) was
calculated from the above obtained parameters, and the calculated values
match the observed ones (see the dashed line in Fig. 2.5).
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A response to Wilke CO: Quasispecies theory in the context of population
genetics, BMC Evol Biol 2005, 5:44.

Abstract
Background: One of the important insights of quasi-species theory is an errorthreshold. The error-threshold is the error rate of replication above which the
sudden onset of the population delocalization from the fittest genotype occurs
despite Darwinian selection, i.e., the break down of evolutionary optimization.
However, a recent article of Wilke published in BMC Evolutionary Biology, after
reviewing the previous studies on the error-threshold, concluded that the errorthreshold does not exist if lethal mutants are taken into account in a fitness
landscape. Since lethal mutants obviously exist in reality, this has a significant
implication about biological evolution. However, the study of Wagner and Krall
on which Wilke’s conclusion was based considered mutation-selection dynamics
in one-dimensional genotype space with the assumption that a genotype can
mutate only to an adjoining genotype in the genotype space. In this Chapter,
we study whether the above conclusion holds in high-dimensional genotype space
without the assumption of the adjacency of mutations, where the consequences
of mutation-selection dynamics can be qualitatively different.
Results: To examine the effect of mutant lethality on the existence of the
error-threshold, we extend the quasi-species equation by taking the lethality of
mutants into account, assuming that lethal genotypes are uniformly distributed
in the genotype space. First, with the simplification of neglecting back mutations, we calculate the error-threshold as the maximum allowable mutation rate
for which the fittest genotype can survive. Second, with the full consideration
of back mutations, we study the equilibrium population distribution and the ancestor distribution in the genotype space as a function of error rate with and
without lethality in a multiplicative fitness landscape. The results show that a
high lethality of mutants actually introduces an error-threshold in a multiplicative
fitness landscape in sharp contrast to the conclusion of Wilke. Furthermore, irrespective of the lethality of mutants, the delocalization of the population from the
fittest genotype occurs for an error rate much smaller than random replication.
Finally, the results are shown to extend to a system of finite populations.
Conclusions: High lethality of mutants introduces an error-threshold in a
multiplicative fitness landscape. Furthermore, irrespective of the lethality of
mutants, the break down of evolutionary optimization happens for an error rate
much smaller than random replication.
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3.1

Background

One of the important insights of quasi-species theory is the existence of an
error-threshold (Eigen 1971; Swetina and Schuster 1982; Eigen et al. 1989).
The error-threshold is the error rate of replication above which the sudden
onset of the population delocalization from the fittest genotype occurs despite Darwinian selection; i.e., the break down of evolutionary optimization.
The error-threshold hampers the evolutionary accumulation of information
through increasing the genome size of the replicator because a longer genome receives mutations more frequently for a given error rate (Eigen 1971;
Maynard Smith 1983).
A recent article of Wilke (2005) reviewed the quasi-species theory in the
context of population genetics. While the use of quasi-species theory in understanding of virus evolution is often seen (e.g. Domingo 2006), some studies
argue that quasi-species theory contradicts population genetics, questioning
the pertinence of quasi-species theory in this context (e.g. Comas et al. 2005).
The article by Wilke resolved such misconceptions, and pointed out the usefulness and the problems of the current theory of virus evolution.
However, Wilke (2005) also argued that the existence of an error-threshold
is one of the “beliefs” about quasi-species theory. To quote: “Can the error threshold occur in a more realistic fitness landscape that contains lethal
genotypes? No. Wagner and Krall have proven mathematically that the
condition for the existence of an error threshold is precisely the complete
absence of lethal genotypes (Wagner and Krall 1993)” (Wilke 2005). Since
lethal mutants obviously exist, the above statement has a significant implication about the relevance of the error-threshold in biological evolution: in
particular, the accumulation of information. However, the study of Wagner
and Krall (1993) on which his conclusion was based considered mutationselection dynamics in one-dimensional genotype space (a chain of genotypes)
with the assumption that a genotype can mutate only to another genotype
adjacent to the original one in the genotype space. In contrast, quasi-species
theory explicitly considers high-dimensional genotype space (i.e., sequence
space) with the consideration of both adjacent and non-adjacent mutations.
Since the possibility of mutations can be considerably greater in the latter
setting, this can give rise to qualitative differences in the mutation-selection
dynamics. Furthermore, high-dimensional sequence space is a more realistic
(and yet simple) representation of genotype space than one-dimensional genotype chain in view of a genome as sequences of DNA (or RNA in some
cases). Thus, the aim of this article is to examine the above statement about
the effect of lethality on the error-threshold by considering high-dimensional
genotype space with the inclusion of non-adjacent mutations.
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3.2

Results

3.2.1

Model

Before considering the lethality of mutants, let us introduce the quasi-species
equation by following the work of Swetina and Schuster (1982). Let a genotype be a sequence of 0’s and 1’s (a bit sequence) of a fixed length ν—then,
all possible genotypes form a ν-dimensional sequence space. Let a certain
genotype G0 have the greatest reproduction rate. Let us assume that the
reproduction rate of mutants is a decreasing function of the number of point
mutations (i.e., substitutions) from G0 . Let us denote the class of genotypes
carrying d substitutions by Gd , the reproduction rate of Gd by fd , the population fraction of Gd by yd and the probability of mutation from Gd to Ge per
replication by med . In the case of e = d, med is reformulated as the probability
of correct replication, plus the mutation probability from one genotype in Gd
to another genotype in Gd . Assuming a sufficiently large population size and
asexual reproduction, the dynamics of yd follows
dyd /dt = fd mdd yd +

X
e6=d

fe mde ye − yd

ν
X

fi yi .

(3.1)

i=0

In the RHS of Eq. 3.1, the first term is the reproduction of Gd ; the second
term is the mutation fluxes from all other genotype classes; the last term
keeps the total population size constant. Let us calculate mde by considering
only point mutations. Assuming that the probability of correct replication
per character per replication—let us denote this by q—is uniform along the
sequence location and constant among genotypes, the mutation probability
mde is
mde =q ν

c
X

(1/q − 1)2i+|e−d|

i=0





ν−e
e
,
i + (|e − d| − e + d)/2 i + (|e − d| + e − d)/2

where c = [min(e + d, 2ν − e − d) − |e − d|]/2 (see Swetina and Schuster 1982).
Note that a mutation in the current model can be composed of multiple
substitutions (non-adjacent mutation) because the average number of substitutions per replication, (1−q)ν (commonly denoted by U in the population
genetics theory), can be greater than 1.
Below we introduce the lethality of mutants in Eq. 3.1. A lethal mutant
is here defined as a mutant which dies no later than it is born. If epistatic
interactions between sites in a genome are completely absent in terms of the
lethality, some sites can be fixed as lethal sites, and the others as non-lethal
sites. By excluding these lethal sites from the consideration, the model can be
treated as if there are no lethal mutants. Models without lethal mutants have
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been already studied. For example, it was shown in the work of Woodcock
and Higgs (1996) that, for multiplicative fitness landscape, the population
is delocalized without an error-threshold (without any sudden transition-like
behavior) as the mutation rate increases. Instead, we here consider the case
of fully epistatic interaction by assuming that the non-lethal mutants are
uniformly distributed in the genotype space. Let κ denote the fraction of
non-lethal mutants in the genotype space. Then the lethality is defined as
1 − κ, which takes a value between 0 and 1. Then, Eq. 3.1 becomes
dyd /dt = fd (q ν + κ̃d (mdd − q ν ))yd +

X

fe κmde ye − yd Φ,

(3.2)

e6=d



where κ̃d denotes (κ νd − 1)/( νd − 1), which is the fraction of non-lethal
mutants in Gd excluding one non-lethal mutant (but κ̃d=0 or ν = 0 by definition).
last term of Eq. 3.2 keeps the population size constant, and Φ
P The P
is νi=0 fi yi ( j6=i κmji + q ν + κ̃i (mii − q ν )). This term differs from the last
term of Eq. 3.1 because lethal mutants do not contribute to the population
in Eq. 3.2. This completes the formulation of the model.
The mathematical definition (detection) of error-threshold has been extensively discussed in literatures (e.g., see Baake and Wilfried 1999). In the
current study, we first adopt the same criterion as that employed in the study
of Wagner and Krall (1993) on which the conclusion of Wilke (2005) is based
for comparison. In this criterion, by neglecting back mutations, the errorthreshold can be calculated as the maximum allowable error rate for which
the fittest genotype can survive (Eigen et al. 1989; Wagner and Krall 1993;
Bull et al. 2005; Wiehe 1997). Later, taking full consideration of back mutations, we study the effect of lethality on the error-threshold by examining
the equilibrium population distribution and the ancestor distribution in the
genotype space as a function of error rate.
3.2.2

Error-threshold in the Model without Back Mutations

In this section, we study the effect of lethality on the error-threshold by following the criterion of the error-threshold employed in the study of Wagner
and Krall (1993). In this criterion, the error-threshold is calculated as the
error rate above which the fittest genotype cannot survive without back mutation. A back mutation is defined as a mutation which increases the fitness
of a genotype as in the work of Wagner and Krall (1993). For G0 to survive
without back mutations, G0 must be able to invade at least G1 ; i.e., the net
reproduction rate of G0 per individual must be greater than that of G1 . From
Eq. 3.2, this condition reads f0 q ν > f1 q ν + f1 κ̃1 (m11 − q ν ), and hence,
f0 q ν > f1 q ν + f1 κ̃1 (ν − 1)q ν−2 (1 − q)2 .

(3.3)
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In Eq. 3.3, the second term of r.h.s represents the flux by a mutation which
simultaneously repairs the site carrying deleterious bit and destroys another
site carrying a correct bit.
Eq. 3.3 is a necessary (but not sufficient) condition for the survival of G0
without back mutations. However, since our objective is to examine whether
the lethality of mutants nullifies the existence of an error-threshold, the necessary condition suffices. From Eq. 3.3, one obtains
p
κ̃1 (ν − 1) − κ̃1 (ν − 1)(f0 /f1 − 1)
(3.4)
q>
1 − f0 /f1 + κ̃1 (ν − 1)
as the condition for the survival of G0 . This sets the error-threshold (1−qmin ).
The error-threshold derived as Eq. 3.4 disappears for qmin < 1/2, where
completely random replication suffices for the survival of G0 . The condition
on lethality for qmin < 1/2 is calculated as κ̃1 < (f0 /f1 − 1)/(ν − 1), and thus
κ < (f0 /f1 )/ν [note that when κ approaches to (f0 /f1 )/ν, the enumerator
and denominator of the RHS of Eq. 3.4 both approach to zero, and the RHS
approaches to 1/2]. Due to the division by ν, κ must be quite small; i.e., the
lethality (1 − κ) must be very high for this condition to hold. Furthermore,
when κ = (f0 /f1 )/ν, the number of non-lethal genotypes in G1 is κν = f0 /f1 .
Since f0 /f1 is most likely close to 1—in the population genetics terminology,
s = ln(f0 /f1 ) where s is the selection coefficient—this means that there is
actually only one non-lethal genotype in G1 , which is a special case (in this
case, the second term of the RHS of Eq. 3.3 disappears). Thus, we conclude
that the error-threshold as defined above exists also with high lethality of
mutants.
The essential reason of the existence of an error-threshold obviously comes
from the term κ̃d (mdd − q ν ) in Eq. 3.2, i.e., the mutation within the same
genotype class. Due to this term, the mutation rate of mutants is effectively
lower than that of G0 . The mutation within the same genotype class is
possible because more than one substitutions can happen per replication. As
is clear from this analysis, multiple substitutions can play a significant role
close to the error-threshold (see also Chapter 2).
A significant aspect of error-threshold is that it hampers the accumulation of information through increasing the genome size of the replicator.
This is the case if it becomes harder to maintain G0 , which is a genome with
all sites carrying a correct character, by Darwinian selection as the genome
size increases. Next, we examine the effect of lethality on the relationship
between the error-threshold and replicator genome size (ν). In Fig. 3.1A, the
error-threshold derived as Eq. 3.4 is plotted against sequence length ν for
various values of κ̃ by assuming that f0 /f1 is constant for different values of
ν. As shown in Fig. 3.1A, first, a decrease in κ̃ increases the error-threshold.
Second, however, the negative dependency of the error-threshold on ν persists for each value of κ̃; i.e., the condition on q for G0 ’s survival becomes
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Figure 3.1: Relationship between the error-threshold and various parameters.
Lines are calculated from Eq. 3.4 of the model without back mutation. The general
notation and parameters of this figure are as follows: The broken line is for κ̃1 = 0.05;
the solid line is for κ̃1 = 0.5; the dotted line is for κ̃1 = 1.0; and, unless otherwise stated,
f0 /f1 = 0.99−1 . Points (circles and plus signs) are calculated through the comparison
of the first and second greatest eigenvalues of the model with back mutation (see
the section under “How high must lethality be to introduce an error-threshold” and
Fig. 3.4A, for details); κ = 0.05 (the same as in Fig. 3.3) and, unless stated otherwise,
fd = 0.99d . Note that Eq. 3.4 is the necessary condition of the error-threshold without
back mutation, and thus, it overestimates 1−qmin compared to the calculation through
the comparison between the eigenvalues. (A) Relationship between the error-threshold
and sequence length. The graph shows that the error-threshold becomes smaller as ν
increases. Note the faster decrease shown by the circles compared to that by the dashed
line. Although there is a scaling between ν and κ̃ for the lines, as seen from κ̃(ν − 1)
term in Eq. 3.4, this is merely due to the fact that only G0 and G1 are considered in
Eq. 3.4. (B) Relationship between the maximum tolerable genomic mutation rate per
replication [i.e., (1 − qmin )ν] and ν. The graph shows that (1 − qmin )ν increases as
ν increases if f0 /f1 is kept constant (the thick lines and the circles), but also shows
that this does not hold if f0 /fν/2 is kept constant (the thin lines and the plus signs).
f0 /fν/2 represents the relative reproductive advantage of the fittest genotype compared
to the perfectly randomized genotype which is not lethal. The thin lines are obtained
by setting f0 /fν/2 to a constant value such that it coincides with the corresponding
thick line at ν = 20; i.e., f0 /fν/2 = 0.99−20/2 , and f0 /f1 is calculated as 0.99−20/ν by
assuming a multiplicative fitness landscape. The circles are for a constant f0 /f1 . The
plus signs are obtained by setting f0 /fν/2 to a constant value such that it coincides
with the circles at ν = 20 (f0 /fν/2 = 0.99−20/2 ; thus, fd = 0.99(20/ν)d ). The lines for
κ̃1 = 0.5 are not shown for visibility. Continued on p. 96.

harder as ν increases. The first result is understood because the effect of
mutations within the same genotype class, κ̃1 (m11 − q ν ), becomes smaller
as κ̃ decreases. The second result is explained as follows. As ν increases,
the average number of substitutions per sequence per replication, ν(1 − q),
increases. Thus, the contribution of mutations within the same genotype
class to the net reproduction rate, f1 κ̃1 (m11 − q ν ), becomes relatively greater
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Figure 3.1 (continued from p. 95): (C) Relationship between (1 − qmin )ν and the
intensity of selection f0 /f1 . The graph shows that for a given value of f0 /f1 , a longer
sequence can tolerate a greater (1−qmin )ν. In other words, for a given value of (1−q)ν,
a longer sequence can be maintained (i.e., 1 − q is below the error-threshold) for a
smaller value of f0 /f1 . The thick lines and circles are for ν = 80. The thin lines and plus
signs are for ν = 40. For all plots, fd = (f0 /f1 )−d . (The lines for κ̃1 = 0.5 are not shown
for visibility) (D) Relationship between (1 − qmin )ν and f0 /fν/2 . The graph shows that
for a given value of f0 /fν/2 , (1 − qmin )ν does not differ between different sequence
length (this is comparable to the results of Eigen and Schuster (1979) and Eigen
et al. (1989); also note a parallelism between f0 /fν/2 and the superiority parameter σ
defined there). For κ = 0.05 (dashed lines), there is still a noticeable difference, but
this is due to the fact that only G0 and G1 are considered to obtain them although
(1 − qmin )ν is large. [compare this result with the circles and plus signs, which are
obtained by considering all Gd (0 ≤ d ≤ ν) for almost the same value of κ]. For all
plots, fd = (f0 /fν/2 )(−2/ν)d . The notation and the rest of parameters are the same
as those in (C). The lines for ν = 40 and ν = 80 are almost on top of each other for
κ̃1 = 0.5 and 1.0.

compared to that of perfect replication, f1 q ν . This results in the greater
advantage of mutants, and hence the error-threshold becomes more severe.
For the result in the previous paragraph to hold, it must be assumed that
f0 /f1 (intensity of selection) does not increase as ν increases. However, this
is fulfilled rather easily: The constancy of f0 /f1 , in response to the increase
of ν, assumes that every addition of one correct character to G0 results in
the multiplicative increase of G0 ’s reproduction rate; however, this is hardly
realistic, not to mention the increase of f0 /f1 (cf. Maynard Smith 1983;
Wiehe 1997). In the next paragraph, this point is further elaborated.
A consequence of constant f0 /f1 relative to a change in ν can be seen
in Fig. 3.1B, which shows that a longer sequence can tolerate, actually, a
greater genomic mutation rate per replication, in contrast to the results of
Eigen and Schuster (1979) and Eigen et al. (1989). This is illustrated from a
different aspect by Fig. 3.1C, as it shows that for a given genomic mutation
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rate per replication, a longer genome can be maintained with a smaller value
of f0 /f1 (see the explanation in the caption too). These observations are due
to the fact that, under the assumption of constant f0 /f1 , the reproductive
advantage of G0 relative to the completely randomized non-lethal genotypes
G ν2 (in other words, relative to the consensus sequence when 1 − q = 0.5)
increases exponentially as ν increases. If this relative advantage of G0 (i.e.,
f0 /f ν2 ) is kept constant, the results qualitatively differ as shown in Fig. 3.1BD.
In particular, the maximum tolerable genomic mutation rate per replication
[i.e., (1 − qmin )ν] becomes independent of ν, as is the case in the study of
Eigen and Schuster (1979) and Eigen et al. (1989). Back to the results of the
second-to-last paragraph, the fact that the negative dependency of the errorthreshold on ν holds even in the case of constant f0 /f1 , while (1 − qmin )ν,
however, increases as ν increases, emphasizes the generality of this result.
3.2.3

Error-threshold in the Model with Back Mutations

In this section, we will examine the effect of lethality on the distribution
of the population in the genotype space with the full consideration of back
mutations. It is assumed in the following that the fitness landscape is multiplicative; i.e., fd decreases exponentially with d (fd = 0.99d ).
The stationary solution of Eq. 3.2 can be calculated as a normalized eigenvector associated with the greatest eigenvalue of the matrix representing
the linear part of Eq. 3.2 (Thompson and McBride 1974; Jones et al. 1976).
First, the stationary solution was calculated without the lethality of mutants
as depicted in Fig. 3.2 [the analytical solution is known Woodcock and Higgs
(1996)]. As Fig. 3.2 shows, the population fraction of every genotype rapidly
and smoothly converges to the same limiting value, which is the population fraction for completely random replication (i.e., the population fraction
when 1 − q = 0.5). [The above observation does not differ qualitatively when
the fitness landscape is steeper (say fd = 0.9d ), or when sequence length
is different—the convergence is faster when sequence length is longer (see
below)]. Thus, it can be said that the population is delocalized from the
fittest genotype for error rates sufficiently high, yet much smaller than that
of completely random replication—evolutionary optimization breaks down.
Furthermore, the population distribution does not show any discontinuous
transition, and thus there is no error “threshold” as already stated by Woodcock and Higgs (1996).
The next step of the study is to examine the effect of the lethality of
mutants on the behavior of Eq. 3.2. The stationary solutions of Eq. 3.2 were
numerically calculated with lethality. A typical result of calculation is depic-
ted in Fig. 3.3 for high lethality [κ = 0.05; however, note that Round(κ νd )/ νd
is used as the actual value of κ for each Gd in Eq. 3.2, where Round(x) is
the closest integer of x. In the following this is true unless otherwise indicated]. As Fig. 3.3 shows, the population fraction of the fittest genotype
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Figure 3.2: Equilibrium population distribution without lethality. The stationary solution of Eq. 3.2 without lethality. The figure shows the delocalization of the
population from the fittest genotype for high error rates and the absence of the errorthreshold. (A) The population fraction of each genotype class (yd ) is plotted against
the error rate (1 − q). The black line is for y0 . The gray lines are for yd (0 < d ≤ ν).
A succession of the genotype class is observed as 1 − q increase (G0 is maximum at
1−q ≈ 0, then G1 , G2 , G3 , · · · as 1−q increases.)
(B) The logarithm of the population

ν
fraction of each genotype, log(yd /[κ d ]), is plotted against 1 − q (instead of that of
a genotype class). The black line is for d = 0. The gray lines are for 0 < d ≤ ν (from
top to bottom, lines are for d = 0, 1, 2, · · · ). The graph depicts
of the

P the convergence
population fraction of every genotype to the limit value [ νd=0 dν ]−1 , which is the
population fraction of a genotype for q = 0.5. (C) d log y0 /d(1 − q) is plotted against
1 − q. For all graphs, the parameters are as follows: ν = 50; fd = 0.99d ; and κ = 1.

shows a sharp transition at some critical error rate in contrast to the case
without lethality, and the population distribution suddenly converges to the
same value around this transition. [The above observations do not differ
qualitatively when the fitness landscape is steeper (say fd = 0.9d ) or when
sequence length is different—the transition is sharper when sequence length
is longer (see below).] Therefore, the lethality of mutants can actually introduce an error-threshold in sharp contrast to the conclusion of Wagner
and Krall (1993) and Wilke (2005). Furthermore, even with high lethality
of mutants the population can still be delocalized from the fittest genotype
although the error rate for this to happen is higher than the case without
lethality.
Below, we study the emergence of an error-threshold due to the lethality
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Figure 3.3: Equilibrium population distribution with high lethality Similar plots
as in Fig. 3.2, but with high lethality of mutants. The figure displays the existence of
the error-threshold, and the delocalization of the population from the fittest genotype.
The vertical line is placed in Fig. 3.3AB at the error rate for which d log y0 /d(1 − q)
is locally minimum as depicted in (C). For all graphs, the parameters are as follows:
ν = 50; fd = 0.99d ; and κ = 0.05 [actually, Round(κ dν )/ dν is used as the value of κ
for each Gd in Eq. 3.2, where Round(x) is the closest integer of x; hence, κ = 0 for Gν ,
and fν is set to zero to be consistent].

.
of mutants and the delocalization of population in more detail.
How High Must Lethality Be to Introduce an Error-threshold?
As seen above, high lethality of mutants can, in fact, introduce an errorthreshold. In the following, we elucidate the relationship between lethality and the error-threshold by extending the characterization of the errorthreshold. The method employed for this sake, which was introduced by
Nowak and Schuster (1989), is as follows. The difference between the greatest
and the second greatest eigenvalue of the linear part of Eq. 3.2 becomes minimum at the error-threshold, and, hence, this provides a convenient measure
of the error-threshold. As Fig. 3.4A shows, there is an error rate for which
the greatest eigenvalue becomes very close to the second greatest eigenvalue
for a sufficiently small value of κ, and this error rate is identified as the
error-threshold. However, for a greater κ, the difference between the two
eigenvalues does not become very small, and this corresponds to the absence
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Figure 3.4: Identification of the error-thresholds. (A) The difference between
the greatest and the second greatest eigenvalue (∆λ) is plotted against the error rate
(1 − q). The error rate for which ∆λ is minimum can be identified as the errorthreshold. ν = 50 and fd = 0.99d . The value of κ is indicated in the graph. [The
actual value of κ is determined in the same way as in Fig. 3.3, and this is true in
this figure.] For κ = 1, the line is made thicker. (B) The
Hamming distance
Paverage
ν
of the ancestor distribution from the fittest genotype, d=0 ad (∞, ∞)d, is plotted
against 1 − q. The figure depicts the genealogical delocalization of the population
from the fittest genotype for high error rates irrespective of the lethality of mutants,
and the clear existence of the error-threshold for high lethality of mutants. The thick
solid line is for κ = 0.05. The other solid lines are for κ = 1, 0.3, 0.2, respectively
from left to right. The stars represent the average Hamming distance between the
common ancestors and the fittest genotype obtained from the finite population model
(see text). Note that the ancestors from the early simulation steps (< 10000) were
discarded to consider the system only at equilibrium. κ = 0.05. The arrow represents
a simulation run which is depicted in (C). (C) The Hamming distance of the common
ancestors is plotted against the time step at which the common ancestors were born.
The meta-stability is observed as random switching between two modes. The plot was
obtained from the simulation run indicated by the arrow in (B). 1 − q = 0.025.

of the error-threshold for a high value of κ. However, it is noteworthy that
the characteristic shape of the curves in Fig. 3.4A is present for all κ < 1
shown in the figure, and therefore it is possible to identify a distinctive error
rate for which the difference between the two eigenvalues is minimum.
Effect of Sequence Length on the Error-threshold
To examine the effect of sequence length on the error-threshold, the errorthreshold measured through the above method is plotted for various sequence
length in Fig. 3.1A (filled circles) for high lethality of mutants (κ = 0.05). As
is clear from this plot, the error-threshold decreases as ν increases. Furthermore, as shown by Fig. 3.1B (circles), the maximum tolerable genomic
mutation rate [i.e., (1 − qmin )ν] increases as ν increases, which strengthen
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the last result [see also Fig. 3.1C in terms of f0 /f1 ]. As discussed previously,
the increase of (1 − qmin )ν is due to the assumption of a constant f0 /f1 with
respect to ν, under which f0 /f ν2 increases exponentially as ν increases. If
f0 /f ν2 is kept constant, (1 − qmin )ν actually decreases and then saturates
as ν increases as shown in Fig. 3.1B, which is comparable to the result of
Eigen and Schuster (1979) and Eigen et al. (1989) (see also Fig. 3.1D). Thus,
these results are in concordance with the results from Eq. 3.4. In conclusion,
the error-threshold depends negatively on ν even under the assumption of
constant f0 /f1 .
Effect of Lethality on the Ancestor Distribution
Above, the effect of lethality on the mutation-selection dynamics was studied
in terms of the equilibrium population distribution. From the evolutionary
point of view, however, it will add significant information to study this in
terms of the genealogical success of each genotype in an evolutionary time
scale. The “ancestor distribution” reveals which ancestral genotype (or genotype class) the current population has originated from (Hermisson et al.
2002). By following the work of Hermisson et al. (2002), the ancestor distribution is defined as ad (∞, ∞) ≡ limt→∞
τ →∞ ad (τ , t), where ad (τ , t) is the fraction
of the population at time t + τ (τ > 0) the lineage of which is traced back to
the population of the genotype class Gd present at time t. The calculation of
ad (∞, ∞) is explained in the work of Hermisson et al. (2002) in detail (see
also Leuthäusser 1987; Tarazona 1992, for the treatment of the same concept
by statistical mechanics).
The average Hamming
distance of the ancestor distribution from the
Pν
fittest genotype,
d=0 ad (∞, ∞)d, is plotted for various values of κ as a
function of error rate in Fig. 3.4B (solid lines). As shown in this plot, the
average distance of the ancestors is close to zero for a sufficiently small error rate; that is, after a sufficiently long time almost the entire population
has originated from the fittest genotype—evolutionary optimization is effective. However, as error rate increases, the average distance of the ancestors
rapidly approaches to a half of the sequence length (50/2 in the current setting) irrespective of the degree of lethality (1 − κ). This means that for a
sufficiently high error rate, the population has mostly originated from near
random sequences—evolutionary optimization breaks down. In conclusion,
the ancestor distribution clearly illustrates the genealogical delocalization of
the population at a sufficiently high error rate irrespective of the lethality
of mutants, as is consistent with the results from the equilibrium population
distribution.
Furthermore, as seen in the same plot (Fig. 3.4B), for high lethality of
mutants (a small value of κ), there is clearly a sharp transition in the average
distance of the ancestors, which identifies the error-threshold. In conclusion,
as is consistent with the results from the equilibrium population distribution,
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the ancestor distribution shows the existence of an error-threshold for high
lethality of mutants in a multiplicative fitness landscape. In fact, the errorthreshold is sharper in the ancestor distribution (Tarazona 1992).
Effect of Finite Populations
To examine the above results without the assumption of infinite population
size, we study the role of lethality (with back mutations) in relatively small
finite populations by focusing on the the ancestors of the population (see
Nowak and Schuster 1989; Campos and Fontanari 1999; van Nimwegen et al.
1999b, for the study of the error-threshold in finite populations in terms of
the equilibrium population distribution). However, in the system of a finite
population, the entire population will share a single last common ancestor
after a sufficiently long time in contrast to the system of infinite population.
Thus, instead of the ancestor distribution, here we study the distribution of
the common ancestors of the population (the last common ancestor and its
ancestors).
We constructed a finite population model which follows mutation-selection
dynamics described by Eq. 3.2, by basically following the implementation described in Chapter 2. In the current model, lethality was implemented as
discarding a new born individual which is determined as a lethal mutant.
For simplicity, determining a new born as a lethal mutant was implemented
as a chance event with the probability of 1 − κ; thus, genotypes were not explicitly assigned as lethal genotypes. The population size was approximately
105 , and ν = 50 (thus, the population size is far smaller than the number of
possible sequences), and fd = 0.9 × 0.99d (the probability of replication per
time step).
In the above model, the average Hamming distance between the fittest
genotype and the common ancestors was calculated after sufficiently long
simulation steps (5 × 105 steps). In Fig. 3.4B (dots), a typical result of such
a calculation is plotted for high lethality of mutants (κ = 0.05) as a function
of error rate. As seen from this plot, the distance of the common ancestors
matches very well with the distance of the ancestor distribution from the
infinite population model (Fig. 3.4B, the thick solid line) for small and large
error rates, exhibiting the genealogical delocalization of the population for
high error rates. Moreover, as seen in the same plot, the distance of the ancestor distribution suddenly increases at a critical error-rate, which indicates
the existence of an error-threshold. This error-threshold is smaller than that
of the infinite population as expected (Nowak and Schuster 1989; Campos
and Fontanari 1999; van Nimwegen et al. 1999b). We next take a closer look
at the finite population model for error rates between the error-threshold
of the infinite population model and that of the finite population model. In
Fig. 3.4C, the distance of the common ancestors obtained from the finite population model is plotted against the time step at which the common ancestors
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were born (the error rate chosen for this plot is indicated by the arrow in
Fig. 3.4B). As seen from this plot, there are two meta-stable modes in the
common ancestor distribution. One mode corresponds to the ancestor distribution of the infinite population model below the error-threshold (ordered
mode); the other corresponds to that above the error-threshold (disordered
mode). Apparently, due to the stochasticity and the proximity of the two
greatest eigenvalues (see Fig. 3.4A), the common ancestor distribution randomly switches between the two modes. (When the error rate is close to the
error-threshold of the infinite population model, the system shows almost
always the disordered mode.) The above results show that the system of a
finite population also displays a transition-like behavior in the distribution
of the common ancestors although in a qualitatively different manner from
that of the ancestor distribution of the infinite population model. In conclusion, the error-threshold exists for high lethality of mutants also in the finite
population model.

3.3

Discussion

In the current study, high-dimensional genotype space and multiple substitutions per replication were taken into consideration, in order to investigate the
effect of mutant lethality on mutation-selection dynamics. On the one hand,
the model was analyzed by neglecting back mutations to compare the results
with those of Wagner and Krall (1993). The results showed that the extinction of the fittest genotype can happen even with high lethality of mutants
because of mutations within the same genotype class. On the other hand,
the model was analyzed with the consideration of back mutations from three
aspects. The first aspect is the equilibrium population distribution, which
tells the state of the population at one moment after a sufficiently long time.
The second aspect is the difference between the greatest and second greatest
eigenvalues, which represents the aspect of singularity in the population distribution as a function of error rate. The last aspect is the ancestor distribution. This tells the genealogical description of the population in a long time
scale, which is significant information from the point of view of evolution.
The results showed that the investigations from these three aspects gave a
consistent picture about the error-threshold introduced by high lethality of
mutants and about the delocalization of the population from the fittest genotype for a sufficiently high error rate irrespective of the lethality of mutants.
Furthermore, the effect of a finite population was studied, and our results
were shown to extend to the system of finite populations.
Four additional points should be noted in the current study. First, the
biological implication of the error-threshold is that it hampers the accumulation of information through increasing the genome size of the replicators
(Eigen 1971; Maynard Smith 1983). In the case of low lethality of mutants,
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it was shown that there is no error-threshold in a multiplicative fitness landscape. However, this does not mean that the accumulation of information
is not hampered; on the contrary, it is hampered by the delocalization of
the population from the fittest genotype. Second, the population size was
assumed to be constant as is often done. An artifact of this simplification is,
among others, the impossibility of population extinction. Third, the fitness
was assumed to be a function of the number of substitutions (d) so that the
grouping of genotypes by d is straightforward. For other settings, one can
consult the work of McCaskill (1984), which estimates the error-threshold
in a fitness landscape where the fitness of a genotype is determined from
a probability distribution. Forth, the error-threshold was considered only
in terms of the fittest replicator. However, the error-threshold can also be
considered for mutant classes (e.g., van Nimwegen et al. 1999b; Tannenbaum
and Shakhnovich 2004). As shown in the work of van Nimwegen et al. on
“Royal Road fitness landscape” (1999b), if the error rate is beyond the errorthreshold of the fittest, the population can still be localized in sequence space
albeit at a lower fitness level, for which a new error-threshold again exists.

3.4

Conclusions

• Irrespective of the lethality of mutants, the delocalization of the population from the fittest genotype—the break down of evolutionary optimization—happens for an error rate much smaller than that of random
replication.
• High lethality of mutants introduces an error-threshold in a multiplicative fitness landscape.
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Abstract
In the RNA world hypothesis, RNA(-like) self-replicators are suggested as the
central player of prebiotic evolution. However, there is a serious problem in the
evolution of complexity in such replicators, i.e., the problem of parasites. Parasites, which are replicated by catalytic replicators (catalysts), but do not replicate
the others, can destroy a whole replicator system by exploitation. Recently, a
theoretical study underlined complex formation between replicators—often neglected but a realistic process—as a stabilizing factor in a replicator system by
demonstrating that complex formation can shift the viable range of diffusion intensity to higher values. In the current study, we extend the previous study of
complex formation. First, by investigating a well-mixed replicator system, we
establish that complex formation gives parasites an implicit advantage over catalysts, which makes the system significantly more vulnerable against parasites.
Second, by investigating a spatially extended replicator system, we show that the
formation of traveling wave patterns plays a crucial role in the stability of the
system against parasites, and that this makes the effect of complex formation
not straightforward; i.e., whether complex formation stabilizes or destabilizes the
spatial system is a complex function of other parameters. We give a detailed
analysis of the spatial system by considering the pattern dynamics of waves.
Furthermore, we investigate the effect of deleterious mutations. Surprisingly,
high mutation rates can weaken the exploitation of the catalyst by the parasite.

4.1

Introduction

In the so-called RNA world hypothesis (Gilbert 1986; Gesteland et al. 2005),
an RNA self-replicator (Pace and Marsh 1985; Sharp 1985; Cech 1986) has
been suggested as the central player of prebiotic evolution both in genetic
and functional aspects, preceding a system involving protein translation. The
hypothesis is based on the fact that RNA molecules are capable of replication
through complementary base-paring (Joyce 1987; Orgel 2004) and can also
have catalytic activity for various chemical reactions (Joyce 1998) through
various catalytic strategies (Ke and Doudna 2006). The hypothesis is also
supported by strong circumstantial evidence such as the essential role of ribozyme played in protein translation (Steitz and Moore 2003), and peculiarly
many roles played by RNA cofactors in metabolism (White 1976). If an RNA
molecule—or any alternatives (Joyce et al. 1987; Joyce and Orgel 2006)—can
indeed replicate itself with variation in its progeny through mutation, that
will be the simplest system capable of Darwinian evolution in a self-sustained
manner (Muller 1966; Crick 1968; but see also Segré et al. 2000).
A question naturally arises to this hypothesis: Can such an RNA(-like)
replicator exist? Many experimental efforts have been made in attempt to
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synthesize RNA replicators in the laboratory (Bartel 1998; Chen et al. 2006;
Joyce and Orgel 2006, for review). Although no complete RNA replicator has
been synthesized yet, progress has been made with significant implications;
e.g., Johnston et al. (2001) succeeded in producing a ribozyme that can
polymerize a short stretch of RNA on RNA templates, which was recently
improved by Zaher and Unrau (2007) to polymerize a little more.
Suppose such replicators exist, another question arises, to which the current study is concerned. How can a system of RNA-like replicators increase
its complexity through evolution, approaching a current form of life? In more
general terms, what are the potential dynamics of “ecology and evolution”
of RNA-like replicators? Theoretical research has been conducted to examine these questions (Stadler and Stadler 2003; Szathmáry 2006, for review).
Interestingly, these studies showed that the evolution of complexity in a system of simple replicators is not expected to happen with ease: First, the
evolution of complexity through the accumulation of information contained
in the genome of a single replicator (quasi-)species is limited by too a high
mutation rate,1 which is naturally assumed in RNA based replication (Eigen
1971; Küppers 1983; Eigen et al. 1989). Second, the evolution of complexity via the cooperation of several replicator species—e.g., via the hypercycle
(Eigen and Schuster 1979)—is hindered by parasitic replicators, which do not
contribute to the replication of the other replicators but still benefit from (or
exploit) cooperative replicators (Maynard Smith 1979; Bresch et al. 1980).
Solutions to these problems—and problems in these solutions—have been
suggested in the literature (e.g., Michod 1983; Szathmáry and Demeter 1987;
Károlyi et al. 2000; Hogeweg and Takeuchi 2003; Lehman 2003; Scheuring
et al. 2003; Altmeyer et al. 2004; Santos et al. 2004; Chapter 2; Kun et al.
2005; and the references therein). The result that is especially relevant here
is the consideration of a spatially extended system: In a spatial system,
local interactions and/or spatial pattern formation can greatly circumvent
the exploitation by parasites (Boerlijst and Hogeweg 1991a,b; McCaskill et al.
2001; Szabó et al. 2002; Hogeweg and Takeuchi 2003). This point illustrates
that the consideration of a spatially extended system is crucial in prebiotic
evolution. In this context, Füchslin et al. (2004) recently underlined the
formation of reaction complexes between replicators—an often neglected but
natural process in RNA-like replicators from a chemical point of view. They
found that complex formation shifts the range of diffusion intensity for which
a replicator system is viable to higher values in the presence of moderate
parasites that are mutated from catalysts, and thereby it was argued that
complex formation enhances the stability of a spatial replicator system for a
greater diffusion intensity. The current study aims to extend this research.
1
This problem is often referred to as the error-threshold or information-threshold
although the problem does not necessarily concur to show a threshold-like behavior
(Chapter 3).
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With respect to the problem of parasites, the crucial aspect of complex
formation is its effect on the resistance of catalysts against parasites. We focus on this point and ask what effect complex formation has on the stability
of replicator systems under strong exploitation by parasites. We first investigate a well-mixed system and then extend the study to a spatial system.
It might seem odd to study a well-mixed system since the consideration of
a spatial system is crucial in prebiotic evolution. Nevertheless, we study a
well-mixed system in order to simplify the elucidation of one of the principles
involved in the general dynamics of replicators with complex formation. We
then examine the (more complex) effect of complex formation on a spatial
system, taking local interactions and spatial pattern formation into consideration.
In the later part of this study, we shift our focus to the effect of deleterious
mutations, which has not been paid a great deal of attention in this context.
We report that deleterious mutations can alleviate the problem of parasites.

