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The action of natural selection is exactly like that of the centrifugal governor
of the steam engine, which checks and corrects any irregularities almost
before they become evident; and in like manner no unbalanced deficiency in
the animal kingdom can ever reach any conspicuous magnitude, because it
would make itself felt at the very first step, by rendering existence difficult
and extinction almost sure soon to follow.

Alfred R. Wallace 1859
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Chapter 1

General Introduction and
Overview

In 1970, “the study of information processes in biotic systems” was coined Bioin-
formatics by Ben Hesper and Paulien Hogeweg (Hogeweg, 2011). That is, bio-
logical and evolutionary processes can be described and explained in terms of
information processing. All living organisms, from single cellular life to humans,
survive by constantly processing information about the world around them. Gen-
otypic information is interpreted by an organisms genotype-phenotype mapping,
and expressed to dynamically adapt to the environmental needs. Information is
transferred from parents to offspring giving rise to species, and the structure of
ecosystems can be described as the mutual information transfer, or interactions,
of all coexisting species.
Yet, during the origin of evolutionary theory, in the time of Charles Darwin and
Alfred Russel Wallace, only the tip of the iceberg of biotic information processes
at play was known: evolutionary study focused on features observable by the eye,
such as the morphological differences in and between species (e.g.. the beak size
of finches). With only this single level to be studied, it is even more remarkable
that this could lead to the foundation of a theory of evolution due to natural
selection (Darwin, 1859; Wallace, 1855). It took another sixty years for under-
lying levels of information to be uncovered, which started with naming the level
of coding used for storing information, as the genome by Hans Winkler (Winkler,
1920). This established the distinction between the genotype, being the “internally
coded, inheritable information”, used as a set of genetic instructions for making
an organism, and the phenotype, as the “outward, physical manifestation” of the
organism, with the intermediate genotype-phenotype mapping being the, often
complex, association between the coded information and its expression.
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Chapter 1. Overview

Since then, knowledge about the processing of genotypic information into phen-
otypes is increasing, and recently accelerated with studies on high-throughput
data. Besides, the advent of computers made it possible to study this relation,
and evolution in general, from a generic dynamical point of view.
The first evolutionary processes realized by artificial methods can be traced back
to 1954 (Barricelli, 1954, 1957). Such computer based evolutionary studies may
be classified in two main categories: those that use evolutionary processes to
solve computational problems and those that use computational methods to study
evolutionary biology. Over the chapters in this thesis, we progress from the first
to the latter. That is, in both cases, we develop and apply biologically inspired
evolutionary computational methods in order to increase the understanding of
evolutionary processes. We will use simulations and modeling to unravel pattern
generation and informatic processes in biotic systems at multiple scales: from
genotypic to phenotypic diversity and from the level of the individual to the level
of the ecosystem, and back again.

1.1 Individual Complexity

A central idea in evolutionary theory is ‘fitness’. The fitness of an organisms phen-
otype defines how well it is adapted to a given environment. In biology, fitness
is mostly considered to describe the ability to both survive and reproduce, which
can vary over different environments, but can only be measured post hoc as the
number of offspring an organism has produced. However, in evolutionary com-
putation the contrary is often postulated: fitness is the measure of how ‘good’ a
certain phenotype is, defining its reproductive chance and giving rise to an evol-
utionary process.
The key ingredients of evolution (i.e. replication, mutation and selection) do not
allow for complexity to boundlessly evolve though (Eigen and Schuster, 1979;
Eigen et al., 1989). That is, for any Darwinian evolutionary process, the amount
of information which can be maintained is limited by the rate of mutations. This
is the so called information, or error threshold (Eigen, 1971). As a result, replic-
ators with a low quality of replication (i.e. under high mutation rates) can only
maintain short genomes, because genome size correlates with the mutation rate,
i.e. the chance for mutations is per position. To increase the size of their gen-
ome, replicators are supposed to acquire additional machinery to improve quality
of replication (e.g. proofreading), however to code for such machinery, a lar-
ger genome is acquired. Hence, evolution is in a Catch-22: individuals are stuck
with small sized genomes, unable to code for error correcting mechanisms, while
they need such a mechanism to become longer. This problem is known as Eigen’s
paradox (Eigen, 1971) and raises the question how a system of ‘simple’ replicating
molecules can evolve the widespread genotypic, and hence phenotypic, complex-
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1.1 Individual Complexity

ity, common for contemporary life.
Next to the study of early evolution, another context of interest for the error
threshold is virus evolution (Biebricher and Eigen, 2005), for which it is argued
that viral adaptability is limited by an error threshold due to the high mutation
rates and short replication times of viruses (Edward C, 2003).
Although applying to any Darwinian evolutionary process, in the field of evol-
utionary computation the information threshold does not necessarily has to be
a problem. Mutation rates can be assigned at will and as often the format of
the sought solution is predefined, mutation rates are mostly kept low and gen-
ome sizes fixed. However, where in computational methods the importance of
the genotype-phenotype mapping is acknowledged (Floreano et al., 2008), in
evolutionary theory genotype-phenotype mappings are still often preconceived,
which heavily restricts genotypic structuring. In contrast to the latter, we will ex-
plain how the genotype-phenotype mapping, flexibility of coding and the ability
to structure information are essential for the evolution of complexity.