4.2

Simple Trans-acting Replicators

This section summarizes some well-known results of the dynamics of a replicator system without complex formation under the mean-field assumption
(Joyce 1983, footnote; McCaskill et al. 2001).
The model is formulated as follows. The simplest reaction scheme of
trans-acting replicators is
kx
2X →
3X,
(4.1)
ky
X + Y → X + 2Y,
where X is the catalyst, and Y is the parasite, and kx and ky are the reaction
rate constants. For simplicity, the substrate for replication (active monomer)
is not explicitly designated. Furthermore, it is assumed that the system
contains only one type of catalysts and one type of parasites. A simple
ordinary differential equation (ODE) model of the population dynamics with
the above scheme is
ẋ = kx x2 θ − dx,
(4.2)
ẏ = ky xyθ − dy,
where x and y are the concentration of X and that of Y respectively (ẋ and
ẏ are the time derivatives); θ = 1 − (x + y)/Θ, which phenomenologically
represents limited multiplication (e.g. due to the finite supply of substrates);
Θ is a parameter representing the capacity of the system (Θ > 0); and d is
the decay rate, which, for simplicity, assumed to be the same for X and Y.
Note that Eq. 4.2 is valid only for x, y ≥ 0 and θ ≤ 1. This completes the
formulation of the model.
It can be shown through a stability analysis that Eq. 4.2 has an asymptotically stable equilibrium in which the catalyst survives—i.e., x̄ > 0 (the bar
108

4.3. Replicators with Complex Formation in a Well-mixed System

denotes the equilibrium value)—if and only if kx Θ > 4d and kx > ky . If these
two conditions are not satisfied, the only stable equilibrium is (x̄, ȳ) = (0, 0);
i.e., the replicators die out. This equilibrium is present and stable for all
relevant parameter values because of the Allee effect (Allee 1931). The first
condition for the survival of the catalyst, kx Θ > 4d, means that the replication activity of the catalyst, kx , and the capacity of a system, Θ, must be
high enough to compensate for the decay, d. The second condition, kx > ky ,
means that the catalyst must be a better template for replication than the
parasite. This condition can be understood as follows. From Eq. 4.2, the
replication rate per unit amount of catalysts and that of parasites are kx x
and ky x respectively. If kx < ky (and also y > 0 and kx Θ > 4d), the parasite outgrows the catalyst indefinitely. This results in the decrease of the
total concentration to zero because the parasite does not replicate the other
molecules. In consequence, if ky > kx , the system collapses. If, however,
kx > ky , then the catalyst can outgrow the parasite indefinitely; the parasite
goes extinct. If kx = ky , the coexistence between the catalyst and the parasite is possible; however, the coexistence is a pathological case, for the exact
equivalence between the two rate constants is unrealistic.
It is natural to conceive that a parasite can be a better template than
the catalyst (Maynard Smith 1979; Bresch et al. 1980). Thus, the parasite
poses a problem in prebiotic evolution: It impedes the origin and persistence
of a cooperative replicator system (but see Hanczyc and Dorit 1998, for an
interesting discussion). However, it is well-known that the problem of parasites is alleviated in a spatial system, where local interaction and/or spatial
pattern formation can enable catalysts to persist even if parasites are better templates than the catalysts (Boerlijst and Hogeweg 1991a,b; McCaskill
et al. 2001; Szabó et al. 2002; Hogeweg and Takeuchi 2003). As is clear from
this, the consideration of a spatial system is crucial in prebiotic evolution,
and in fact Füchslin et al. (2004) underlined the effect of complex formation
in a spatial system. Nonetheless, we study the effect complex formation in
a well-mixed system in order to make a clearer elucidation of a principle
involved in the replicator dynamics.

4.3
4.3.1

Replicators with Complex Formation in a
Well-mixed System
Model

We consider the following reaction scheme for replicators with complex formation (Stadler et al. 2000; Füchslin et al. 2004):
ax

κ

−*
2X )
− Cxx →x 3X,
bx
ay

κy
−*
X+Y )
− Cxy → X + 2Y,

(4.3)

by
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where Cxx and Cxy are the complex formed by a X-X pair and that by a X-Y
pair respectively; and ai , bi and κi (i = x, y) are reaction rate constants. A
simple ODE model to describe the population dynamics with this scheme is
ẋ = −2ax x2 + (2bx + 3κx θ)cxx − ay xy + (by + κy θ)cxy − dx,
ẏ = −ay xy + (by + 2κy θ)cxy − dy,
ċxx = ax x2 − (bx + κx θ)cxx − dcxx ,
ċxy = ay xy − (by + κy θ)cxy − dcxy .

(4.4)

To reduce the number of parameters, we assume the following: ax = 1−exp(G)
and bx = 1 − ax ; ay = 1 − exp(βG) and by = 1 − ay , where G ≤ 0 and β ≥ 0.
The parameter G represents a sort of binding energy between X and X. The
parameter β represents the binding energy between X and Y relative to that
between X and X; thus, if β > 1, then Y is recognized as a template by X
better than X is. This assumption is motivated by the fact that the affinity
constant of the reaction 2X
Cxx is calculated as an exponential function
of the binding energy as Kx = ax /bx = exp(−G) − 1 [for X + Y
Cxy , as
Ky = exp(−βG)−1 ]. Besides the above simplification, we make an important
assumption that β and G are independent of each other (we come back to
this point later). Moreover, it is assumed that κx = κy for simplicity, which
means that the rate of polymerization is the same for X and Y once a catalyst
has recognized a template (this does not affect our conclusions).
4.3.2

Bifurcation Analysis

In Eq. 4.4, if β > 1, then the stable equilibrium is only (x̄, ȳ, c̄xx , c̄xy ) =
(0, 0, 0, 0) (see below; see also Füchslin et al. 2004, Appendix A). This result
parallels the result from Eq. 4.2 that if ky > kx , the stable equilibrium is only
(x̄, ȳ) = (0, 0). Also, as in Eq. 4.2, this equilibrium is always present and
stable due to the Allee effect, and it can be reached if the initial value of
x is too small or that of y is too large (this equilibrium is not depicted in
Fig. 4.1).
In contrast, if β ≤ 1, Eq. 4.4 exhibits various behavior different from
that of Eq. 4.2 depending on the value of β. For various values of β, we
numerically calculated the stable/unstable equilibria of Eq. 4.4, as shown
in Fig. 4.1 (see Section 4.7.2, for the details of calculation). As seen from
Fig. 4.1, the behavior of the system qualitatively changes when β crosses some
critical values (bifurcation points) designated by F, T, H and h. Let us denote
these critical values by βF , βT , βH and βh , respectively. In the following, we
explain the behavior of Eq. 4.4 for each parameter region divided by these
critical β’s, from a small to great value of β (βF < βT < βH < βh ).
For β < βF , the catalyst always out-competes the parasite. This result
parallels the result from Eq. 4.2 for ky < kx . If, however, β becomes greater
than βF , a stable equilibrium in which the catalyst and the parasite coexists
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Figure 4.1: The stable and unstable equilibria of Eq. 4.4 are plotted against β (bifurcation diagram). The coordinate of the left graph is the equilibrium value of x (x̄);
that of the right graph is the equilibrium value of y (ȳ ). The solid lines represent
the stable equilibria; the broken lines represent the unstable equilibria; and the dotted lines represent the maximum/minimum of stable oscillatory solutions (limit cycle).
The lines in the two graphs correspond to each other. A thinned solid line above (resp.
below) the point T in the left (resp. right) graph is not relevant because ȳ < 0. The
point F (fold bifurcation), T (trans-critical bifurcation) and H (Hopf bifurcation) and
h (homoclinic bifurcation is suspected) designate critical points at which the system’s
behavior qualitatively changes. An apparent crossing of the lines in the right graph
is due to the projection to two-dimension. The parameters are as follows: G = −5,
Θ = 1, d = 0.02, κx = κy = 1. Note that some equilibria are not depicted in the graphs
(see text). One can see from this figure that X and Y can coexist for βF < β < βh , but
the system inevitably collapses for β > βh (βh < 1).

(i.e., x̄, ȳ > 0) emerges (via fold bifurcation), as shown by F-H line in Fig. 4.1.
This means that the coexistence is possible although the parasite is a worse
template than the catalyst in this region of β (note that βF < 1). But, for
a system to reach this equilibrium, the initial value of y must be sufficiently
large. This can be seen by noticing that the equilibrium in which the catalyst
out-competes the parasite (i.e., x̄ > 0 and ȳ = 0) is also stable in the same
region of β (the solid horizontal line left of T in Fig. 4.1). If β becomes greater
than βT , the latter equilibrium, however, becomes unstable (via transcritical
bifurcation). Thus, the parasite can now always invade the catalyst as long
as initially y > 0. In other words, the equilibrium in which the catalyst and
the parasite coexist can be reached even if the initial value of y is very small.
The above results make a sharp contrast with those from Eq. 4.2: If complex formation is taken into account, the catalyst and the parasite can coexist
even in a well-mixed system. The coexistence is possible because of the advantage of the parasite, which originates from the fact that (i) complexes are
formed and that (ii) the parasite does not replicate other molecules. The
details are explained in the following.
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If the total concentration of the catalyst and parasite is sufficiently high,
the parasite can outgrow the catalyst: First, the multiplication rate of the
catalyst per unit amount of molecules is proportional to cxx /xt (the subscript
t denotes the total concentration), and that of the parasite is proportional to
cxy /yt . Second, to make one molecule of Cxx , two molecules of the catalyst are
required, whereas to make one molecule of Cxy , one molecule of the catalyst
and one molecule of the parasite are required. This means that to form an
equal amount of the two complexes, the amount of catalysts required is three
times more than that of parasites. Therefore, the parasite has an advantage
over the catalyst; hence, the parasite can outgrow the catalyst.
If the total concentration of the catalyst and parasite is sufficiently low,
the catalyst can outgrow the parasite: First, if xt and yt are sufficiently
small, it holds that xt ≈ x and yt ≈ y because x  cxx , cxy and y  cxy .
Second, under the quasi-steady state assumption (e.g., see Segel 1984), the
value of cxx and of cxy are calculated as cxx = ax x2t /(bx + κθ + d) and cxy =
ax xt yt /(by + κθ + d) respectively, where κ = κx = κy . Then, cxx /xt can be
greater than cxy /yt if ax /bx > ay /by (i.e., β < 1). Thus, the catalyst can
outgrow the parasite.
In summary, if the concentrations of the replicators are sufficiently high,
the parasite outgrows the catalyst, which results in the decrease of the total
concentration. If the concentrations are low, the system behaves as if there is
no complex, and thus the catalyst will increase its concentration because β <
1. In essence, the coexistence is possible because of the frequency dependent
selection between the catalyst and the parasite.
For a yet greater value of β such that β > βH , a stable oscillatory solution
(limit cycle) appears (via Hopf bifurcation) accompanied by the destabilization of the equilibrium in which the catalyst and the parasite statically
coexist, as shown by H in Fig. 4.1. As β increases, the amplitude of the oscillation increases till its lower bound of y hits zero at β = βh , and then the
oscillatory solution disappears. After the disappearance of the oscillatory
solution (β > βh ), the only stable equilibrium is (x̄, ȳ, c̄xx , c̄xy ) = (0, 0, 0, 0).
Thus, βh is the maximal severity of the parasite the catalyst can tolerate
(denoted by βmax hereafter). The fact that βmax is smaller than 1 means that
the parasite kills the catalyst by exploitation even if the parasite is a worse
template than the catalyst. This makes a sharp contrast with the result from
Eq. 4.2.

4.3.3

How Does Complex Formation Affect a Replicator System?

We here give a more detailed account of the effect of complex formation to
the replicator system. For simplicity, let us assume that Cxx and Cxy do not
decay. Under the quasi-steady state assumption on ċxx and ċxy , cxx and cxy
are determined from the equations
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0 = ax (xt − 2cxx − cxy )2 − (bx + κx θ)cxx ,
0 = ay (xt − 2cxx − cxy )(yt − cxy ) − (by + κy θ)cxy ,

(4.5)

where xt = x + 2cxx + cxy ; and yt = y + cxy .
For simplicity, let us assume that bi  κi (i = x or y) for a moment—we
will come back to this point later. On the one hand, if bi  ai (i.e., Ki  1),
the solutions of Eq. 4.5 can be approximated by cxx = Kx x2t and cxy = Ky xt yt .
Since the growth of xt and yt is calculated as κcxx θ and κcxy θ respectively,
one obtains the equations
ẋt = κx Kx x2t θ − dxt ,
ẏt = κy Ky xt yt θ − dyt ,
which are, in fact, identical to Eq. 4.2; i.e., the current system can be approximated by the system without complex formation if bi  ai . On the other
hand, if bi  ai (i.e., Ki  1), one can obtain the following approximation
(see Section 4.8, for the calculation)
1
xt
ẋt = κx
xt θ − dxt ,
2 xt + yt
xt
ẏt = κy
yt θ − dyt .
xt + yt

(4.6)

In this system, Y always out-compete X unless κx > 2κy . This factor 2
originates from the advantage of the parasite discussed before. It is now easy
to see that if Kx  1 (and κx = κy ), then βmax ≈ 1 (the former equations),
but if Kx  1, then βmax ≈ 0 (the latter equations). When Kx increases
from 0 to infinite, βmax decreases from 1 to 0. [But note that Kx cannot be
too close to zero, because the system collapses if the growth is too slow to
compensate the decay.] In other words, as the equilibrium of 2X
Cxx is
shifted more to the right side, the catalyst will be killed more easily by the
parasite.
The above argument is confirmed by numerical calculation (without assuming bi  κ). In Fig. 4.2, three measures of the maximal tolerable strength
of parasites are plotted as a function of G: the maximal relative binding energy βmax ; the maximal absolute binding energy βmax G; the maximal relative
association constant Ky /Kx where β = βmax . As shown in Fig. 4.2(i), decreasing G decreases βmax . Furthermore, as shown in Fig. 4.2(ii), decreasing
G decreases log(Ky /Kx ) without saturation. In addition, we note that the
above result holds when other parameters (Θ, d, κx and κy ) are different or
when κx 6= κy , provided that X is viable when y = 0 (data not shown).
The above results mean that under the mean-field assumption (i.e., in
a well-mixed system), the replicator system becomes increasingly unstable
as the binding affinity between the catalysts increases. This point can be
further elaborated as follows. It is natural to conceive that trans-acting molecular replicators have (or had) some kind of motifs—whether a structure or
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Figure 4.2: (i) βT and βmax (i.e., βh ) as a function of G (the continuation of
bifurcation points). The solid line represents βmax ; the broken line represents βT . The
parameters are the same as in Fig. 4.1 except for G , which is the abscissa. In the
region designated by A, Y cannot invade X (unless the initial value of y is sufficiently
large). In region B, Y can invade X if initially y > 0. In region C, the system collapses
(x̄ = ȳ = 0). Numerical calculation suggests that the two lines collide at a large value
of G (≈ −0.133), above which X is not viable even in the absence of Y. The inset
shows βT G and βmax G as a function of G . Notations are the same as before. One
can see from these graphs that as G decreases (i.e., as the binding affinity becomes
stronger), the catalyst becomes more vulnerable to the parasite . (ii) The ratio of
affinity constants, Ky /Kx , as a function of G when β = βmax (solid line) or β = βT
(broken line). Ky /Kx = [exp(βG ) − 1]/[exp(G ) − 1]. The parameters are the same as
in (i). One can see from this graph that decreasing G steadily decreases log(Ky /Kx ).

a sequence—that function either to recognize other molecules to replicate (recognizing motif) or to be recognized by other molecules to be replicated (tag
motif2 ). Some mutation can destroy the recognizing motif while preserving
the tag motif, giving rise to a parasite whose tag motif has an activity comparable to that of the original catalyst (see also Altmeyer et al. 2004). Then,
the binding affinity between the catalyst and a so created parasite is likely to
be positively correlated to the binding affinity between the catalysts. Therefore, from the result that βmax decreases as G decreases, it can be concluded
that the greater the binding affinity between the catalysts becomes, the more
vulnerable the catalyst becomes against the parasite.
Finally, if κi  bi , from Eq. 4.5 one can obtain the approximation as
follows:
ax x2t
cxx =
,
θ
ay xt yt
cxy =
.
θ
Although this approximation cannot be used to obtain the population dy2
In the genomic tag hypothesis, Maizels and Weiner (1998) suggested a tRNA-like
structure as such a tag motif in ancient RNA genomes.
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Figure 4.3: βmax from Eq. 4.4 as a function of κ. The parameters are the same as in
Fig. 4.1 except for G , which is designated in the graph. One can see from this figure
that βmax approaches to 1 when κ → ∞. This means that in the limit of κ → ∞,
βmax approaches to that of the system without complex formation; i.e., the catalyst
can tolerate the parasite of which template activity is less than or equal to that of the
catalyst.

namics of the replicators,3 it tells that the advantage of Y disappears in the
limit of κ → ∞ irrespective of the value of Kx . This can also be numerically
confirmed as shown in Fig. 4.3.

4.4

Dynamics in a Spatially Extended System

In a spatial system, pattern formation of populations plays an important role
for the survival of catalysts under strong exploitation by parasites (Boerlijst
and Hogeweg 1991b). Thus, we next ask whether the advantage of parasites
due to complex formation still plays any significant role in a spatial system
with respect to the survival of catalysts.
4.4.1

Cellular Automata Model

We have constructed a stochastic Cellular Automata (CA) model for a replicator system with complex formation. The model is a spatially extended,
individual-based, Monte Carlo simulation model. It consists of a two-dimensional square grid and replicators (X or Y) located on the grid. One square in
the grid, called a “cell” hereafter, holds at most one replicator. The complex
Cxx is represented by two molecules of X’ located in two contiguous cells,
where a prime designates a molecule forming a complex (respectively, Cxy is
3
If it were used to obtain the dynamics of the replicators, θ would cancel out in
the growth term κcxx θ, and thus there would be no limitation to the growth, which is not
sensible. According to numerical solutions of Eq. 4.5, when κ  bi , cxx θ suddenly becomes
zero at θ = 0 (i.e., xt + yt = 1) in a singular-like manner. This behavior cannot be captured
if one takes the limit of κi → ∞ (i = x, y) because the term κi θ appears in Eq. 4.5.
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represented by one of X’ and one of Y’). The size of the grid is 512×512 cells,
and the boundary of the grid is toroidal.
The state of the model system is fully specified by the type and location of
all replicators. The temporal dynamics of the model is run by the consecutive
application of an algorithm representing the five types of reaction: complex
formation, complex dissociation, replication, decay as in Reaction 4.3, and
diffusion.
The algorithm runs as follows:
1. Randomly choose one cell. According to the content of the cell, a subset
of the reactions can happen.
2. Choose a type of reaction according to certain probabilities, which are
calculated from the rate constants of the possible reactions. These
probabilities are referred to as the probabilities of reactions (see below).
3. If the chosen reaction is first-order (i.e. complex dissociation or decay),
it happens. If it is second-order, then randomly choose one from the
eight cells neighboring to the cell chosen first (Moore neighborhood).
If the cell chosen second contains a molecule of the right type for the
chosen reaction to happen4 (the order of choices does not matter), then
the reaction happens.
The diffusion is implemented as a simple random walk, and it is a secondorder reaction in the model, where one of the two chosen cells must be empty.5
When a complex molecule diffuses, the two replicators composing the complex tag along with each other so that they do not dissociate.
The parameters specifying the rate constants are denoted by ai , bi (i = x or
y) and κ as in Reaction 4.3 and by D for the diffusion intensity. It is assumed
that ax + bx = c, where c is some constant (in contrast to the ODE model, c
is not necessarily 1). Furthermore, ax is calculated as c[1 − exp(G)], where G
has the same meaning as in the ODE model (similarly, ay = c[1 − exp(βG)]).
The probabilities of reactions are calculated from the rate constants such
that in the limit of D → ∞ the CA model behaves, on average, identical to
Eq. 4.4 with the same rate constants and Θ scaled to one.6 The details of
the algorithm is described in Section 4.7.3.
For comparison’s sake, another CA model was constructed for a replicator
system without complex formation as in Reaction 4.1. The difference from
the previous model lies in the fact that replication reaction is here third-order
(i.e., the third cell is chosen from the seven cells that are the neighbors of the
4
For example, for replication reaction to happen, one cell must be empty, and the
other must be a complex.
5
The diffusion was implemented differently in Chapter 1, namely, by swapping the
position of replicators.
6
Strictly speaking, θ = 1 − x − y − 2cxx − 2cxy in the CA model because a complex
occupies twice as much space as a single molecule, but this hardly affects the results.
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cell chosen second excluding the cell chosen first). In other words, replication
does not involve complexes.
To compare the above two models, it is important to note the following.
In a well-mixed system, we saw that whether the catalyst survives in the
system without complex formation depends only on the ratio between kx
and ky (given kx Θ > 4d), whereas in a spatial system, as we shall see later,
the absolute value of the rate constants also play an important role for the
survival of the catalyst. Then, to compare the two systems (with/without
complex formation), one must somehow normalize ki (i.e., the replication
rate constant of the system without complex formation) with respect to G,
ax + bx , κ and β. As a way of normalization, we here employ ki = κai /(bi + κ),
which would be the overall rate of replication without competition between
replicators. [In addition, we have also examined two other normalization
methods: ki = ai and ki = ai κ/bi . The results were consistent with those
presented in this study (data not shown).]
4.4.2

Effect of Complex Formation on βmax as a Function of
Diffusion Intensity D

The results of Füchslin et al. (2004) showed that complex formation shifts,
to higher values, the region of diffusion intensity D for which RC > 0, where
RC is the maximum tolerable mutation rate from catalysts to moderately
strong parasites.7 In other words, complex formation stabilizes the system
for a greater diffusion intensity (while destabilizing it for a small diffusion
intensity). From this result, one may expect that a similar result should
hold with respect to βmax . However, from the results of the ODE model we
can also expect that for a very large value of D, complex formation should
destabilize the system by decreasing βmax . In this section, we examine how
complex formation affects the stability of the system as a function of D,
taking βmax as a measure.
We measured βmax as a function of D for the system with and without
complex formation (see Section 4.7.4, for details). [In so doing, we introRκ
duced mutation to the parasite, i.e., the reaction Cxx → 2X + Y, to prevent
the extinction of the parasite due to the finiteness of the population. The
mutation rate R was set to a very small value (R = 10−4 ).8 ] The results of
the measurements are shown in Fig.4.4, where βmax is plotted as a function
of D for various parameter sets. The results show that whether complex
formation increases or decreases βmax depends not only on D but also on the
other parameters such as ax + bx and d, except for a very large value of D,
for which complex formation is always a destabilizing factor. In particular,
complex formation does not necessarily increase βmax for greater values of D
7
8

The template activity of parasites was 1% higher than that of the catalyst.
See also Footnote 9
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Figure 4.4: βmax as a function of D in the spatial systems. The solid lines with circles
are for the system with complex formation. The dashed lines with triangles are for the
system without complex formation [ki = ai κ/(bi + κ)]. The parameters are as follows:
κ = 1; G = −0.5; R = 10−4 (the rest is indicated in the graphs). A dotted line is placed
at βmax = 1 for convenience. One can see from this figure that βmax depends heavily
on D, and the effect of complex formation on βmax depends on the other parameters.

(= 0.1, 1) in contrast to the implication from the results of Füchslin et al.
(2004). Thus, we conclude that the effect of complex formation on βmax depends on the parameters. Before discussing this result, let us first look at
particular simulation runs in more detail.
Fig. 4.5 shows snapshots of the simulations of the model with complex
formation for various values of D. From this, one can see that spatial patterns
form in the system, in particular, traveling wave patterns. The front of a
wave is composed of catalysts and its back is composed of parasites. In the
wave front, the catalysts propagate into an empty area, while in the wave
back the parasites outgrow the catalysts and leave an empty area behind by
local extinction (this will be referred to as parasite propagation). In this
way, a wave travels and rotates. It turns out that βmax depends heavily on
the possibility and stability of wave patterns, which makes it necessary to
consider the dynamics of spatial patterns in order to understand the effect
of complex formation in more detail. Thus, we next take a closer look at the
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Figure 4.5: Snapshots of the simulations of the system with complex formation for
various values of D. β is set to βmax for each simulation. The parameters are as
follows: κ = 1; G = −0.5; ai + bi = 1; d = 0.015; and R = 10−4 (the values of β and
D are indicated above each snapshot). The color coding is as follows: the catalyst is
white; the parasite is black; the empty cell is gray. The snapshots depict the whole
CA field.

wave patterns.
4.4.3

Dynamics of Wave Patterns

The wave patterns observed in the simulations are dynamic:
(i) The size of a wave can grow due to an asymmetry between the propagation speed of the wave front and that of the wave back. For this to
happen, a wave pattern must travel a sufficiently long distance before
colliding to other patterns.
(ii) A wave can be annihilated when the catalysts are completely outgrown
by the parasites. This happens more often if the wave is smaller, or
the parasite is stronger (i.e., β is greater), or the propagation of the
catalyst is slower.
(iii) A wave can be split into two (or more) waves when the catalysts are
partially outgrown by the parasites. This split is promoted by the
rotation of the wave and by the mutation of the catalyst to the parasite
(i.e., R > 0).9
9

R was set small in attempt to make βmax comparable to that for R = 0. However,
it turns out that a slight mutation can significantly increase βmax when a parameter set
allows the formation of wave patterns. An increase can be as much as 20% for D = 0.01.
This increase of βmax can be understood in the light of pattern dynamics of waves, which
is developed later in this chapter. Mutation inoculates a small number of parasites in the
traveling front of waves (see Fig. 4.5, D = 0.1), and thereby, the parasite can split a wave in
a few parts, giving rise to more waves. Thus, a slight mutation can enhance the stability
of the system.
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Moreover, upon the collision of multiple waves, the interactions between them
give rise to various outcomes:
(i) The parasites can completely enclose the catalysts, which can results
in wave annihilation.
(ii) Waves can merge into one.
(iii) Waves can be split. This happens often when two colliding waves
greatly differ in their size (while annihilated, the smaller wave splits
the larger one into two).
In order to understand the behavior of the current system, it turns out
to be crucial to consider the population dynamics of wave patterns (see also
Savill et al. 1997). Let us explain how the birth and death of waves is
manifested in our model system:
(i) The death of a wave can happen when the catalysts are completely
enclosed by parasites. This enclosing occurs when the parasites at the
wave back catch up the catalyst at the wave front or when multiple
waves collide.
(ii) The birth of a wave happens mainly via the splitting of waves.10 But it
can also happen via the escape of the catalyst as explained in Fig. 4.6.
The relative frequency of the birth and death of waves determines the number
of individual waves in the system, and the size thereof. This greatly affects
the stability of the system and thus βmax . For instance, if the birth of waves
happens more frequently, the number of waves becomes greater, and their
spatial size becomes smaller. In this case, the annihilation of a single wave
has a smaller effect on the whole system, and thus the system becomes more
stable, and hence βmax will be greater.
The stability of the system depends heavily on the possibility and stability of wave patterns, which depend on the two properties of the system:
(1) the relationship between the size of the patterns (or D as explained
soon) and the size of the grid; and (2) the relationship between the speed of
catalyst propagation and the speed of parasite propagation—the former corresponds to the propagation of wave fronts, and the latter to the contraction
of wave backs. With respect to the first point, Fig.4.4 shows that increasing
D decreases βmax (this is a very general result as it holds for all the cases
examined). To understand this, one must consider the relationship between
the size of the patterns and the size of the grid. As shown in Fig. 4.5, increasing D increases the spatial size of the wave patterns relative to the grid,
10
The wave generation via splitting happens through the chance isolation of catalysts
at wave tips. The relative frequency of such isolation at wave tips depends on the implementation of diffusion (Footnote 5). At any rate, the importance of the catalyst escape
for the generation of new waves remains the same.
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Figure 4.6: Consecutive snapshots of the simulation of the system with complex
formation. Time goes from left to right. The parameters are as follows: κ = 1;
G = −0.5; ai + bi = 1; d = 0.015; D = 0.01; and R = 10−4 . The color coding is the
same as in Fig. 4.5. The snapshots depict only a part of the whole CA field (75×75
cells) at the same position. One can see from this figure how the birth of a wave
can happen via the escape of catalysts: A small number of catalysts are left behind
a propagating layer of parasites, and then the catalysts left behind can develop a new
wave. The Allee effect plays an important role for this to happen.

and, as a result, the system becomes less stable. Therefore, βmax decreases
as D increases. The second point will be further developed in the following
section.

4.4.4

βmax and the Dynamics of Spatial Patterns

In this section, we study βmax as a function of various parameters (d, κ
and G) to understand the dynamics of the spatial system in more detail.
Although the combinations of the parameter sets and the systems (with or
without complex formation) investigated here are by no means exhaustive,
it will become clear that the method of analysis developed here is generally
applicable to the current replicator system.

βmax as a Function of Decay Rate d
βmax was measured as a function of d. As shown in Fig. 4.7, the results show
that βmax is a non-monotonic function of d. Fig. 4.8 depicts snapshots of
the simulations of the system without complex formation for various values
of d. The most noticeable in these is that wave patterns do not form for
d = 0.01, for which βmax is the lowest. Furthermore, if wave patterns form
(d ≥ 0.015), then increasing d decreases their width. These observations can
be understood as follows. First, increasing d slows down the propagation of
the catalyst as easily expected. Second, increasing d speeds up the propagation of the parasite because it increases the turn-over rate of populations.
It is worth noting that the speed of parasite propagation is, in fact, mostly
determined by d as long as β is sufficiently large. This is because the parasite
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Figure 4.7: βmax as a function of d in the spatial systems. The solid line with circles
is for the system with complex formation. The dashed line with triangles is for the
system without complex formation. The parameters are as follows: κ = 1; G = −0.5;
ai + bi = 2.5; d = 0.015; D = 0.01; and R = 10−4 . One can see from this figure that
there is an optimal d maximizing βmax .

Figure 4.8: Snapshots of simulations of the system without complex formation for
various values of d. D = 0.01; the other parameters are the same as in Fig. 4.7 (the
values of d and β are indicated above each snapshot). The snapshots depict the whole
grid

does not directly kill the catalyst in the current system.11 If the width of
waves decreases, the waves become destabilized. Consequently, increasing d
decreases βmax for d for which wave patterns form. But, if d is too small
(d ≤ 0.01), the speed of parasite propagation is so much slower than that of
catalyst propagation that the wave patterns do not form anymore (Fig. 4.8).
In other words, because of too large an asymmetry between the two propagation speeds, the wave pattern becomes too large to fit to the grid. In this
case, it is easy for parasites to surround catalysts as it can be seen from
11
In a standard predator-prey (host-parasite) system predators (parasites) can directly
kill preys (host), whereas in the current model, such direct killing does not happen. To
replace a catalyst population, parasites must wait until the catalysts disappear via intrinsic
decay.
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Figure 4.9: βmax as a function of κ for the spatial system with complex formation.
The parameters are as follows: G = −0.5; ai + bi = 1; and d = 0.015; and R = 10−4
(the value of D is indicated in the graph).

Figure 4.10: Snapshots of the simulations in Fig. 4.9 for various values of κ. D = 0.01;
the other parameters are the same as in Fig. 4.9 (the values of κ and β are indicated
above each snapshot). The color coding is the same as in Fig. 4.5. The snapshots
depict the whole grid.

Fig. 4.8. Hence, if d becomes too small to form wave patterns, then βmax
decreases. In fact, this decrease of βmax is quite abrupt, and this shows the
importance of wave pattern formation to the stability of the system.
βmax as a Function of Replication Rate κ
βmax was measured as a function of κ for the system with complex formation
as shown in Fig. 4.9. Interestingly, the result shows that increasing κ can
decrease βmax if D is sufficiently small (≤ 1), which is opposite of the results
from the ODE model (cf. Fig. 4.3). To explain this result, snapshots of the
simulations are shown in Fig. 4.10 for various values of κ. As seen from this,
the wave patterns form only for a moderate range of κ. If κ is too small,
the propagation speed of the catalyst is too much slower than that of the
parasite; thus, no sooner are waves formed than they disappear. If κ is too
great, the propagation speed of the catalyst is too much faster than that of
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Figure 4.11: Snapshots of the simulations of the system with complex formation for
various values of κ for higher values of D. The parameters are the same as in Fig. 4.10
(the values of κ, D and β are indicated above each snapshot). The color coding is the
same as in Fig. 4.5. The snapshots depict the whole grid.

the parasite; thus, waves are too large to fit to the grid. Since wave patterns
do not form for extreme values of κ, βmax becomes low for such cases.
The above situation is, however, reversed if the diffusion intensity is sufficiently great: For a sufficiently large D, increasing κ increases βmax (Fig. 4.9,
D = 1 and 10). For D = 10, the result is easily understood: Spatial patterns
do not form for D = 10 and κ = 0.3 as shown in Fig. 4.11. Then, the result
must be the same as that of the ODE model. For D = 1, however, wave
patterns do form as shown in Fig. 4.11. But the size of the waves is so large
and the distance between them is so small that the asymmetry in the two
propagation speeds does not have a significant effect. What is more, increasing κ apparently increases the chance of the catalyst escape (Fig. 4.6) because
of a reduction in the Allee effect. Because of these two reasons, increasing κ
increases βmax for D = 1.
βmax as a Function of Binding Energy G
βmax is measured as a function of G as shown in Fig. 4.12. The result shows
that as the affinity between the catalysts increases (i.e., as G decreases),
βmax decreases for a very large value of D (= 10), whereas βmax increases for
sufficiently small values of D (≤ 1). Note that the latter result is opposite
of the result from the ODE model (cf. Fig. 4.2). These results are explained
as follows. For a great value of D (= 10), pattern formation does not play
a significant role, and, hence, βmax behaves in the same way as in the wellmixed system. For D = 1, however, spatial patterns do form, but the patterns
are so large that the asymmetry in the two propagation speeds, which could
be enhanced by decreasing G, does not have a significant effect. Moreover,
decreasing G increases the chance of catalyst escape by reducing the Allee effect (see the previous section). In consequence, βmax increases as G decreases.
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Figure 4.12: βmax as a function of G for the spatial system with complex formation.
The parameters are as follows: κ = 1; ai + bi = 1; and d = 0.015; R = 10−4 (the value
of D is indicated in the graph). For D = 1 and G = −2.5, βmax is greater than 9.99.
This means that β can take an arbitrary large value, because whether β is 9.99 or more
does not have any significant difference in the CA model (for, ax ≈ 1 and bx ≈ 0,
anyway).

Furthermore, the result showed that, for D = 0.01, decreasing G still increases
βmax although patterns forming in the system are clearly traveling waves (for
G = −1, βmax becomes greater than 9.99; data not shown in Fig. 4.12). This
is because although decreasing G does increase the asymmetry in the two
propagation speeds, its extent is much less than that of increasing κ. This
can be understood by realizing that the effect of decreasing G quickly sat), where the
urates as seen from the approximation κcxx ≈ κx2t /(4xt + bxa+κθ
x
quasi-steady state assumption and yt = 0 is assumed. Thus, decreasing G
does not increase the asymmetry to the extent that it can destroy the wave
patterns. Moreover, decreasing G reduces the possible difference between the
overall replication rate of the parasite and that of the catalyst (for a very
small G, ax ≈ 1 and bx ≈ 0). In consequence, decreasing G increases βmax
for D = 0.01.
4.4.5

Effect of Complex Formation on the Stability of the Spatial
System

With the notion of pattern dynamics developed above, we can now analyze
the effect of complex formation on the stability of the spatial replicator system under strong exploitation by parasites by considering how complex formation affects the speed of catalyst propagation and that of parasite propagation: In general,
• if the asymmetry between the two speeds plays a significant role to the
system’s stability (i.e., the wave patterns travel a sufficiently long distance before colliding to the other patterns), and if complex formation
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decreases (resp. increases) the asymmetry, then complex formation will
stabilize (destabilize) the system.
• If the asymmetry does not play a significant role (i.e., wave patterns
do not form, or they do not travel a long distance), and if complex
formation decreases (resp. increases) the Allee effect by increasing (decreasing) the overall rate of replication, then complex formation can
stabilize (destabilize) the system.
Moreover,
• with respect to the speed of catalyst propagation, it turns out that,
under the current normalization method kx=κax /(bx +κ), if ax +bx > κ,
then complex formation decreases the speed of catalyst propagation
(i.e., the overall rate of replication), but if ax + bx < κ, then it increases
the speed of catalyst propagation.
• With respect to the speed of parasite propagation, although complex
formation can increase the speed (since it gives the parasite an replication advantage), it has much less effect than the decay rate d, as
long as β is large enough to ensure local extinction. (But note that
complex formation does decrease the value of β for which the parasite
causes local extinction, which illustrates that complex formation does
strengthen the parasite in a spatial system).
In summary, complex formation is one out of many other factors affecting
the dynamics of spatial patterns, and its effect on the stability of the spatial
replicator system is not as straightforward as in the well-mixed system.
4.4.6

Comparison with the Previous Study

Our result that complex formation does not necessarily increase βmax for
greater values of D may seem contradictory to the results of Füchslin et al.
(2004) that complex formation increases the maximal tolerable mutation rate
from the catalyst to the parasite (RC ) for greater values of D. To understand
the gap between these two results, we investigated the model of Füchslin et al.
(2004).
The model was implemented with a square grid of two different sizes
(60 × 60 or 300 × 300 cells) with toroidal boundary. The value of RC was
measured with the parameters for which Füchslin et al. (2004) found that
complex formation enables a system to have a greater RC than the case otherwise.12 The results were as follows: If the size of the grid was 60×60 cells,
12
The two sets of parameters were examined: (1) log10 D∞ = −1.15 (D2 ≈ 0.053),
k2 = 1, k1 = 0.085, k−1 = 0.001, d = 0.00125; and (2) log10 D∞ = −1.075 (D2 ≈ 0.063),
k2 = 1, k1 = 0.085, k−1 = 0.001, d = 0.015. See Füchslin et al. (2004) for the notation.

126

4.5. Alleviating Effect of Mutation

complex formation increased RC , as is consistent with the result of Füchslin
et al. (2004), who used a cubic grid of 60 × 60 × 60 cells. However, if the
size of the grid was increased to 300×300 cells, complex formation actually
decreased RC . This can be understood as follows. First, the size of wave
patterns forming in this system was typically about 50 × 50 cells or larger.
Second, under the normalization of the rate constants employed by Füchslin
et al. (2004), complex formation greatly decreases the overall replication rate,
which decreases the concentration of replicators in the system. From these
two points, one can see the following. On the one hand, if the grid is too small
to hold wave patterns, complex formation stabilizes the system because it decreases the concentration of replicators, which can weaken the exploitation
by parasites under a limited diffusibility by making it difficult for parasites
to gain access to catalysts. On the other hand, if the grid is large enough to
hold a sufficiently large population of waves, complex formation destabilizes
the system because it increases the asymmetry between the two propagation
speeds by reducing the speed of catalyst propagation. In conclusion, if the
population dynamics of wave patterns can be established, complex formation does not stabilize the replicator system for the parameters reported by
Füchslin et al. (2004) with respect to RC . [The same domain dependency
also holds for the effect of complex formation on the maximal strength of
parasites the system can tolerate.]
Although we have not examined a three-dimensional system, it seems
highly likely that the size of the grid Füchslin et al. (2004) used was indeed too
small to hold a sufficiently large population of wave patterns. This can also
explain why their simulation results agreed with their results for an infinitedimensional system, where the formation of spatial patterns is, by definition,
impossible. In contrast, the current study showed that the consideration
of spatial pattern formation is important to understand the stability of a
replicator system.

4.5

Alleviating Effect of Mutation

So far, we have investigated the effect of complex formation on the stability
of replicator systems. We now shift our focus to the effect of mutation; in
particular, the mutation that destroys both replication and template activity
of replicators. The purpose of this section is to show that high rates of
such mutation weaken the exploitation by the parasite, and therewith it
can stabilize the replicator system to a certain extent. For shortness’ sake,
this type of mutation is referred to as a deleterious mutation (it should be
distinguished from the mutation converting a catalyst to a parasite mentioned
earlier). It seems likely that deleterious mutations happen frequently in
RNA-like replicators (see also Altmeyer et al. 2004). Thus, the alleviating
effect of deleterious mutations should be a relevant factor in the replicator
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dynamics.
The reaction scheme considered here is
ax
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)
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where M represents the probability of deleterious mutation per replication
[M must be distinguished from R defined in the model of Füchslin et al.
(2004)]. Z denotes the molecule that arises through the deleterious mutations,
which is referred to as a junk molecule for shortness’ sake. It is assumed that
all molecules decay at a constant rate d (not designated above). In the
following sections, we first investigate the effect of deleterious mutations in
a well-mixed system, and then examine it in a spatial system.
4.5.1

Well-mixed System with Deleterious Mutations

The ODE model was constructed by taking deleterious mutations into account. In this model, two parameters were newly introduced: Gz , the binding
energy between X and Z; and M , the deleterious mutation rate (the details
of the model is explained in Section 4.7.1). βmax was numerically calculated
as a function of M for various values of Gz and G as shown in Fig. 4.13
(see Section ch4:sec:method-bifurcation for the details of calculation). As
Fig. 4.13 shows, if the binding affinity between the junk molecule and the
other molecules is sufficiently weak (i.e., Gz is sufficiently large), increasing
M increases βmax for all values of G examined until M reaches a certain
limit. This can be understood as follows: increasing M produces more Z and
reduces the amount of X in the system, so that the system is effectively diluted. Thus, the complexes are formed less, and consequently the advantage
of Y is reduced.
In addition, if M becomes greater than the critical value (denoted by
Mmax ),13 X goes extinct even in the absence of Y (Garcı́a-Tejedor et al. 1987;
Nuño et al. 1993; Campos et al. 2000), as indicated by the discontinuity of
13
Note that Mmax is not exactly the same as the error-threshold: While the errorthreshold phenomenon—or the break down of Darwinian optimization—happens because
of the competition between the fittest and the mutants (Eigen et al. 1989; see also
Chapter 3), Mmax exists because X cannot grow faster than it decays for a sufficiently
large M .
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Figure 4.13: βmax as a function of M for various values of Gz and G in the well-mixed
system. From top to down, the thin solid lines are for G = −1.5; the broken lines are
for G = −3; and the thick solid lines are for G = −5. Among the lines with the same
G value, from top to down, the value of Gz is 0, 0.25G , 0.5G , 0.75G and G . For
G = −1.5 (the thin solid lines), however, the lines for Gz = 0, 0.25G and 0.5G are
almost on top of each other (but the same trend as the other plots holds such that
the greater Gz is, the greater βmax is at a certain value of M). The parameters are as
follows: Θ = 1, d = 0.02, κ = 1. The graph shows that the increase of M can increase
βmax if Gz is sufficiently great. In addition, all lines suddenly stop at a certain large
value of M (denoted by Mmax in text), above which the catalyst cannot survive even
in the absence of the parasite.

the lines in Fig. 4.13. Thus, it can be said that the catalyst in a well-mixed
system is the most resistant against parasites when M is just below Mmax .
(However, it must be noted that the system cannot have M too close to Mmax
in reality because the stochasticity, which is ignored in the current model,
would drive the system to extinction.)
If the binding affinity between the junk molecule and the other molecules
is too strong (i.e., Gz is too small), the increase of M does not increase
βmax anymore (Fig. 4.13). This can be understood as follows: Decreasing the
amount of X reduces the advantage of Y. However, this mechanism is nullified
if there is too great an amount of Czx and Czy because these complexes act as
a sort of a reservoir for X and Y through the buffering effect of the reaction
Z+X
Czx and Z + Y
Czy . This can be seen from the fact that if the
decay rate of Czx and Czy is increased sufficiently, increasing M can increase
βmax (data not shown).
In contrast to the system with complex formation, deleterious mutations
do not weaken the parasite in the system without complex formation. This is
because deleterious mutations weaken the parasite by reducing the amount
of complexes.
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Figure 4.14: βmax as a function of M in the spatial system with complex formation.
The parameters are as follows: κ = 1; G = −0.5; Gz = 0; ai + bi = 1; d = 0.015; and
R = 10−4 (the value of D is indicated in the graph). βmax for D = 0.01 and M = 0.4 is
outside of the figure, and its value is 8.19, as indicated in the graph.

Figure 4.15: Snapshots of the simulations in Fig. 4.14 for various values of M. The
color coding is as follows: the catalyst is while; the parasite is black; the junk molecule
is dark gray; the empty cell is light gray. D = 0.01; the other parameters are the
same as in Fig. 4.14. The values of β and M are indicated above each snapshot. The
snapshots depict the whole grid.

4.5.2

Spatial System with Deleterious Mutations

The CA model with complex formation was extended by taking deleterious
mutations into account. βmax was measured as a function of M , where Gz = 0
and R = 10−4 , as shown in Fig. 4.14. The results show that the effect of
deleterious mutations in the spatial system is more complex than in the wellmixed system. The general behavior of the model can be seen from snapshots
of simulations depicted in Fig. 4.15. As M increase, the wave patterns become
thinner, and if M becomes too great, wave patterns do not form anymore.
This can be understood as follows. First, increasing M slows down the
speed of catalyst propagation. Second, increasing M weakens the parasite
(see the previous section and also the next paragraph). This can slow down
the speed of parasite propagation, but its effect is a minor one as we saw
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Figure 4.16: Consecutive snapshots of the simulation of the system with complex
formation for a high value of M. The parameters are as follows: β = 8.17; M = 0.4;
and the others are the same as in Fig. 4.14. The time goes from left to right. The color
coding is the same as in Fig. 4.15. The snapshots depict a part of the grid (65×65)
at the same position. The figure shows how the exploitation by parasites is localized
by the subdivision of catalyst populations due to a large production of junk molecules
and a small value of D.

previously that the speed of local extinction is mostly determined by d if β
is sufficiently large. Therefore, increasing M increases the asymmetry in the
two propagation speeds, which results in thinning the waves. For a small
value of M , the effect of weakening the parasite apparently overcompensates
the effect of thinning the waves since the wave patterns become more stable
than the case of M = 0. Consequently, βmax becomes greater. For a moderate
value of M , however, the waves become so narrow that they become less
stable (see Fig. 4.15); hence, βmax becomes smaller. These are the common
behaviors for different values of D. However, for a large value of M the results
depends on D: For a sufficiently large D (≥ 0.1), βmax continues to decrease
as M increases. But, for a small D (= 0.01), βmax increases if M is sufficiently
increased. This result is explained as follows. If D is sufficiently small, the
population of the catalyst is subdivided into small patches due to a large
production of junk molecules. The subdivision localizes the exploitation by
the parasite as shown in Fig. 4.16. This makes it possible for the system to
tolerate quite a large value of β. But if D is sufficiently great, the subdivision
of the population does not happen (at least not in the current grid size).
Although deleterious mutations do not necessarily increase βmax in the
spatial system, we here show that they do always weaken the parasite. So far,
βmax has been used as a measure of a system’s resistance against parasites, but
we next examine a system’s resistance by measuring the minimum value of β
(βmin ) for which the parasite can invade and sustain its population without
any mutational influx from the catalyst (i.e., R = 0). βmin was measured in
the system with complex formation as shown in Fig. 4.17. The result shows
that βmin increases consistently as M increases. Moreover, the same result
also holds for the system without complex formation (data not shown). This
is in contrast with the results from the well-mixed system, where the effect
of deleterious mutations is valid only in conjunction with complex formation.
This difference is explained by the spatial structure of populations. Because
replication happens locally in a spatial system, the distribution of replicators
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Figure 4.17: βmin as a function of M in the spatial system with complex formation.
βmin is defined as the minimum β for which the parasite can invade and sustain its
population (βmax > βmin in all the cases examined). The parameters are as follows:
κ = 1; G = −0.5; ai + bi = 1; and d = 0.015. The value of D is indicated in the
graph. βmin for D = 0.01 and M = 0.4 is outside of the figure, and its value is 2.51, as
indicated in the graph.

is inhomogeneous (wave patterns do not form for β as small as βmin ). This
inhomogeneity reduces the chance that a parasite “meets” a catalyst relative
to the chance that a catalyst meets a catalyst. Hence, the production of junk
molecules, which reduces the chance that a molecule meets a catalyst, has a
greater effect on the survival of the parasite than on that of the catalyst.
In conclusion, deleterious mutations weaken the parasite in a spatial system not only by reducing complex formation but also by inhibiting the contact between parasites and catalysts.

4.6

Summary and Discussion

The current study has established that complex formation gives an advantage to parasites, while deleterious mutations give a disadvantage to them.
Moreover, the study showed that the effects of these two processes on the
stability of a replicator system significantly depends on whether the system is
well-mixed or not. In a well-mixed system, complex formation makes the system more vulnerable against parasites, whereas deleterious mutations make
a replicator system with complex formation more resistant against parasites. However, in a spatial system, complex formation does not necessarily
destabilize the system, nor do deleterious mutations necessarily stabilize the
system. This is because it is the dynamics of spatial patterns that is crucial
to the stability of the spatial system, on which complex formation and deleterious mutations can have various effects depending on the parameters. In
fact, the dynamics of spatial patterns can reverse the behavior of the system
in many ways relative to the expectation from a well-mixed system.
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Our result on deleterious mutations reveals an interesting relationship
between the two problems of prebiotic evolution, i.e., the error-threshold
and parasites (see Section 4.1). On the one hand, as the error-threshold
indicates, high mutation rates are disadvantageous for the maintenance and
accumulation of information. On the other hand, as our study showed, high
mutation rates are actually advantageous for the protection against parasites.
Hence, high rates of mutation have an opposing effect on the stability of a
replicator system with respect to the error-threshold and to parasites.
In addition, we mention important aspects of a replicator system that
was not covered in the current study. In the current models, a replicator system was simplified by the assumption that there are only a few predefined
categories of replicators (labeled by X or Y), although it is more realistic to
consider that the population of replicators actually consists of a collection of
genetically diverse sequences (quasi-species). The assumption greatly simplifies mutation processes in the model, which on the one hand, helps us to
investigate the system with ease, but on the other hand, ignores some of the
significant aspects of mutations. One such aspect is that high mutation rates
increase the diversity of catalysts, which can constrict the exploitation by
parasites to the subset of the catalysts (Kaneko and Ikegami 1992; Huynen
and Hogeweg 1994; Hogeweg and Takeuchi 2003). Thus, high mutation rates
can alleviate the problem of parasites in yet another way. Considering the
evolution toward a target instead of the maintenance of the system, there is
yet another advantage of high mutation rates: it can speed up evolution to a
certain extent (e.g., Eigen and Schuster 1979; Orr 2000; van Nimwegen and
Crutchfield 2000b).
Finally, we note that spatial pattern formation and the dynamics of mesoscale patterns are the recurrent theme of the spatial population dynamics in
general (e.g., Boerlijst and Hogeweg 1991a,b; Savill et al. 1997; Pagie and
Hogeweg 1999, 2000; van Ballegooijen and Boerlijst 2004).

4.7

Methods

4.7.1

The ODE Model with Deleterious Mutations

ẋ = −2ax x2 + {2bx + (3 − M )κθ}cxx − ay xy + {by + κθ}cxy
− ex zx + fx czx − dx,
ẏ = −ay xy + {by + (2 − M )κθ}cxy − xy zy + fy czy − dy,
ż = M κcxx θ + M κcxy θ − ex zx + fx czx − ey zy + fy czy − dz,
ċxx = −ax x2 + (bx + κθ)cxx − dcxx ,
ċxy = −ay xy + (by + κθ)cxy − dcxy ,
ċzx = ex zx − fx czx − dczx ,
ċzy = ey zy − fy czy − dczy ,

(4.7)

133

4. The Role of Complex Formation and Deleterious Mutations

where θ = 1 − (x + y + z + cxx + cxy + czx + czy )/Θ, and M is the mutation
rate to the junk molecule per replication. It is assumed that ax = 1 − exp(G),
ay = 1 − exp(βG) ex = 1 − exp(Gz ) and ey = 1 − exp(βGz ), where Gz (≤ 0)
represents the binding energy between X and Z. Moreover, it is assumed that
bx = 1 − ax , by = 1 − ay , fx = 1 − ex and fy = 1 − ey .
4.7.2

Methods of Calculating Equilibria in the ODE Models

For Fig. 4.1, the bifurcation diagram was obtained by using CONTENT
(Kuznetsov 1999).
For Fig. 4.2, βT as a function of G was obtained as follows: First, for a
value of G, an equilibrium with x̄ > 0 and ȳ = 0 was obtained by numerically
integrating Eq. 4.4 with x = 0.9 and cxx = 0.1, y = cxy = 0 as the initial
condition. Second, the minimum value of β for which the largest eigen value
of Jacobian at the equilibrium is positive was obtained by conducting a binary
search within 0 < β < 1 (this value is βT ). Third, the above process was
repeated for various values of G. On the other hand, βh as a function of
G was calculated as follows: First, for a value of G, an equilibrium with
x̄ > 0 and ȳ = 0 was obtained in the same way as above. Second, Eq. 4.4 is
numerically integrated for a value of β (> βH ) for the duration of t to record
the value of x(t) after initially setting y to y0 (inoculating the parasite) while
initially setting the other variables at the previously obtained equilibrium.
Third, through gradually increasing β, the minimum value of β for which
x(t) < xmin , which is the criteria of the collapse of the system, is obtained
(this value is βh ). Forth, the above process was repeated for various values
of G. The parameters used in the figure were as follows: t = 107 , xmin = 10−7 ,
y0 = 10−5 . Several sets of t, y0 and xmin were used, and the results did not
change as long as t−1 , xmin and y0 were sufficiently small. The computation
was done by using GRIND (de Boer and Pagie 2005) modified by the authors
for the above calculation.
For Fig. 4.13, βmax is calculated by almost the same method as that of
calculating βh in Fig. 4.2. The difference is that the binary search for βmax
was conducted within the range of 0 < β < 1. The parameters (t, y0 and xmin )
were the same as the previous paragraph.
4.7.3

The Details of the CA Model

The algorithm has been already described in the main text. Here we explain
how the rate constants of the ODE models are related to the probabilities of
reactions in the CA models. For a first-order reaction, its rate constant was
used as the probability of the reaction after dividing by a common normalk
izing factor denoted by α. For a second-order reaction, say X + Y →, the
reaction rate is calculated as k[X][Y ] in the ODE model, where the square
brackets denotes concentrations. In the CA model, there are two possibilit134

4.7. Methods

ies: X is chosen first and Y is chosen second, or vise versa. To make the rate
constant k have the same meaning as in the ODE model, the probability of
k
reaction is calculated as α(k/2). If the reaction is X + X →, then the probability of reaction is similarly calculated as αk. [In a similar manner, the
k
probability of a third-order reaction, such as X + Y + Z →, is calculated as
α(k/6).] Moreover, since a complex molecule in the CA model is represented
by two molecules occupying two cells, the chance that a complex molecule
is chosen for reaction is twice as much as a single molecule. To cancel this
effect, the factor 0.5 is multiplied to the probability of all reactions involving
a complex molecule. By defining the probabilities of reactions in the above
way, they have the same magnitude relationship as the rate constants in the
ODE model (see also Gillespie 1976).
The current algorithm is closely related to the Gillespie algorithm (Gillespie
1976) in the following sense. For simplicity, let us assume that there are two
cells, c1 and c2 , in the system, and two possible reactions, r1 and r2 . Let
prx ,ci denote the probability that rx happens in ci given that ci is chosen for
reaction. In the current algorithm, the probability that c1 is chosen is 1/2,
and that c2 is chosen is 1/2. The probability P (r1 , c1 , i + 1) that r1 happens
in c1 at the (i + 1)-th choice of the cells and no other reactions have not
happened is calculated as
P (r1 , c1 , i + 1) = Prob(c1 is chosen, and r1 happens)
× Prob(nothing happens till the i-th choice)
j 
i−j
i  
X
1
i
1
1
= pr1 ,c1
(1 − pr1 ,c1 − pr2 ,c1 )
(1 − pr1 ,c2 − pr2 ,c2 )
2
2
2
j
j=0
1X
1
pr ,c )i .
= pr1 ,c1 (1 −
2
2 j,k j k
The probability P (r1 , c1 ) that the first reaction happening in the system is
r1 that occurs in c1 is
P (r1 , c1 ) = lim

n→∞

n
X

P (r1 , c1 , i + 1)

i=0
n

X
1
1X
= lim pr1 ,c1
(1 −
prj ,ck )i
n→∞ 2
2
i=0
j,k
pr1 ,c1
.
=P
j,k prj ,ck
Therefore, the current algorithm is similar to the Gillespie algorithm.
Furthermore, under the mean-field assumption (i.e., in the limit of D →
∞), the current algorithm becomes the same as the Gillespie algorithm.
Let us calculate the probability P (r1 ) that the first reaction happening in
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the system is r1 under the mean-field assumption. Let us assume that the
ay
system now has a lot of cells. Suppose r1 represents the reaction X + Y →
Cxy , then pr1 ,ci is calculated as 2×α(ay /2)[X][Y], where the square brackets
denote the number of the focal molecules divided by the total number of
cells in the grid, which equals to the probability that the randomly chosen
cell contains that molecule; the multiplying factor 2 comes from the two
possibilities in the order of choices (X and then Y, or Y and then X); the
dividing factor 2 is explained in the first paragraph of this section. Suppose
ax
r2 represents the reaction X + X →
Cxx , then one similarly obtains pr2 ,ci =
2
αax [X] . Under the mean-field assumption, diffusion process can be excluded
from the consideration, and moreover, prx ,ci = prx ,cj holds. Thus, P (r1 ) is
calculated as
X
P (r1 ) =
P (r1 , ci )
i

=

ay [X][Y]
,
ay [X][Y] + ax [X]2

which is the same as in the Gillespie
P algorithm.
Finally, α is set so as to make x p(rx , ci ) smaller than 1, which is required
to make the algorithm behave in the desired manner. (The source code of
the above algorithm is available upon request.)
4.7.4

Method of Measuring βmax and βmin in the CA Models

βmax in Fig. 4.7, 4.9, 4.12 and 4.14 is defined as the maximum value of β for
which the system is viable. βmax was measured by a binary search method on
a predefined range of β with an interval of 0.01. A system was considered as
viable if it survived for a sufficiently long time steps (typically, in the order
of 1011 choices of cells for α = 0.5). The initial condition of the first run of a
measurement was set such that a half circle with radius of 10 cells was filled
by X, and the other half was filled by Y, which should promote the formation
of wave patterns. When a system was viable with a certain value of β, then
the initial condition to examine the next value of β—which would be greater
than the previous β—was taken from the final state of the system with the
previous β (unless Y had gone extinct). When the system was not viable,
then the initial condition for the next β—which would be smaller than the
previous β—was the same as the previous initial condition. Thus, the initial
conditions were presumably stable at least for a value of β smaller than the
current value (except for the very first simulation). Furthermore, after binary
search has stopped, the system is reexamined by incrementally increasing β
in order to reduce the effect of mismatch between the initial condition and
the value of β.14 Such a care of initial condition is necessary to examine the
14
Suppose, β = 1 is tolerable, and the next examined value β = 2 is not tolerable, but
the third examined value β = 1.5 is tolerable. Then, it might be that β = 2 is tolerable if
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resistance of the system against the parasite. This is because the formation
of wave patterns is critical for the stability of a system, and it depends on
the initial condition.
βmin in Fig. 4.17 is defined as the maximum value of β for which Y can
invade the system and sustain its population. βmin is measured by binary
search method as before. However, since the formation of wave patterns
does not happen with β close to βmin , the initial condition here is always
set such that the grid is filled with X except for a circle of radius 40 cells,
which is filled with Y. Y is considered to be able to invade if it survives for
a sufficiently long time steps (typically the order of 101 1 choices of cells for
α = 0.5). If the extinction of a whole system happens, then it is considered
that Y can invade.
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4.8

Additional Note15

This section explains how to obtain Eq. 4.6. We first assume that ax = ay = 1
and bx = by = κ = d = 0. Under this assumption, we obtain the steady state of
cxx and cxy . This can be done by calculating the steady state of
ẋ = −2x2 − xy,
ẏ = −xy.
From these equations, we get
dx
2
= x + 1.
dy
y
This equation is a non-homogeneous linear ordinary differential equation and
can be solved as
x = (−y −1 + C)y 2 ,
(4.8)
where C is an integration constant. When t = 0, we assume that all molecules
are not complexed; i.e. x(0) = xt and y(0) = yt . From these, we obtain
C=

xt + yt
.
yt2

(4.9)

the initial condition is taken from the system with β = 1.5 instead from that with β = 1.
15
This section is not a part of the original publication (Takeuchi and Hogeweg 2007).

137

4. The Role of Complex Formation and Deleterious Mutations

When t = ∞, all molecules that can be complexed are complexed; i.e. x(∞) =
0. Hence, from Eq. 4.8 and 4.9, we obtain
y(∞) =

yt2
.
xt + yt

From this equation, by using the relationship cxy (t) = yt − y(t), we obtain
cxy (∞) =

xt yt
.
xt + yt

(4.10)

From this equation, by using the relationship x + 2cxx + cxy = xt and the fact
that x = 0, we obtain
1 x2t
.
(4.11)
cxx (∞) =
2 xt + yt
From Eq. 4.10 and 4.11, we can easily obtain Eq. 4.6.
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Abstract
Background: The evolution of complexity is among the most important questions in biology. The evolution of complexity is often observed as the increase
of genetic information or that of the organizational complexity of a system. It is
well recognized that the formation of biological organization—be it of molecules
or ecosystems—is ultimately instructed by the genetic information, whereas it
is also true that the genetic information is functional only in the context of the
organization. Therefore, to obtain a more complete picture of the evolution of
complexity, we must study the evolution of both information and organization.
Results: Here we investigate the evolution of complexity in a simulated RNAlike replicator system. The simplicity of the system allows us to explicitly model
the genotype-phenotype-interaction mapping of individual replicators, whereby
we avoid preconceiving the functionality of genotypes (information) or the ecological organization of replicators in the model. In particular, the model assumes
that interactions between replicators—to replicate or to be replicated—depend
on their secondary structures and base-pair matching. The results show that a
population of replicators, originally consisting of one genotype, evolves to form a
complex ecosystem of up to four species. During this diversification, the species
evolve through acquiring unique genotypes with distinct ecological functionality.
The analysis of this diversification reveals that parasitic replicators, which have
been thought to destabilize the replicator’s diversity, actually promote the evolution of diversity through generating a novel “niche” for catalytic replicators. This
also makes the current replicator system extremely stable upon the evolution of
parasites. The results also show that the stability of the system crucially depends
on the spatial pattern formation of replicators. Finally, the evolutionary dynamics
is shown to significantly depend on the mutation rate.
Conclusions: The interdependence of information and organization can play
an important role for the evolution of complexity. Namely, the emergent ecosystem supplies a context in which a novel phenotype gains functionality. Realizing
such a phenotype, novel genotypes can evolve, which, in turn, results in the evolution of more complex ecological organization. Hence, the evolutionary feedback
between information and organization, and thereby the evolution of complexity.
Reviewers: This article was reviewed by Eugene V Koonin, Eörs Szathmáry
(nominated by Anthony M Poole), and Chris Adami. For the full reviews, please
see the original publication (Takeuchi and Hogeweg 2008).

5.1

Background

How complexity can increase through evolution has been one of the most
important questions in biology. As is well recognized, the formation of biolo140
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Figure 5.1: A schematic representation of the structure of our model. The
arrows represent the direction of causal influence (see main text). The RNA secondary structures depicted under “Phenotype” are constructed from a genotype of the
C-catalyst (the left one is from the catalytic strand; the right one is from the template strand) (see main text and Fig. 5.2 for the C-catalyst). The following can be
skipped until Section ch5:sec:discussion: It is interesting to note that while the direction of causal influence is from information to organization, the direction of functional
influence is from organization to information.

gical organization—be it of protein complexes or of ecosystems—is ultimately
instructed according to the genetic information, which is stored as the patterns of nucleotide sequences in genomes. Hence, the above question boils
down to how genetic information increases through evolution. This is, however, a one-sided view. The patterns in nucleotide sequences are biologically
functional only in conjunction with the organization (e.g., consider the function of a regulatory gene). Thus, organization and information are mutually
dependent, and this interdependence is, as this study will show, a key to
understanding the evolution of biological complexity.
We here investigate the role of this interdependence for the evolution of
complexity in a simulated RNA-like replicator system. The relative simplicity
of RNA-like replicators enables us to explicitly model a biologically relevant
genotype-phenotype-interaction mapping of individual replicators, whereby
we avoid preconceiving the ecological functionality of genotypes (information) or the ecological organization of replicators in the model. In more
detail, the genotype-phenotype mapping is modeled by RNA folding, where
the pattern of an RNA sequence (genotype) determines its secondary structure (phenotype) (Schuster et al. 1994). The phenotype-interaction mapping
is constructed such that interactions between RNA molecules—to replicate or
to be replicated—depend on their secondary structures and base-pair matching between their dangling-ends. The interactions between replicators then
cause a dynamic feedback on the (spatiotemporal) distribution of genotypes
(see Fig. 5.1). Thereby, evolution in our model occurs as a process of pattern
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formation in the genotype, the phenotype and the interactions of replicators.
Many theoretical studies have investigated the evolution of complexity in
RNA-like replicator systems (e.g., see Stadler and Stadler 2003; Szathmáry
2006, for review; see Gesteland et al. 2005, for the experimental background).
The customary approach in these studies has been to assume a network of
replicators, where nodes represent replicator species, and edges represent interactions between them. This approach, however, has limitations, in that
it leaves unexplained how a multitude of species and their ecological organization emerge from the evolution of individual replicators. For example, a
classical study suggested the hypercycle (Eigen and Schuster 1979), a cycle of
cooperatively coupled replicators, as a possible solution to the problem of the
error-threshold (Eigen 1971), but it did not demonstrate how the hypercycle
can originate. The study was later extended, e.g., by introducing random
mutation of interaction strength in various replicator networks (Hogeweg
and Takeuchi 2003) or by introducing random growth in replicator networks
(Happel and Stadler 1998; Manrubia and Poyatos 2003). A new approach
has been taken by several studies (Forst 2000; Altmeyer et al. 2004; Attolini
and Stadler 2006), which considered evolutionary processes at the individual
replicator level through taking a genotype-phenotype mapping of interacting
replicators into account. However, these studies still have the same limitations, since their model assumed a preconceived replicator network (as in the
hypercycle study) and the random allocation of phenotypes to the replicator
species—hence, organization and information were preconceived.
In contrast, our model explicitly takes account of a genotype-phenotypeinteraction mapping of individuals without preconceiving the functionality
of genotypes or the ecological organization of a replicator system. Nevertheless, as we will see below, information and organization arise as the system’s
emergent properties generated by evolving individuals. The main focus of
this study is to investigate when and how this happens and, thereby, obtain
general insights into the evolution of biological complexity. As a conclusion,
we will suggest the following scenario for the evolution of biological complexity: If an emergent ecological organization is established, it can supply
a context in which a novel phenotype gains functionality. This promotes the
evolution of genotypes realizing such a phenotype—the evolution of novel
information. The evolution of such genotypes, in turn, leads to the evolution
of more complex ecological organization. Hence, the evolutionary feedback
between information and organization.

5.2

Results

5.2.1

Model

Our model is spatially extended, individual based, Monte Carlo simulation
model. It consists of molecules represented by RNA strings of length 50 and
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their secondary structure determined through RNA folding [Vienna RNA
package is used (Hofacker et al. 1994)]. RNA molecules are located on a twodimensional square grid of size 512 × 512 with toroidal boundaries, where
one square (one spot) holds at most one molecule. The temporal dynamics
of the model is run by consecutively applying a reaction and a diffusion step.
In the reaction step, molecules can undergo four types of chemical reactions: (a) complex formation/dissociation; (b) replication; and (c) decay, as
designated in Reaction 5.1.
k0

k

1
1
−*
*
CY50∼ 30X ,
(a) X + Y )
)
−
− CX50∼ 30Y and −
0

k2

k2

κ

(b) CX50∼ 30Y + ∅ → X + Y + Yc ,

(5.1)

d

(c) X → ∅,
where X and Y are single molecules; C is a complex molecule; and ∅ is an
empty square (interpretable as the resource for replication).
The core part of our model is how to model complex formation and replication reaction, which defines interactions between replicators. Here we
employ artificial, yet biologically relevant rules that can incorporate the complexity of RNA folding genotype-phenotype mapping and a high degree of
freedom into the phenotype-interaction mapping.
Complex formation happens in our model through binding between the 5’dangling-end and 3’-dangling-end of two molecules adjacently located on the
grid. Binding strength is determined by complementary base-pair matches
between the two dangling ends. To be concrete, the probability of binding k1
is calculated as 1 − eG (that of unbinding is k2 = 1 − k1 ), where G (< 0) is the
minimal additive score of complementary base-pair matches in the alignment
of the two dangling ends without gaps. The score is calculated according to
the free energy contributions from base-pairs: a GC contributes to G by
−0.15; so does an AU by −0.1; a GU by −0.05.
Replication reaction can happen in a complex (C) under a certain condition: the molecule binding with its 5’-dangling-end can replicate the other
molecule, if it has a predefined catalytic secondary structure and if the complex is adjacent to an empty square (the resource). The catalytic structure
was arbitrarily defined as the one having two hairpin-loops connected by one
multi-loop, where the size of loops is allowed to vary [in Shapiro’s notation
(1988), it is written as ((((H)S)((H)S)M)S), where H is hairpin-loop, and S
is stem, and M is multi-loop]. An example of such a structure is depicted
in Fig. 5.1 (the left structure under “phenotype”). The frequency of random sequences having such a structure is 4.1%. The replication produces a
new molecule in the empty square. If no mutation happens, this molecule
is complementary to the template. Point mutations are introduced with a
probability µ per base (no other types of mutations are considered). The
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probability that replication happens if all the conditions are met is set to 1
for simplicity. Finally, all molecules also decay with the probability 0.03.
The diffusion step is implemented as a type of random walk: Each molecule can move randomly to one of the eight adjacent squares if the square
is empty.
In summary, molecules diffuse and locally interact. The interactions happen via complex formation and replication, which depend on the danglingends and secondary structure of molecules (phenotype), which is determined
by their sequence (genotype) (see also Fig. 5.1). The interactions give a dynamic feedback on the spatiotemporal distribution of genotypes. Thereby,
evolution occurs as a process of pattern formation in the genotype, the phenotype and the interactions of replicators. (See Section 5.5.1, for more details
of the model.)
Simulations are conducted for various mutation rates by initializing the
system with a homogeneous population of a pre-evolved replicator (the purpose of the pre-evolution is to simplify the interpretation of the results; see
Section 5.5.2, for details). We then investigate the patterns generated by
evolution in various levels. Firstly, we analyze the patterns evolved in populations of sequences through constructing phylogenies. In this we recognize
that a population consists of different sequence classes (species) depending
on the mutation rate. We then characterize each sequence class through analyzing the patterns in its genotypes and phenotypes. This allows us to infer
possible interactions between the sequence classes. Based on these results,
we next analyze spatiotemporal patterns in the distribution of replicators,
and we reveal complex ecological organization of the replicator system. Finally, we investigate how evolution generates these patterns over time and
how mutation rate influences the evolution. We also check the robustness of
the results.
5.2.2

Evolved Patterns in Populations of Sequences

At a sufficiently later time step in a simulation (ca. 340000th), a phylogeny
was constructed to detect patterns in the population of sequences (see Section 5.5.3, for details). Surprisingly, the phylogenies reveal that a complex
pattern evolves in a population of sequences depending on the mutation rate
(µ) as shown in Fig. 5.2. For a very high mutation rate (µ = 0.015), the phylogeny displays no noticeable clade patterns. The population is supported by
various sequences, some of which are found to have the catalytic structure,
while the others do not. The absence of clade patterns indicate that the
population forms one quasi-species (Eigen et al. 1989). For a slightly smaller
value of µ (= 0.013), however, the phylogeny reveals the existence of two sequence classes (two quasi-species), which are characterized by their distinct
sequence patterns. As µ becomes even smaller (µ = 0.008, 0.004), the number
of sequence classes increases up to four. In addition, for even smaller values
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(a) µ = 0.015

(b) µ = 0.013

(c) µ = 0.008

(d) µ = 0.004
Figure 5.2: Phylogeny for various mutation rates. Continued on p. 146.
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Figure 5.2 (continued from p. 145): Phylogenies are constructed from 2000 genotypes selected from a simulation for various values of the mutation rate (µ). They
were constructed through maximum likelihood method by using Phyml (Guindon and
Gascuel 2003). Due to great divergence among sequences and the procedure in genotype selection, the phylogeny depicts only the patterns in the population of sequences,
but not necessarily the evolutionary relationship among them (see Section 5.5.3, for
details). The leaves of the phylogenies were colored according to the sequence composition of a genotype’s dangling-end. For catalytic genotypes, the 5’-dangling-end of
the catalytic strand (which is to recognize templates) is chosen. If the dangling-end
has more C’s, the color becomes more cyan, whereas, if it contains more A’s, then
the color becomes more magenta. For non-catalytic genotypes, the 3’-dangling-end
(which is to be recognized by catalysts) with the most extreme sequence composition
among a pair of complementary sequences is chosen. If the dangling-end has more G’s,
the color becomes more red, whereas, if more U’s, then more green. In this coloring
scheme, the C-catalyst tends to appear cyan; the A-catalyst, magenta; the G-parasite,
red; the U-parasite, green. However, it should be noted that the red leaves appearing
in the clades of the C-catalyst are not the G-parasite [e.g., see (a)]. Instead, these
represent the mutants of the C-catalyst that have lost the catalytic structure, and
they are members of the C-catalyst quasi-species (see also Section 5.2.5). This is also
the case for the green leaves in the clades of the A-catalyst. Finally, for more precise
color coding, insets indicate the colors as a function of nucleotide frequencies, where
it reads 0.1 on scales (the frequency more than 0.5 are joined). The left (resp. right)
inset is for catalytic (resp. non-catalytic) genotypes.

of µ (< 0.001), the number of evolved sequence classes fluctuates during the
simulation between 2 and 5 (the results for this parameter region will not be
further dealt with in this chapter).
5.2.3

Patterns in the Genotypes and the Phenotypes of Sequence
Classes

To characterize these sequence classes, their sequence logo (Schneider and
Stephens 1990) and typical secondary structure are analyzed as shown in
Fig. 5.3.
For µ = 0.015, there is only one sequence class. Its sequence and structure
have evolved remarkable patterns optimized for its own replication. But to
understand this, one has to consider the following. To be a self-replicator,
a molecule has to replicate both its exact and complementary copy because
replication is complementary (the unit of replication is a pair of complementary sequences). Thus, the 5’-dangling-end of the replicase strand (the strand
having the replication activity) must make sufficient base-pair matches both
with the 3’-dangling-end of its complementary copy (template strand) and
with that of its exact copy. The latter is much more difficult because too
many base-pair matches between the dangling-ends in the same sequence
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can cause intra-molecular binding (the dangling-ends disappear by forming
stems), which prevents replication.
How did evolution tackle this problem? As shown in Fig. 5.3(a), the
replicator has a long dangling-end in the 5’-end of the replicase strand and in
the 3’-end of the template strand, and these dangling-ends have an extremely
high frequency of either C’s or G’s (note that GC-pairs have the strongest
affinity). Moreover, the 3’-dangling-end of the replicase strand also has many
G’s, but they are interspersed by U’s. These U’s prevent base-pair formation
with its own 5’-dangling-end (intra-molecular binding) by introducing many
potential bulges. These bulges are, however, not destabilizing for complex
formation due to the artificial interaction rules (see Section 5.2.1). Finally,
the template strand has no 5’-dangling-end, which prevents the formation
of non-functional complexes. In this way, evolution optimized—partly by
playing on the interaction rules’ simplicity—the phenotype of the replicator
for self-replication. For convenience, this sequence class is hereafter called
C-catalyst.
The phenotype of the C-catalyst described above is remarkable, because
it is a very intricate matter to realize it in a viable replicator. As one can
see from Fig. 5.3(a), the base-pairs forming in the secondary structures are
almost all GC’s. But these G’s and C’s are “hidden” in the sequence that
contains many other G’s and C’s. This makes the folding of correct structures
difficult, and, therefore, the replicator must delicately tune up its sequence.
This can be indeed seen from the fact that the genotypes of the C-catalyst are
extremely well conserved over all sequence positions despite a high mutation
rate (cf. the other sequence classes).
Let us next look at the other sequence classes appearing for lower µ
values. For µ = 0.013, while the C-catalyst also appears in the system, there
is another sequence class as shown in Fig. 5.3(b). Interestingly, this class has
no catalytic structure in either strand, but has a long 3’-dangling-end and
no 5’-dangling-end in both strands. These secondary structures are achieved
through the alternative stacking of three highly conserved sequence regions.
The 3’-dangling end of both strands has a high frequency of G’s (especially
the longer ones), and, moreover, the absence of 5’-dangling-ends prevents the
formation of non-functional complexes. These patterns clearly indicate that
this sequence class is optimized for being replicated by the C-catalyst (thus
named G-parasite).
For µ = 0.008, yet another sequence class appears as shown in Fig. 5.3(c).
This sequence class has a structure that is optimized for replication in a similar manner as in the C-catalyst. However, while the C-catalyst uses GC-pairs
to form complexes, this sequence class instead uses AU-pairs (thus named
A-catalyst). It is likely that this distinctively different sequence composition
defends the A-catalyst from the exploitation by the G-parasite (we come back
to this point in the next section). Moreover, the sequence of the A-catalyst is
much more variable than that of the the C-catalyst, especially at the positions
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(a) µ = 0.015

C-catalyst:

(b) µ = 0.013

(C-catalyst is also present)

G-parasite:

(c) µ = 0.008

(C-catalyst is also present)

G-parasite:

A-catalyst:

(d) µ = 0.004

(C-catalyst is also present)

G-parasite:

A-catalyst:

U-parasite:

Figure 5.3: Sequence logo and typical secondary structure of each sequence
class. Continued on p. 149
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Figure 5.3 (continued from p. 148): Genotypes were categorized into sequence
classes through the phylogenies shown in Fig. 5.2 (see Section 5.5.4, for mode details).
Sequence logos were produced by using WebLogo (Crooks et al. 2004). The typical
secondary structures were produced as follows. For a set of aligned structures represented by dot-bracket notation, the frequencies of bound and unbound bases [i.e., ’(’,
’)’ and ’.’] are counted for each structure position. For each position, if the frequency
of ’(’ or of ’)’ exceeds 20%, then the corresponding bracket is drawn; otherwise, ’.’
is drawn. The color of the brackets represents its frequency: the more frequent, the
more red. Physical complexity C (Adami et al. 2000) was calculated from the sequence logos (see Section ch5:sec:discussion, for details). For µ = 0.004, CC = 41.3 for
the C-catalyst; CG = 22.5 for the G-parasite; CA = 26.5 for the A-catalyst; CU = 13.0
for the U-parasite; and C∀ = 13.4 if all sequence classes are grouped together. For
µ = 0.008, CC = 41.5; CG = 19.9; CA = 20.9; and C∀ = 15.7. For µ = 0.013, CC = 37.9;
CG = 21.0; and C∀ = 27.5. For µ = 0.015, CC = 38.2 (CC = C∀ by definition).

that do not make base-pairs. This indicates that the A-catalyst has a higher
degree of freedom in its sequence to maintain the phenotype. This is understood because the bases that form pairs in the secondary structures are
mostly G’s and C’s, while those that do not form pairs are predominantly A’s
and U’s. Finally, it is worth realizing that the system evolves the C-catalyst
rather than the A-catalyst for higher mutation rates, even though the Acatalyst has a higher sequence freedom and, thus, is more robust against
mutations. This is an interesting counter example to survival of the flattest
(Eigen et al. 1989; Wilke 2001) (this will be explained in Section 5.2.6).
In addition, note that the sequence pattern of the G-parasite for µ =
0.008 drastically differs from that for µ = 0.013. These two types of the Gparasite have originated from the same genotype (the population was initially
homogeneous), but followed a different evolutionary path (data not shown;
the G-parasite sequence for µ = 0.013 shown in Fig. 5.3 is originally the
template strand of the C-catalyst, while that for µ = 0.008 is originally the
catalytic strand of the C-catalyst). They, however, show effectively the same
parasitic phenotype albeit achieved by different sequences.
For µ = 0.004, yet another sequence class appears as shown in Fig. 5.3(d).
This class is similar to the G-parasite, in that it has long 3’-dangling-ends and
no 5’-dangling-ends. Moreover, it achieves its secondary structure through
the alternative stacking of three sequence regions as in the G-parasite. But,
in contrast to the G-parasite, this class has accumulated a high frequency
of U’s in its 5’-dangling-ends. This indicates that this class is optimized for
being replicated by the A-catalyst (thus, named U-parasite). Therefore, the
U-parasite, while achieving the parasitic phenotype in a similar way, has a
different “host” from that of the G-parasite.
In summary, the system has evolved complex patterns of sequence and
structure, from which multiple sequence classes can be distinguished. More149
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over, the observed patterns in the sequence classes clearly indicate catalystparasite relationships between them. These relationships imply the evolution
of complex ecological organization, which will be further studied in the next
section.