1.1.1 Genotype-Phenotype Mapping

For the sake of simplicity, often a simple one-to-one mapping from genotype
to phenotype is assumed. However, research on RNA as a prototype for non-
linear genotype-phenotype mappings has revealed a qualitative different pic-
ture (Schuster et al., 1994; Huynen et al., 1996; van Nimwegen et al., 1999). Sim-
ilar evolutionary consequences of (evolved) genotype-phenotype mappings have
been observed in the case of gene regulatory networks (Crombach and Hogeweg,
2008; Wagner, 2008b; Draghi and Wagner, 2009), metabolic networks (Soyer
and Pfeiffer, 2010), the organization of chromosomes (Crombach and Hogeweg,
2007) and virtual cells (Cuypers and Hogeweg, 2012). That is, with a nonlin-
ear genotype-phenotype mapping, mutations may not cause any change on the
phenotypic level (neutral mutations), while other mutations can have a larger
phenotypic effect than expected, influencing multiple phenotypic traits (pleio-
tropy). Also the contribution of one gene to the fitness of an organism is not
necessarily independent of other genes on the genome (epistasis), making that
neutral genetic change may change the impact of later mutations on other posi-
tions and vice versa. Thus, as the effect of a mutation depends on the evolutionary
history, neutral mutations can prepare the ground for later evolutionary adapta-
tion (Wagner, 2008a). Many genotypes may map to the same phenotype, and if
these genotypes are connected via mutations, they form a neutral network. Sur-
prisingly, during neutral evolution ( that is, ‘traveling’ over the neutral network
through mutations without changing phenotype), the number of new structures
observed in the genotypic neighborhood increases over time and new phenotypes
which can be reached by single mutations, doesn’t seem to level off (Huynen,
1996; Ciliberti et al., 2007; Wagner, 2008b). Hence, neutrality facilitates evolu-
tionary innovation and adaptation (Huynen, 1996; Wagner, 2008a; Draghi et al.,
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Chapter 1. Overview

2010) and mutational robustness does not have to be the opposite of evolvability.
All these concepts suggest an important role of the genotype-phenotype mapping
for the evolution of complexity. However, although the effects of the information
threshold are somewhat mitigated, the limitation to the amount of information
which can be maintained is still as abrupt and strict as for a linear genotype-
phenotype mapping (Takeuchi et al., 2005). We will explore the potential evolu-
tionary consequences of structuring of genetic information within two paradigms
of such a complex genotype-phenotype mapping.

1.1.2 Paradigm Genotype-Phenotype Mappings

Even for complex genotype-phenotype mappings, the potential of a flexible cod-
ing length, which allows to ‘freely’ structure genotypic information, is often neg-
lected. Yet, such genotypic structuring should be expected to be of major import-
ance for evolution and the evolvability of replicators (Crombach and Hogeweg,
2007, 2008). With genomes of variable size and a flexible coding structure, an
extra degree of freedom is added to the repertoire of how phenotypes can be
achieved from genotypes, e.g. with longer and shorter coding (Hogeweg and
Hesper, 1992; Knibbe et al., 2007b). Because the mutational load of a replic-
ator is strongly coupled with the size of its genotype, this might be an essential
aspect to consider in the light of the information threshold. If the size of a geno-
type, coding for a particular phenotype, can be adapted according to the rate of
(per base) mutations, this would imply a dynamic range where the information
threshold will be, instead of the static threshold under fixed genome sizes.
In this thesis, we will use two paradigm many-to-one genotype-phenotype map-
pings with such a flexible coding: a purely artificial mapping, based on LISP-
programming, and a more biologically grounded model, based on RNA, extend-
ing previous studies by allowing multiple coding, overlapping information, inter-
actions among RNAs and plasticity in the genotype-phenotype mapping.

RNA

The functional form of an RNA-molecule frequently requires a specific three-
dimensional structure, which can be approximated by its two-dimensional rep-
resentation, as it captures already most of the important aspects of the three-
dimensional structure. How a sequence ‘folds’ into such a ‘secondary’ structure
can be computed by considering the forces of attraction between nucleotides
and the summed energy of these interactions, from which the minimum free en-
ergy (mfe) structure can be predicted (Hofacker et al., 1994). The computability
and the non-linear complexity, make that the RNA genotype-phenotype mapping
is considered to be an appropriate model to study evolutionary processes in gen-
eral (Fontana and Schuster, 1998; Fontana, 2002). The RNA genotype-phenotype
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1.1 Individual Complexity

mapping is well-fitted to be exploited by evolution (Huynen and Hogeweg, 1994),
and the forthcoming advantageous properties for evolution, have given RNA the
reputation of “an ideal evolvable molecule” (Schuster et al., 1994). Moreover,
because its ability to self-replicate and its catalytic functions, RNA is considered
to be the most likely candidate to have inhabited the prebiotic ecosystem in the
form of an ‘RNA world’ (Gilbert, 1986; Joyce, 2002).
However, besides the complex many-to-one genotype-phenotype mapping, it has
been shown in biological systems that information on a single RNA-sequence may
actually be used for multiple distinct functions. For example, coding may have
multiple uses when RNAs have a regulatory function besides coding for a pro-
tein (Dinger et al., 2011). Moreover, changing the expression (i.e. folding) of
sequence-information can also have a function in itself: structural RNAs, in the
form of riboswitches, react to the binding of small molecules by altering their
conformational state, enabling them to regulate different processes (Vitreschak
et al., 2004; Zhang et al., 2010). Thus, while the studies on RNA evolution men-
tioned above consider many-to-one genotype-phenotype mappings, the reverse is
also true in RNA: one genotype may represent multiple phenotypes, i.e. a one-to-
many genotype-phenotype mapping, either triggered through molecular interac-
tions or not. In the RNA-model this is captured either by considering an ensemble
of suboptimal foldings of a sequence (Wuchty et al., 1999) (see the example in
Figure 1.1), or interactions between molecules can be specified, potentially modi-
fying the structural outcome of folding a sequence.
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Figure 1.1. RNA one-to-many genotype phenotype mapping. An example of an
RNA-sequence and its ensemble of secondary structures. The secondary structure
shown bottom left is with -13.0 kcal/mol, the minimum free energy (mfe) structure
of this sequence.

Next to the flexible length and the potential one-to-many mapping, in the case
of our RNA-based model we take also toxic structures into account, which are
expected to be hazardous for the carrier. Within biological evolution, such tox-
icity is present in many ways. Misfolded structures, wrong transcriptions and
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Chapter 1. Overview

unwanted interactions (with other molecules) have to be avoided as much as
possible. Among contemporary functional macro-molecules, this has been widely
recognized, yet mostly studied in the case of proteins.
Theoretical studies have established the importance of folding stability in the case
of proteins (Zeldovich et al., 2007; Chen and Shakhnovich, 2009) and (functional
and non-functional) interactions within a crowded and heterogeneous cellular en-
vironment (Zhang et al., 2008; Deeds et al., 2007). Within such a highly crowded
cellular interior (Ellis, 2001), molecules are prone to harmful interaction with
other molecules (Dobson, 2003). Moreover, failure to fold correctly, or to remain
correctly folded, will give rise to the malfunctioning of living systems and hence to
disease (Thomas et al., 1995; Dobson, 2002). The same holds for RNA, where the
downside of the complex flexible genotype-phenotype mapping is the propensity
of severe misfoldings (Treiber and Williamson, 2001). That is, it is too easy for
RNA to form structures and given the simplicity of the code, the chances of find-
ing several different regions complementary to a given stretch of RNA is quite
high and will only increase as the length of the RNA increases (Lorsch, 2002).
These considerations are modeled as a ‘hostile’ environment, which RNA-based
replicators have to face : apart from a small set of ‘functional’ structures, all other
structures are considered to be toxic by definition.

LISP Functions

Most methods in the field of evolutionary computation (e.g. genetic algorithms (Hol-
land, 1975; Goldberg, 1989), evolutionary programming (Fogel et al., 1966) to
name a few), are quite constrained in their evolutionary potential due to a pre-
defined representation of the evolving entities. For optimization purposes, this
can be adequately effective, however, as Koza (1990) noted, it is often quite
desirable to have a more flexible coding to create more evolutionary freedom.
To have a system without too much predefined meaning, his genetic program-
ming used an interesting genotype-phenotype mapping, incorporating genomes
as computer code, allowing mutational operators to expand and contract this
code (Koza, 1992).
These computer programs can be represented in a practical mathematical nota-
tion for computer programs, called LISP (derived from ‘LISt Processing’)(McCarthy,
1960). As a genotype-phenotype mapping, these ‘LISP functions’ represent math-
ematical functions in a hierarchical manner with a parenthesized prefix notation,
which can be depicted as tree data structures (see Figure 1.2). Where in RNA
the genotype is build from nucleotides, these functions are build from constants,
variables and mathematical operators such as addition, subtraction, multiplica-
tion and division.
Although the genotype-phenotype mapping is abstract, it does resemble import-
ant aspects of a non-linear ‘physical’ genotype-phenotype mapping. Moreover, an
important modeling aspect is that with the implementation of variables, interac-
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1.2 Eco-evolutionary Dynamics

tions with the environment can be established. For example, variable ‘x’ on a
genome may be seen as a sensor for property ‘x’ of the environment, where dif-
ferent situations provide different values for ‘x’. In such a way, it can be coded on
the genotype how a replicator interacts with, and reacts on, environmental cues
or interacting species. In our systems, the latter will be the case, describing the
antagonist interactions between two opposed species, e.g. predator and prey or
host and parasite.

X
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1.0 1.0

+X
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X Y X*1.0 1.0

*XY X /Y +X
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Figure 1.2. LISP Representation and Tree Structures. Two examples of a simple
‘computer program’, presented as a tree structure and in LISP notation. These geno-
types give a different representation for the formula f(x, y) = 1.0−y ∗ (x+x). While
(a) is (one of the) shortest possible representation(s) for this function, the genotype
of (b) encodes the same function, only longer. That is, while the genotypes differ
considerably, the outcome of applying any pair of ‘x’ and ‘y’ is the same for both func-
tions. In a comparable way, far more complex formulas, algorithms and programs can
be represented, when using different nodes (being operators or terminals). This code
can change, expand and contract through mutations by mutational operators such as
addition of sub-trees and the alteration or removal of nodes.