5.2.4

Ecological Organization of the Replicator System

We saw that four sequence classes can coexist for µ = 0.004. In particular,
the coexistence between the C-catalyst and the A-catalyst is intriguing since
their resource is identical, and, moreover, the sequence patterns they evolved
exclude the possibility of mutualistic coupling between them such as the
hypercycle. How do they coexist?
Fig. 5.4 shows a snapshot of a simulation, which depicts the spatial distribution of molecules and its temporal dynamics for µ = 0.004 (see Fig. 5.2
for the color coding; see also a movie in Additional file 1). From the snapshot, one can recognize mutually invading wave patterns, where two types
of waves exist: one which has the C-catalyst in its front and the G-parasite
in its back (we call it the CG-wave); the other which has the A-catalyst in
its front and the U-parasite in its back (AU-wave). The temporal dynamics
of the waves shows that the front of the CG-wave can invade the AU-wave,
while the front of the AU-wave can invade the back of the CG-wave. Because
of this mutual invasion, both wave types can persist indefinitely, and thereby
the four sequence classes can coexist.
The dynamics of spatial patterns clearly indicate the following ecological
relationship between the sequence classes: The C-catalyst can out-compete
the A-catalyst in the absence of the G-parasite, while the A-catalyst can outcompete the C-catalyst in the presence of the G-parasite. This relationship
can be explained by their sequence patterns. On the one hand, the C-catalyst
has a rather high frequency of U’s in the 3’-dangling-end of the catalytic
strand, which makes it possible for the C-catalyst to be replicated by the Acatalyst. But, the A-catalyst has few G’s in its 3’-dangling-ends. Therefore,
the C-catalyst has an replication advantage over the A-catalyst. On the
other hand, the A-catalyst has a different sequence strategy from that of
the C-catalyst, which enables itself to escape from the exploitation by the
G-parasite. Therefore, if the G-parasite is present, the A-catalyst can invade
the C-catalyst. The U-parasite is not necessary for the coexistence between
the C-, the A-catalyst and the G-parasite, but it obviously helps the Ccatalyst to invade the A-catalyst (this makes the generated spatial patterns
much clearer).
We also examined the importance of spatial pattern formation either by
repeating or continuing the simulations in a well-mixed situation. It turned
out that the system quickly went to extinction in all simulations conducted
(data not shown).
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Figure 5.4: A snapshot of a simulation. µ = 0.004. The snapshot depicts mutually
invading wave patterns. Molecules are colored in the same way as in Fig. 5.2. In this
color scheme, the wave fronts composed of the C-catalyst appears cyan; the wave
backs composed of the G-parasite appear red; the wave fronts composed of the Acatalyst appear magenta; the wave backs composed of the U-parasite appear green.
Empty space is white. The arrows represent the direction of the propagation of wave
fronts. The black arrows are for the C-catalyst fronts, whereas the white arrows are
for the A-catalyst fronts. A movie of this simulation is available as Additional file 1.

In summary, the results of this section revealed the complex ecological organization of the replicator system, and how this organization is generated by
the interactions between different sequence classes. Moreover, it was shown
that spatial pattern formation is crucial for the evolution of the complex
organization and even for the viability of the system.
5.2.5

Evolution of the Ecological Organization

So far, we have studied the patterns of sequences and the organization of
ecosystems as the outcome of evolution. Next, we focus on evolution itself
and study how these patterns and organization are generated through the
course of evolution.
A simulation for µ = 0.01 was analyzed in time series (for µ = 0.01, the
system evolves the C- and the A-catalyst, and the G-parasite). Fig. 5.5(a)
shows the evolution of the Hamming distance between the C-catalyst and
the non-catalytic molecules that have a higher affinity to the C-catalyst than
to the A-catalyst. This graph reveals a branching event happening shortly
after the beginning of the simulation. The branch with a smaller Hamming
distance represents the mutants of the C-catalyst that have lost the catalytic
structure. Such mutants also appear in the phylogeny shown in Fig. 5.2 [e.g.,
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the red leaves appearing in (a)]. It must be noted that although some of
these mutant genotypes can still be replicated by the catalytic genotypes,
they do not constitute a separate parasitic lineage—they are members of the
C-catalyst’s quasi-species. Moreover, they have on average less affinity to
the C-catalyst than the G-parasite does as seen from the result presented
next. The branch with a greater Hamming distance turns out to be the
G-parasite as revealed by the sequence analysis. By following this branch,
the affinity (G) between the G-parasite and the C-catalyst was measured
in time as shown in Fig. 5.5(a). These plots illustrate the evolution of the
G-parasite for an improved affinity toward the C-catalyst. These results
show that the origin of the G-parasite was in the C-catalyst, and after the
branching the G-parasite rapidly diverged from the C-catalyst, evolving its
parasitic strategy. Moreover, the results indicate that the G-parasite has
continuity in its lineage. This result supports the notion that the G-parasite
forms a distinct quasi-species from that of the C-catalyst, which have been
indicated by their distinct sequence pattern revealed by the phylogeny. Based
on these results and on the fact that the G-parasite has distinct ecological
functionality from that of the C-catalyst as shown above, we call the Gparasite a different “species” from the C-catalyst.
We next studied the evolution of the catalysts by measuring the sequence
composition of their 5’-dangling-end (precisely speaking, the frequency of
C’s minus that of A’s). As shown in Fig. 5.5(b), the result uncovers another
“speciation” happening in the catalyst population, which gives rise to the
A-catalyst. It is important to note that the speciation of the A-catalyst
is subsequent to the establishment of the G-parasite (see also a movie in
Additional file 1).
In relation to the notion of species, we also examined the effect of recombination on speciation by introducing a recombination step in the model.
The results were qualitatively the same (but see also Authors’ response to
Reviewer’s report 2, which is found in Takeuchi and Hogeweg 2008).
Let us now consider why the G-parasite and the A-catalyst evolve. A previous study has shown that in a replicator system with complex formation (as
in the current system), parasites have a replication advantage over catalysts
(Chapter 4). This is because replicating a template costs to a catalyst some
finite amount of time during which the catalyst can not be replicated, and
the parasites, which do not replicate other molecules, can spend more time
as templates than the catalysts. Thus, the presence of catalysts entails a
“niche” (ecological functionality) for parasites. In the current system, the Ccatalyst creates such a niche, and this enables the evolution of the G-parasite.
Moreover, once the C-catalyst-G-parasite organization is established, it creates yet another niche, i.e., a niche for a phenotype that can escape from the
G-parasite. Acquiring such a phenotype, the A-catalyst evolves. Finally, the
establishment of such an alternative catalyst, in turn, creates a niche for a
phenotype that can parasitize this alternative catalyst. This can cause the
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Figure 5.5: Dynamics of speciation. (a) Evolutionary dynamics of the G-parasite.
The abscissa is time in simulation steps. There are three kinds of ordinate: (1) The
ordinate labeled as distance is the Hamming distance between the C-catalyst and
non-catalytic molecules that have a stronger affinity to the C-catalyst than to the Acatalyst (for each of the chosen non-catalytic genotypes, the catalytic genotype that
gives the strongest affinity to it is used to calculate the distance). The affinity is
measured in the G score. The distinction between the C- and A-catalyst was done
from the sequence composition of their 5-’dangling-end. Gray scale represents the
frequency (occurrence) of phenotypes (the more frequent, the darker). The frequency
was averaged over ca. 2000 time steps (100 bins). The plots are based on the top 1000
most abundant phenotypes chosen each from catalytic and non-catalytic replicators at
every 500 time steps [this is also the case in (b); for the definition of phenotypes, see
Section 5.5.3]. (2) The ordinate labeled as max(−G ) (and dashed line) is the average
of the theoretical maximal affinity of G-parasites (the sequences in the upper branch
of the Hamming distance distribution are the G-parasites). (3) The ordinate labeled
as best(−G ) (and solid line) is the average of the maximal affinity G-parasites can
gain from the C-catalyst. (b) Evolutionary dynamics of the A-catalyst. The abscissa
is time. The ordinate is the frequency of C’s minus that of A’s in the 5’-dangling-end
of catalytic molecules. Gray scale represents the number of occurrence of phenotypes.
The frequency was averaged in the same way as in the Hamming distance in (a).

evolution of the U-parasite, though it does not happen for µ = 0.01 (this
will be explained in the next section). Finally, under the current artificial
interaction rules, this successive speciation ceases to operate after the system
exploits all nucleotide types.
In summary, the results of this section demonstrated a chain reaction
of niche generation and speciation in an emergent ecosystem: An emergent
ecosystem generates novel ecological functionality for a certain phenotype;
this promotes the evolution of a novel sequence class (species) realizing such
a phenotype through speciation; and this, in turn, results in the development
of a more complex ecosystem.
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5.2.6

Effect of the Mutation Rate on the Evolution

Let us now consider why the number of species depends on the mutation
rate µ. A previous study has shown that in a spatial replicator system with
complex formation, a deleterious mutation that destroys both catalytic and
template activity of replicators imposes a great disadvantage to parasitic
replicators because of the effective dilution of the system by inert molecules
(Chapter 4). In the current model, increasing the mutation rate (µ) certainly
increases the rate of deleterious mutation. Moreover, as we saw above, it is
not an instantaneous process that the G-parasite gains its functionality; it is
a gradual (albeit rapid) evolutionary process. This means that the G-parasite
suffers the disadvantage of deleterious mutation especially at its early stage
of evolution, in which the G-parasite has not yet evolved a great advantage
over the C-catalyst. Thus, too high values of µ prohibit the evolution of the
G-parasite. This prohibition to the early phase of evolution is well illustrated
by the bistability of the G-parasite evolution: we inoculated the G-parasite,
which has already evolved in a system with a lower value of µ, to a system
with µ the value of which is slightly too high for the G-parasite to evolve,
and observed that the G-parasite can survive (data not shown).
The same explanation can be applied for the mutation rate dependency of the U-parasite evolution (however, the bistability was not observed).
Moreover, higher mutation rates prohibit the evolution of the U-parasite also
through increasing the sequence diversity of the A-catalyst, which makes it
difficult to parasitize the A-catalyst (Fig. 5.3; see also Hogeweg and Takeuchi
2003; Kaneko and Ikegami 1992).
Finally, the same line of argument can also explain the mutation rate
dependency of the A-catalyst evolution. As explained before, the A-catalyst
requires the G-parasite for its survival in competition with the C-catalyst
(an exception is observed in the system described in Section 5.6.1). This
explains why the A-catalyst—which is mutationally more robust than the
C-catalyst—does not evolve for the high values of µ for which the G-parasite
does not evolve. Moreover, even if the G-parasite evolves, the A-catalyst
does not necessarily evolve (see Fig. 5.3, µ = 0.013; see also Fig. 5.6). This is
because greater mutation rates make the G-parasite not very harmful to the
C-catalyst, so that the A-catalyst cannot out-compete the C-catalyst in the
presence of the G-parasite. But if the mutation rate is sufficiently small, the
G-parasite becomes strong enough to enable the A-catalyst to out-compete
the C-catalyst in its presence. In this case, the A-catalyst can evolve.
In summary, the diversity of the current system depends on the mutation
rate, because greater mutation rates give a disadvantage to replicators with
parasitic strategy. Moreover, the above consideration reveals an evolutionary
safeguard against harmful parasites: If parasites are sufficiently harmful (because mutation rates are small), escape catalysts evolve exploiting the very
harmfulness of the parasite, which stabilizes the system as a whole.
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Figure 5.6: The number of evolved sequence classes (species) as a function
of the mutation rate for five simulation series. For each series, simulations were
initialized with a homogeneous population of different pre-evolved replicators. At some
high mutation rate, the number of species drops to zero. This indicates that the system
collapses because the mutation rate is above the error-threshold. Plots are not drawn
for low mutation rates, because the number of species and their sequence patterns
fluctuate in this region of the mutation rate. The upper left plot is for the simulation
series that are described in main text. For µ = 0.004, the system eventually evolved to
the three species system (the C- and the A-catalyst, and the G-parasite) as explained
in main text. The star depicted at µ = 0.004 designates the number of species at the
metastable state (note that the phylogeny for µ = 0.004 in Fig. 5.2 is generated in this
metastable state). The plot designated by (e) is for the simulation series that exhibited
functional polymorphism without speciation (the details are explained in Section 5.6.1).
In this plot, the dotted line denotes that the number of species can fluctuate between
2 and 3 (see also Additional file 2).

5.2.7

Stability of the System/Recurrence of the Results

The current replicator system is extremely persistent: no single run of simulations showed the extinction of a whole system for µ > 0.0001 as long as
the initial population survives the first few thousand time steps. Moreover,
the ecological organization described above is also stable during a simulation (simulations were continued typically about 500000 time steps; cf. Ray
1994). In one case, which is a continuation of the simulation for µ = 0.004
described above, we observed that the G-parasite evolved some affinity to the
A-catalyst, which made the U-parasite go extinct. However, the G-parasite
still had a greater affinity to the C-catalyst, and thus the three species system
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persisted.
The simulations were repeated for the other pre-evolved replicators. The
results turned out to be surprisingly recurrent. From all pre-evolved replicators, the C-catalyst, G-parasite, A-catalyst and U-parasite evolved for small
mutation rates (their exact genotypes greatly differed). The mutually invading wave patterns were observed too. Furthermore, as shown in Fig. 5.6,
the relationship between the mutation rate and the presence/absence patterns of the species was qualitatively the same in all cases except for one
(see Additional file 2 for this case). Finally, we also examined the effect of
spatially heterogeneous decay rates on the evolutionary dynamics and on the
formation of spatial pattern by following a previous study (Scheuring et al.
2003). The results were qualitatively the same as presented above (see also
Authors’ response to Reviewer’s report 2, which is found in Takeuchi and
Hogeweg 2008).

5.3

Discussion

From a prebiotic evolution point of view, the novelty of the current study
is that it demonstrated the evolution of emergent ecological organization in
an RNA-like replicator system through the evolution of individual replicators. This contrasts with previous studies (e.g., Eigen and Schuster 1979;
Szathmáry and Demeter 1987; Boerlijst and Hogeweg 1991b; Boerlijst and
Hogeweg 1991a; Forst 2000; Scheuring et al. 2003; Hogeweg and Takeuchi
2003; Attolini and Stadler 2006), which investigated the maintenance of predefined ecological organization
Moreover, this study sheds new light on the relationship between parasites and the complexity of replicator systems. It has long been thought that
the parasites destabilize replicator systems; accordingly, many studies investigated how catalysts can resist or coexist with parasites (e.g., Maynard Smith
1979; Bresch et al. 1980; Altmeyer et al. 2004; Chapter 4; also the references
cited in the previous paragraph). Our results, however, showed that parasites
can, not only coexist with catalysts, but can actually cause the evolution of
further complexity. In fact, Hanczyc and Dorit (1998) also observed from
their in vitro evolution of ribozymes that the system increased its complexity through the evolution of parasites (or partner molecules as they called
it), and they suggested that parasites (1) set the stage for the generation
of further complexity and (2) be the raw material for the evolution of novel
functions. Our results demonstrated the first suggestion, but only partly the
second one. The extension of our model to include more kinds of catalytic
activities, such as ligase and nuclease, may elucidate this point further (see
Hogeweg and Takeuchi 2003; Manrubia and Briones 2007, for evolutionary
significance of ligase). In particular, it is of interest whether (or how far) spatial pattern formation alone can support the further increase of functional
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complexity in the replicator system. It is also of special interest what extra
effect—be it positive or negative—can be brought about by the compartmentalization of replicators by membranes (Niesert et al. 1981; Koch 1984;
Szathmáry and Demeter 1987; Hogeweg and Takeuchi 2003) or by inorganic
materials (Koonin and Martin 2005).
Our study also illustrated an interesting relationship between the problem
of parasites and that of the error-threshold. For mutation rates close to the
error-threshold, the catalysts were free from the evolution of parasitic species,
but greater diversity did not evolve either (see also Chapter 4). Lowering the
mutation rate caused the evolution of parasites, which, however, enabled
the evolution of even greater diversity. Hence, in the current system, greater
mutation rates cause smaller replicator diversity, while smaller mutation rates
cause greater replicator diversity. Therefore, while it is well known that
greater mutation rates limit the accumulation of information due to the errorthreshold (Eigen 1971), greater mutation rates can also limit the evolution
of complexity by inhibiting the evolution of complex ecological organization.
Finally, we emphasize that extreme persistence was seen in the current
spatial replicator system where the evolution at the individual level determines the system’s ecological organization, and vice versa. This is because
upon the exploitation by harmful parasites, the system can evolve more
complex ecological organization by exploiting the very harmfulness of the
parasite, which then stabilizes the system as a whole.
From an evolutionary biology point of view, the distinct feature of the current model is that the evolution is modeled as a process of pattern formation
in the genotype, the phenotype and the interactions of replicators, where a
genotype determines a phenotype; a phenotype determines interactions; and
the interactions give a dynamic feedback on the spatiotemporal distribution
of genotypes [Fig. 5.1; a similar view has been taken previously by van der
Laan and Hogeweg (1995)]. In the following, we discuss this point through
comparison with other models.
Firstly, the current model contrasts with those evolution models where
species and their ecological organization are preconceived properties of the
system (see also Section 5.1). In our model, a species was instead an a posteriori recognized entity, representing a multitude of genealogically related
individuals [i.e., quasi-species (Eigen et al. 1989)] sharing a distinct functionality in the ecosystem where they lived. Ecological organization was recognized in parallel with that of species through the analysis of the phenotypes
and spatial distributions of the species. In other words, species and ecological organization were the system’s emergent properties, which evolved as
patterns in the genotypes, phenotypes, interactions and spatial distributions
of individuals.
Secondly, the current model also contrasts with those models that preconceive the possible ecological functionality that can be achieved by different
genotypes (see also Section 5.1). For instance, the adaptive dynamics model
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in Dieckmann and Doebeli’s study (1999) predefines a spectrum of resources
an organism can consume, and it studies whether/how a population radiates
in this space of preconceived ecological functionality [the situation is similar in Chow et al.’s study (2004)]. In contrast, the ecological functionality
of the evolved genotypes in our model is not predefined, but is generated
by the ecological organization. Moreover, the ecological organization itself
is generated by evolution through a chain reaction of niche generation and
speciation. Hence, evolution generates information from within the system.
Finally, the above two points are linked with one another. Emergent
organization supplies a context in which novel information can evolve, and the
evolution of novel information in turn generates more complex organization.
Hence, the positive feedback between the evolution of organization and that
of information, and thereby the evolution of complexity.
To our knowledge, the only model that has also showed such an autocatalytic increase in the complexity of an evolving system is Ray’s Tierra
(1991), which studied the evolution of self-copying computer programs. Although it was later reported that the ecological organization in Tierra tended
to disappear in the course of evolutionary optimization for self-replication
(Ray 1994), the general insight obtained from Tierra is very similar to that
presented above.
Biological complexity has been studied by many authors from various aspects (Maynard Smith and Szathmáry 1997; Hazen et al. 2007; Lynch 2007;
Moran 2007, to name a few). Among others, Adami et al. (2000) suggested to quantify the complexity by the amount of information in sequences
(genomes). The information was measured by the degree of conservation in
sequences, which is based on the idea that the test for information is how
successful sequences are in the environment where they live. Let us consider
this in our model. If the complexity (denoted by C) is calculated simply
from all sequences in the system, it will be lower for the system with more
species, contradicting one’s intuition. Instead, it seems more natural to calculate C for each species separately (as is done in Fig. 5.3) and then to add
them up to the total information in the system. This idea, in fact, shows a
view that the functional diversity contributes to the amount of information
in a whole system (see, e.g., Eigen and Schuster 1979). However, since the
functional diversity most likely accompanies sequence diversity, the quantification of information in sequences encounters the dichotomy of conservation
and diversity. The question is, how to classify sequences in “right” groups,
which depends on how to define what the right groups are. Phylogeny is one
of the best tools for this (as demonstrated here), but it is not guaranteed
that phylogenetic classes coincide with functional classes (see Section 5.6.1).
This dichotomy may be averted, in principle, by an exhaustive search of all
possible sequences for those performing a priori specified functions (Szostak
2003). But there are other problems: First of all, the biological functions of
sequences must be discovered with respect to the organization in which they
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live. Moreover, to sum up the complexity of multiple species (or functions),
it may be natural to factor in the functional (dis)similarity between species;
however, how to do this quantitatively is an open question.
In closing, the authors note that the general concepts discussed above,
such as the evolutionary feedback between information and organization, are
not entirely new in the field of evolutionary biology. The point of this study
is that our model—where evolution was viewed as a process of multi-level
pattern formation—exhibited a prototypical instantiation of those general
concepts.

5.4

Conclusions

• Complex ecological organization can evolve in a simple RNA-like replicator system, where parasitic replicators actually promote the evolution
of diversity, rather than inhibit it.
• Smaller mutation rates allow the evolution of complex ecological organization, while greater mutation rates inhibit it.
• Extreme persistence is observed in the replicator system where the
evolution at the individual level determines the system’s ecological organization, and vice versa.
• This study demonstrates an evolutionary feedback between information
and organization and, therewith, suggests a potential scenario for the
evolution of biological complexity.

5.5
5.5.1

Methods
Details of the Model

As explained before, our model is spatially extended, individual based, Monte
Carlo simulation model. One time step of the model consists of a reaction
and diffusion step, the details of which are described below.
The reaction step was further divided into the production and the decay
step. The algorithm of the production step runs as follows. Choose every
square of the grid once in a random order. For each chosen square,
(1) if the square contains a free molecule (i.e., a molecule not making a complex; let us denote this by X), then randomly choose another square
from the eight squares adjacent to the first square (i.e., Moore neighbors). If the second square also contains a free molecule (denoted by
Y), complex formation can happen either between X’s 5’-end and Y’s
3’-end with a probability k1 = 1 − exp(GX50∼ 30Y ) or between Y’s 5’-end
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and X’s 3’-end with a probability k10 = 1 − exp(GY50∼ 30X ) (G is the binding energy between the two dangling-ends as explained in main text).
These two possibilities are exclusive. If k1 + k10 > 1, then each probability is normalized by dividing with k1 + k10 . If a complex is formed,
the two molecules are marked as composing a complex molecule. One
complex molecule is represented by two molecules occupying two contiguous squares.
(2) If the square contains a molecule making a complex, then complex
dissociation can happen with a probability k2 = exp(G), where G is
calculated from the two dangling ends forming a bond.
(3) If the square is empty, then choose another square randomly from the
Moore neighbors of the first square. If the second square contains a
molecule making a complex, then replication can happen with a probability κ = 1.
In the decay step, every molecule is removed with a probability d = 0.03. If a
chosen molecule is forming a complex, then it is removed, but the molecule
with which it forms a complex is not removed.
In the diffusion step, every square is chosen once in a random order. For
each chosen square, if it contains a molecule, then choose another square
from its Moore neighbors. If the second square is empty, the molecule in the
first square is moved into the second square with a probability p, where p = 1
for a free molecule; and p = 0.9 for a molecule making a complex (this is to
take into account an increased volume of complex). For the diffusion of a
complex, the other molecule of the complex that is not in the first square is
moved into the first square so that two molecules are always adjacent to each
other, and a complex is not chosen twice in one diffusion step.
The model was programed based on CASH library (de Boer and Staritsky
2000). The source code is available upon request.
5.5.2

Pre-evolution (Preparation for Simulations)

From randomly generated RNA sequences, those that can replicate itself were
chosen. Homogeneous populations of these replicators were used to initialize
a series of simulations. The mutation rate µ was initially set to 0.001 or
0.005, but gradually increased to the maximal limit for the survival (i.e., the
error-threshold), which was about 0.015. At the end of each simulation, the
most abundant genotype was chosen as a pre-evolved replicator. In this way,
five different pre-evolved replicators were obtained (see Additional file 3 for
the obtained sequences). Then, a homogeneous population of a pre-evolved
replicator was used to initialize next simulations, the results of which are
reported in this chapter.
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The preparatory evolution was conducted because randomly generated
RNA replicators were not able to tolerate high mutation rates used for the
main results. Moreover, the fact that each simulation is initialized by a single
genotype makes it easier to study the evolutionary dynamics. Therefore, the
above preparations enable us to focus on essential results that support our
main messages.
5.5.3

Construction of Phylogenies

To construct a phylogeny, two thousand genotypes were selected from the system as follows. At a sufficiently later simulation step (ca. 340000-th steps),
the 1000 most abundant phenotypes were chosen each from catalytic and
non-catalytic replicators, where a phenotype was defined by the secondary
structure in Shapiro’s notation (1988) and by the sequence of both danglingends. For each of those 2000 phenotypes, the genotype with the largest
population was chosen to be the representative. Here, one genotype consists
of a pair of complementary sequences (for this is the unit of replication);
thus, we obtain 2000 pairs of complementary sequences. Complementary sequences must not co-occur in the same phylogeny, so that one has to choose
one strand from each pair. This is identical to labeling each strand either as
plus or minus (note that this labeling has nothing to do with the functionality of sequences). This labeling was conducted through simulated annealing
method that minimizes the Hamming distance among the sequences with the
same label. From the so selected 2000 sequences, a phylogeny was constructed by using Phyml (Guindon and Gascuel 2003) with option 0 i 1 0 hky
e e 4 e bionj y y. The root of a phylogeny was chosen so as to make the
phylogeny more clearly visible. The alignment of sequences was unnecessary
because only point mutations were allowed to occur during a simulation. Finally, note that the above simulated annealing method may not necessarily
reconstruct the evolutionarily true plus/minus classification if sequence divergence is too large; therefore, the phylogenies constructed here should be
considered as a tool to detect the structures in a population of sequences.
The validity of this method was checked by a more direct method, in which
molecules were labeled either as plus or minus at the beginning of a simulation, and the labels were complementarily copied when replication happens.
Phylogenies constructed with this method also detected the same sequence
classes reported in this study.
5.5.4

Construction of Sequence Logos and Typical Secondary
Structures

From the phylogenies shown in Fig. 5.2, clades representing each sequence
class were selected with the aid of TreeDyn (Chevenet et al. 2006). Since
each leaf of a phylogeny is a genotype that represents one phenotype, one has
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to compile, for each selected clade, an ensemble of genotypes in which the
population size distribution of genotypes is taken into consideration. From
such an ensemble of genotypes, sequence logos were produced by using WebLogo (Crooks et al. 2004), and typical secondary structures were produced
in the method described in the caption of Fig. 5.3.

5.6
5.6.1

Appendix
Functional Polymorphism without Speciation

As we mentioned in main text, one of the simulation series deviates from the
other four series in some aspects. In this section we explain the results of this
atypical simulation series and also discuss its implication for the measurement
of physical complexity (Adami et al. 2000), which is discussed in main text
(see Discussion).
The system in this simulation series differs from the others in two aspects,
which might be related to each other: the phenotype of the catalytic species
that evolves for high mutation rates and the presence/absence pattern of
sequence classes as a function of the mutation rate. For very high mutation
rates (µ = 0.013, 0.014), the system evolved only one catalytic species, which
is the same as in the other series. However, this catalytic species turned out
to be the A-catalyst, which contrasts with the other cases where it was the
C-catalyst (the evolution of the A-catalyst can be explained by survival of
the flattest effect; see also Authors’ response to Reviewer’s report 2, which is
found in Takeuchi and Hogeweg 2008). For lower mutation rates (µ ≤ 0.012),
a parasitic species evolved, which made the catalyst to evolve functional
polymorphism without speciation as we will describe in more detail in the
next paragraph. In this region of the parameter, the number of evolved
sequence classes fluctuate; namely, the system contains one catalyst class
and one or two parasite classes. This pattern of sequence class composition
differs from what we observed in the other series. If the mutation rate was
even lower (µ = 0.003, 0.002), the catalyst speciated to the typical C- and
A-catalyst as in the other series, and the parasite population also speciated
into the typical G- and U-parasite species. Hence the four-species ecosystem
evolved for low mutation rates as in the other simulation series. Therefore,
the ecological organization with four species is a robust evolutionary attractor
of the current model.
Fig. 5.7(a) shows a phylogeny constructed from a population of sequences
in the system for µ = 0.01 . As seen from the phylogeny, there are one
catalytic class and two parasitic classes in the system. Interestingly, the 5’dangling-end of the catalytic class contains C’s and A’s in a nearly equal
frequency as seen from the sequence logo in Fig. 5.7(b) (let us call this class
AC-catalyst). This, however, does not mean that each individual of the ACcatalyst has such a sequence composition. In fact, the close inspection of
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Figure 5.7: This figure shows the results from one of the 5 simulation series that
exhibited the functional polymorphism within quasi-species in the catalysts. The results
shown here were obtained from a simulation with µ = 0.01. (a) Phylogeny. The
method of construction and the color coding of leaves are the same as in Fig. 5.2. The
numbers next to clades correspond to those of the sequence logos of the parasites.
(b) Sequence logos, constructed in the same way as in Fig. 5.3. (c) A snapshot of
simulation. The color coding is the same as in Fig. 5.4.

the phylogeny reveals that some genotypes of the AC-catalyst have more C’s
in their 5’-dangling-end, while the others have more A’s (i.e., some leaves
of the phylogeny are cyan, while the others are magenta). Therefore, the
AC-catalyst holds both C- and A-catalyst like sequence strategies within
one quasi-species (without speciation). In addition, we note that the two
parasitic classes differ greatly in sequence and structure; however, the target
of parasitism is not very well discriminable. Moreover, the system does not
exhibit wave-like patterns as shown in Fig. 5.7(c).
The fact that two parasitic classes appear in the system strongly indic163
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ates that the above sequence polymorphism in the catalyst has a significant
impact on the evolutionary dynamics of parasites. Although the coexistence
of the two parasitic classes turns out to be not stable in long run (one of
the two parasitic classes goes extinct), the evolution of a secondary parasite
happens recurrently during one simulation (data not shown).
Finally, with respect to the discussion of physical complexity in main text,
the above results exemplify a case in which it is difficult to make one-to-one
correspondence between phylogenetic and functional classes. In contrast to
the previous case in Fig. 5.3, the classification of sequences through the phylogeny cannot take account of the functional polymorphism of the catalysts,
because the polymorphism appears without speciation in the current case.