1.2 Eco-evolutionary Dynamics

1.2.1 Co-evolution

The term co-evolution refers to co-adaptation between two or more populations.
This idea of mutual evolutionary adaptations was already recognized by Darwin
(1859) in his discussion of pollination by insects. When species co-evolve, their
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Chapter 1. Overview

respective levels of fitness depend not only on their own genetic structure and
their own level of adaptation, but also on the evolution and development of an-
other species. As such it can be that the diversity of one species creates an extra
level of selection for the co-evolving species. This concept is also used in the field
of evolutionary computation (Hillis, 1990), strongly improving results of evolu-
tionary computation (Juillé and Pollack, 1996; Pagie and Hogeweg, 1997).
If we take a predator and its prey as example, predators try to catch prey, while
prey tries not to be eaten. Over the evolutionary time scale the predator lineage
will evolve improved adaptations for catching prey, and the prey lineage improved
adaptations for escaping its predator. Such a process has been coined ‘arms
race’, describing evolutionary escalation of increasingly refined mutual counter-
adaptations (Dawkins and Krebs, 1979). However, as the arms race progresses
and predators ‘improve’, this does not necessarily mean they catch more prey. The
prey lineage, after all, is improving too. As such, if co-evolving populations must
continuously adapt to maintain the same level of fitness, it is called Red Queen
evolution (van Valen, 1973). Such dynamics are named after the Red Queen, a
character in Lewis Carroll’s book ‘Through the Looking-Glass’, who said: “It takes
all the running you can do, to keep in the same place.” (Carroll, 1969).
The major aim of co-evolutionary computation methods is to exploit the co-
evolutionary arms race. However, while not necessarily the case with the bio-
logical counterpart, Red Queen-dynamics have a negative reputation in computa-
tional methods. That is, for the sake of optimization often a fixed set of problems
is defined, which implies that when co-evolving species are unable to maintain
the integrated information over evolutionary time, they are actually set back in
their adaptation relative to the target aimed for. Thus they will have to reinteg-
rate the same information again, in order to fully adapt.

1.2.2 Co-evolutionary Function Approximation

Metaphorically speaking, the coexistence and evolution of organisms in an eco-
system can be captured in terms of ‘problem solving’. That is, organisms have to
cope with their (local) environment (e.g. solving problems), and evolve interac-
tions via resources (e.g. problems). However, in ecosystems it may not be clear
which ‘problems’ are solved, and by whom. Interestingly, the new field of meta-
genomics circumvents this conundrum by studying ecosystem processes by look-
ing at the functional repertoire of a microbial ecosystem in terms of their ‘parts
lists’, i.e. the molecular functional composition of a community, rather than what
individuals can do (Tringe and Rubin, 2005; Raes and Bork, 2008). Conveniently,
in an artificial ecosystem a target-function can be defined, which comprises the
set of problems which have to be solved. Solvers consist of the described LISP
functional genotype-phenotype mapping, by which they represent how to ‘solve’
problems. In the case of function approximation it is clear which set of problems
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can be present in the system and have to be solved. Nevertheless, different sub-
sets of problems can be solved by different solvers, yet if a solver represents the
exact target-function, it can solve all possible problems, making it ‘fully’ adapted
to the model-universe.
This system of co-evolutionary function approximation can be seen either provid-
ing insights for co-evolutionary dynamics in an ecosystem, or as the eco-
informatic way of solving problems. Hence, such a simple artificial setting allows
us in a comprehensible way to study evolution of information processing and
the integration of information over many generations. Moreover, it can provide
insight for diversity both at the level of the population, and at the level of the
individuals.

1.2.3 Spatial and Temporal Interactions

Interactions and information processing act on the ecological timescale, yet in
order to adapt, this information has to be integrated over multiple genera-
tions, which takes place on the evolutionary timescale. However, ecological pro-
cesses are not necessarily fast and evolutionary processes are not by definition
slow (van der Laan and Hogeweg, 1995). Ecological change can lead to rapid
evolutionary change and evolution leaves an ecological signature. Thus, as evol-
ution is driven by ecological differences and ecosystems are under constant influ-
ence of evolution, we have to consider the interplay between ecology and evolu-
tion, or eco-evolutionary dynamics.
Moreover, individual-based modeling is a bottom-up approach which starts with
the individuals of a system and then tries to understand how the system’s proper-
ties emerge from the interaction among these individuals. Unfortunately, most
evolutionary computational methods tend to neglect where these interactions
take place: the local environment. Yet, from a biological perspective, all organ-
isms are constrained to the environment where they live and interactions mainly
happen when things are close by. Hence, a world without spatial context does not
exist.
Such spatial context is often modeled within the formalism of Cellular Auto-
mata (Von Neumann, 1951), which has been a paradigm for modeling spatial
ecological processes since the 1970s (Hogeweg, 1988). Spatial embedding of in-
dividuals enables the self-structuring of the biotic system, which is essential for
evolutionary processes (Hogeweg, 1994; Savill et al., 1997) and can give rise to
emergent trade-off situations (van Ballegooijen and Boerlijst, 2004; Takeuchi and
Hogeweg, 2009). Basically, spatial pattern formation creates the opportunity to
form extra levels of selection, through the self-organization of local interactions.
These new levels of selection arise as large scale spatial patterns with a dynamic
of their own. Compared to well mixed models, this can cause virtually a reversal
of all evolutionary properties.
A notorious example is the self-structuring of spirals of cyclic catalytic replicat-
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ors (hyper-cycles). In such a system, there is competition between different spir-
als, which overrules the individual selection and can even lead to rather counter-
intuitive results, such as the positive selection for early death of those individuals
which are enslaved in spiral waves (Boerlijst and Hogeweg, 1991a,b). That is, a
spiral wave can out-compete other spirals if their inhabiting replicators are shorter
lived, which makes the spiral rotate faster. The converse can also be true: the in-
teractions within and between populations may also have a positive effect for
individual information integration. That is, from a computational point of view, it
has been pointed out repeatedly how important the structuring of the ecosystem
is, for the efficacy of the optimization process (Pagie and Hogeweg, 1997; Wie-
gand and Sarma, 2004; Williams and Mitchell, 2005b).

1.2.4 Individual Based Diversity vs Population Based Diversity

With spatial embedding, a flexible sized genome, and a complex genotype-
phenotype mapping we have the main ingredients for a system with the potential
of an emergent structure on multiple levels. We will mainly focus on the struc-
ture of two of these levels: the coding structure given by internal interactions of
molecules, and the ecosystem structure given by the interactions of (sub-) species
in the ecosystem. We will explore the potential of these levels to increase the
amount of information which can be acquired by evolution, i.e to mitigate the
effects, or even surpass, the information threshold.
As we saw, when taking complex genotype-phenotype mappings into account,
already somewhat larger sequences can be maintained, but this increase is lim-
ited (Huynen et al., 1996; Takeuchi et al., 2005). Another approach to increase
informational content over evolution, has been proposed as an ‘ecological’ solu-
tion: the amount of information might be increased with a cyclic network of
multiple replicators (Eigen and Schuster, 1979), presuming that the information
necessary for coding enzymes can be stored and transmitted by a population of
co-existing smaller replicators. In such a system, a higher level of selection which
can govern the individual interactions may be generated either through emergent
spatial patterns (Boerlijst and Hogeweg, 1991b; Hogeweg and Takeuchi, 2003),
or based on the group model of Wilson (1975), through the compartmentalization
and the stochasticity of cell division (Szathmáry and Demeter, 1987; Grey et al.,
1995). However, rather than high mutation rates, the original models studied
the stability against the invasion of parasitic mutants and do not provide a solu-
tion for maintaining information in error prone environments. Moreover, neither
compartmental benefits, nor spatial patterns as a self-organizing process of inter-
actions, can overcome Eigen’s paradox (Hogeweg and Takeuchi, 2003; Silvestre
and Fontanari, 2005).
We will extend the context in which the information threshold is studied and con-
sider: (i) a variable genome length and a flexible coding structure of replicators,
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enabling them to ‘choose’ how they code for information, (ii) a potential to evolve
and structure interactions, and (iii) the acquisition, rather than the maintenance
of information.
The potential to evolve and structure interactions is given either within a co-
evolutionary ecosystem, or as the ‘internal’ ecosystem of interacting molecules.
Following the ‘solving problems’- analogy for the environment, this provides two
potential eco-evolutionary attractors: a ‘solution’ can arise as individual based
diversity, when individuals adapt to all aspects of the environment, solving all
problems, or a population based diversity when different sub-(species) coexist in
an ecosystem, differently specialized and depending on each other to cope with
the full environmental set of problems (Pagie and Hogeweg, 1999, 2000a). Of
the latter, the structure to emerge will be comparable to the traditional ecological
solutions: pieces of information have to be divided over different emerging spe-
cies.
In the case of coding structure we will explore the possibility of multiple coding,
which is the storing of different pieces of information on top of each other (Ho-
geweg and Hesper, 1992; Tuck and Tollervey, 2011). Such ‘smart’ coding may
evolve if replicators are allowed to modify their own coding structure through
interacting molecules. Both on the level of the ecosystem and of the genome,
we will study the potential emergence of structure, when exposed to different
mutation rates. Can a structure, with the potential to process information despite
error-prone replication, evolve as a consequence of high mutation rates?