Additional Files
1. Movie of a simulation: This file is an mpeg movie of a simulation
for µ = 0.004. The color coding is the same as in Fig. 5.4. The file is
available from the publisher’s web site (doi:10.1186/1745-6150-3-11 or
www.biology-direct.com).
2. Functional polymorphism without speciation: This file explains
the results of the simulation series that showed a functional polymorphism without speciation (see also Fig. 5.6). It also discusses its implication for the measurement of physical complexity (see also Section 5.3).
The file is included as Section 5.6.1.
3. Five genotypes used to initialize simulations: This file lists the
five catalytic genotypes obtained from pre-evolution. They are used to
initialize simulations. The first one is for the simulations presented in
main text. The last one is for the simulations presented in Additional
file 2. The file is available from the publisher’s web site (doi:10.1186/
1745-6150-3-11 or www.biology-direct.com).
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The Evolution of Strand Preference in
Simulated RNA Replicators with Strand
Displacement: Implications for the Origin of
Transcription1

Takeuchi, N., Salazar, L., Poole, A. M. and Hogeweg, P. (2008)
Biology Direct, 3:33.
1

The original publication includes the comments of reviewers (Takeuchi et al. 2008),
which are not included here.
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6. Evolution of Replicators with Strand Displacement

Abstract
Background: The simplest conceivable example of evolving systems is RNA
molecules that can replicate themselves. Since replication produces a new RNA
strand complementary to a template, all templates would eventually become
double-stranded and, hence, become unavailable for replication. Thus the problem of how to separate the two strands is considered a major issue for the early
evolution of self-replicating RNA. One biologically plausible way to copy a doublestranded RNA is to displace a preexisting strand by a newly synthesized strand.
Such copying can in principle be initiated from either the (+) or (−) strand of
a double-stranded RNA. Assuming that only one of them, say (+), can act as
replicase when single-stranded, strand displacement produces a new replicase if
the (−) strand is the template. If, however, the (+) strand is the template,
it produces a new template (but no replicase). Modern transcription exhibits
extreme strand preference wherein anti-sense strands are always the template.
Likewise, replication by strand displacement seems optimal if it also exhibits extreme strand preference wherein (−) strands are always the template, favoring
replicase production. Here we investigate whether such strand preference can
evolve in a simple RNA replicator system with strand displacement.
Results: We first studied a simple mathematical model of the replicator dynamics. Our results indicated that if the system is well-mixed, there is no selective
force acting upon strand preference per se. Next, we studied an individual-based
simulation model to investigate the evolution of strand preference under finite
diffusion. Interestingly, the results showed that selective forces “emerge” because of finite diffusion. Strikingly, the direction of the strand preference that
evolves [i.e. (+) or (−) strand excess] is a complex non-monotonic function of
the diffusion intensity. The mechanism underlying this behavior is elucidated.
Furthermore, a speciation-like phenomenon is observed under certain conditions:
two extreme replication strategies, namely replicase producers and template producers, emerge and coexist among competing replicators.
Conclusions: Finite diffusion enables the evolution of strand preference, the
direction of which is a non-monotonic function of the diffusion intensity. By
identifying the conditions under which strand preference evolves, this study
provides an insight into how a rudimentary transcription-like pattern might have
emerged in an RNA-based replicator system.
Reviewers: This article was reviewed by Eugene V Koonin, Rob Kinght and
István Scheuring (nominated by David H Ardell). For the full reviews, please see
the original publication (Takeuchi et al. 2008).
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Background

It is often pointed out that the simplest conceivable examples of a selfreplicating evolving system, i.e. a replicase RNA which can copy itself, would
be an example of dual genotype and phenotype, in that it is both replicator
and its own template. The expectation is thus that the distinction between
genotype and phenotype “evolved” at some later stage. However, assuming
that replication is broadly similar to modern systems (proceeding 50 → 30 ,
and reading 30 → 50 from a template), a second strand will always be synthesized as complementary to a template. Since all substrates will rapidly
become double-stranded and, by default, become unavailable for replication,
the problem of how to separate the two strands has been considered a major issue for the early evolution of self-replicating RNA (Bartel 1998 Kováč
et al. 2003; for the population biological consequence of the growth limitation due to double-strand formation, see Epstein 1979; Biebricher et al. 1985;
Szathmáry and Gladkih 1989; Wills et al. 1998; Lifson and Lifson 1999; von
Kiedrowski and Szathmáry 2001; Scheuring and Szathmáry 2001).
The expectation among those working on experimental self-replicating
RNA is that such a double-stranded intermediate could be copied by strand
displacement (as in some RNA viruses) (Bartel 1998; Chen et al. 2006).
Copying by strand displacement permits either strand of a double-stranded
RNA to serve as template. In Fig. 6.1a, the (+) strand codes for a replicase
capable of template-directed RNA polymerization. Its complement, the (−)
strand, has no catalytic function. Copying by strand displacement produces
two possible outcomes, depending upon which template is utilized. Where
the (−) strand is the template, copying with strand displacement will result
in a new (+) strand being synthesized, the displaced (+) strand being able
to fold up into an active (+) replicase (Fig. 6.1a). The net outcome is thus
production of a new replicase molecule. However, if the (+) strand is template, the net outcome is production of a new copy of the (−) strand, the
displaced strand folding up, but possessing no function (Fig. 6.1b). Hence,
if the replicase exhibits no preference for either end of the double-stranded
template, these two molecules will be produced in about equal amounts;
only 50% of copying events will yield new replicases. In contrast, modern
transcription systems exhibit extreme strand preference, in that (−) strands
(anti-sense strands) are always the template. Likewise, replication by strand
displacement seems optimal if it also exhibits such extreme strand preference
favoring replicase production [always using (−) strands as a template].
Here we ask whether such preference towards producing single-stranded
(+) replicases can actually evolve, and hence, whether a rudimentary transcription-like pattern can emerge in a simple RNA-based replicator system
with strand displacement. To address this question, we first investigate a very
simple mathematical model for a system of self-replicating RNA with strand
displacement and show that if the system is well-mixed (under other simpli169
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Figure 6.1: A scheme of self-replicating RNA with strand displacement. a and b
show the two possible outcomes for replication from a double-stranded RNA by strand
displacement. The single-stranded (+) catalyzes replication reactions, and is thus
replicase. The single-stranded (−) carries no catalytic function. While it is arbitrary
whether we designate single-stranded (+) strands or single-stranded (−) strands as
replicases, the assumption that only one of the strands is the replicase is important.
c shows the entire set of self-replication processes. Solid arrows represent replication
reactions, where the origin of the arrows is the template and the end point of the
affows is the product of replication. Dashed arrows represent catalysis. Note that
both single-stranded (+) and (−) can serve as a template for replication, wherein
replication gives rise to a double-stranded molecule.

fying assumptions), there is no selective force acting upon strand preference
per se. Next, we construct a spatially-extended individual-based Monte Carlo
simulation model using Cellular Automata and investigate the evolution of
strand preference in a system of replicators with finite diffusion. Interestingly, the results show that, selective forces “emerge” because of limited diffusion, enabling the evolution of strand preference towards producing singlestranded (+) replicases. Strikingly, however, the direction of the strand
preference that evolves turns out to be a complex non-monotonic function of
the intensity of diffusion. Finally, we investigate the effect of double-strand
complex formation (i.e. a replication intermediate between a double-strand
and a replicase) and show that complex formation causes direct selection for
preference towards producing single-stranded (−) templates. However, we
show that despite complex formation, the evolution of preference towards
producing single-stranded (+) replicases is still possible if diffusion is finite
and where the decay rate of replicators is sufficiently great.
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Results
A System with Infinite Diffusion: a Simple Mathematical
Model

In this section, we formulate a simple mathematical model to describe the
population dynamics of RNA replicators with strand displacement under the
assumption that diffusion is infinite. The model described here serves to
illustrate that the emergence of strand preference requires explanation and
cannot therefore be treated as a de facto feature of polymerisation with strand
displacement. Furthermore, it gives us a reference to which more complex
models may be compared. A system with a single species is first formulated
and is then extended to a system with multiple species.
We consider the following reaction scheme for replication of RNA with
strand displacement (see also Fig. 6.1c):
k

SP
2P →
P + D,

k

SM
P+M →
P + D,

k

DP
P+D+∅ →
P + D + M,

(6.1)

k

DM
P+D+∅ →
P + D + P,

d

P, M, D → ∅,
where P denotes a single-stranded (+), which is the replicase; M denotes
a single-stranded (−); D denotes a double strand; ∅ represents resources
for replication; kx is a reaction rate constant, where x denotes templates,
namely single-stranded (+) (x = SP ), single-stranded (−) (SM ), doublestranded (+) (DP ) and double-stranded (−) (DM ). The first two reactions
represent the production of a double strand through the replication of a
single strand as template. We ignore resources involved in this reaction to
simplify the models constructed later (this simplification does not affect the
general conclusions of the current study; see Takeuchi et al. 2008, Authors’
response to Reviewer’s report 3, for more explanation on this assumption).
The next two reactions are the production of a single strand through strand
displacement: In the first case, a replicase replicates the (+) strand of a D as
template, producing a (−) strand. In the second case, a replicase replicates
the (−) strand of a D as template, producing a (+) strand. The last reaction
is the decay of molecules, the rates of which are assumed to be equal among
all molecules for simplicity (we will check this assumption in the CA model;
see p. 185).
Assuming that the system is well-mixed, we can write a simple ordinary
differential equation (ODE) that describes the population dynamics of RNA
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replicators of the above reaction scheme as
Ṗ = −kSP P 2 + kDM θP D − dP ,
Ṁ = −kSM P M + kDP θP D − dM ,

(6.2)

2

Ḋ = kSP P + kSM P M − dD,
where P , M and D denote the concentration of P [single-stranded (+)], M
[single-stranded (−)] and D [double strand] respectively; the dots denote time
derivative; θ takes account of limited multiplication due to a finite supply
of resources in general. θ can for instance be assumed to take the logistic
form for simplicity; i.e. θ = 1 − (P + M + D), where each concentration
is considered to be scaled with respect to the capacity of the system. This
assumption is not essential to the results, but makes the Cellular Automata
model described in the next section simpler.
Summing both sides for Ṗ , Ṁ and Ḋ in Eq. 6.2, one can obtain
Ṫ = (kDM + kDP )θP D − dT ,

(6.3)

where T = P + M + D. Eq. 6.3 describes the dynamics of the total concentration.
In order to investigate the dynamics at equilibrium, we assume a quasisteady state in D in Eq. 6.2:
D∗ = (kSP P + kSM M )P/d,

(6.4)

where the asterisk denotes a steady state.
Eq. 6.3 and 6.4 enable us to see the general behavior of the model. From
Eq. 6.3, the growth of T is proportional to D. From Eq. 6.4, if kSP > kSM ,
then producing P will increase D∗ more than producing M. To put it simply, if
one of the single strands is a better template than the other, it is beneficial for
multiplication to produce more of that strand. In this case, strand preference
is a direct consequence of a preexisting bias in kSP and kSM . Although being
rather trivial, the case should not be dismissed when one takes molecular
recognition into account (see Section 6.3). However, for the sake of simplicity,
we do not consider molecular recognition processes in our models. For the
time being, we assume kSP = kSM (but will later relax this assumption).
Then, one can obtain, from Eq. 6.3 and 6.4,
Ṫ = (kDM + kDP )θP

χ
T − dT ,
χ+1

(6.5)

where χ = (kSP +kSM )P/d. From Eq. 6.5, one can see that the growth rate of
T (the first term of the RHS) is proportional to kDM + kDP . Therefore, unless
we assume an intrinsic correlation between the value of kDM + kDP and the
ratio between kDM and kDP , the total growth rate is not directly dependent
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on the ratio between kDM and kDP itself. However, since the growth rate of T
is proportional to P and to χ/(χ + 1)—which increases as P increases—the
growth rate of T does increase if a replicator produces more replicases (P) by
biasing the ratio between kDM and kDP . The next question is whether such
a bias can evolve through selection.
We next consider a system with multiple species to examine the effect
of strand preference on competition (i.e. selection). A system with multiple species is complicated by the inter-species interactions in which both
replicases and templates can contribute to the molecular recognition. To
fully take account of the evolution of inter-species interactions, we should
model a genotype-phenotype-interaction mapping of individual replicators
(Chapter 5) (this would also enable us to take account of a possible bias in
kSP and kSM ). In this initial study, however, we greatly simplify the system
by assuming that replicases do not discriminate between inter-species and
intra-species replication, so that the replication rate constants, kSP , kSM ,
kDP and kDM , are dependent solely on templates. Although this assumption
greatly limits the richness of the behavior of replicator dynamics, it enables
us to focus on the problem of strand preference (see also Section 6.3). Under
this assumption, we can simply write an ODE model with n species as
Ṗi = −kSP i pPi + kDM i θpDi − dPi ,
Ṁi = −kSM i pMi + kDP i θpDi − dMi ,
Ḋi = kSP i pPi + kSM i pMi − dDi ,
n
X
θ =1−
(Pj + Mj + Dj ),

(6.6)

j=1

P
where p = nj=1 Pj ; and subscript i and j denote species. Realizing that the
concentration of P as a replicase (rather
than as a template) always appears
P
in Eq. 6.6 as the summation p = j Pj , one can obtain equations similar to
Eq. 6.3, 6.4 and 6.5, respectively, as,
Ṫi = (kDM i + kDP i )θpDi − dTi ,
Di∗ = (kSP i Pi + kSM i Mi )p/d,
and, by assuming kSPi = kSMi again,
Ṫi = (kDM i + kDP i )θp

χi
Ti − dTi ,
χi + 1

(6.7)

where χi = (kSP i + kSM i )p/d. An important point of this analysis is that the
concentration of replicases appears as the sum p in Eq. 6.7. This means that
if a replicator i produces more replicases by biasing the ratio between kDM
and kDP , this increases the growth rate of all replicator species. Hence strand
preference does not influence the competition among different species.
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In the above analysis, we assumed a quasi-steady state in D in order to investigated the dynamics at equilibrium. However, under this assumption, the
possibility of non-stationary solutions (such as a limit cycle) is not explored.
Hence, we also investigated Eq. 6.6 numerically without this assumption. We
observed no non-stationary solution from the numerical calculation, and the
numerical results confirmed the conclusions drawn from the above analysis
(data not shown).
In conclusion, under the assumptions that kSP = kSM and that replicases do not discriminate between intra-species and inter-species replication,
strand preference per se is not under any selective forces in a well-mixed system, and, therefore, contrary to a prior expectation from the optimization of
the growth, its evolution is neutral.
6.2.2

A System with Finite Diffusion: a Cellular Automata Model

In this section, we will see that if we relax the assumption of infinite diffusion,
the above conclusion breaks down: the evolution of strand preference happens
selectively. Moreover, we will also see that the direction of the evolution
of strand preference is, surprisingly, a non-monotonic function of diffusion
intensity.
The Cellular Automata Model
To investigate a system with finite diffusion, we constructed a stochastic Cellular Automata (CA) model. The model is a spatially extended, individualbased, Monte Carlo simulation model. It consists of a two-dimensional square
grid and molecules (P or M or D) located on the grid. One square of the grid
can contain at most one molecule or be empty (∅). The size of the grid is
300×300 squares (spots), unless otherwise stated; the boundary of the grid
is toroidal. The temporal dynamics of the model is run by consecutively applying an algorithm simulating Reaction 6.1 and diffusion. Essential features
of the algorithm are that interactions between molecules happen locally—a
molecule can interact only with molecules located in eight adjacent squares
(Moore neighborhood)—and diffusion happens by swapping of two molecules
that are located adjacently on the grid (see Section 6.5.1, for details). The
intensity of diffusion is represented by a parameter ∆. Furthermore, each
molecule holds four reaction rate constants: kSP , kSM , kDP and kDM as in
Reaction 6.1. Among these, the value of kSP and kSM are fixed (kSP = kSM ),
while kDP and kDM can have variation, which is introduced by simple perturbation (“mutation”). A mutation can happen upon replication with a certain
probability, the mutation rate, denoted by µ. In order to separate the effect
of the selective force that tends to increase kDP + kDM from the evolution
of the ratio between kDP and kDM (see above and Eq. 6.7), we assume that
mutations alter the value of kDM /(kDP +kDM )—this ratio is hereafter denoted
174

6.2. Results

by r—while keeping kDP + kDM constant. Such mutations are implemented
such that r is altered by adding x that is uniformly distributed in (−δr , δr )
[when r + x < 0, r is set to −r − x; when r + x > 1, r is set to 2 − r − x (i.e.
reflecting boundary)].
The Evolution of Template Preference in Strand Displacement
Simulations were initialized by filling the grid with P, whose value of r is set
to 1/2, i.e. no strand preference. Simulations were then run for various diffusion intensity (∆). Fig. 6.2 shows snapshots of simulations when the system
is at equilibrium. When the value of ∆ is extremely small (∆ = 0.0001),
the spatial distribution of molecules colored by value of r shows a patchy
distribution. This is because local reproduction builds up spatial correlation
between molecules with the same value of r, and diffusion is too weak to
disrupt it. The population distribution of r is unimodal, and its mean is
clearly greater than 1/2 (r̄ = 0.74, where the bar denotes the population
mean averaged over time). Hence, replicators are preferentially producing
single-stranded (+) replicases, optimizing population growth. This is in contrast to the expectation from the ODE model where such optimization is not
selected. When, however, the value of ∆ is greater (∆ = 0.005), the population mean of r becomes almost 1/2 (r̄ = 0.48). In this case, replicators do not
have strong preference for either strands. When ∆ is yet greater (∆ = 0.032),
r̄ becomes smaller than 1/2. Hence, replicators are preferentially producing
single-stranded (−) templates. When ∆ is yet greater (∆ = 0.1), r̄ increases
and again becomes almost 1/2 (r̄ = 0.45). However, in contrast to the case
of ∆ = 0.005 (where r̄ is likewise close to 1/2), the population distribution of
r is much more flat. This flatness indicates that, for ∆ = 0.1, selective forces
are weaker than those for ∆ = 0.005 (however, in both cases, selective forces
are balancing around r = 1/2). When ∆ is even greater, r̄ increases to a very
high value, and it peaks at as great as 0.84 for ∆ = 1. With further increases
in ∆, r̄ begins to decrease. When ∆ = ∞ (see Section 6.5.1, for details), the
population distribution of r is uniform (thus r̄ = 1/2) although it fluctuates.
The uniformity of the r distribution implies that there is no selective force
acting upon r (strand preference), which is in perfect concordance to the
result of the ODE model.
Next, simulations were run for various decay rates (d). During the simulations, the population mean of r was measured, and it was averaged over
time for each system once it reached equilibrium (denoted by r̄). The values
of r̄ are plotted as a function of ∆ for various decay rates (d) in Fig. 6.3.
Interestingly, the results show that r̄ behaves in a quite complex manner as
a function of ∆ dependent on the value of d. Particularly striking is the
non-monotonicity of r̄ as a function of ∆ when the value of d is small (cf.
Füchslin et al. 2004). When the value of d is sufficiently great, r̄ monotonically decreases to 1/2 as ∆ increases. When the value of d is intermediate
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Figure 6.2: Snapshots of simulations & population distribution of r . The right
panels in each pair show a population distribution of r at a given time-step of simulations [where r = kDM /(kDM + kDP )]. Population distributions of r were observed
after the system reached equilibrium. The abscissa is r in the range of [0,1] with 100
bins. The coordinate is the frequency of individuals (P or M or D) in the range of
[0,0.1] (the sum of frequencies is normalized to 1). The left panels show the spatial
distribution of individuals colored by value of r . Colors indicate values of r at the same
time step as that of the population distribution of r (right panels). The values of the
parameters are as follows: kSP = kSM = kDP + kDM = 1 (replication rates); d = 0.01
(decay rate); µ = 0.01 (mutation rate); δr = 0.1 (mutation step).

(d = 0.02), the behavior of r̄ is consistently intermediate too. Finally, for all
cases examined, r̄ approaches 1/2 as ∆ increases to infinity.
In summary, the above results show that if diffusion is not assumed to be
infinitely large, strong strand preference can evolve in replicators with strand
displacement even if kSP = kSM . The evolved preference can, however, be
in either direction [i.e. either (+) strands or (−) strands can be favored]
depending on the two crucial parameters, namely the intensity of diffusion
(∆) and the decay rate (d).
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Figure 6.3: The evolution of strand preference (r ) as a function of diffusion
intensity (∆). The population mean of r (r̄ ) is plotted as a function of the diffusion
intensity (∆) for various decay rates (d). Error barsPshow the mean absolute deviation
of r in a population, which is defined as ADev(r ) = i |ri −r̄ |/N where N is population
size, and i denotes an individual. Both r̄ and ADev(r) were averaged over time after
the system reached equilibrium. The other parameters than ∆ and d are the same as
in Fig. 6.2. For computational reason, the data for ∆ = 100 are obtained from a field
of 100 × 100 squares (note that diffusion will be effectively stronger in a smaller field).
The data for great values ∆ are not plotted for d = 0.05 since the system goes extinct
(this is because of the fluctuation in r̄ , which is due to the system size being finite).

Multi-scale Analysis of the Model
To understand the above results, we develop a caricature of our full model by
separately considering the dynamics at several scales. Firstly, we consider the
smallest possible scale, where only two molecules are considered. Secondly,
we consider a greater scale which is characterized by a cluster of molecules
with the same value of r (i.e. a cluster of the same species of replicators).
Finally, we consider a yet greater scale characterized by a number of such
clusters. Our analysis is based on the combined application of methods
developed in several early pivotal studies and some extensions thereof (Wilson
1975; Gillespie 1976; Michod 1983; Durrett and Levin 1994).
Our first objective is to calculate the probability that a single-stranded
molecule —which can be either plus (P) or minus (M)—is replicated (becoming a double strand, D) in a very small system. Let us consider an isolated
sub-system composed of only two squares (spots). Replication—i.e. P → D
or M → D—can happen only if a sub-system contains two P molecules
or one P molecule and one M molecule. Such subsystems are denoted by
ΣPP and ΣMP respectively. In such a sub-system, three types of events can
happen, namely diffusion, replication and decay. Since these events happen
as a Poisson process, the probability that one of these events happens in a
177

6. Evolution of Replicators with Strand Displacement

given duration of time τ can be calculated as 1 − e−(∆+2a+d)τ in ΣPP and
1 − e−(∆+a+d)τ in ΣMP , where a denotes the rate of replication reaction from
single-stranded templates (the production of D), which is proportional to
kSP and kSM ; and ∆ and d are respectively the rate of diffusion and decay.
Note that a factor of 2 appears in front of a for ΣPP because there are two
possible replication events such that either of the two P molecules can be
replicated. Assuming that some event happens, the conditional probability
that the event is replication is calculated as 2a/(∆ + 2a + d) in ΣPP and
a/(∆ + a + d) in ΣMP . Therefore, the probability that replication happens
in τ in ΣPP is calculated as
(1 − e−(∆+2a+d)τ )

2a
,
∆ + 2a + d

(6.8)

a
.
∆+a+d

(6.9)

whereas that in ΣMP is calculated as
(1 − e−(∆+a+d)τ )

(See Gillespie 1976, for more details on the calculation.) Since there are two
P molecules in ΣPP , the probability of replication per P molecule is obtained
by dividing Eq. 6.8 by 2. In ΣMP , however, there is only one M molecule,
so that the probability of replication per M molecule is the same as Eq. 6.9.
Finally, since d has to be smaller than a for a surviving system, we can
simplify the equations by setting d to 0. Consequently, the probability of
replication per P in τ in ΣPP (denoted by kP|ΣPP ) is calculated as
kP|ΣPP = (1 − e−(∆+2a)τ )

a
,
∆ + 2a

(6.10)

whereas the probability of replication per M in τ in ΣMP (denoted by kM|ΣMP )
is calculated as
a
kM|ΣMP = (1 − e−(∆+a)τ )
.
(6.11)
∆+a
Now, we set τ to the time scale of diffusion such that τ = ∆−1 (= τ∆ )
in order to consider the time duration in which two molecules do not diffuse
out of the sub-system. Firstly, let us suppose that the time scale of diffusion
is much shorter than that of replication; i.e. ∆  a. Then,
a
kP|ΣPP ≈ (1 − e−1 ) ,
∆
(6.12)
−1 a
kM|ΣMP ≈ (1 − e ) .
∆
Therefore, the chance of replication is almost equal between P and M. Secondly,
let us suppose that the time scale of diffusion (τ∆ = ∆−1 ) is much longer than
that of replication (τa = a−1 ); i.e. ∆  a. Then,
kP|ΣPP ≈ 1/2,
kM|ΣMP ≈ 1.
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Figure 6.4: Advantage of producing (−) strands. The value of kP|ΣPP = (1 −
e −(∆+2a)τ )a/(∆ + 2a) (solid line), that of kM|ΣMP = (1 − e −(∆+a)τ )a/(∆ + a) (dashed
line) and the difference thereof (dotted line) are plotted as a function of ∆ (τ is set to
∆−1 ), with a = 0.5 [a is the rate of replication for single stranded templates—either
(+) or (−) strands]. For those plotted values to be applicable to the CA model, a
should lie between 0.1kS and kS where kS = kSP = kSM . This is because in the CA
model the number of neighbors are 8 (rather than 2), and these 8 neighbors are not
necesarily all P. Thus, to calculate values corresponding to kP|ΣPP and kM|ΣMP in the
CA model, one must also factor in the probability that a molecule (P or M) interacts
with P, assuming that they are in the neighborhood of the molecule (see Section 6.5.1
for the details of how interactions are implemented in the CA model).

In this case, M has a greater chance of replication. Therefore, if two species
are competing with each other, it is beneficial to produce more M than P.
This advantage of producing M results in selection favouring a decrease in
r, and can account, in part, for the observation (described in the previous
section) that strand preference evolves such that the production of singlestranded (−) templates is favored (r̄ < 1/2). Moreover, as ∆ increases from
0 to infinity in Eq. 6.10 and 6.11, a transition is expected to happen from
Eq. 6.13 to Eq. 6.12 when the order of magnitude of ∆ becomes equal to that
of a (i.e. the rate of second strand synthesis) as shown in Fig. 6.4 (where a
is set to 0.5). Indeed, a similar transition is also observed with respect to
the evolved value of r̄ as shown in Fig. 6.3 (e.g. for d = 0.001), in that r̄
suddenly increases when ∆ increases from 0.1 to 1 (see also the explanation
in Fig. 6.4).
Next, we consider a whole system, consisting of many sub-systems. The
probability of replication per P in a whole system (denoted by kP ) is expressed
as
kP = Pr(ΣPP |P)kP|ΣPP ,

(6.14)

whereas the probability of replication per M in a whole system (denoted by
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kM ) is expressed as
kM = Pr(ΣMP |M)kM|ΣMP ,

(6.15)

where Pr(ΣPP |P) denotes the probability that a P molecule co-occurs with
another P molecule in a sub-system; Pr(ΣMP |M) denotes the probability that
an M molecule co-occurs with a P molecule in a sub-system. The probabilities
Pr(ΣPP |P) and Pr(ΣMP |M) represent the degree of spatial correlation between
molecules (Michod 1983). Although it is almost impossible to calculate these
quantities because of inhomogeneities at multiple scales (Durrett and Levin
1994), we can still obtain some intuitive ideas about our system from Eq. 6.14
and 6.15. Let us suppose that there are two species competing with each
other, where species 1 produces only P, whereas species 2 produces only
M (i.e. r1 = 1 and r2 = 0, where the subscripts denote species). Where
∆ = ∞, molecules are randomly distributed among the sub-systems. Hence,
Pr(ΣPP |P1 ) = Pr(ΣMP |M2 ) = P , where P is the density of P in the whole
system (i.e. the total number of P divided by the total number of squares).
Therefore, the probability of interacting with replicases (P) is “fair” between
two species. If, however, ∆ = 0, this situation disappears: the molecules
of species 1 (P producers) will interact with replicases more frequently than
those of species 2 (M producers), since there will be strong positive spatial
correlation within the same species because of local reproduction. Therefore,
if diffusion is finite, there is an advantage in preferentially producing P.
In summary, when diffusion is finite, there is an advantage of producing
M because of persistent interactions, and there is an advantage of producing
P because of spatial correlation. Both of these two opposing advantages
diminish as the intensity of diffusion (∆) increases. Therefore, the crucial
question is how each of these two advantages does so relative to each other.
The advantage of producing M has already been examined as a function
of ∆ (Fig. 6.4), so we now measure the advantage of producing P as a function of ∆. For this sake, the following simulations were set up. The CA
model was initialized with replicators with identical parameters; in particular, r was set to 1/2. Each molecule was labeled as either 1 or 2, and these
labels were copied when molecules were replicated. Hence, the labels represent “species”. Simulations were then run as before except that mutation
is prohibited. Then, we measure, for each molecule at a given time-step,
how many molecules of the same species (denoted by nintra ) and how many
molecules of the other species (denoted by ninter ) are in the neighborhood of
the molecule (see Section 6.5.2, for details). nintra represents the number of
molecules of the same species one molecule “meets” in one time-step, whereas
ninter represents the number of molecules of the other species one molecule
meets in one time-step. The population mean of those quantities (denoted
by n̄intra and n̄inter ) are periodically calculated in a sufficiently long span of
time-steps to ensure the independence between data points. The results of
measurements are shown in Fig. 6.5, where n̄intra is plotted as a function of
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Figure 6.5: The degree of spatial correlation within same species and between
different species as a function of the density of observed species. n̄intra (circles)
is the average number of molecules of the same species that a given molecule “meets”
in a single time-step (i.e. that are in its neighborhood) (see main text for details). The
abscissa (q) is the density of the same species, which is calculated as the number of
individuals of that species divided by the total number of squares on the grid. n̄inter
(crosses) is the average number of molecules of the opposite species that a given
molecule meets in a single time-step. The abscissa (q) is the density of the opposite
species, which is calculated in a manner similar to the case of n̄intra . The two species
are identical with respect to the parameters, and both have r = 1/2. Colors represent
diffusion intensity (∆): ∆ = 0.001 (black); ∆ = 0.01 (red); ∆ = 0.1 (green); ∆ = 1
(blue). The rate of decay (d) is 0.05. Mutation is disabled (µ = 0). The other
parameters are the same as in Fig. 6.2. A tentative explanation for why n̄intra is a
linear function of q can be given as follows. Because of the local reproduction, when
a species exists, it always exists on the grid as aggregates. Therefore, an individual
always “meets” some number of individuals of the same species no matter what the
density of the species in a whole system is (α > 0). When an aggregate “meets” with
other aggregates, then the individuals will see more individuals of the same species,
which increases n̄intra . Assuming that the aggregates are randomly distributed on the
grid, the chance of an aggregate meeting with another aggregate is proportional to
the number of aggregates in the system, which is proportional to the total density of
the species (q). Therefore, n̄intra is a linear function of q. Because of the symmetry,
n̄inter is also a linear function with the same slope as n̄intra (but the intercept must
obviously be 0 for n̄inter ).

the density of the same species when n̄intra is measured, whereas n̄inter is plotted as a function of the density of the other species when n̄intra is measured
(note that, in both cases, the abscissa is denoted by q). Interestingly, it turns
out that n̄intra and n̄inter are a linear function of q for the intermediate values
of q, and the two functions have almost the same slope (see legend to Fig. 6.5
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Figure 6.6: Relationship between the critical degree of aggregation (α) and
the sensitivity of correlation to the density of observed replicators (β). α and β
are calculated as, respectively, the intercept and slope of the linear regression to n̄intra
for intermediate values of q for which n̄intra is approximately linear to q (see Fig. 6.5).
Values of d are as shown in the plot. For the same value of d, several data points are
plotted for different values of ∆ (from right to left, ∆ = 0.0001, 0.001, 0.01, 0.1, 1,
10; points are almost on top of each other for ∆ = 1 and 10). The other parameters
are the same as in Fig. 6.5. Note that α can also be calculated from n̄inter since n̄inter
has almost the same slope as that of n̄intra , as shown in Fig. 6.5. Also note that when
α ≈ 0 (i.e. when ∆  1), β becomes almost 8 because the current CA model uses
Moore (8) neighbors.

for an explanation). Therefore, for intermediate values of q, we can write
n̄intra = α + βq,
n̄inter = βq,

(6.16)

where α and β can be obtained by a linear regression on the data from
intermediate values of q.
Let us consider the meaning of α and β. If α > 0, then it means that
molecules always “see” an appreciable amount of its own species however
small its density is in the whole system (note that the range of q for which
n̄intra is linear with respect to q is expected to expand as the size of the system
increases). Therefore, we can say that α represents the critical degree of
aggregation. α can thus be used as a measure of the advantage of producing
P, whereas β represents the sensitivity of n̄intra and n̄inter when the value of
q changes.
To reveal the relationship between α and β, the two are measured for
various values of ∆ and d. As seen from Fig. 6.6, it turns out that for a
given value of d, α and β are lineally related for different values of ∆. Phenomenologically, this can be seen from Fig. 6.5, in that, for different values
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Figure 6.7: Advantage of producing (+) strands: the critical degree of aggregation (α) as a function of the diffusion intensity (∆). α is plotted as a function
of ∆ by using the data of Fig. 6.6. This figure shows that the characteristic value of
∆ for which α decreases depends on the value of d.

of ∆, n̄intra (q) intersects at about the same point, (q c , n̄cintra ), where q c is the
density of a species when there is only this species in the system, and n̄cintra
is the value of n̄intra when q = q c . Since q c is more or less invariant as a function of ∆—which is not totally inconceivable in a contact-process-like system
(Durrett and Levin 1994)—n̄cintra is also more or less invariant with respect to
∆. Hence, there is an almost linear relationship between α and β for various
values of ∆: α + βq c = n̄cintra (Fig. 6.6). Because of this linear relationship,
the degree to which individuals of the same species are aggregated for a given
decay rate can be described by one value, the critical degree of aggregation
α, which is also a measure of the advantage of producing single-stranded (+).
Next, the value of α was measured for various values of d, and the results
are plotted as a function of ∆ in Fig. 6.7. Interestingly, the characteristic
value of ∆ for which α critically diminishes (i.e. the point of inflexion) increases as d increases. We can intuitively understand this from the fact that
the mean square
p displacement of a molecule in its average life time is proportional to ∆/d. That is, as d increases, molecules travel less. Since
replication happens locally, if molecules travel a shorter distance prior to
decay, mixing of molecules effectively occurs less. The effect of increasing d
is also clearly seen from the spatial distribution of two species for different
decay rates as shown in Fig. 6.8. Therefore, as d increases, the characteristic
value of ∆ (for which α diminishes) increases.
To summarize the essence of the above results, the advantage of producing
M diminishes as the diffusion intensity (∆) increases, and the characteristic
point for which this advantage critically diminishes is when ∆ and the effective rate of replication (a in Eq. 6.8 and 6.9) are of the same order of
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Figure 6.8: The effect of decay on the spatial distribution of replicators.
Snapshots of simulations show a spatial distribution of replicators for different decay
rates (d). The black and gray pixels represent two different “species”, which have
identical parameters (see “Multi-scale analysis of the model” under Section 6.2.2).
The intensity of diffusion (∆) is 0.01. The other parameters are the same as in
Fig. 6.5. The snapshots are taken when the frequency of two species is almost fiftyfifty. This figure shows that a greater decay rate (shorter longevity) of replicators leads
to a greater spatial correlation within the same species.

magnitude (Fig. 6.4). Here, the characteristic point is almost independent of
the decay rate (d) because d appears in Eq. 6.8 and 6.9 through addition to
∆ and a, where a is greater than d for surviving systems. The advantage of
producing P also diminishes as ∆ increases; however, the characteristic value
of ∆ for which the advantage of producing P diminishes now depends more
strongly on the decay rate (d), because it depends on the mean square displacement of—i.e. distance
p traveled by—a molecule in its average life time,
which is proportional to ∆/d.
Let us now explain the result of the full system shown in Fig. 6.3. When
the value of d is small (d ≤ 0.02), the characteristic value of ∆ for which
the advantage of producing P diminishes is smaller than that for which the
advantage of producing M diminishes (compare Figs. 6.4 and 6.7). Therefore,
when ∆ is small, there is a range of ∆ for which the evolved value of r̄
decreases as ∆ increases. When, however, ∆ is around the same order of
magnitude as the replication rate, the advantage of producing M critically
diminishes as ∆ increases (Fig. 6.4). This causes r̄ to increase with increases
in ∆. It might be expected from our caricature that when the value of ∆
exceeds the replication rate by an order of magnitude, r̄ should become 1/2
because both the advantage of producing P and that of producing M largely
diminish. However, the full model shows more than this: r̄ actually becomes
greater than 1/2 and peaks around ∆ = 1 (Fig. 6.3). Thus, the advantage of
producing P is apparently still stronger compared to that of producing M in
this region of ∆, even though the value of α is quite small (see, e.g. d = 0.001
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and ∆ = 1 in Fig. 6.7). It should of course be noted that the value of α and
the difference between the value of Eq. 6.10 and 6.11 (Fig. 6.4) cannot be
directly compared with each other in regard to the actual selective forces.
Moreover, it is worth noting that the advantage of producing P affects both
reaction P → D and reaction D → P, whereas the advantage of producing
M only affects reaction M → D. With further increases in ∆, the system
starts to resemble a well-mixed system, and r̄ approaches 1/2. When the
value of d is great (e.g. d = 0.05), the value of ∆ for which the advantage of
producing P critically diminishes is about the same as that for the advantage
of producing M. Thus, the evolved value of r̄ monotonically decreases to 1/2
as ∆ increases.
In essence, the reason why the evolved value of r̄ can behave non-monotonically with respect to the intensity of diffusion is that the advantage of
producing single-stranded (+) and that of producing single-stranded (−)
can diminish at different diffusion intensities (∆) because of their different
sensitivity to the decay rate (d).
We also investigated the case where the assumption that all molecules
decay with an equal rate is relaxed. In reality, the decay rate of D would
be smaller than that of P and M (Mikkola et al. 2001; Takeuchi et al. 2008,
Reviewer’s report 3). To check whether our general conclusions remain valid
when this point is taken into consideration, we ran simulations in which the
decay rate of D is reduced by a factor of ten relative to that of P and M. The
results showed that although there are quantitative differences, the qualitative behavior of r̄ as a function of ∆ remains the same and is compatible with
the interpretation outlined above (for more details, see Takeuchi et al. 2008,
Fig. 11 of Additional file 1 and Author’s response to Reviewer’s report 3).