1.3 Overview

Common denominator of this thesis is the study of the evolution of genomic cod-
ing structures. We attend this from an information-processing perspective, consid-
ering two different genotype-phenotype mappings: function approximation and
RNA. Both these genotype-phenotype mappings are complex, flexible and allow
for emergent structuring. In both cases, fitness of replicators is based on their
functionality and replicators are essentially free in how to code for this, with re-
spect to the given genotype-phenotype mapping.
In the case of function approximation, interactions will be considered on the
level of the ecosystem: co-evolution and evolved cooperation (to solve problems)
between different species. In the case of RNA, while selection and competition
are on the level of protocells, we study the potential for inter-cellular interac-
tions (only binding) of molecules within these protocells. The first allows for the
evolution of both individual and population based diversity, i.e. information can
be processed by either a single individual or through division of labor between dif-
ferent species. The latter model allows for an inter-cellular, and converse, choice
of coding: different functions can be either coded for by different sequences, or
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combined on a single sequence, i.e. multiple coding.

The Chapters 2, 3 and 4 are dedicated mainly to investigate the interplay between
information processing on the level of individuals and the ecosystem. We do
this in different variations of the co-evolutionary function approximation set-
ting, as initially proposed by Pagie and Hogeweg (1997). We start in Chapter 2,
with discussing the role of spatial pattern formation and speciation in such a co-
evolutionary system and investigate how diversification through speciation may
influence the evolution of complexity at the level of the individual. We observe
that the multiple levels of complexity reinforce each other: spatial pattern form-
ation and speciation appear to be prerequisites for the evolution of complex in-
formation processing.
In Chapter 3, we exploit these features and devise an artificial ecosystem of pred-
ators, prey and scavengers. With a selection and fitness regime favoring special-
ization, the ecosystem can self-organize in space and time such that (i) problems
are automatically decomposed in easier to solve parts, (ii) the predator, prey and
scavenger populations differentiate in sub-populations according to this decom-
position, and (iii) predators and scavengers automatically co-localize in space
such that the problems are indeed solved by predator-scavenger combinations
which together correctly approximate the target function.
In these evolutionary computation-oriented studies, we observe that both the
structure of the ecosystem and the structure of individual genomes can evolve.
Therefore we hypothesize in Chapter 4 that this combination could be a way to
alleviate the information threshold. We study if, and under what conditions, the
system is able to switch between individual based solutions of Chapter 2, and
ecosystem based solutions of Chapter 3.
We observe that the first response to increased mutation rates is an altering in
coding structure of individuals and the evolutionary freedom (e.g. the number of
genotypes which can be reached by evolution) is increasingly restricted by higher
mutation rates. In the case of such severe mutation rates that individuals alone
cannot accumulate all information anymore, the ecosystem can take over and still
process the required information, forming ecosystem based solutions.
Thus, one of the main conclusions we can draw from the results in Chapter 4 is
that mutation rates already shape the evolutionary trajectory at values well below
the critical value of the error threshold, and that they determine the structure of
both the ecosystem and individuals (spatial patterns and coding structure respect-
ively). In the last two chapters we zoom in on individual adaptation and explore
the potential of coding-structure and a flexible genotype-phenotype mapping.
In Chapter 5, we examine the potential role of self-modifying the genotype-
phenotype mapping and if it can help coding structures to adapt to mutation rates.
For this we evolve RNA-adapters, which are able to alter the genotype-phenotype
mapping of the carrying protocell through intra-cellular interactions with other
RNA-molecules. We show that a complex ‘multiple coding’ structure may evolve,
enabling short genomes to code for many predefined functional structures. Sur-
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prisingly, error-prone environments not only necessitate such coding but also fa-
cilitate its evolution through the suppression of genetic redundancy.
In Chapter 6, we compare this RNA-adapter extended genotype-phenotype map-
ping with two other plastic genotype-phenotype mappings with the propensity
for multiple coding. We include cofolding, where every combination of two se-
quences is folded together, and suboptimal folding, where the alternative foldings
within a certain range of the native state of all sequences is considered. For these
three multi-molecule genotype-phenotype mappings we study the evolution of
complexity, considering not only reproductive fitness of RNA-protocells, but also
the degenerative toxicity of misfoldings they contain. We observe that due to
the lack of plasticity, the imposed interactions of the cofolding regime restrict
evolvability to a great extent. Moreover, although suboptimal folding has a com-
parable efficacy, the plasticity of the RNA-based genotype-phenotype mapping is
the highest and allows for the most freedom in the structure of coding for func-
tionality. We conclude that high mutation rates have to be considered not merely
as an evolutionary barrier, but also as a structuring constraint and/or opportunity,
shaping the genome structure of any evolving replicators.
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Chapter 2. Spatial Co-evolutionary Function Approximation

Abstract

The role of space is more and more accepted as a way to dramatically improve
the efficacy of co-evolutionary function approximation. The process behind this
success however is not yet fully understood. It is suggested that spatiality causes
a persistence in the population diversity over generations and a better targeting
of weak points in the host-population by means of the parasite. In the current
study we will discuss the role of spatial pattern formation and speciation in co-
evolutionary function approximation, and the influence on the success rate of
co-evolution. We observe specific patterns of speciation in the problems as well
in the problem solving-population (LISP functions). These patterns depend on a
combination of the functions and the fitness criteria. The success of the spatial
co-evolutionary process can be understood from the spatial patterns: only if the
problems speciate such that ‘easy ones’ are first evaluated, the co-evolutionary
process is successful.
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2.1 Introduction