6.2.3

The Effect of Biases in the Replication Rates of Single Strands
(a Case where kSP 6= kSM )

In this section, we extend the investigation of strand preference evolution to
the case where we relax the assumption that the replication rates of singlestranded templates (i.e. production of double strands) are equal whether
a single-stranded (+) or a single-stranded (−) is a template—i.e. we here
investigate the case where kSP 6= kSM . We first investigate the case where
kSP and kSM take some constant values before turning to a system wherein
kSP and kSM evolve. In each of these cases, the inequality between kSP and
kSM causes some additional selective force, which can be identified initially
by investigating a well-mixed system. We then investigate the effects of
imposing finite diffusion, in light of the effect this had for the case where
kSP = kSM . Results were obtained from the CA model where almost all the
conditions are as before, except that the size of the system is now smaller
(100 × 100 squares)—this does not qualitatively affect the results.
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If we set kSP and kSM to some constant values with infinite diffusion
(∆ = ∞), we find that if kSP is greater than kSM by just a few percent, r̄
evolves to a value much greater than 1/2. If, however, kSM > kSP (again, by
no more than a few percent), evolution decreases r̄ until the whole system
goes extinct (data not shown). These results show that a preexisting bias in
kSP and kSM introduces an explicit selective force for a bias in kDP and kDM as
is consistent with the expectation from the ODE model (see the explanation
of Eq. 6.3 and 6.4). If diffusion is finite, the results are simply determined
by the relative superposition of this selective force from kSP 6= kSM and the
selective forces resulting from diffusion being finite explained in the earlier
sections. In particular, it is worth reporting that sufficiently small diffusion
prevents the extinction of a whole system even if kSM is several times greater
than kSP (e.g. if kSM = 1.7, kSP = 0.3, d = 0.001 and ∆ = 0.01, then
r̄ ≈ 0.07).
We next investigate cases where kSP and kSM can evolve. Since we do not
explicitly consider molecular recognition processes in the current model, we
choose to investigate the system under two extreme assumptions in order to
capture the widest range of possible behaviors. The first of the two assumptions is that there is complete correlation between strand preference in single
strands and that in double strands; i.e. 0.5kSP = kDP and 0.5kSM = kDM
(where kDP and kDM mutate while satisfying kDP + kDM = 1 as before).
If ∆ = ∞, r̄ evolves towards 1/2 (data not shown). This is because if
a replicator has kDM > kDP (i.e. producing more P from D), then it also
has kSM > kSP (i.e. producing less D from P), which then decreases the
overall replication rate. The same is true (i.e. r̄ evolves towards 1/2) if
kDP > kDM . Hence, there is an explicit selective force towards no strand
preference (r = 1/2). If, however, diffusion is finite, the results are again determined by the superposition of this selective force and the selective forces
resulting from diffusion being finite. It turns out that the force of selection
towards r = 1/2 is so strong that the deviation of r̄ from 1/2 is small (e.g.
if d = 0.001 and ∆ = 0.01, then r̄ ≈ 0.30; if d = 0.05 and ∆ = 1, then
r̄ ≈ 0.62).
The second assumption we investigate is that there is no intrinsic correlation between the strand preference in single strands and that in double
strands. Here we assume that 0.5(kSP +kSM ) is constant and equals kDP +kDM
(= 1). If ∆ = ∞, evolution maximizes either kSP and kDM or kSM and kDP (in
the latter case the whole system eventually goes extinct) (data not shown). In
other words, anti-correlation evolves between the strand preference in single
strands and that in double strands; furthermore, this evolution is bistable.
Which attractor the system evolves to depends on the initial value of r: If r
is initially set to greater than 1/2, maximizing kSP and kDM is far more likely
(i.e. increasing r). Similarly, where r is initially smaller than 1/2, maximizing kSM and kDP is more likely. These results can simply be understood from
the fact that there is an evolutionary positive feedback between increasing
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Figure 6.9: Speciation: emergence of replicase transcribers (r ≈ 1) and parasitic genome copiers (r ≈ 0). This figure shows the results of a simulation where
kSM and kSP can also evolve (the correlation with kDM and kDP is not presumed, but
it may evolve). The right panel shows a population distribution of r . The abscissa is
r in the range of [0,1] with 100 bins. The coordinate is the frequency of individuals in
the range of [0,0.25]. A bimodal distribution indicates a speciation-like phenomenon
[the population distribution of kSP /(kSP +kSM ) also shows a similar bimodal distribution; data not shown]. The left panel shows the spatial distribution of individuals
colored by value of r . The color coding is the same as in the right panel (note that
the color coding is different from that of Fig. 6.2). For the sake of comparison, the
size of the grid is set to 300 × 300 as in Fig.6.2. The parameters are as follows:
0.5(kSM + kSP ) = (kDM + kDP ) = 1; ∆ = 0.01; d = 0.01; µ = 0.01; δr = 0.1. The
mutation of kSM and kSP is implemented in the same way as that of kDM and kDP .
[Additionaly, we observed the speciation-like phenomenon also in the following parameter conditions: d = 0.001 and 0.1 ≥ ∆ ≥ 0.32; d = 0.01 and 0.001 ≤ ∆ ≤ 0.1;
d = 0.02 and ∆ = 0.1.]

kSP and increasing kDM , and between increasing kSM and increasing kDP (see
Fig. 6.1c). Hence, selection drives r to diverge from 1/2.
If ∆ is finite, the results can again be explained by the relative strength of
this diverging selective force and the selective force stemming from diffusion
being finite. If ∆ is large but finite (∆ ≥ 1), the results are similar to the case
of ∆ = ∞, but the range of initial values of r for which the whole system goes
extinct becomes narrower, because selection due to finite diffusion favors r >
1/2 in this parameter region (see ∆ = 1 in Fig. 6.3). When ∆ is smaller (∆ <
1), various outcomes are possible. The most important difference caused by
diffusion being finite is that the extinction of a whole system is prevented by
the local extinction of the populations that completely maximize kSM and
kDP (i.e. r ≈ 0); e.g. if ∆ = 0.01 and d = 0.001, then r̄ ≈ 0.06, and the
system survives.
A particularly interesting result observed with finite diffusion (under certain conditions) is the emergence of a bimodal distribution of r (Fig. 6.9),
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from which an analogy can be drawn with speciation (Dieckmann and Doebeli
1999). Although the precise conditions for this speciation-like phenomenon
has not been completely elucidated, it seems that a bimodal distribution can
evolve when the advantage of producing P and that of producing M—which
result from diffusion being finite—are sufficiently and more or less equally
strong (see the legend of Fig. 6.9 for the parameter conditions). These opposing advantages and the diverging selection, which was explained above,
together make the speciation-like phenomenon possible. Firstly, the opposing
advantages enable the stable coexistence of replicators with extreme values
of r, namely r ≈ 1 and r ≈ 0. An individual of r ≈ 0 can invade the region
of populations of r ≈ 1 because of the former’s advantage in producing M.
However, populations of r ≈ 0 cannot survive independently (as they lack
replicases), so that, locally, they go extinct (see the left panel of Fig. 6.9).
This enables the continuous local recolonization of individuals of r ≈ 1.
Secondly, under diverging selection, those replicators with no strand preference (r ≈ 1/2) are disadvantaged relative to those with extreme strand preference (this is not the case under the assumption that kSP = kSM = const.,
where this speciation is thus prohibited). Consequently, these two effects
together cause the observed speciation-like phenomenon.
Besides the above results, we mention two additional results from the
simulations with finite diffusion. Firstly, the anti-correlation between the
strand preference in single strands and that in double strands generated by
evolution under finite diffusion turns out to be non-linear (for details, see
Takeuchi et al. 2008, Additional file 1 Fig. 12). Secondly, if the selection
stemming from diffusion being finite is too strong compared to the diverging
selection mentioned above, the bistability of evolution is lost (e.g. for d =
0.001, 0.02 and ∆ = 0.0001, the bistability was not observed).
In summary, a bias in the replication of single-stranded templates (i.e.
a strand preference in double strand production from single-stranded templates) leads to selection generating anti-correlated strand preference in strand
displacement of double strands. The final outcome of evolution under finite
diffusion can be understood by applying the results of the preceding sections
in addition to the consideration of this selective force for the anti-correlation.
6.2.4

The Effect of Complex Formation

We now examine the effect of complex formation between replicases and
templates. The effect of complex formation on the stability of RNA-like replicator systems was investigated previously (Füchslin et al. 2004; Chapter 4),
where it was shown that complex formation generally disadvantages replicases (Chapter 4), although this does not necessarily destabilize a whole
system (Füchslin et al. 2004; Chapter 4). A simple explanation of this is
that replicases must spend some finite amount of time replicating other molecules, during which the replicases themselves are not replicated, whereas
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those that do not replicate other molecules (parasites) can spend more time
being replicated. In view of that result, it is of interest to study how complex formation influences the evolution of strand preference in the current
replicator system.
The reaction scheme considered here is
k

SP
2P →
P + D,

k

SM
P+M →
P + D,

kDP

κ

−−
*
P+D+∅)
−
− CP → P + D + M,
b

kDM

(6.17)

κ

−−
*
P+D+∅)
−
− CM → P + D + P,
b

d

P, M, D, CP , CM → ∅,
where CP and CM denote a complex molecule formed between P and D. In
CP , the replicase (P) is polymerizing RNA using the (+) strand of D as a
template, whereas in CM , the replicase (P) is polymerizing RNA using the
(−) strand of D as a template. For simplicity, complexes between replicase
and either of the possible single-stranded templates are not considered. An
ODE model and a CA model were constructed by extending the models
described above (see Section 6.5.3 and 6.5.4, for details). As before, it is
assumed that kSP = kSM , that kDP + kDM is constant, and that replicases do
not discriminate templates (i.e. kSP , kSM , kDP and kDM are solely dependent
on templates).
We numerically investigated the competition between two replicator species with different values of r in the ODE model. For all cases examined, it is
always the case that the species with a smaller value of r survives, while the
other goes extinct over a very long time scale relative to the average lifetime
of replicators (d−1 ) (data not shown). Where a replicator species has a value
of r too small to survive by itself, the whole system goes extinct. In conclusion, in a well-mixed system, if complex formation is taken into account, it
is always beneficial to preferentially produce (−) strands. This result is in
concordance with a previous study (Chapter 4), which considered complex
formation in simpler RNA-like replicator systems.
We next investigated the evolution of r under finite diffusion in a CA
model. Simulations were run for the same initial conditions (except that, in
some simulations, r was initially set to a value greater than 1/2 in order to
prevent extinction at the initial phase of the simulation).
The results show the following (Fig. 6.10). When the value of ∆ is sufficiently great, the system goes extinct, as in the ODE model. This is because
the evolved value of r̄ decreases as ∆ increases, and at a certain point r̄
becomes smaller than the minimum value of r (rmin ) necessary to ensure system survival (note that rmin increases as ∆ increases; Fig. 6.10 dashed lines).
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Figure 6.10: The evolution of strand preference (r ) as a function of the diffusion intensity (∆) in the system with complex formation. The lines with symbols
represent the evolved value of r̄ as a function of the diffusion intensity (∆) for various decay rates (d). The lines without symbols represent the minimum value of r
necessary to ensure system survival (rmin ). The line types represent the value of d:
d = 0.0025 (dotted lines); d = 0.0125 (solid lines); d = 0.025 (dashed lines). The
other parameters are as follows: kSP = kSM = kDP + kDM = 1; b = 1; κ = 1;
µ = 0.01; δr = 0.1.

When, however, the value of ∆ is sufficiently small, the system can survive.
This is because the advantage of producing P due to local aggregation keeps
the evolved value of r̄ greater than rmin . Moreover, the non-monotonic behavior of r̄ with respect to ∆ is lost, which can be explained as follows. In the
current system, the advantage of producing M does not diminish at ∆ = a
(i.e. when the diffusion intensity is equal to the rate of replication for double
strand formation from a single-stranded template), because the advantage
of producing M due to complex formation is not affected by the value of ∆.
The advantage of producing P, however, does diminish as ∆ increases for the
same reason as we saw in the earlier sections (the degree of local aggregation
diminishes as ∆ increases). Therefore, the behavior of r̄ is monotonic with
respect to ∆.
Secondly, the value of r̄ heavily depends on the value of d. This is understood in light of the earlier sections, because the critical degree of aggregation
(α) increases as d increases. The results shown in Fig. 6.10 indicate that r̄ can
exceed 1/2 if d is sufficiently large (e.g. d = 0.005). This is not necessarily
the case when the parameter setting is different. For instance, when the rate
of dissociation of complexes (b) (see Reaction 6.17) is set to 0, the evolved
value of r̄ is always below 1/2 (data not shown). In this case, the equilibrium of reaction P + D
C is completely shifted to the right side, so that
the effect of complex formation is extremely strong (Chapter 4). However,
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when such a system is well-mixed, it goes extinct due to complex formation.
Hence, the effect of aggregation (non-zero α) is still effective in keeping the
system alive in this extreme parameter choice.

6.3

Discussion

The current study investigated the evolution of strand preference in simple
RNA-based replicators with strand displacement. It was shown that the evolution of strand preference can and does occur, and that its direction depends
on four crucial parameters. The first of those is the relative time-scale of
diffusion and replication (Eq. 6.10 and 6.11), which is related to the relative
impact of global and local dynamics. When the time-scale of replication—
namely, double strand production from single-stranded templates: kSP and
kSM (see Reaction 6.1)—is much faster than that of diffusion, a template
has an advantage because it ensures its own replication by not replicating
the replicases, whereas a replicase reduces the chance of its own replication
because it converts the other replicases into a double-stranded form. As the
rate of diffusion increases, this advantage of templates disappears, because
in a well-mixed system every replicator interacts with every other replicator,
so that whether or not a given replicator is engaged in replicating other molecules does not affect the probability of its own replication. The second
crucial parameter is the relative time-scale of diffusion and decay. When the
rate of diffusion is smaller than that of decay, the distance traveled by a
replicator in its lifetime will be short. Consequently, local reproduction will
cause stronger positive correlation in the spatial distribution of replicators
of the same descent. This positive correlation makes it advantageous to produce replicases rather than templates, since the replicases are more likely to
replicate their own kind. Interestingly, this advantage of producing replicases
and the advantage of producing templates mentioned above are related via
the intensity of diffusion, in that both of these opposing advantages diminish
as the intensity of diffusion increases. The diminishment of these two advantages is, however, differentially sensitive to the diffusion intensity, because the
two advantages have different dependency on the decay rate of replicators.
The upshot of all this is that the evolution of strand preference can be a
non-monotonic function of the intensity of diffusion. The third crucial parameter is the (intrinsic or possible) bias in the replication of single-stranded
templates (i.e. a bias in double strand production from single-stranded templates: kSP 6= kSM ). The essence of the results here is quite straightforward: if there is a bias in the replication of single-stranded templates, this
tends to cause anti-correlated strand preference in strand displacement of
double strands (kSP < kSM causes kDP > kDM , whereas kSP > kSM causes
kDP > kDM ), which optimizes the total process of self-multiplication. The
last of the crucial parameters is complex formation. Complex formation gives
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an implicit advantage to those replicators that preferentially produce templates (Chapter 4). This effect makes a whole system collapse if the system
is well-mixed. However, extinction can be prevented if diffusion is finite because of spatial correlation. In fact, there are a range of parameters for which
strand displacement can evolve preference for replicase production.
The evolution of strand preference has implications for the origin of transcription in an RNA world. During the “life cycle” of the RNA replicators investigated here, RNA molecules go through both single-stranded and
double-stranded form. Single-stranded (+) strands are the catalyst which
generates replicators, whereas double-stranded RNA can be considered the
genome of the replicators. Hence, the production of replicases from a doublestrand (via strand displacement) can be seen as the expression of the replicase “gene” in the genome of the replicator. There is thus a distinction
between genotype and phenotype even in a simple replicator system. In the
event that strand displacement exhibits strong preference towards the (−)
strand as template (thus preferentially producing replicases), such a system
resembles modern transcription. The current study demonstrates that such
transcription-like pattern in strand preference can indeed evolve in a simple
RNA-based replicator system under the conditions mentioned above. Interestingly, we also see the emergence of a parasitic genome replication strategy
where no replicase is ever produced. In the absence of replicases, this is inviable, but under some conditions (see Fig. 6.9), finite diffusion enables the
coexistence of such replicators with replicase “transcribers” (replicase producers), where the parasitic strategy makes use of replicases produced by the
transcriber strategy. Note, however, that one should not equate the distinction of replicase transcribers and parasitic genome copiers to the distinction
of transcription and (genome) replication in modern genetic systems. Despite
their superficial resemblance, the two kinds of distinction are crucially different, for transcription and replication in modern genetic systems are mutually
exclusive (transcription does not multiply the genome; replication does not
produce mRNA), whereas the two extreme strategies in the current system
are both pertaining to the genome replication process. Nevertheless, it is
surprising to see the emergence and coexistence of the two strategies based
on extreme strand preference among competing replicators.
We now turn to a brief discussion of the simplifying assumptions made
in the current model. First, we assumed that replicases are general so as
not to discriminate templates of different replicators. While this assumption
is useful for investigating the evolution of strand preference per se, allowing
the evolution of replicase-template recognition would make the behaviors of a
replicator system much more complex and interesting (Chapter 5). This point
is particularly important in relation to the emergence of the parasitic genome
copier, because parasitic agents can enhance the ecological diversity of replicator systems if the evolution of replicase-template recognition is allowed (op.
cit.). Second, we assumed kDP + kDM to be independent of kDM /(kDM + kDP ),
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which is a necessary assumption in order to separate the effect of strand preference from selection to increase kDP + kDM . This assumption means that
there is direct competition between kDP and kDM . Such competition could
for instance be manifested as a series of conformational changes between interacting replicase and template until an intermolecular conformation that
enables polymerization initiation is reached. Third, we did not here consider
the strand preference that may originate from the intrinsic nature of molecular recognition. Such an intrinsic bias should not be dismissed if one is
to take explicit account of molecular recognition processes. For example, let
us suppose that the recognition between replicases and templates happens
through interactions between two types of motifs, namely one for recognizing and the other for being recognized (Chapter 4). Then, for a replicase to
be also a template, it must carry both types of motif. Consequently, there
is a risk of intra-molecular recognition, which could prohibit its replication.
Therefore, replicase-replicase recognition might be more problematic than
replicase-template recognition (Chapter 5). Whether this is a genuine problem for in vitro selected ribozyme RNA replicases cannot yet be ascertained
as the templates used to study polymerization are still very short, owing to
the limited extension of current enzymes (Johnston et al. 2001; Zaher and
Unrau 2007; Müller and Bartel 2008). Nevertheless, if such an intrinsic bias
in template recognition exists—whichever its direction may be—it significantly influences the evolution of strand preference. Related to this point is
the possible correlation between the strand preference in single strands (kSP
and kSM ) and that in double strands (kDP and kDM ). In this study, we investigated two extreme cases, namely where there is either perfect correlation or
no intrinsic correlation between these strand preferences. In the latter case,
we saw that a complete anti-correlation evolves between the strand preference
in single strands and that in double strands. Such complete anti-corrleation
is, however, implausible: If a molecule uses the same motif to be recognized
by a replicase whether it is single-stranded or double-stranded, then there
must be some correlation between kSP and kDP and also between kSM and
kDM . Thus, a realistic case should be considered to lie somewhere between
these two extreme cases. All these complicating factors suggest a possible
focus for future work, for which the results of this study can offer a useful
reference for comparison.
Evolution of prebiotic replicators dwelling on surfaces have also been investigated by computer simulations (Boerlijst and Hogeweg 1991b; Szabó
et al. 2002), and as such serve as an interesting parallel for prebiotic reactions on mineral surfaces. These surfaces have been experimentally shown to
provide favorable conditions for possible prebiotic chemical reactions (White
and Erickson 1981; Ferris et al. 1996; Gallori et al. 2006; see also Wächtershäuser
1988; de Duve and Miller 1991; von Kiedrowski 1996; for review, see Chen
et al. 2006; Joyce and Orgel 2006; Lambert 2008), and one may well expect
such systems to be spatially structured due to finite diffusion (as is the case
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for many biological systems). Finite diffusion has previously been shown to
play an important role for the evolutionary dynamics of prebiotic replicators
(Boerlijst and Hogeweg 1991b; Boerlijst and Hogeweg 1991a); namely, the
spatial pattern formation of populations and dynamics thereof can generate
selective forces that are totally unexpected in a well-mixed system, leading
to a reversion of the direction of evolution from that expected under the
assumption of infinite diffusion (e.g., see also Savill et al. 1997; Pagie and
Hogeweg 2000; Szabó et al. 2002; van Ballegooijen and Boerlijst 2004; Lion
and van Baalen 2008; cf. Wright 1945). To this general notion the current
study adds that the effect of finite diffusion on evolution can be surprisingly complex such that the outcome of evolution depends on the intensity
of diffusion in a non-monotonic way.
Finally, a useful theoretical idea obtained from the current study is the
explicit consideration of the relative time-scale of local and global dynamics.
In the classical theory of group selection (Wilson 1975; Michod 1983), the
time-scale of the dynamics within a trait-group (local dynamics) is separated
from that of the dynamics between trait-groups, and the difference between
the two time-scales is not explicitly considered. In the current study, the
conceptual framework was built up by focusing on the fact that the two
time-scales are directly related via the intensity of diffusion. This allowed
us to see at once that the advantage of producing replicases (Pr(ΣPP |P)
in Eq. 6.14) and that of producing templates (kM|ΣMP in Eq. 6.15) are also
related, because both are a function of diffusion intensity.
The above time-scale argument is also relevant to the idea of the vesiclelevel selection in replicator systems, which deserves some mention in this
study. The idea here is that replicators are compartmentalized in vesicles
(made of, e.g., lipid bilayers), with vesicle-level selection for those replicator
systems that promote the reproduction of vesicles (Szathmáry and Demeter
1987; Fontanari et al. 2006). Of particular interest here is the fact that,
replicase producers in our system only benefit a local population; a system
wherein vesicle-level selection is possible would thus provide an interesting
avenue for the study of the evolution of strand preference, for obvious reasons.
However, we note that the significant effect of vesicle-level selection does not
come for free, in that the relative time-scale of within-vesicle dynamics and
between-vesicle dynamics must be optimally chosen (Hogeweg and Takeuchi
2003). An interesting question would thus be whether vesicle-level selection
can result in evolution of a greater strand preference than that seen for the
finite diffusion system studied here.

6.4

Conclusions

• Even in an early cell-free phase of evolution, a system of self-replicating
RNA with strand displacement can evolve strand preference towards
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the production of replicases if diffusion is finite and the decay rate is
sufficiently high.
• The direction of strand preference evolution—either towards producing more replicases (r > 1/2) or towards producing more templates
(r < 1/2)—depends on the intensity of diffusion in a non-monotonic
manner. The mechanism underlying this dependence is elucidated by
the multi-scale analysis of the replicator dynamics. The crucial parameter conditions that determine this direction have been identified.
• Replicators with extreme values of r, representing near exclusive replicase generation (replicase transcribers) or template generation (parasitic genome copiers), can emerge and coexist if diffusion is finite and
where rates of copying for a single-stranded (+) or (−) strand template
can freely evolve.
• This study provides yet another illustration of the fact that the explicit
consideration of spatially extended systems is important for the study
of evolution, since this can significantly change the dynamics of evolution through spatial segregation and/or spatial pattern formation of
populations.

6.5
6.5.1

Methods
The Details of the CA Model without Complex Formation

We employed the method developed in Chapter 4 (with some modification
to it) to model the system of Reaction 6.1. The model consists of a twodimensional square grid and molecules (P or M or D as in Reaction 6.1)
located on the grid. One square of the grid can either contain one molecule
or be empty (∅ in Reaction 6.1). The size of the grid is 300×300 squares,
unless otherwise stated. The boundary of the grid is toroidal. The temporal dynamics of the model is run by consecutively applying the following
algorithm, which simulates Reaction 6.1 and diffusion:
1 Randomly choose one square from the grid. Reaction 6.1 or diffusion
event can take place in this square. The set of possible events that can
take plance in this square is determined by the content of the square.
If a square is empty (∅), only diffusion can occur. If a square contains
a molecule, then the possible reactions are the replication reaction(s)
where the molecule is a template (rather than a replicase) and the
decay reaction. (For example, if a molecule is P, then either diffusion
kSP
d
or 2P →
P + D or P → ∅ can happen.)
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2 Choose an event from the possible events according to the probabilities
of the events. If an event is diffusion, its probability is proportional to
∆. If an event is a reaction, then its probability is proportional to its
rate constants (viz. kSP , kSM , kDP , kDM and d), which are taken from the
molecule in the chosen square. A common proportionality coefficient
(denoted c) is multiplied to these rates to calculate the probabilities
for all possible events. The value of c sets the time-scale of the system,
and is arbitrarily chosen so as to keep the sum of probabilities relevant
in this step of the algorithm below 1.
3

a If the chosen event is of first order (viz. decay reaction), it simply
takes place. If decay takes place, the molecule in the square is
removed from the system.
b If the chosen event is of second order (viz. diffusion and the replication reaction of single strands), choose a square randomly from
the eight squares adjacent to the chosen square (Moore neighbors).
For a reaction, if the square chosen second contains a replicase (P),
then the replication happens such that the molecule of the square
chosen first is converted to the double-stranded form (D). If the
square chosen second does not contain the right molecule, nothing happens. For diffusion, whatever the contents of the square
chosen second is, the contents of the two squares are swapped.
b If the chosen event is of third order (viz. the replication reaction
of a double-strand molecule, i.e. strand displacement), choose two
different squares randomly from the Moore neighbors. If one of
the squares contains a replicase (P) and the other is empty (the
order of choice does not matter), the strand displacement happens
such that a new molecule—which is a copy of the molecule in the
square chosen first (either in the form of P or M depending on the
type of reactions)—is produced in the empty square. Upon the
production of a new molecule, a mutation can occur in the newly
produced molecule as described before (see “The Cellular Automata model” under Section 6.2.2). If the squares chosen second
and third do not contain the right types of molecules, nothing
happens.

One time-step of a simulation is arbitrarily defined as the consecutive
application of the above algorithm to the system by N times where N equals
to the total number of squares in the grid (thus, on average, each square is
chosen once in one time-step).
As described previously (Chapter 4), the above model is closely related
to the Gillespie algorithm (Gillespie 1976). In particular, in the limit of ∆ →
∞, the dynamics of the above CA model becomes the same as that of the
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Gillespie algorithm version of the current system with the same parameters
(which must be properly scaled).
Although the limit ∆ → ∞ cannot, of course, be taken in actual computation, a simple modification to the above algorithm makes it possible
to simulate the case of ∆ = ∞: For higher order reactions, the modified
algorithm chooses a secondary (and tertiary) square from the whole grid
(without choosing the same square twice) instead of from the Moore neighbors of the square chosen first.
With regard to the method of mutations, we note that the particular
implementation adopted here does not make any qualitative difference in
the results; e.g. when r is chosen from a uniform distribution in [0,1] upon
mutation, essentially the same results are obtained with the same mutation
rate, µ = 0.01 (data not shown).
The above algorithm was implemented with the help of CASH library
(de Boer and Staritsky 2000). The source code is available upon request.

6.5.2

Measurements of nintra and ninter

The set up of the simulations to measure nintra and ninter are described under
“Multi-scale analysis of the model” in Section 6.2.2. Here, we describe some
details of the measurements.
nintra denotes the number of molecules of the same species (kind) in the
Moore neighborhood of one molecule; i.e. the number of molecules of the
same kind that a given molecule “meets”. Similarly, ninter is the number
of molecules of the other species a molecule meets. n̄intra and n̄inter are the
average taken over all individuals of a species, which is arbitrarily chosen
from the two species [this choice does not affect the measurement of n̄intra
and n̄inter because of the symmetry in the simulation set up (see “Multi-scale
analysis of the model” under Section 6.2.2)].
nintra and ninter depend on the population density of the species an individual is observing: for nintra , the density of the same species; for ninter , the
density of the other species (density is calculated as the number of individuals
divided by the total number of squares in the grid). Hence, n̄intra and n̄inter
are measured as a function of the density of the observed species. In order
to obtain data from many regions of possible density, a simulation is initialized with various frequency compositions of the two species. Then, n̄intra
and n̄inter are periodically measured for a given time-step interval, which is
taken to be large enough to avoid any apparent correlation between successive
measurements.
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6.5.3

The ODE Model with Complex Formation

The ODE model with one species is formulated as follows:
Ṗ = − kSP P 2 − (kDP + kDM )DP + b(CP + CM )
+ κθ(CP + 2CM ) − dP ,
Ṁ = − kSM P M + κθCP − dM ,
Ḋ =(kSP P + kSM M )P − (kDP + kDM )DP + b(CP + CM )
+ κθ(CP + CM ) − dD,

(6.18)

ĊP =kDP P D − bCP − κθCP − dCP ,
ĊM =kDM P D − bCM − κθCM − dCM ,
where θ = 1 − P − M − D − CP − CM ; P , M and D have the same meaning
as in Eq. 6.2; and CP (resp. CM ) denotes the concentration of CP (resp. CM )
in Reaction 6.17.
The ODE model with two species is formulated by assuming that replicases do not discriminate between templates. The model involves 14 variables, namely Pi , Mi , Di , CP ;i,j , CM ;i,j , where i and j denote the species
(i = 1 or 2; j = 1 or 2); and CP ;i,j (resp. CM ;i,j ) denotes the concentration of
CP (resp. CM ) that is formed between D of species i and P of species j. Since
the equations are lengthy, they are described in Additional file 1 of Takeuchi
et al. 2008.
Numerical integration was performed by using GRIND (de Boer and Pagie
2005).
6.5.4

The Details of the CA Model with Complex Formation

The CA model with complex formation is an extension of the model without
complex formation. A complexed molecule (CP or CM ) is represented by
one molecule of P and one molecule of D that are located in two contiguous
squares. The details of the reaction-diffusion algorithm are very similar to
that of the model without complex formation (except for diffusion and some
other minor differences, which are described below).
Diffusion is implemented by swapping the position of molecules. However,
since a complex molecule must occupy two contiguous squares, the swapping
must be done such that it does not break this requirement. There are three
possible cases of swapping: (1) one involving no complex molecule; (2) one
involving one complex molecule; (3) one involving two complex molecules. In
case (1), swapping is done as before. In case (2), let x and y be the squares
chosen for diffusion (which is chosen first does not matter), and let us suppose
that x contains a non-complex molecule or is empty, and y contains a complex
molecule. Let y 0 be the square in which the other molecule of the complex
in y is located (thus, y and y 0 are adjacent to each other). Then, swapping
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is done in the following manner: x → y 0 ; y → x; y 0 → y, where arrows mean
that the content of the left square moves to the right square. In case (3), let
us suppose that x also contains a complex, and, similarly, let x0 be the square
in which the other molecule of the complex in x is located. Then, swapping
is done as follows: x → y 0 ; x0 → y; y → x0 ; y 0 → x.
Reaction events are implemented by the straightforward extension of the
algorithm described in Section 6.5.1. Some minor differences are that when
the square chosen first contains a complex molecule, then a secondary square
is chosen from the seven squares adjacent to the first square, excluding the
square that contains the other molecule of the complex (i.e. the molecule
which the molecule chosen first is making a complex with, which is always
located in the neighborhood of the molecule chosen first). Another difference
is that when the square chosen first is empty, a strand displacement reaction
can occur if the randomly chosen neighbor is a complexed molecule. Thus, in
the system with complex formation strand displacement can happen whether
a complex molecule is chosen first or an empty square is chosen first (note
that in the system without complex formation a double-stranded molecule
must be chosen first for strand displacement to happen). This effectively
doubles the rate represented by κ (see also the next paragraph).
Finally, we note that since one complex molecule occupies two squares, the
probability that a complex molecule is picked up in the process of choosing
the first square in the reaction-diffusion algorithm is twice that of a noncomplex molecule. This can make the rate of decay and the intensity of
diffusion effectively double. This is compensated simply by halving each
parameter for complex molecules. The other event that involves complex
molecules is strand displacement, and for this, the doubling of the rate (κ)
is not compensated. This again effectively doubles the rate represented by
κ. Combined with the doubling described in the previous paragraph, the
rate represented by κ is thus quadrupled. However, this is unimportant,
for it simply means that when the CA model with complex formation is
quantitatively compared to the ODE model with complex formation, the
value of κ in the CA model must be a quarter of that of the ODE model.

Additional file
Additional file 1
This PDF file contains the following information:
1 Figure 11. This figure shows the results of additional simulations where
the decay rate of double-stranded molecules is reduced by a factor of
10 relative to that of single-stranded molecules. The figure is referred
to in the Authors’ response to Reviewer’s report 3.
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2 Figure 12. This figure shows the additional results that reveal a nonlinear anti-correlation that evolves between kSP and kDP as a result of
diverging selection under finite diffusion. This figure is referred to in
Section 6.2.3.
3 the description of the ODE model with complex formation for a system
of two replicator species.
The file is available from the publisher’s web site (doi:10.1186/1745-6150-3-33
or www.biology-direct.com).
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Abstract
Multilevel selection has been indicated as an essential factor for the evolution
of complexity in interacting RNA-like replicator systems. There are two types
of multilevel selection mechanisms: implicit and explicit. As implicit multilevel
selection, spatial self-organization of replicator populations has been suggested,
which leads to higher level selection among emergent mesoscopic spatial patterns
(traveling waves). As explicit multilevel selection, compartmentalization of replicators by vesicles has been suggested, which leads to higher level evolutionary
dynamics among explicitly imposed mesoscopic entities (protocells). Historically,
these mechanisms have been given separate consideration for the interests on its
own.
Here, we make a direct comparison between spatial self-organization and
compartmentalization in simulated RNA-like replicator systems. Firstly, we show
that both mechanisms achieve the macroscopic stability of a replicator system
through the evolutionary dynamics on mesoscopic entities that counteract that of
microscopic entities. Secondly, we show that a striking difference exists between
the two mechanisms regarding their possible influence on the long-term evolutionary dynamics, which happens under an emergent trade-off situation arising
from the multilevel selection. The difference is explained in terms of the difference in the stability between self-organized mesoscopic entities and externally
imposed mesoscopic entities. Thirdly, we show that a sharp transition happens
in the long-term evolutionary dynamics of the compartmentalized system as a
function of replicator mutation rate. Fourthly, the results imply that spatial
self-organization can allow the evolution of stable folding in parasitic replicators
without any specific functionality in the folding itself. Finally, the results are discussed in relation to the experimental synthesis of chemical Darwinian systems
and to the multilevel selection theory of evolutionary biology in general.
To conclude, novel evolutionary directions can emerge through interactions
between the evolutionary dynamics on multiple levels of organization. Different
multilevel selection mechanisms can produce difference in the long-term evolutionary trend of identical microscopic entities.

Author Summary
The origin of life has ever been attracting scientific inquiries. The RNA world
hypothesis suggests that, before the evolution of DNA and protein, the primordial
life was based on RNA-like molecules both for information storage and chemical
catalysis. In the simplest form, an RNA world consists of RNA molecules that
can catalyze the replication of their own copies. Thus, an interesting question
is whether a system of RNA-like replicators can increase its complexity through
Darwinian evolution and approach the modern form of life. It is, however, known
that simple natural selection acting on individual replicators is insufficient to
account for the evolution of complexity due to the evolution of parasite-like tem-
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plates. Two solutions have been suggested: compartmentalization of replicators
by membranes (i.e. protocells) and spatial self-organization of a replicator population. Here, we make a direct comparison of the two suggestions by computer
simulations. Our results show that the two suggestions can lead to unanticipated
and contrasting consequences in the long-term evolution of replicating molecules.
The results also imply a novel advantage in the spatial self-organization for the
evolution of complexity in RNA-like replicator systems.

7.1

Introduction

Consideration of selection acting on multiple levels of biotic organization is
important for understanding of biological evolution in general (Wright 1945;
Hamilton 1964; Wilson 1975; Boerlijst and Hogeweg 1991a; Hogeweg 1994a;
Maynard Smith and Szathmáry 1997). In the studies of prebiotic evolution, it
has been shown that some form of multilevel selection is even necessary for the
maintenance and evolution of complexity in the interacting RNA replicator
system (Maynard Smith 1979; Bresch et al. 1980; Szathmáry and Demeter
1987; Boerlijst and Hogeweg 1991b; McCaskill et al. 2001; Chapter 5).
The RNA-like replicator system is considered one of the simplest chemical
systems that can undergo Darwinian evolution in a self-sustained manner
(Eigen 1971; Spiegelman 1971). Hence, RNA replicators have been suggested
as the central player of prebiotic evolution in the RNA world hypothesis (Pace
and Marsh 1985; Sharp 1985; Cech 1986; Gilbert 1986). Besides whether or
not such replicators—or its analogues (Joyce et al. 1987)—can actually exist
(see Gesteland et al. 2005; Lawrence and Bartel 2003; Zaher and Unrau
2007; Müller and Bartel 2008; Lincoln and Joyce 2009; Powner et al. 2009,
for recent progress on this), an interesting question is whether such a chemical
replicator system can increase its complexity through evolution and approach
the biotic system as we know it.
The importance of multilevel selection in prebiotic evolution is based on
two problems that arise in the evolution of replicator systems. Firstly, there
is a fundamental problem about the accumulation of information in exponentially growing replicators. That is, the maximal length of sequence patterns that can be maintained under the mutation-selection process in a single
replicator quasi-species is severely limited by high mutation rates, which are
supposed in primordial replication processes based on RNA molecules (Eigen
1971; Eigen et al. 1989).1 Hence, a solution to information accumulation has
been sought in the symbiosis of multiple species of replicators. As such a
solution, a classical study suggested the so-called hypercycle, in which every
replicator species catalyzes replication of another species, forming a cyclic
1
This is often called information-threshold or error-threshold problem; however, the
problem itself is actually independent of the existence of threshold-like behavior (i.e. abrupt
transition) in the replicator dynamics (Chapter 3).
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network of cooperative interactions (Eigen and Schuster 1979). However,
there is an inherent problem in such a cooperatively interacting replicator
system, in that selection acting on the level of individual replicators favors
only the evolution of better templates, but does not favor—even disfavors
(Chapter 4)—the evolution of better catalysts (Maynard Smith 1979; Bresch
et al. 1980). To overcome this problem, spatial structure in a population has
been suggested.
Generally speaking, spatial population structure can be classified according to whether it is implicit or explicit: Implicit population structure arises
from the birth-death-migration process of individuals themselves, whereas
explicit population structure is imposed to a population by some external
boundaries (of course, the external factors can depend on the activity of individuals). In the context of prebiotic evolution, both kinds of population
structure have been investigated: (i) spatial self-organization of populations
in a diffusion-limited, surface-bound replicator system as implicit structure
(Boerlijst and Hogeweg 1991b); (ii) compartmentalization of replicators by
vesicles as explicit structure (Niesert et al. 1981; Szathmáry and Demeter
1987). Historically, the two kinds of population structure were given separate consideration for the interests on its own. In both cases, however, the
essential process that makes the difference from a well-mixed system is the
formation of multilevel selection, i.e. selection operating on the level of microscopic entities (i.e. individual replicators) and on the (various) levels of
mesoscopic entities, such as (spiral) waves and protocells, that arise from
spatial population structuring.
In a previous study, we constructed a computational model that can simulate a surface-bound replicator system and compartmentalized replicator
system in a unified framework. We therewith investigated the two different types of spatial population structure—explicit versus implicit—with respect to their influence on the macroscopic stability of different evolving
replicator systems (Hogeweg and Takeuchi 2003). The current study aims to
extend the previous study: It makes a direct comparison between the spatial self-organization and compartmentalization with respect to their effects
on the eco-evolutionary dynamics of a simple interacting replicator system,
particularly, by focusing on the interactions between the dynamics of microscopic and mesoscopic entities. For this sake, we adopt the following research
strategies. Firstly, we consider an identical model of interacting replicators
in the surface-bound system and in the compartmentalized system so that,
while the two systems differ in mesoscopic entities, they share identical microscopic entities. Secondly, we design vesicle-level processes such that they
do not introduce an extra burden for survival that is independent of the
replicator dynamics itself; e.g., we neglect the problem of substrate uptake
through membranes (see Mansy et al. 2008; Mansy and Szostak 2008, for
experimental studies on this issue). These considerations allow us to focus
on the effect of spatial population structure itself. Thereby we study how
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different types of spatial population structure achieve the macroscopic stability of a replicator system, and how the dynamics of different mesoscopic
entities influence the evolutionary dynamics of microscopic entities and vice
versa.