2.1 Introduction

More and more co-evolution is regarded as a very successful evolutionary compu-
tational method (Juillé and Pollack, 1996; Pagie and Hogeweg, 1997). Without
having to evaluate all problems in the domain or defining very specific problem
sets, co-evolution with sparse fitness evaluation is successful because it samples
the problem domain more efficiently. Hillis (1990) already noted that the co-
evolutionary process improved in a spatial environment. Pagie and Hogeweg
(1997) used a spatial model for function approximation. Their results are re-
peated several times and the role of space is more and more accepted as an effect-
ive method to improve co-evolutionary computation (Pagie et al., 2001; Mitchell
et al., 2006). How spatiality exactly contributes to this success is unknown. In
contrast to the believe that the persisting diversity and the targeting of weak spots
in the ‘host’-population are the main reason for superior performance (Williams
and Mitchell, 2005b), we will conclude that the success crucially depends on the
self-organizing dynamics of spatial patterns. However, co-evolution is not always
successful. Because of local competition and sparse fitness evaluation the ‘arms
race’ can lead to Red Queen evolution when the host continuously adapts to the
presented problem set and is unable to maintain the information. We will invest-
igate the role of spatial pattern formation in keeping the appropriate timescales
and on the order of presenting the problems.

2.2 Methods

We will describe the role of spatial pattern formation, comparing it with a well
mixed system. Both systems are modeled in Cellular Automata and in the same
general setup, as used by Pagie and Hogeweg (1997). This CA consists of a 2-D
toroidal square lattice, with one host and one parasite per grid cell. The size of
the lattice is 50 x 50 cells, defining the population size at 2500. Competition
for growth is local in space. Each individual has to compete within its 3 x 3
neighborhood for reproduction. A selected individual will grow into the central
cell of the nine cells under consideration. In our well mixed counterpart the whole
population of hosts and parasites is mixed after each time-step in order to prevent
spatial pattern formation. Note that this well mixed model differs only in spatial
pattern formation. Competition is still local, evaluation is asymmetric and sparse.

Target

We use 2 different functions as evolutionary target:
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f(x, y) = x3 + y3 + 5 ∗ x2 + x (2.1)

f(x, y) =
1

1 + x−4
+

1
1 + y−4

(2.2)

First we describe our results with a system approximating function 2.1. In the next
section we will extend our research with function 2.2, first proposed by Pagie and
Hogeweg (1997).

2.2.1 Fitness

Fitness of the host is evaluated on the (x,y)-values of problems. For both functions
there are 26 x 26 problems regularly distributed over the corresponding domain.
For function 2.1 the domain is x ∈ [0.2, 5.0] , y ∈ [0.2, 5.0] with an interval of 0.2.
For function 2.2 the distribution is in the domain x ∈ [−5.0, 5.0] , y ∈ [−5.0, 5.0]
with an interval of 0.4. The co-evolving parasites can only adopt these values.
The fitness of a host is based on minimizing the distance between the function
solution and the target of the nine parasites in its neighborhood. The parasite fit-
ness is defined on maximizing the distance between target function and solution
of just one host. This asymmetry is found to give better results with respect to
optimization than a symmetric evaluation (Pagie and Hogeweg, 1997). The host
fitness is less affected by changes in a parasite, however the parasite can react
directly to fluctuations in the host. Note also that the sparse fitness evaluation
has in this way an important extra feature. Because each host has its own neigh-
borhood with corresponding parasites, competition is between hosts which have
a fitness assigned from a different subset of the problem space. This increases
the effectiveness of sparse fitness evaluation by, in a way, comparing the different
parasites on distinguishing capability.
Parasites are ranked in a neighborhood according to their fitness and the ith
ranked parasite is selected1 with probability

(
1
2

)i
to reproduce in the center pos-

ition of the neighborhood. The selection of hosts is proportional. Fitness-values
of all the hosts in a neighborhood are summed and a random value in between is
generated, selecting the corresponding host for reproduction. With this method
the chance of reproduction is increased proportional with the fitness and the se-
lection pressure can be conveniently adjusted by using an exponential factor. The
fitness for the host is defined as

Fitness(host) = e−n∗d

1to ensure
Pi=max

i=1 probability = 1 the two last ranked parasites use the penultimate rank.
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where distance d is defined as

d =
9∑

i=1

|T (pi)− h(pi)|
M

and M = 1 for absolute and M = T (pi) for relative evaluation.
T (pi) is the target of parasite i subjected to the global evolutionary target. h(pi)
is the host’s approximation of T (pi) based on the (x,y)-value of parasite i. The
term n normalizes the distance. In all our experiments n = 3

4 .

To prevent the solutions of hosts getting too large, we added a small size penalty 2.
When the length of the solution passes 65 nodes (which is far above the necessary
nodes in a correct solution) an exponential penalty is subtracted from the fitness.
This penalty has a maximum of 1

9 th of the maximal fitness. This is sufficient to
highly improve calculation time and keep the solutions short.