7.2

Models

Our model of a compartmentalized replicator system consists of two planes
of stochastic cellular automata (CA), where one simulates replicator-level
processes, and the other simulates vesicle-level processes. The compartmentalized replicator model (compartment model in short) can be converted to
the surface-bound replicator model (surface model) simply by removing the
vesicle plane. (See Section 7.6.2 and 7.6.3, for more details on the models.)
7.2.1

Replicator Model

The replicator model investigated here consists of two types of molecules:
replicase and parasite. The replicase can catalyze replication of other molecules, whereas the parasite cannot. The parasite switches between two
conformations, viz. folded state and template state. When a parasite is
in the folded state, it can facilitate the growth of the vesicle in which it
resides (explained later), but cannot be replicated by the replicase; when
in the template state, it can be replicated, but cannot facilitate the vesicle
growth. We assume the conformation switching is so fast that it is always
in equilibrium.2 Hence, the concentration of parasites in the folded state
(Lf ) and that in the template state (Lt ) can be expressed as lL and (1 − l)L
respectively, where L is the total concentration, and l = K/(1 + K), and K
is the equilibrium constant of Lt
Lf . Thus, the current replicator system
can be represented as follows:
kR

κθ

−−
*
(a) R + R )
−−
−−
−−
−
− CR → 2R + R,
1−kR

kL (1−l)

κθ
L+R−
)−
−−
−−
−*
− CL →
1−kL

(b)

2L + R,

d

R, L → θ,
2d

CR → R + θ,

(7.1)

d

CL → R + θ,
d

CL → L + θ,
(c)

ml

L → L + x,

2
We also studied a case without this assumption, where the sum of the folding rate
and unfolding rate equaled to κ. The results were essentially the same as explained in this
chapter.
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where R and L denote a replicase and parasite molecule respectively; CR
and CL denotes a complex molecule between R and R and that between R
and L respectively; θ represents the generalized resource for replication. In
Reaction 7.1:
(a) is complex association/dissociation and replication. We assume that
the sum of the rate constants of association/dissociation is fixed and,
without loss of generality, set it to 1. κ is the rate constant of replicaκθ
κ
tion; thus, C → actually means C + θ →. κ is set to 1 throughout this
study, where we assume that the discrimination of templates by replicase lies in the association/dissociation and moreover, that replication
and association/dissociation occur at a similar speed.
(b) is decay, and it is assumed that its rate is invariant. Each molecule
forming a complex also decays independently, which can be considered
the decay of CR and CL .
(c) is the reaction that facilitates the vesicle growth as explained in Section 7.2.2.
The consideration of complex formation is to take into account the fact
that replication takes finite amount of time, during which the replicase cannot be replicated. Complex formation thus considerably disadvantages the
replicase over the parasite (see Chapter 4, for more details; see also Füchslin
et al. 2004).
The replicator dynamics was modeled in the framework of stochastic cellular automata (CA). The model consists of a two-dimensional grid of N × N
squares, where one square can contain at most one molecule. Empty squares
are considered to represent the generalized resource (θ), which limits the
maximum number of molecules the system can sustain globally and locally.
The model’s dynamics are run by randomly choosing one grid square and
then locally applying the algorithm that simulates Reaction 7.1 and diffusion
(both prohibited to occur across grid boundaries). The reaction and diffusion
algorithm employed here simulates the chemical reaction dynamics in such a
way that the result approaches that of the Gillespie algorithm in the limit of
D → ∞ with N being constant, where D denotes the rate of diffusion.
To investigate the evolution of replicators, we introduced “mutations”
in kL and l. A newly produced parasite inherits the values of kL and l
from its template, but mutation can modify either kL or l by adding to
it a number uniformly distributed in [−δ/2, δ/2]. Moreover, kL and l are
bounded in [0, 1].3 The mutation of kL and l occur with a probability µkL
3
kL and l are bounded in [0,1], where we used reflecting boundary so that, without
selection, mutations generate uniform distribution. To be more precise, let kL be originally
x, and y be drawn from [−δ/2, δ/2]. If x + y < 0, kL becomes −x − y; if x + y > 1, kL
becomes 2 − x − y.
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and µl respectively, and they are mutually exclusive.
7.2.2

Vesicle Model

Vesicle-level processes were modeled by using the so-called Cellular Potts
Model (CPM) (Graner and Glazier 1992; Anderson et al. 2007). The CPM is
a two-scale stochastic CA: It explicitly defines a mesoscopic entity, “vesicle”,
by a set of grid squares having an identical state; at microscopic scale, the
updating rules tend to minimize the interface between different vesicles, while
at mesoscopic scale the updating rules tend to keep the volume of a vesicle
(i.e. the number of the squares constituting a vesicle) at the target volume.
We implemented a two-dimensional CPM of N × N squares. We then
superimposed it onto the replicator CA plane and coupled the dynamics of
the two as follows. Firstly, the molecules in the replicator CA are forbidden to permeate though the vesicle boundaries in the CPM (i.e., replicators
cannot diffuse across vesicle boundaries, and vesicle boundaries cannot move
over molecules). Secondly, the dynamics of the target volume of vesicles
are governed by the increase due to the occurrence of Reaction 7.1(c) and
the decrease due to spontaneous decay. That is, if Reaction 7.1(c) happens
inside a vesicle, its target volume is increased by 1 (if it happens outside
vesicles, it is ignored); hence, Reaction 7.1(c) can be considered to represent
membrane production. Moreover, the target volume V decays with rate dV
(the decay rate of target volume). It is worth noting that V plays a crucial
role for the competition among vesicles because the greater V is, the greater
chance a vesicle has to expand its actual volume and grow. Thirdly, a vesicle
divides when its actual volume exceeds a threshold vT (“reproduction”): A
vesicle is divided along the line of the second principle component; the internal replicators are distributed (or “inherited”) between the two daughter
vesicles according to the location (if a complex is divided between the two
vesicles, it is dissociated); and the target volume is also distributed between
them in proportion to their volume after division. It is also worth noting
that vT determines the size of vesicles and, thus, the number of replicators in
vesicles, which is a crucial parameter of compartmentalization. Additionally,
the death of vesicles is not simulated as an explicit process, for it happens
implicitly through the dynamics already specified (see also Section 7.4).
Importantly, our compartmentalized replicator model ignores the transport process across vesicle boundaries and the resource for the target volume
growth. This simplification is to avoid introducing an extra constraint for
survival that is not considered by the replicator model per se (cf. the surface
model), which allows us to directly compare spatial self-organization and
compartmentalization with respect to their effects on the replicator dynamics. Also notable is that vesicle-level selection is nearly at optimal efficiency,
for a difference in V , which is unbounded, is always reflected in the competence in volume expansion.

207

7. Multilevel Selection in Models of Prebiotic Evolution II

7.3

Results

This section is organized in seven parts. Firstly, we explain that the replicator system without spatial population structure is evolutionarily unstable.
Secondly, we show that the two models with different spatial population
structure—i.e. the surface model and compartment model—allow the evolutionary stability of the replicator system. Moreover, they display an emergent
long-term evolutionary trend which is inconceivable in a well-mixed system.
To understand these results, in the third and forth section, we analyze each
model separately. In the fifth section, we compare the findings from the two
models and delineate the similarities and differences between them. In the
sixth section, we turn our attention to the condition under which the two
models display the macroscopic stability.
7.3.1

Evolutionary Dynamics of Replicators without Spatial
Population Structure

The dynamics of the replicator system without population sturcutre can be
considered the point of reference for the dynamics with population structure.
A simple ordinary differential equation (ODE) model was constructed that
describes the well-mixed system of one replicase and one parasite species
according to Reaction 7.1:
Ṙ = − 2kR R2 + [2(1 − kR ) + 3κθ + 2d]CR − kL RL
+ [(1 − kL ) + κθ + d]CL − dR,
L̇ = − kL (1 − l)RL + [(1 − kL ) + 2κθ + d]CL − dL,

(7.2)

2

ĊR =kR R − [(1 − kR ) + κθ]CR − 2dCR ,
ĊL =kL (1 − l)RL − [(1 − kL ) + κθ]CL − 2dCL ,
where R, L, CR and CL denote the concentration of R, L, CR and CL respectively; and the dots denote time derivative; and θ ≡ 1 − R − L − 2CR − 2CL .
We study the behavior of Eq. 7.2 as a function of l and kL since we later
investigate the evolution of these parameters in the systems with spatial
population structure. We numerically calculated the equilibrium of Eq. 7.2
as shown in Fig. 7.1. The result shows that the values of l that allow the
stable coexistence of R and L shift to higher values as kL increases. The
result can be explained with ease: Increasing kL gives an advantage to the
parasite for replication; hence, in order to allow the coexistence, this must
be compensated by increasing l, which reduces the fraction of time the parasite spends as template. From this argument, one can also expect that if a
parasite species with a greater kL and/or smaller l value is introduced to the
system, it will out-compete the original parasite; i.e., there is selection pressure to increase kL and to decrease l. Indeed, this was numerically confirmed
by extending Eq. 7.2 to include another parasite species (data not shown; the
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Figure 7.1: Bifurcation diagram of the ODE model (Eq. 7.2). Colored lines
represent the stable attractor of each population as a function of l for various values
of kL : solid lines and dashed lines represent stationary attractors (equilibria). The
meaning of the line types is as designated in the graph. Dotted lines represent the
maximum and minimum of stable limit cycles for each variable (oscillatory solutions).
The thick black solid lines represent the rate of Reaction 7.1(c) at equilibrium, i.e. mlL
where L corresponds to the thin black solid lines (the values in the region of limit cycles
are not shown). The graph omits to display stable equilibria in which only R exists
(which occurs for too small kL or too great l) and unstable equilibria. The parameters
were as follows: kR = 0.6; d = 0.02; κ = 1; m = 1, which were used throughout this
chapter. These parameters mean that one replicase molecule can replicate a template,
on average, for κ/d = 50 times in its lifetime if finding a template and substrates are
extremely fast processes.

extended version of Eq. 7.2 is shown in Section 7.6.1). Therefore, if the evolution of kL and/or l is allowed, a well-mixed system will eventually go extinct
due to the evolution of too harmful parasites. This was also confirmed by
the CA model simulating a well-mixed system (data not shown).
In summary, the well-mixed replicator system is evolutionarily unstable,
so that some sort of spatial population structure is necessary for the feasibility
of the evolving interacting replicator system (see Chapter 5 on this point
discussed with the model explicitly considering the genotype-phenotype-interaction mapping of replicators; see Chapter 4, for more detailed analysis
on a similar ODE model).
7.3.2

Evolutionary Dynamics of Replicators with Spatial
Population Structure

In this section, we examine the evolutionary dynamics of the replicator system with the two types of spatial population structure, viz. compartmentalization and spatial self-organization. We will examine whether the replicator
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Figure 7.2: Snapshots of an early phase of simulations. A: The compartment
model shows the variation in the size and shape of vesicles as well as their replicator
content. The histogram depicts the frequency of vesicles as a function of the average l
value of the parasites in each vesicle (100 bins). B: The surface model. The histogram
depicts the frequency of parasites as a function of l (100 bins). Note that the value of
kL is not depicted in these pictures. The size of the CA was N 2 = 5122 squares in both
models. The parameters common to both models were as follows: kR = 0.6; κ = 1;
d = 0.02; m = 1; µkL = 0.01 and δ = 0.1; µl = 0.01; and δ = 0.1. In the surface
model, D = 0.1. In the compartment models, D = 1, vT = 1000 and dV = 0.06.

system can survive despite the evolution of parasites and what kind of evolutionary dynamics the system will display.
The surface model and compartment model were initialized by inoculating the system with small populations of the replicase and parasite of an
equal size. kL and l were allowed to mutate (the initial population was homogeneous), while other parameters were fixed. In the compartment model,
molecules were randomly placed inside one large vesicle. In the surface model,
replicase molecules were placed in a half circle, and parasite molecules were
placed in the other half circle. In the compartment model, the value of D
(diffusion) was set so great as to remove the effect of spatial self-organization
within vesicles in order to simplify the comparison with the surface model;
otherwise, the two models had identical values in the shared parameters.4
4
It is possible to set the size of vesicles and diffusion inside vesicles so as to allow the
formation of traveling waves within vesicles. However, such a system is better considered a
hybrid of the models investigated in this study. Because the purpose of the current study
is to compare two different mechanisms of multilevel selection, we do not investigate such
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Figure 7.3: Evolutionary trajectory of kL and l. The lines represent the average
value of kL and l. The line types represent the different models as designated in
the graph. The arrows point at the initial value of kL and l. For the compartment
models, the average of kL and l was calculated first for each surviving vesicles (i.e.
those contain at least two replicase molecules and one parasite molecule), and these
averages were again averaged over all vesicles. The parameters were the same as in
Fig. 7.2.

To obtain the visual image of our models, snapshots of the simulations
are shown in Fig. 7.2. Moreover, Videos S1 and Video S2 depict the spatiotemporal dynamics of the compartment model and that of the surface model
respectively (for visibility, Video S1 depicts a smaller scale simulation than
that shown in Fig. 7.2).5 As Video S2 (surface model) shows, mesoscopic
patterns—namely, traveling waves—emerge through the spatial self-organization of the replicator population, which contrasts with the compartment
model where mesoscopic patterns—i.e. vesicles—were externally imposed
(see Chapter 4, for more description on the spatio-temporal dynamics of
such waves). In the compartment model, a vesicle expands its volume as
the internal replicators multiply, extending into an empty area or pushing
other vesicles away (i.e. inter-vesicle competition), and it divides when its
volume exceeds the threshold vT . Once a while, a vesicle also shrinks—or
gets squeezed—and disappears from the system (i.e. dies) in concurrence of
the extinction of the internal replicators.
The long-term behavior of the simulations is depicted as the evolutionary trajectories of the population average of kL and l in Fig. 7.3 (black solid
line and dotted line). The trajectories can be separated into two phases:
a hybrid model.
5
The videos are available from the publisher’s web site (www.ploscompbiol.org or
doi:10.1371/journal.pcbi.1000542).
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short-term evolution and long-term evolution. In the former, the trajectories
go to a contour that gives a (mathematical) functional relationship between
kL and l, which indicates the emergence of a trade-off situation in parasites
regarding the affinity towards the replicase (kL ) and the availability of templates (l). In the latter, the trajectories go along the contour, increasing kL
and l. These results show that both the surface model and the compartment
model allowed the stable coexistence of the replicase and parasite despite the
evolutionary instability of the replicator system explained before. Moreover,
the two models exhibited a qualitatively identical evolutionary trend such
that the parasite, through evolution, increased the fraction of time it spent
in the folded state while it also increased the affinity towards the replicase.
This result is surprising, given that the folded state has no predefined functionality in the surface model (in fact, it prevents the replication), whereas
it does have a predefined functionality in the compartment model (i.e. to
facilitate the vesicle growth).
To understand these results, we next delve into each model.
7.3.3

Analysis of the Compartment Model

Short-term Evolution
To understand how the compartmentalization enables the stable coexistence
of the replicase and parasite, we followed the evolutionary dynamics of the
internal replicator system of each vesicle. For simplicity, we analyzed a case
in which l was fixed. As seen from Fig. 7.4 (gray lines), the evolution of
replicators within a vesicle tends to increase kL . However, the vesicles that
have greater kL values cannot successfully leave offspring. Therefore, all
vesicles existing at some time are the descendants of those that had a small
value of kL (colored lines).
As we saw previously, selection on the microscopic level (individual replicators) favors the evolution of stronger parasitism (greater kL or smaller l).
This is also true in the internal replicator system of vesicles. Moreover, a
vesicle containing too strong parasites has shorter longevity or lower fecundity (see the next section). Hence, a single vesicle containing replicators inside
is an evolutionarily unstable mesoscopic entity. In other words, a vesicle experiences a sort of “aging” [or “maturation” (Hogeweg and Takeuchi 2003)]
due to the evolution of the internal replicator system, which has comparable timescale to the lifetime of a vesicle as we will see in the next section.
However, the evolutionary dynamics of replicators in a vesicle are highly
stochastic due to a small replicator population size and the disturbance from
the division of the vesicle (Szathmáry and Demeter 1987). This stochasticity
generates variation in the extent of parasitism (i.e. the values of kL and/or
l) among vesicles, on which selection operates (i.e. vesicle-level selection),
disfavoring the evolution of too strong parasitism in a vesicle population.
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Figure 7.4: Life history of vesicles. The dynamics of kL averaged over all parasites
in a vesicle were followed for each vesicle in the system. l was fixed to 0.5. Gray
lines indicate kL of all vesicle lineages. For visibility, the dynamics of kL are not shown
between the last division and the moment of a vesicle’s death. The gray dots indicate
this by designating the moment of such last division events. The colored squares
indicate all vesicles that were alive at the designated time. The colored lines indicate
the ancestral linage of the vesicles indicated by the squares (ancestor trace). Time
(abscissa) is scaled to match that of the ODE model with identical rate constants,
which is also the case in all figures of this study (precisely speaking, simulation timesteps of the replicator dynamics were divided by α, which is defined in Section 7.6.2).
The size of the CA is N 2 = 1502 squares. The parameters were the same as in Fig. 7.2
except µl = 0 and µkL = 0.005 (if µkL = 0.01 the system died out due to a small
number of vesicles). kL is initially set to 0.8.

Thereby, the stability of the replicator system as a whole is obtained (i.e.
macroscopic stability).
Long-term Evolution
In the earlier section, we saw that l and kL evolved to higher values when
both were allowed to mutate. We seek to explain this by the vesicle-level
selection. The vesicle-level selection operates on two kinds of variations:
variations in the target volume (i.e. the frequency of the occurrence of Reaction 7.1c) and variations in the stability of the coexistence between the
replicase and parasite in the internal replicator system. On the one hand,
the former influences the growth of vesicles for the obvious reason and the
death of vesicles because a vesicle can die from too small target volume (it
can be “squeezed” by nearby vesicles having greater target volume; it can
also “shrink” because the growth of its target volume cannot compensate the
spontaneous decay). On the other hand, the latter influences the death of
vesicles because a vesicle can die from the loss of the coexistence between the
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replicase and parasite in the internal replicator system, which can be either
because of the deterministic instability (Fig. 7.1) or because of stochasticity
due to small population size.
To separate these two kinds of variations (i.e. target volume and the stability of the coexistence), we modified the model such that the target volume
is set to a constant value as long as a vesicle contains at least one parasite molecule. This modification deletes the variation related to the target volume,
so that the vesicle-level selection now operates solely on the stability of the
coexistence between the replicase and parasite in internal replicator systems,
which determines the longevity of vesicles. The evolutionary dynamics of the
modified compartment model was investigated in the same manner as in the
original model. As Fig. 7.3 (solid gray line) shows, the modified model also
allows the stable coexistence of the replicase and the parasite, and its evolutionary trajectory largely overlaps with that of the original model. From
this, we can conclude that if the growth of the target volume is sufficiently
great (i.e. l > 0.3 in Fig. 7.3), the location of the trajectory (i.e. the trade-off
between kL and l) is determined solely by the selection acting on the stability
of the internal replicator system.
Interestingly, the result also shows that the modified compartment model
displayed an evolutionary trend that is opposite to that of the original model
(Fig. 7.3); namely, the parasite, through evolution, decreased the fraction of
time it spent in the folded state (i.e. decreasing l) while it decreased the
affinity towards the replicase (i.e. decreasing kL ). This result indicates that
the direction of evolution in the original compartment model was caused
by the selection operating on the target volume. Moreover, importantly,
the compartmentalization of replicators by itself imposes selection pressure
that can act in the opposite direction from that imposed by the predefined
functionality in the folded state of parasites to facilitate the vesicle growth.
This contrasts with the case of the surface model, where no functionality was
predefined in the folded state, but the model nevertheless displayed the same
evolutionary trend as the original compartment model.
Our next aim is to understand the link between the longevity of vesicles,
the stability of the coexistence in internal replicator systems and the values
of kL and l. As the first step, we measured the death rate of vesicles as a
function of kL and l. For this sake, we removed the growth and division
process of vesicles from the model, while still letting vesicles constrict the
diffusion of replicators. We then measured the rate at which vesicles lose the
coexistence of replicators in the internal system for various values of kL and
l. In Fig. 7.5, the measured death rate is plotted as a function of ∆l, where
∆l has the following meaning: If ∆l < 0, the coexistence of the replicase
and parasite is deterministically unstable (Eq. 7.2), whereas if ∆l > 0 (but
∆l / 0.1), the coexistence is deterministically stable (for more details, see
Fig. 7.5 caption).
Interestingly, the result shows an apparent contradiction: the smallest
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Figure 7.5: Death rate of vesicles due to the extinction of internal replicators
as a function of l for various values of kL . The measurement of the death rate was
done through the simulation where the expansion/shrinkage and division of vesicles
were forbidden. The volume of vesicles were set to 420, which is approximately the
average volume during the evolution simulation of the original vesicle model. A vesicle
is considered dead if it contains no molecules or contains only replicase molecules (the
frequency of the latter increases as l increases). The abscissa ∆l is defined as l − lH ,
where lH denotes the value of l at which the dotted lines and the solid lines meet in
Fig. 7.1 (i.e. the Hopf bifurcation point of Eq. 7.2). As seen from Fig. 7.1, if l < lH , the
equilibrium for which the replicase and parasite coexist is locally unstable. If l > lH ,
this equilibrium is locally stable. The actual value of lH is as follows: lH ≈ 0.770 for
kL = 1; lH ≈ 0.402 for kL = 0.7; lH ≈ 0.089 for kL = 0.55. The parameters were the
same as in Fig. 7.1 (m and dV are irrelevant here). The inset is a magnified part of
the main graph.

death rate is obtained if kL is greater, which cannot explain the evolutionary
trend of the modified compartment model. However, a closer look reveails
the following: If ∆l > 0 (i.e. the coexistence is deterministically stable), the
death rate is smaller for greater kL . Contrastingly, if ∆l < 0 (i.e. the coexistence is deterministically unstable), the death rate is smaller for smaller
kL . Moreover, as Fig. 7.4 shows, the timescale of the evolution of the internal replicator system—the maturation of vesicles—is comparable to that
of the death of vesicles, which can be interpreted as a high degree of vesiclelevel somatic mutation. These results indicate that the vesicle-level selection
caused the survival of the “flattest” (i.e. where the death rate increases most
moderately as ∆l decreases) rather than the fittest (i.e. where the death rate
is smallest), which is known to happen if the mutation rate is sufficiently
large (Eigen et al. 1989; Wilke 2001). Moreover, the above argument implies
that when the mutation rate is sufficiently small, the modified compartment
model should display the survival of the fittest, which is indeed the case as
shown in Fig. 7.6.
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Figure 7.6: Transition between the survival of the fittest and the survival of
the flattest. The figure shows a sharp transition in the long-term evolutionary trend
in the modified compartment model, where the target volume is fixed, as a function of
the mutation rate (solid lines with filled circles). The survival of the flattest happens
for greater mutation rates as explained in the main text, whereas the survival of the
fittest happens for smaller mutation rates. Such a transition does not occur in the
original compartment model (dashed line) because the selection pressure arising from
the functionality of the folded state of the parasite (to increase the target volume)
is independent of the mutation rate. For the sake of computational speed, vT was
decreased to 100 in the simulations shown here (vT = 1000 in the preceding simulations), which increased the mutation rate at which the transition happened (because it
reduced the effective mutation rate per vesicle). In the modified compartment model,
V = 130 (target volume), N = 256 (system size). The other parameters were the
same as in Fig. 7.2.

Having established the phenomenological explanation, we next seek for
more mechanistic understanding of the relationship between the vesicle death
rate and the values of kL and l in terms of the stability of the coexistence in
internal replicator systems. For this sake, we turn to the property of the dynamical system described by Eq. 7.2. An obvious factor that can possibly
determine the stability of the replicator coexistence is the local stability
of the equilibrium for which the replicase and the parasite coexist. However, this line of analysis turned out to be unsuccessful: the real part of
the greatest eigen value of the Jacobian matrix behaves almost identically
as a function of ∆l for different values of kL .6 This prompted us to look
at a more global property of the phase space of Eq. 7.2. Fig. 7.7 shows the
6
We also considered the stability of the the equilibrium with extinction [i.e. R = L =
CR = CL = 0, which is always locally stable due to the Allee effect (Allee 1931)], since
if this equilibrium were less stable, the replicator coexistence might be relatively more
stable. However, this line of analysis was also unsuccessful for the same reason as before.
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Figure 7.7: Phase portrait of the ODE model (Eq. 7.2) projected to (R, L)-space
for various values of kL and ∆l. ∆l = l − lH where lH is the Hopf bifurcation point
(see Fig. 7.5). The initial conditions of all trajectories were set to CR = CL = 0, and
R and L as designated in the graph. The same initial conditions were used to measure
the time required for equilibration. The system was considered equilibrated when every
variable becomes different from the stable equilibrium by less than 10−4 . The gray
regions indicate that the system went an alternative stable equilibrium (extinction).
The parameters not shown in the graph were the same as in Fig. 7.1.
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time required for equilibration, which represents the speed—and therefore
strength—of deterministic flow in the phase space. As seen from the figure, if kL is greater, the deterministic flow is stronger. Therefore, if ∆l is
so large that the replicator coexistence is deterministically stable, increasing
kL stabilizes the coexistence (and increases the vesicle longevity) because it
relatively weakens the effect of stochasticity, which can bring the replicator
system to extinction. However, if ∆l is so small that the replicator coexistence is deterministically unstable, decreasing kL stabilizes the coexistence
because it relatively strengthens the effect of stochasticity, which can disturb
the deterministic extinction. Previously, we saw from Fig. 7.4 and 7.5 that
the evolutionary dynamics of internal replicator systems were fast relative to
the generation time of vesicles (i.e., the vesicle-level somatic mutation rate
was high). In such a case, the internal replicator system is likely to be in the
state in which the replicator coexistence is deterministically unstable (i.e.
∆l < 0); therefore, decreasing kL and l is advantageous. However, if the internal evolutionary dynamics are slow as is the case in Fig. 7.6 (µkL ,l ≤ 0.06),
the vesicle-level selection can keep the evolving parasites at lower severity.
This enables the internal replicator system to remain in the state in which
the coexistence is deterministically stable (i.e. ∆l > 0); therefore, increasing
kL and l is advantageous.
Interestingly, Fig. 7.7 also reveals that the strength of the global flow
correlates very well with the strength of the local flow around the unstable
equilibrium for which only the replicase exists (R > 0 and L = 0). The
latter is determined by the the speed at which the parasite invades an established population of replicases. Although unexpected, this correlation is
not unreasonable: On the one hand, the extinction of a replicator system—
the final outcome of the global flow—can be seen as the process in which
the parasite replaces the replicase in the share of the total population which
is shrinking to zero. On the other hand, the invasion of parasites into an
“established” population of replicases—the local flow around the aforementioned unstable equilibrium—is also the process of population replacement.
Therefore, there is a connection between the two processes. In contrast to
this connection, the relationship between the strength of the local flow and
the values of kL and l can be explained more concretely. For simplicity, let
∆l be some constant negative value for different values of kL (the conclusion
will be the same if we consider the values of kL and l along the evolutionary
trajectory). Let us consider Reaction 7.1(a). Since the population of the
replicase has been established (θ  1), the limiting step for the parasite’s invasion must be the reaction CL +θ → 2L+R. Thus, the speed of the invasion
strongly depends on the equilibrium constant of the reaction L + R
CL
[i.e. kL (1 − l)/(1 − kL )]. Then, biasing the equilibrium towards complex
dissociation (decreasing kL ) should slow down the invasion even though the
effective association rate kL (1 − l) increases by the decrease of l (since ∆l is
constant), and vice versa.
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Figure 7.8: Life history of traveling waves. The figure shows consecutive snapshots
of a simulation with fixed kL (= 1). It depicts the aging and reproduction of traveling
waves. The numbers depicted in the picture identify individual waves. The time was
reset to zero when the first snapshot was taken. The size of the CA was N 2 = 15362
squares. The other parameters were the same as in Fig. 7.2 except µkL = 0 and
µl = 0.19 (initially l = 0.6).

7.3.4

Analysis of the Surface Model

In this section, we show that the population dynamics of traveling waves
exhibit the property of multiplication, variation and inheritance, and therby
it ensures the macroscopic stability of the replicator system. Moreover, we
analyze what kind of selection pressure exists among waves, which turns out
to be qualitatively different from the vesicle-level selection that arises by
default.
Short-term Evolution
As we did in the compartment model, we followed the dynamics of individual
traveling waves to uncover the “life history” of waves. For simplicity, we took
a case in which kL was fixed and set the parameters so as to put the system
in a limiting situation wherein the long-term observation of individual waves
was easier (see Fig. 7.8 caption). Fig. 7.8 shows consecutive snapshots of the
simulation, and Video S3 depicts the same simulation starting at the first
slide of Fig. 7.8.7 The results show the following.
Firstly, an individual wave changes its characteristics, as it travels, such
that the parasite in the wave back evolves to decrease l (the colors change
from cyan to yellow). In other words, traveling waves experience a kind of
7
The video is available from the publisher’s web site (www.ploscompbiol.org or
doi:10.1371/journal.pcbi.1000542).
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“aging” in the form of the evolution of aggravated parasitism in a local replicator system. Comparable observation was made for vesicles too; however,
the difference is also worth noting: Limited lifetime of a single wave is mainly
due to the collision with other waves or boundaries, and therefore an isolated
wave can, despite the aging, persist a far longer period of time than a single
vesicle can (we will come back to this in the next section).
Secondly, new waves are generated mostly from the waves that consist of
weaker parasites, i.e., those with greater values of l (blue or cyan). To understand this, we must first understand how new waves are generated. The
generation of new waves typically begins with the isolation (or “escape”) of
the replicase molecules which are originally at the front of an existing wave
from the parasites which are at the back of the wave (Chapter 4). Two or
more escaped replicase molecules can establish a new population, which is
then “infected” by nearby parasites, resulting in a new traveling wave. Now,
let us consider the effect of parasites’ being weaker. Firstly, it makes the
escape of replicase easier. Moreover, a newly generated wave is typically
small and thus vulnerable to annihilation through the wave back “catching
up” the wave front (i.e. the extinction of a local replicator system due to
the over-exploitation by the parasites). This vulnerability is also circumvented if parasites are weaker. Therefore, waves with weaker parasites—more
precisely, wave parts that have weaker parasites—can generate more new
waves.
Thirdly, the parasites of a new wave descend from a small sub-population
of the parasites of the wave that has generated the new wave. This is simply
because of diffusion being finite and parasites replicating locally.
Finally, there is diversity in the population of parasites within a single
wave (notice the color variation within each wave). This can be explained by
finite diffusivity and stochasticity, which reduce the effect of local competition
among parasites (cf. Wright 1943; Altmeyer and McCaskill 2001).
The last three points respectively allow selection, inheritance and variation in traveling waves. The resulting evolutionary dynamics of traveling
waves counteract the evolution of too strong parasitism, and thereby, allow the macroscopic stability of the replicator system. Needless to say, the
parallelism with the compartment model is striking.
Additionally, we note that the wave-level selection does not favor an unlimited weakening of parasites. This is because traveling waves generated by
weaker parasites have smaller empty space in between, so that stronger parasites can “permeate” through the regions inhabited by too weak parasites and
out-compete them (Video S4).8 Hence, the selection is stabilizing.

8
The video is available from the publisher’s web site (www.ploscompbiol.org or
doi:10.1371/journal.pcbi.1000542).
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Long-term Evolution
We have seen above that the surface model differs from the compartment
model in an important aspect. Namely, a mesoscopic entity in the surface
model (i.e. a traveling wave) can persist for a far longer time than that of the
compartment model (i.e. a vesicle). This difference implies a shift in the focus
of the selection, in that the wave-level selection tends to increase the fecundity
of the wave rather than its longevity in contrast to the default vesicle-level
selection (cf. Zaikin and Zhabotinsky 1970; Boerlijst and Hogeweg 1991b;
Savill et al. 1997; van Ballegooijen and Boerlijst 2004). In this section, we
first confirm this point and then investigate why the surface model and the
modified compartment model, which both assume no functionality in the
folded state of the parasite, results in the opposite evolutionary direction
(Fig. 7.3).
The evolutionary dynamics of the surface model are depicted from various aspects in Fig. 7.9. From the time plot of kL and l, three time points
were chosen that represent the initial, intermediate and final phase of the
evolutionary dynamics (Fig. 7.9A, abscissa). For each of these time points a
snapshot of the simulation is shown in Fig. 7.9B. The snapshots show that the
size of waves became smaller, whereas the number of waves became greater.
This observation was made more quantitative by measuring the frequency of
waves traversing the center of the grid. As shown in Fig. 7.9A (blue line),
this frequency increased in concurrence of the increase of kL and l. In addition to these results, we can deduce that the decrease of the wave size is
a byproduct of the increase of the wave number from the fact that (1) the
annihilation of waves is largely due to the collision with other waves, which
becomes more frequent with the increase of the wave population, and that
(2) waves must persist long enough to become large. In conclusion, the above
analysis strongly indicates that the wave-level selection indeed operates on
the generation of waves, i.e. the fecundity of waves.
To understand the factors influencing the fecundity of waves, we again
analyzed the qualitative behavior of Eq. 7.2. From Fig. 7.7 (right column) we
can already glimpse such factors. For ∆l = 0.05, a population initialized with
a small number of replicase and parasite molecules can grow and establish
itself if the initial number of parasites is not too great; othwerwise, the population goes to extinct. Moreover, the phase area in which the trajectories
lead to extinction (gray area) shrinks with the increase of kL for ∆l = 0.05.
These results imply that increasing kL and l reduces the events of population
establishment failure, which is likely to facilitate the establishment of new
waves. However, there is a problem in this argument, in that if we consider
the parameters relevant to the evolution in the surface model (e.g. Fig. 7.7 left
column), all trajectory leads to extinction, so that there is little explanatory
power in the qualitative phase portrait for such a parameter.
Therefore we next analyzed the transient behavior of Eq. 7.2 for the para221
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Figure 7.9: Evolutionary dynamics of traveling waves. A: The left y-axis is
kL and l averaged over an entire population. The simulation was identical to that
shown in Fig. 7.2 (surface model). The right y-axis is the frequency at which waves
traverse the center of the grid (1/Time). Note that the width of time windows for the
measurement of the frequency is quite large (ca. 28600), so that the curve is leveled
off compared to that of kL and l. The details of the measurement are as follows. The
number of replicators was measured in the region of 10 × 10 squares located at the
center of the grid. At a certain moment, if the number of replicase molecules is more
than zero, the moment was designated as on-state; otherwise, off-state. An off-on-off
transition of the state was considered one event of wave traversing if the number of
replicase molecules exceeds the background average during on-state. B: Snapshots of
the simulation taken at the three time points designated on the abscissa of A. The size
of traveling waves becomes smaller in concurrence of the increase of the frequency of
wave traversing shown in A.

222

7.3. Results

Figure 7.10: Analysis of transient dynamics of the ODE model (Eq. 7.2) related
to the establishment of new waves. A: The evolutionary trajectory of kL and l in
the surface model. From this trajectory, we obtained the parameter sets used in the
analysis of the ODE model shown in B and C (the numbers depicted in A, B and C
correspond to each other). For this sake, the initial condition was changed (kL = 0.6
and l = 0; otherwise, the parameter setting was identical to that in Fig. 7.2. Note that
linear regression underestimates the slope due to the error in abscissa, which results
in the stronger underestimation of Maxt R(t) shown in B and C for greater kL and l.
B: Numerical solutions of Eq. 7.2. The values of kL and l were as indicated in A. The
other parameters were the same as in Fig. 7.1. The initial condition was as follows:
R = 0.055; L = 0.0075; CR = 0; CL = 0. C: The maximum value of R from transient
dynamics of Eq. 7.2 as depicted in B is plotted as a function of the initial value of L
(otherwise, the initial condition was the same as in B).
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meters chosen from the evolutionary trajectory (Fig. 7.10A). The vital point
of this analysis was that the initial condition was set so as to mimic the
situation in which a new wave is generated; i.e., R was set slightly above the
minimum value required to surmount the Allee effect, and L was set to very
small values, and CR (0) = CL (0) = 0. Fig. 7.10B shows numerical solutions
of Eq. 7.2 with different parameter sets for an identical initial condition. The
time plots show that if kL and l are smaller (i.e. earlier in the evolution), the
growth of R is quickly obliterated by the outbreak of L, whereas if kL and l
are greater (i.e. later in the evolution), R can grow up to quite a high value
before extinction. We then calculated the maximum value of R as a function
of L(0) shown in Fig. 7.10C. The results show that the maximum values of
R is greater when kL and l are greater (i.e. later in the evolution), and the
difference expands as L(0) increases. These results strongly indicate that
increasing kL and l enhances the transient growth of a replicase population
in the presence of small number of parasite molecules and, thereby, should
enhance the establishment of new waves in the surface model.
Having identified the link between the wave generation in the surface
model and the transient behavior of the well-mixed replicator system, we
can now intuitively understand the relationship between the wave generation
and the parameters kL and l. For simplicity, let ∆l be some constant negative
value for different values of kL as we did before in the compartment model.
The focal process is the competition between the transient growth of R and
the growth of L. Since R(0) and L(0) are small (i.e. θ ≈ 1), the limiting
process for the growth of R and that of L must be the complex association,
i.e., 2R → CR and L + R → CL , respectively. Then, decreasing the effective
rate of the latter reaction, kL (1 − l), should ease the growth of R by releasing
the competition even though the equilibrium of the association-dissociation
reaction between parasites and replicases is biased more to the association
(since ∆l is constant). This argument is supported by the time plot shown
in Fig. 7.10B, in that the increase of L is slower for the greater value of kL
and l.
7.3.5

Summary: Comparison between the Explicit and Implicit
Multilevel Selection Models

• The two multilevel selection models are quite similar in how they
achieve the macroscopic stability of the replicator system: the evolutionary dynamics on the microscopic entities (i.e. replicators) are counteracted by the evolutionary dynamics on the mesoscopic entities (i.e.
vesicles or traveling waves).
 In the compartment models, the vesicle-level selection operates
on the variability in internal replicator systems generated by the
stochastic evolutionary dynamics of replicators.
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 In the surface model, selection operates on the level of traveling
waves, which have the feature of multiplication, variation and inheritance.
• However, the two types of mesoscopic entities differ in their stability in
isolation.
 In the compartment model, a vesicle is an externally imposed
mesoscopic entity (explicit multilevel selection), and it is less persistent.
 In the surface model, a traveling wave pattern is a self-organized
mesoscopic entity (implicit multilevel selection), and it is thus
more persistent than a vesicle (if it is too unstable, it would not
self-organize).
• The difference in the stability of mesoscopic entities results in the difference in the focus of mesoscopic selection.
 The vesicle-level selection, by default, operates for the longevity
of vesicles due to its greater instability.
 The wave-level selection operates for the fecundity of waves (i.e.
the generation of new traveling waves).
• Because multilevel selection keeps the evolution of too severe parasitism at bay, parasites have a trade-off situation between kL (i.e. affinity to replicase) and l (i.e. template availability). Under this tradeoff, parasites can adopt two kinds of strategies in the associationdissociation reaction with replicase: (A) increasing the effective rate of
association—smaller kL and l—and (B) biasing the equilibrium towards
association—greater kL and l. Strategy A weakens the deterministic
flow of the replicator dynamics while prohibiting the transient growth
of a population consisting of a small number of replicases and parasites. Strategy B strengthens the deterministic flow while enhancing
such transient growth.
These strategies gain selective differences through the interactions between the dynamics of microscopic entities and those of mesoscopic
entities. This produces a novel trend in the long-term evolution of the
replicator system, which can differ between the two multilevel selection
models.
 In the compartment models, the death rate of vesicles depends on
the stability of the coexistence between the replicase and parasite
in the internal replicator system. If the coexistence is deterministically stable, strengthening the deterministic flow of the internal
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replicator dynamics is favored. If the coexistence is deterministically unstable, weakening the deterministic flow is favored.
The evolutionary dynamics of internal replicator systems are fast
when the mutation rate of replicators is high and the population size of internal replicator systems is large. In this case, the
coexistence is likely to be deterministically unstable; therefore,
weakening the deterministic flow of the replicator dynamics (i.e.
Strategy A) is favored. (Similarly, if the internal replicator evolutionary dynamics are slow, Strategy B is favored.)
However, this default direction of the vesicle-level selection can be
overruled by an additional selection pressure arising from the (predefined) functionality of the folded state to facilitate the vesicle
growth.
 In the surface model, the establishment of new waves depends on
the (transient) growth of a population consisting of a small number
of replicases and parasites. Therefore, Strategy B is favored.

7.3.6

Diffusion Rate and Vesicle Volume: Important Parameters
of Multilevel Selection

In this section, we compare the surface model and the compartment model
with respect to how the macroscopic stability responds to the change of
either the diffusion rate (D) in the surface model or the threshold volume
for division (vT ) in the compartment model, whereby we illustrate an interesting difference between the two models. Our choice to focus on D and vT
is based on two reasons. Firstly, previous studies have suggested that these
parameters significantly affect the macroscopic stability of the replicator system (Niesert et al. 1981; McCaskill et al. 2001; Hogeweg and Takeuchi 2003;
Füchslin et al. 2004; Chapter 4; Silvestre and Fontanari 2008; Chapter 6).
Secondly, D and vT play a similar role in how they limit the macroscopic stability; i.e., increasing D and increasing vT increase the number of replicators
involved in local replicator systems that can be considered independent of
each other due either to vesicle boundaries or to spatial distance (one traveling wave can be considered to consist of multiple such local replicator systems
as seen from the heterogeneity within a wave shown in Fig. 7.8).
Firstly, we investigated what might be called the “ecological” stability of
the system, i.e. the range of kL and l for which the replicator system exhibits
the macroscopically stable coexistence of the replicase and parasite with no
mutation (i.e. µkL = µl = 0). As seen from Fig. 7.11, while the survival
regions from the two models are similar in topology, they significantly differ in
its response to the change of D or vT . That is, the survival area in the surface
model greatly varies as D changes whereas that of the compartment model
varies relatively little as vT changes (the modified compartment model showed
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Figure 7.11: Survival region in the parameter surface of kL and l. A: The
surface model. The upper four lines, which are largely overlapping, designate the
upper boundaries of the survival regions. The lower four lines designate the lower
boundaries. The mutation was disabled (µkL = µl = 0). N = 1024 (CA size). The
other parameters not depicted in the graph are the same as in Fig. 7.2. In addition, we
note that the root mean square displacement of a molecule in its life time was about
10 squares for D = 1. B: The vesicle model. The upper two lines designate the upper
boundaries of the survival regions; the lower two lines designate the lower boundaries.
Note that lower boundaries are influenced by the fact that the growth of target volume
depends on l (i.e., l is bounded below because V depends on l and dV > 0), which is
not the case in the surface model. To reduce this influence, the decay rate of target
volume is reduced to dV = 0.006 (using the modified compartment model avoids the
problem better; however, it did not matter for our conclusion as shown in Fig. S7.1).
N = 512 (note that N can be smaller in the compartment model than in the surface
model in order to remove the influence of the smallness of the system because vesicles
are smaller than waves). The other parameters not depicted in the graph are the same
as in Fig. 7.2.

qualitatively the same result; see Fig. S7.1B). Additionally, we mention that
the compartmentalized system was not viable for vT < 50, which was most
likely because of too great assortment load (Niesert et al. 1981; Silvestre and
Fontanari 2008). Also, the spatial pattern in the surface model appeared
different for large diffusion rates as shown in Video S5 (see Section 7.6.4, for
more on this point)9 .
Secondly, we investigated the “evolutionary” stability of the system, i.e.
the maximal tolerable value of µl (µmax
) for which the system exhibits the
l
macroscopically stable coexistence of the replicase and parasite (with µkL = 0
and kL = 1) as shown in Fig. 7.12 (the modified compartment model showed
qualitatively the same result; see Fig. S7.2). The result shows that µmax
l
9
The video is available from the publisher’s web site (www.ploscompbiol.org or
doi:10.1371/journal.pcbi.1000542).
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Figure 7.12: Maximum mutation rate (µmax
) for which the system can survive.
l
For simplicity, µkL was set to 0. kL was set to 1. A: The surface model. The abscissa
is diffusion rate. Note that a steep increase in µmax
as D decreases from 0.03 to 0.01
l
is due to the fact that the system survives for (almost) any values of l as seen from
Fig. 7.11A. N = 1024 (CA size). The other parameters not depicted in the graph were
the same as in Fig. 7.2. B: The compartment model. The abscissa is the threshold
volume for division. The left y-axis is µl ; the right y-axis is the average number of
molecules inside a vesicle: the squares denote the total number of molecules; the
triangles denote the number of replicase molecules. A complex molecule is counted
twice depending on the composition; e.g., CR is counted as two molecules of R.
N = 1024. The other parameters not depicted in the graph were the same as in
Fig. 7.2.

significantly changes as the parameter varies in both models, and the curves
of µmax
are very similar to each other. These results are in stark contrast to
l
the response of the survival regions seen above.
These results indicate that there are two different aspects in the macroscopic stability of replicator systems. One is the range of rate constants
for which a system displays the macroscopic stability—“ecological stability”.
The other is the degree of perturbation to rate constants (i.e. mutation in
the sense used here) for which a system displays the macroscopic stability—
“evolutionary stability”. Interestingly, these two aspects do not necessarily
correspond to one another. Consequently, the two models showing different degrees of ecological stability can show similar degrees of evolutionary
stability.
Fig. 7.11 and 7.12 depict the general tendency that the macroscopic stability decreases as either D or vT increases. This is explained by the fact that
increasing the number of replicators involved in the local replicator systems
reduces the stability of the whole system in two ways. Firstly, it decreases the
stochasticity in the dynamics—both ecological and evolutionary—of the local
replicator systems, which diminishes the relative impact of higher-level selection through reducing the variability among the local systems (Szathmáry
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and Demeter 1987) (in the surface model, the local variability referred here
also includes the heterogeneity within each wave). Secondly, it increases the
frequency at which stronger parasites appear through mutation in a local
replicator system per unit time (Niesert et al. 1981; McCaskill 1997), which
speeds up the evolutionary dynamics of local replicator systems (see also the
caption to Fig. 7.6; note that this is irrelevant to the ecological stability by
definition). It is worth mentioning that the expansion of the survival region
by decreasing vT decreases as kL increases as shown in Fig. 7.11B and S7.1B
(see the survival range of l as a function of kL ). This is nicely explained by
the first effect explained above and the fact that the deterministic flow of
the replicator dynamics strengthens as kL increases. Additionally, we note
that the fraction of replicases within vesicles increases as vT decreases. A
similar observation has been made in other models (Kaneko and Yomo 2002;
Hogeweg and Takeuchi 2003; Silvestre and Fontanari 2007; esp. the first reference)
However, as we saw above, the survival area of the surface model is far
more sensitive to D than that of the compartment model is to vT (Fig. 7.11).
This can be explained by another effect of changing D; that is, decreasing D
makes it more difficult for a parasite molecule to be in contact with replicase
molecules than for a replicase molecule (see Chapter 6, for more quantitative
investigation on this). This means that decreasing D directly disadvantages
the parasite. Therefore, the survival area substantially changes as a function
of D. However, despite this additional effect, the dependency of µmax
of
l
the surface model is not necessarily more sensitive to D than that of the
compartment model is to vT (Fig. 7.12). This is explained by the fact that the
ecological stability is “offset” by the evolutionary dynamics; i.e., for greater
mutation rates the replicator system tends to go to the lower boundary of the
survival region through evolution (it is assumed that the ecologically stable
region does not cover the entire span of the parameter range; see the case of
D ≤ 0.02 in Fig. 7.12A).
To summarize, the macroscopic stability of the interacting replicator system has two different aspects: ecological stability and evolutionary stability.
In the surface model, decreasing D substantially enhances the ecological stability because decreasing D directly decreases the chance of parasites’ being
in contact with replicases. Contrastingly, in the compartment model, decreasing vT does not have such a direct effect; hence, its enhancement of
the ecological stability is more moderate. However, this apparent advantage
of the surface model with respect to the ecological stability is offset by the
tendency of the evolutionary dynamics to bring the system to an edge of the
ecologically stable parameter region, which indicates the greater importance
of the evolutionary stability relative to the ecological stability. Consequently,
the two models display a similar response in the evolutionary stability as a
function of D or vT .
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7.4

Discussion

The current study compared two multilevel selection models of replicator
systems that had identical microscopic entities, but had qualitatively different mesoscopic entities. Despite the difference in the mesoscopic entities, we
found that the two models were quite similar in how they achieved the macroscopic stability of the replicator system. Moreover, we also discovered an
emergent trade-off situation in microscopic entities, which arose due to the
multilevel selection [we note that a similar trade-off situation was previously
discovered by van Ballegooijen and Boerlijst (2004)]. Interestingly, under
this trade-off situation, microscopic entities displayed novel long-term evolutionary trends, which originated from the interactions between the dynamics
of microscopic entities and mesoscopic entities. Furthermore, in contrast
to the similarity mentioned above, the two models could sharply differ in
the direction of this evolutionary trend, which was explained in terms of
the difference in the stability between self-organized mesoscopic entities and
externally imposed mesoscopic entities.
The surface model showed that the parasite, through long-term evolution, increased the time it spent in the state in which it could not function
as template, despite the fact that no functionality was predefined for this
state. Since the folding of an RNA molecule is likely to reduce the template activity, this result can be interpreted as the implication that in the
diffusion-limited surface-bound system the parasite can evolve stable folding
“for free”, i.e. without any specific functionality in the folding. The evolution
of stable folding might be used as substrate for the further evolution of new
functionality. Hence, the current study revealed a novel advantage of spatial self-organization for the evolution of complexity in RNA-like replicator
systems.
In the compartment model, we found a simple relationship between the
persistency (i.e. longevity) of a vesicle and the dynamical property of the
replicator system inside the vesicle. That is, if the evolutionary dynamics
of internal replicator systems are fast, the coexistence of the replicase and
parasite in internal replicator systems is deterministically unstable; hence,
weakening the deterministic flow of the internal replicator dynamics would
increase the longevity of vesicles. Similarly, if the evolutionary dynamics
of internal replicator systems are slow, the internal replicator coexistence is
deterministically stable; hence, strengthening the deterministic flow of the
internal replicator dynamics would increase the longevity of vesicles. This
point seems to be generally relevant in compartmentalized interacting replicator systems (i.e. the systems where replicases catalyze the replication of
templates).
The crucial difference between this study and our previous study (Hogeweg
and Takeuchi 2003) lies in the type of replicator systems considered: the
current study considered a compartmentalized interacting replicator system,
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whereas the previous study considered a compartmentalized non-interacting
replicator system (i.e. the systems where templates self-replicate). Since the
evolutionary dynamics of the non-interacting replicator system is, in principle, stable under well-mixed conditions (Eigen 1971; Eigen and Schuster
1979; Eigen et al. 1989), the death of vesicles hardly happened unless externally introduced in the previous study. Therein we reported that it was
essential to set the death rate of vesicles—which was one of the parameters—
sufficiently high for the vesicle-level selection to be effective. In contrast, vesicle death in the current model was not only an internal—or spontaneous—
process due to parasites (i.e. no need to externally introduce vesicle death),
but also more frequent to those that contain more severe parasites, which
reinforces the vesicle-level selection. Interestingly, therefore, parasites, which
were the very reason the higher-level selection had to be considered, actually
made the vesicle-level selection more effective.
We add that we deliberately avoided making a quantitative comparison
between the models with respect to the area of the survival region in the
parameter space and the maximum tolerable mutation rate for the following reasons. Firstly, the models have qualitatively different kinds of selection pressure because of the functionality of the folded state of parasites.
Secondly, the result of a quantitative comparison depends on the parameters
(e.g. one model can have a greater or smaller value of µmax
depending on the
l
value of kL ). Thirdly, the models do not have a completely identical set of
parameters (most prominently, it is unclear how to scale D and vT ). Fourthly,
there are two different kinds of population size, i.e. that of microscopic entities and that of mesoscopic entities, which can change through evolution
(e.g. Fig. 7.9). These points make the definition of fairness in quantitative
comparison impracticable. Therefore, we concentrated on the qualitative
comparison.
We should also mention an important simplification made in the current models; i.e., mutations of replicators were restricted to the perturbation of the two parameters of parasites. Other types of mutation processes
can have significant impacts on the eco-evolutionary dynamics of replicator
systems. The diversity in the replicase population (Hogeweg and Takeuchi
2003) and/or deleterious mutations (Chapter 4) can disadvantage parasites
by effectively “diluting” the replicase population. Moreover, the explicit
consideration of genotype-phenotype-interaction mapping allows a positive
feedback in the evolution of these three levels, which stabilizes the whole
system (Chapter 5). Hence, subjecting a greater degree of freedom to evolution seems to have positive effects on the stability of the replicator systems.
In the current study, however, we restricted these processes for a clear-cut
elucidation of the effects of different multilevel selection mechanisms.
Finally, let us comment on an interesting difference between the modern
cell and the protocell conceived in this study (i.e. the vesicle containing replicators). The difference lies in the concept of genotype, which, we commonly
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assume in evolutionary biology, is a static state of an individual. Such an
assumption can be justified for a modern cell because of the small rate of
somatic mutation relative to the lifetime of the cell. However, it is clearly
invalid for the protocell in the current study because the internal replicator
system—of which population composition can be considered as the “genome” of the protocell—greatly changes its state over time comparable to the
lifetime of a vesicle (Fig. 7.4). Stated differently, one cannot separate from
each other the timescale of the eco-evolutionary dynamics of the microscopic
entities and the population dynamics of the mesoscopic entities. It would
be an interesting future project to investigate how these two timescales can
be split apart through evolution (see also Hogeweg 1994a; Hogeweg 1994b;
Kaneko and Yomo 2002; Kaneko 2005).
There are ongoing efforts to synthesize chemical systems that can undergo
self-sustained Darwinian evolution in the laboratory. In particular, Szostak
et al. have been making steady progress towards the laboratory synthesis of
model protocells (Hanczyc et al. 2003; Chen et al. 2004; Chen et al. 2005;
Sacerdote and Szostak 2005; Mansy et al. 2008; Mansy and Szostak 2008;
Zhu and Szostak 2009). In these studies, the diameter of vesicles ranged from
∼100 nm to ∼10 µm. Assuming that the vesicle dynamics can keep pace with
the replicator dynamics, the number of replicators inside the vesicle should
be about 100 to counter the evolutionary instability of the kind of replicator
systems investigated in this study (Fig. 7.12B). Thus, the concentration of
polynucleotide inside the vesicle should be ∼ 0.3 mM for  = 100 nm and
∼0.3 nM for  = 10 µm, where it is assumed that vesicles are spherical and
unilamellar (for multilamellar vesicles, the greater concentration would be allowed). Next, there are experimental techniques to amplify polynucleotide in
diffusion limited media, the so-called “molecular colony” or “polony” technology (Chetverina and Chetverin 1993; Mitra and Church 1999); and its
possible use for chemical Darwinian systems has been suggested (Szostak
1999). Under the condition in which this technique is normally practiced,
it can be calculated that within a molecular colony a volume of 5.53 µm3
contains about 4000 polynucleotide molecules of about 100 bases and that
it takes about 10 sec [which we assume is a generation time (d−1 ) of replicators] for diffusion to displace a molecule of a similar length by 5.5 µm.10
The corresponding number of molecules is about 10 for D = 0.1 (100 for
10

The diameter of a colony (sphere) is about 200 µm for a template of 120 bases in 15%
acrylamide gel (5% bis) (Mitra and Church 1999). We assumed that the amplification
factor of PCR is 108 (Samatov et al. 2005). Assuming uniformity within a colony, the
concentration of polynucleotide is about 40 nM. We assumed that the diffusion constant of
◦
ssDNA of 120 bases is 5×10−9 cm2 /sec in the
√ same gel at 55 C (Brahmasandra et al. 2001);
hence, the root mean square displacement ( 6Dt) is about 5.5 µm in 10 sec. Moreover, it is
assumed that the generation time is 10 sec, given the speed of polymerization ranging from
30 nt/sec [Qβ replicase (Hosoda et al. 2007)] to 110-300 nt/sec [Taq pol /KOD polymerase
(Whitney et al. 2004)].
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D = 10) in the current surface model. Thus, to obtain a similar situation
under the molecular colony technology, either the concentration within a
colony must be reduced to 0.1 nM or the diffusion constant must be reduced
to 10−10 cm2 /sec.11 Unfortunately, these figures are not applicable to the
best currently available RNA-directed RNA polymerase ribozyme (a candidate of the replicators investigated here), because it is at best three order
of magnitude slower polymerase than the protein polymerases used for PCR
(Lawrence and Bartel 2003). Moreover, mineral surfaces have been suggested
to have various chemical advantages for the origin of life (e.g. Ferris et al.
1996; Hanczyc et al. 2003; Ricardo et al. 2004; Gallori et al. 2006). Besides
chemical aspects, it appears to us that mineral surfaces also have an advantage in the current context by confining the replicator in two-dimensional
space. However, to our knowledge, experimental data necessary for the type
of calculatiopn made above seem to be not yet available. Finally, Koonin and
Martin recently discussed a system compartmentalized by inorganic boundaries which are static relative to the internal replicator dynamics (Koonin and
Martin 2005) [it is reported that related experimental work is in progress
(Whitfield 2009)]. The current model can easily be extended to simulate a
simplified version of such a system by disabling the growth and division of
vesicles and by allowing the small diffusion of replicators across compartment
boundaries. Our preliminary investigation showed that a model with static
compartments displayed the formation of the large traveling waves typically
spanning more than 10 compartments (where v was fixed either to 100 or to
1000, and D = 1 inside compartments, and D = 0.01 across compartment
boundaries), which gives rise to the evolutionary dynamics on the level of
waves. Thus, interestingly, it is spatial self-organization that plays an important role for the macroscopic stability of the static compartment model,
despite the fact that the system is explicitly compartmentalized.
Traditionally, multilevel selection has been investigated in the context of
altruism-egoism dichotomy. In this context, models are constructed by defining the traits (or strategies) of individuals directly with respect to its fitness
contributions at different levels of biological organizations either through a
priori conception or through inference from observation as such (e.g. Wilson
and Wilson 2007, for review).12 By using these models, the classical the11

There are two aspects in the influence of diffusion on the replicator dynamics: the
number of distinct replicators one replicator can potentially interact with; the frequency
at which a replicator interacts with any replicators. The former is related to the spatial
correlation between replicators and has been investigated in this study, whereas the latter is
related to the Allee effect (Allee 1931), and the current models have implicitly assumed that
it causes not much problems by assuming a high density of replicators within immediate
interaction distance (cf. McCaskill et al. 2001). In the main text, the reduction of the
concentration or the diffusion constant of templates was suggested by considering the
former aspect; however, there is thus a caveat in that suggestion because the latter aspect
can make a system inviable in reality.
12
For example, in the classical model of group selection, trait X is defined by its fitness
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ory asserts that a trait that disadvantages an individual can still evolve if
it advantages certain higher-level biological organizations. By contrast, the
models in the current study were constructed without preconceiving what is
costly or beneficial on what level of organization.13 Therewith, this study—
while concordant with the classical theory—gives two novel implications.
Firstly, interactions between the dynamics of microscopic and mesoscopic
entities can generate novel evolutionary directions (or strategies) not conceived in the altruism-egoism dichotomy. Secondly, difference in mesoscopic
entities can lead to difference in the long-term evolutionary trend of otherwise identical microscopic entities. Hence, we suggest that it is necessary to
go beyond the classical modeling framework in order to explore a possible
plethora of novel evolutionary directions—beyond that found here and in a
study of van Ballegooijen and Boerlijst (2004) and Chapter 6—that can be
generated through multilevel evolution.

7.5

Supporting Figures

Figure S7.1: Survival region in the parameter surface of kL and l in other
settings than in Fig. 7.11. A: The survival region of the compartment model with
a greater decay rate of target volume. dV was set to 0.06 (the same value as used in
the evolution simulation). B: The survival region of the modified compartment model,
where the target volume V was fixed. For vT = 100, V = 140; for vT = 1000,
V = 1400. In A and B, the parameters not shown in the figure were the the same
as in Fig. 7.11B. This figure shows that the survival regions are similar between the
compartment model with dV = 0.006 (Fig. 7.11B) and the modified compartment
effect aX to its carrier and by its fitness effect bX to the other individuals (Wilson 1975).
X is considered either altruistic or egoistic depending on the value of aX and bX .
13
In the current model, we could consider, e.g., having a great value of kL and l as a
“trait”. However, not being explicitly defined by the model, what selective (dis)advantage
such a trait brings to what entity had to be discovered by analyzing the replicator dynamics
at multiple levels.
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model. The survival region of the compartment model with dV = 0.06 (A) is smaller
than the modified compartment model (B). This is because the faster decay of the
target volume (greater dV ) has to be compensated by the greater growth of it (greater
l and/or greater L). As a corollary, one can also understand the result that, for greater
values of kL , the two models display a similar lower boundary of l. The above results
indicate that if dV is sufficiently small or kL (l) is sufficiently great, the survival region
of the original compartment model is mostly determined by the stability of internal
replicator systems rather than by the growth of the target volume.

Figure S7.2: Maximum mutation rate (µmax
) for the modified compartment
l
model. µmax
is
plotted
as
a
function
of
the
threshold
volume for division (vT ). In
l
the modified compartment mode, the target volume V was fixed (V = 1.4vT ). The
parameters not shown in the graph were the same as in Fig. 7.12. The figure shows
that the values of µmax
are similar to those from the original compartment model with
l
dV = 0.06 (Fig. 7.12).

7.6
7.6.1

Supporting Text
Extension of Eq. 7.2 to a System with Two Parasite Species
Ṙ = − 2kR R2 + [2(1 − kR ) + 3κθ + 2d]CR
+

2
X

{−kLi RL + [(1 − kLi ) + κθ + d]CLi } − dR,

i=1
2

ĊR =kR R − [(1 − kR ) + κθ]CR − 2dCR ,
L̇i = − kLi (1 − li )RLi + [(1 − kLi ) + 2κθ + d]CLi − dLi ,
ĊLi =kLi (1 − li )RLi − [(1 − kLi ) + κθ]CLi − 2dCLi ,
P
where i denotes different species of parasites; and θ ≡ 1 − R − 2CR − i [Li +
2CLi ]. All numerical calculations in this study were done by using either
235

7. Multilevel Selection in Models of Prebiotic Evolution II

GRIND (de Boer and Pagie 2005) or CONTENT (Kuznetsov 1999).
7.6.2

Details of the Replicator CA Model

The dynamics of Reaction 1 was modeled in stochastic cellular automaton
(CA) framework. The model is a spatially extended, individual-based, Monte
Carlo simulation model. It consists of a two-dimensional square grid and molecules located on the grid. One square in the grid can contain at most one
molecule, which is either R or L; empty square is considered as the generalized
resource for replication (θ in Reaction 1). A complex molecule is represented
by two molecules that have an appropriate “flag” and are located in contiguous squares, where contiguity is defined as the eight nearest squares (Moore
neighbors); hence, CR consists of two R molecules, and CL consists of one R
and one L molecule. The state of the CA is fully specified by the spatial distribution of molecules with flag information. The temporal dynamics is run
by consecutively applying the stochastic algorithm that simulates Reaction 1
and diffusion.
The reaction-diffusion algorithm effectively runs as follows:
1. Randomly choose one square from the plane (every square with an
equal probability).
2. Randomly choose one of the eight nearest squares of the square chosen
first. Depending on the contents of the two, the reactions that can
happen, the possible reactions, are determined (including teh first-order
reactions such as decay). For example, if the two molecules are parasites
(L), the complex formation reaction is not included in the possible
reactions.
3. Execute one of the possible reactions with a probability calculated as
the reaction rate constant multiplied by a common constant α. The
value of α is chosen such that the maximum possible value of the sum
of the probabilities of the possible reactions is less than 1.
Diffusion is considered as a second-order reaction with rate constant D (which
is proportional to the macroscopic diffusion constant), and it is implemented by swapping the content of two squares. If complex molecules diffuse,
swapping is done so as to maintain the association of molecules (see below).
Diffusion and reaction across the grid boundaries are prohibited (no-flux
boundary condition). The application of the above algorithm for N 2 times,
where N 2 is the number of squares in the grid, is arbitrary defined as one
time-step of replicator dynamics.
The algorithm described above was obtained by slightly modifying one
described in Chapter 4, wherein it was shown that the dynamics under that
algorithm approached that of the Gillespie algorithm when D → ∞ with N
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being constant. The current modification (see below) preserves this property
and enhances the applicability of the algorithm to a situation wherein the
number of possible higher-order reactions is huge because of great diversity
in the kinds of molecules. The C++ program that implements the current
model is available from the authors upon request.
The details of diffusion algorithm involving complex molecules are as
follows. There are three possible cases in which swapping involves a complex
molecule: (1) one molecule is forming a complex with some molecule, and the
other is not; (2) the two molecules are forming a complex with each other;
and (3) each molecule is forming a complex with other molecules. In case (1),
let x and y be the squares chosen for diffusion (it does not matter which is
chosen first), and let us suppose that x contains a non-complex molecule or is
empty, and y contains a complex molecule. Let y 0 be the square containing
the molecule with which the molecule in y is forming a complex. Then,
swapping is done as follows: the molecule in x is moved to y 0 ; the molecule
in y is moved to x; the molecule originally in y 0 is moved to y. In case
(2), the two molecules swap their position (i.e. the rotation of the complex
molecule). In case (3), let us suppose that x also contains a complex, and
let x0 be the square containing the molecule which which the molecule in x
is forming a complex. Then, swapping is done as follows: x → y 0 ; x0 → y;
y → x0 ; y 0 → x, where arrows mean that the molecule originally in the left
square will be moved to the right square.
The details of the aforementioned modification are as follows. In the
previous algorithm, the reaction that happened to the molecule in the first
chosen square was determined before choosing the second square. Firstly, all
possible second-order reactions the molecule in the first square could experience were included in the possible reactions. Secondly, the probability of
each possible reaction was calculated by multiplying α to its rate constant.
Thirdly, according to these probabilities, one reaction was chosen. Fourthly,
if the chosen reaction was a second-order reaction, a neighboring square was
chosen. Finally, if the neighboring square contained the right type of molecules for the reaction to happen, the reaction actually happened; otherwise,
nothing happened. In the current algorithm, we chose one neighboring square
before choosing one from the possible reactions in order to restrict the kind
of complex formation reactions the molecule in the first chosen square could
go through. Such a reversed procedure was not done for other second-order
reactions such as the replication reaction and diffusion because their rate
constant, κ and D, was always identical.
7.6.3

Cellular Potts Model

Cellular Potts Model (CPM) is two-scale stochastic CA, in which the rules
of updating the CA pertain to the scale of neighboring grid squares and to
the scale of a “vesicle” that consists of a number of grid squares (Graner and
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Glazier 1992; Anderson et al. 2007). Each vesicle has a unique state, which
is assigned to the grid squares that constitute the vesicle. There is also one
state representing non-vesicle state, called medium state. The CA is updated
with stochastic algorithm minimizing “energy” H defined as
X
X
H=
J(i,j) +
λ(vk − Vk )2 ,
(7.3)
(i,j)∈S

k

where (i, j) denotes a pair of squares that are a neighbor of each others,
where eight nearest squares are considered as neighbor (Moore neighbors)14 ;
S is a set of all such pairs (not permutations, but combinations); J(i,j) is
energy associated with an interface between different vesicles or between a
vesicle and the medium, and it depends on the state of square i and j as
explained soon; k denotes a vesicle, and it runs through all vesicles in the
summation; vk denotes the volume of a vesicle, i.e. the number of squares
that constitute the vesicle; Vk denotes the so-called target volume (neither v
nor V exists for the medium); λ is a parameter and is set to 1 throughout
this study. The current study defines J(i,j) as follows: J(i,j) = 3 if i 6= j, and
i and j are vesicle states (i.e. if the two squares belong to different vesicles);
J(i,j) = 1 if i 6= j, and either i or j is the medium state; J(i,j) = 0 if i = j.
For these values of J, a vesicle tends to be more often in contact with media
than with other vesicles. The actual algorithm of updating the CA runs as
follows:
1. Chose one square (denoted by x1 ) from the grid in a random order such
that the same square is not chosen twice until every square is chosen.
2. Randomly chose one (denoted by x2 ) of the four nearest squares of x1
(von Neumann neighbors).
3. Calculate the difference (denoted by ∆H) by subtracting the current
value of H from the value of H if the state of x2 were copied to x1 .
4. If ∆H < 0, copy the state of x2 to x1 . If ∆H > 0, copy the state of x2
to x1 with a probability exp(−∆H/T ), where T is a parameter and is
set to 1 throughout this study.
The application of this algorithm for N 2 times, where N 2 is the number of
squares in the grid, is defined as one time-step of the CPM. The dynamics
of the CPM is run for one time-step per every Int(M/α) time-steps of the
replicator dynamics, where Int(x) is the nearest integer to x; α is defined in
the previous section; M was tuned to obtain a reasonable model behavior
and was set to 6.62 throughout the current study.
14
This definition of neighborhood is rather arbitrary. For example, the neighborhood
defined by Markus and Hess (1990) might be more realistic since the Moore neighborhood
introduces anisotropy. However, this would hardly matter for the current study.

238

7.6. Supporting Text

The division of vesicles are as described in the main text, and it can
happen once per CPM time-step for every vesicle.
The target volume V decays by an amount drawn from the Binomial
distribution with the number of trials V and the success probability dV ,
and this happens to every vesicle once every time-step of the replicator CA
(hence, dV is called the decay rate of target volume).
7.6.4

Behavior of the Surface Model for Greater Diffusion Rates

The appearance of spatial pattern differs between D = 0.1 and D = 1 as
shown in Fig. S7.3. The pattern is clearly traveling waves for D = 0.1,
whereas it appears like spots for D = 1. However, as Video S5 shows,15 these
spots actually move in a random, yet persistent direction. This suggests that
the spot-like pattern can be considered as short-lived traveling wave. This
difference in the appearance of spatial pattern has an interesting consequence,
in that the dependency of the system’s stability (i.e. the survival range of
kL and l and µmax
) on the system’s size (i.e. N ) was smaller for D = 1 than
l
for D = 0.1 (data not shown). Although against the common expectation,
this is simply because traveling waves are small for D = 1 since they are
short-lived.
To understand why the system with a greater diffusion rate displays spotlike short-lived waves, we first investigated the stability of an isolated traveling wave for different diffusion rates—i.e. the death process of an isolated
wave. Fig. S7.4 shows the spatio-temporal dynamics of an isolated traveling
wave under some idealized initial and boundary condition. The result shows
that the tip of a traveling wave rotates in an opposite direction for D = 0.1
and 1. For D = 0.1 the counterclockwise rotation allows the wave to persist indefinitely if not limited by space. For D = 1 the clockwise rotation
will, in a long term, annihilate the wave. However, the width of the wave
increases as it travels both for D = 0.1 and D = 1, which is most easily seen
at the bottom boundary of the grid. This means that the traveling wave
would be stable for both diffusion rates in one-dimensional space. Thus, in
two-dimensional space, the stability of a traveling wave, depending on D,
hinges on the characteristics of the wave tip. This is because the wave tip is
inevitably small in size, so that diffusion can homogenize the spatial structure at the wave tip more easily than at the other parts of the wave. Greater
diffusion will bring the local replicator dynamics closer to the deterministic
well-mixed system, which implies the eventual extinction is more likely at
wave tips. Consequently, an isolated traveling wave is unstable for D = 1.
However, it must also be noted that a wave can persist for D = 1 for quite a
long time before annihilation depending on the initial condition as seen from
Fig. S7.4 (cf. Video S5).
15
The video is available from the publisher’s web site (www.ploscompbiol.org or
doi:10.1371/journal.pcbi.1000542).
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Figure S7.3: Snapshots of the simulations of the surface model for different
diffusion rates. The mutation was disabled (µkL = µl = 0). N = 1024. The other
parameters not shown in the picture were the same as in Fig. 7.2.

Figure S7.4: Stability of an isolated traveling wave for a greater diffusion rate
under an idealized condition. The picture is overlay of simulation snapshots taken
consecutively beginning at time zero (for D = 0.1, the time span between each picture
is 1784; for D = 1, it is 4950). Part of the snapshots are blurred for visibility. The red
lines and black arrow represents the temporal dynamics of the wave geometry. The
parameters not indicated in the figure were the same as in Fig. S7.3 (the value of l is
chosen so as to be slightly below the lower survival boundary depicted by Fig. 7.11).
The initial condition was set in a rectangle
domain as depicted by the first snapshot
√
(the size of rectangles scale with D). The boundary condition was modified such
that the left and right boundaries are connected (like torus) while the top and bottom
boundaries were kept as before (i.e. blocking boundary). For D = 1, the simulation
was stopped before the system reached equilibrium due to computational
√ overload (the
CA size was N = 5120); however, a smaller scale simulation (by 1/ 10) showed that
an isolated traveling wave does annihilates in a long term (not shown).
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The last point naturally leads us to consider the establishment of new
waves—i.e. the birth process of waves—for different diffusion rates. We can
immediately see that the smallness of a newly generated wave is again important. Given the previous argument concerning wave tips, this implies two
points. Firstly, for a greater diffusion rate, the establishment of a new wave
and the stability of an isolated (established) wave can be considered as directly connected aspects. Given this point, it can be expected that the system
with D = 1 displays spot-like short-lived waves. Secondly, the stability of
wave dynamics still hinges on the transient growth of a small population of
replicase and parasite molecules.
The second point implies that the evolutionary dynamics for greater diffusion rates is expected to be essentially the same as that observed for a
smaller diffusion rate. However, we have been unable to observe any longterm evolutionary trend for a greater diffusion rate (D = 1). Since the system
is less evolutionarily stable for D = 1 (Fig. 7.12A), we had to choose small
mutation rates and mutation steps (e.g. µkL = µl = 0.0005 and δ = 0.02;
the value of N had also to be increased, e.g., to 1536). To check if this was
because of too small mutation rates and step, we also examined the system
with a smaller diffusion rate (D = 0.1) with the same mutation rates and
step. The result showed that the system displayed qualitatively the same
long-term evolutionary dynamics as presented in the main text. Moreover,
the evolutionary trajectory exhibited a step-wise movement (so-called punctuated equilibria), where the size of steps was comparable to the value of
δ. This implies that the difference between the “wild type” parasites and
the beneficial mutants—which influences the effectiveness of the wave-level
selection against random fluctuations—is the limiting factor in the long-term
evolution. Given this implication, we next examined whether the wave-level
selection could be effective at all for D = 1. For this sake, we conducted
a competition experiment wherein the two populations of parasites greatly
differ in the parameter values (viz., kL ≈ 0.58 and l ≈ 0 versus kL ≈ 0.76
l ≈ 0.38). The result showed that the parasite with greater kL and l value was
more adaptive, which is in concordance with the direction of the wave-level
selection. To conclude, the above considerations imply that the wave-level
selection does exist for the greater diffusion rates, but is probably too weak
to be effective against random fluctuations for the values of δ for which the
system can survive.
Finally, although we have been considering the system with greater diffusion rates at length, we must note that the system with greater diffusion rates
shows so little mutational stability (Fig. 7.12A) that it might be irrelevant to
consider this region of the parameter space in the current model anyway.
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Summary
The origin of life has always attracted scientific inquiries. The RNA world hypothesis suggests that, before the evolution of DNAs and proteins, primordial
life was based on RNAs both for information storage and chemical catalysis.
In its simplest form, an RNA world consists of RNA molecules that can replicate themselves. Hence, an interesting question is how a system of such
simple replicators can become life as we know it. Or, in a more manageable
manner, How can a system of simple RNA-like replicators increase its complexity through Darwinian evolution? This is the central question discussed
in this thesis.
The thesis approaches this question from a view point of bioinformatics
(i.e. the studies of informational processes in biotic systems). Mathematical
or computational models are used to obtain novel insights into the evolutionary dynamics of replicator systems. The thesis presents the following
results:
1. an overview of the subject from a view point of bioinformatics,
2. the mathematical formulation of phenotypic information-threshold and
the examination of it in the RNA folding genotype-phenotype map,
3. the demonstration that lethal mutations make the loss of information
due to erroneous replication a threshold-like transition,
4. the demonstration that complex formation between a replicase and
template gives a significant selective advantages to parasites,
5. the demonstration that the evolution of complexity in RNA-like replicator systems is possible through a positive feedback between the
evolution of information and that of (ecological) organization,
6. the analysis of a surprisingly complex relationship between diffusion
and evolution through the investigation of replicators with strand displacement,
7. the analysis of novel evolutionary trends which emerge through the
interactions between individual replicators and a higher level evolutionary entities (traveling waves and protocells).
Overall, we conclude that multilevel evolution—evolution operating on
multiple levels of biological organization—is a key process for the evolution
of complexity.
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Samenvatting

De oorsprong van leven heeft altijd grote wetenschappelijke belangstelling
gehad. De RNA-wereld hypothese stelt dat, voordat DNA en proteinen evolueerden, het leven gebaseerd was op RNA-moleculen. Deze RNA-moleculen
zouden kunnen dienen als opslag voor informatie en tegelijkertijd chemische
catalyse uitvoeren. Omdat in de meest primitieve vorm van zo’n RNA-wereld
de RNA-moleculen alleen zichzelf kunnen repliceren, is het een interessante
vraag hoe een dergelijk systeem van simpele replicatoren (zelfreplicerende
entiteiten) heeft kunnen uitgroeien tot het leven zoals we dat nu kennen.
Of, in een beter hanteerbare vorm: “hoe kan de complexiteit in een eenvoudig systeem van replicerende RNA-moleculen toenemen door middel van
Darwiniaanse evolutie?” Dit laatste is de centrale vraag die behandeld wordt
in dit proefschrift.
Deze vraag wordt benaderd vanuit het perspectief van de bioinformatica (het bestuderen van informatie processen in biotische systemen). Zowel
wiskundige-, als computermodellen worden gebruikt om nieuwe inzichten te
krijgen in de evolutionaire dynamica van systemen bestaande uit replicatoren. De volgende resultaten staan beschreven in dit proefschrift:
1. een overzicht van het onderzoeksterrein vanuit bioinformatisch perspectief
2. de wiskundige formulering van de fenotypische ‘informatie-drempel’ en
de analyse van dit probleem waarbij RNA vouwing als voorbeeld wordt
gebruikt voor een niet lineare relatie tussen genotype en fenotype,
3. lethale mutaties leiden tot een scherpe overgang tussen behoud en verloren gaan van informatie onder hoge mutatiedruk,
4. het vormen van een complex tussen replicase en het te repliceren RNA
geeft een significant selectievoordeel aan parasieten,
5. de evolutie van complexiteit in systemen met RNA-replicatoren is mogelijk door een positieve terugkoppeling tussen de evolutie van informatie en de evolutie van (ecologische) organisatie,
6. de analyse van een verrassend complexe relatie tussen diffusie en evolutie bij dubbelstrengs RNA-replicatie,
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Samenvatting

7. de analyse van onverwachte evolutionaire tendensen die voortkomen uit
interacties tussen individuele replicatoren en evolutionaire entiteiten
van een hoger niveau (namelijk golfpatronen en protocellen)
Samenvattend, we concluderen dat meerlagige evolutie, waarbij evolutionaire processen op verschillende niveaus elkaar wederzijds beinvloeden, een
sleutelproces is voor het onstaan van complexiteit.
(vertaald vanuit het Engels door F. K. de Boer en T. D. Cuypers)
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