2.2.2 Genetic Representation

The genetic representation of the solutions is based on genetic programming and
is essentially the same as proposed by Pagie and Hogeweg (1997). The genotype
of the host is a (LISP) list-representation of a function tree. The function set con-
sists of the operators {+,−, ∗, $} where we use the protected division operator $,
such that division by zero gives 1.0. The possible terminals are {x, y,<}, where
< is a constant. This constant is defined at declaration as a random constant
between -1.0 and 1.0. Note that almost in all cases the system prefers to make
a constant by dividing one variable by itself. Constants are kept as a possibility
to extend the possibilities of the system and maintain the ‘freedom’ of the evolu-
tionary process. The genotype of the parasite represents one problem in problem
space, specified by only one (x,y)-value.
Hosts selected after evaluation are subject to point mutations and crossover, with
a 20% and 40% chance, respectively. In order to use an ancestor trace (explained
below), the crossover is internal. Internal crossover replaces a randomly chosen
sub-tree in the selected host with a randomly chosen subtree of a copy of itself.
In our experiments we observed that this internal crossover has the same success
rate as external crossover. Next to the fact that the fundamental mechanism is the
same, deletion and duplication in combination with point mutation seem power-
ful enough for fully integrating the necessary information in an evolutionary run.
Moreover, in this way we can easily examine the information flow within the gen-
omes through evolution.

2Note that this penalty is only necessary in combination with the mutation rate per genome, which
is general practice in evolutionary computational methods, and also used in the original model of Pa-
gie and Hogeweg (1997). In the later chapters, we switched to a per base mutation rate, which is
biological more relevant.
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Every time step also 10% of the parasite-population is mutated. This means that
one of the variable values is changed into an adjacent value (i.e. plus or minus
0.4). The genotypic space is not toroidal. When a value of a parasite is on the
border of the problem domain, it can only mutate in one direction.
A solution is considered completely ‘correct’ if the sum of the absolute differences
with the target in evaluating all 676 problems in the domain is less than 0.01. A
solution is only marked as ‘correct’ when the solution stays in the population for
at least 50 time steps. In practice we observed a total domination of the solution,
causing it to spread through the whole population in a couple of generations.
Each run is started with small, randomly created functions for hosts of maximum
depth 3. Because initialization with random values for the parasites gives consid-
erably better results, this will be the case when not mentioned otherwise. When
no solution is found within 1000 time-steps the simulation will be stopped, oth-
erwise simulations are stopped after reaching the solution and staying in the pop-
ulation 50 time steps.

Observables

In order to observe the spatial pattern formation we output the different values
present in each grid-cell of our CA with a color palette. We can plot the fitness of
the parasite, the fitness of the host and the (x,y)-value of each parasite (divided
in 2 separate plots) in space. In our comparison between co-evolution with and
without pattern formation, we use an ancestor trace. All new individuals entering
the population, originating by mutation, get an identifier and a list of its ancestors.
In this way it is possible to trace back all differentiation and speciation leading to
an individual in a time step. Every time step 60 % (40% internal crossover and
20% point) of the whole population mutates, so constructing a tree with all the
mutations in one time step gives a representative view on the mutational branches
leading to all the hosts in that population.

2.3 Results

2.3.1 Efficacy of the Optimization

As in most spatial co-evolutionary processes, pattern formation is an important
feature (Pagie and Hogeweg, 1997; Savill et al., 1997). Figure 2.1 and 2.2 visu-
alize the pattern formations from parasites in both our models, showing waves of
parasites with alternating high x,y values. This pattern formation is the driving
force in the dynamics in both systems.
Considering the results for function 2.2, table 2.1 shows that the well mixed sys-
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Figure 2.1. Spatial patterns in problem space, approximating function 2.1. Left for
x, right for y. Red denotes a high value, black would denote zero (just outside the
problem-domain). Intermediate values are in between.

Figure 2.2. Spatial patterns in problem space, approximating function 2.2. Left for
x, right for y. Positive values are shown as red, negative values as blue. Black would
denote zero (note that zero cannot be adopted by prey due to the discretized domain.
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tem fails in almost all simulations in finding a correct solution. In our system
with pattern formation however, 90% of the runs gives a correct solution, almost
always within 300 time steps. This dramatic difference in performance can be
totally attributed to the occurrence of pattern formation.

Method Success rate
Spatial patterns 27/30(90%)

Well mixed 3/30(10%)

Table 2.1. Success rates of function 2.2

2.3.2 co-evolutionary Dynamics Depend on Fitness Evaluation

Epstein (1994); Pagie and Hogeweg (2000b); Juillé and Pollack (1998); De Jong
and Pollack (2004) all describe an ideal trainer as a trainer which presents prob-
lems of increasing difficulty. This is often done with a learning gradient or a
domain specific fitness evaluation. We will demonstrate that spatial pattern form-
ation can force the system dynamics in such a way that it can be considered as
a guide to ideal learning. In order to grasp the full dynamics of co-evolutionary
function approximation, we first study function 2.1 in which the landscape is
monotonously rising through the domain, slightly skewed into one dimension.
Because of this particular landscape we can better follow the evolutionary pro-
cess.
At first sight it seems that this function has to be far more easy to solve for our
co-evolutionary system, but this is not the case. It even turned out that the para-
meters which give a 90% performance for function 2.2, cannot find any solution
for this polynomial function. In order to get correct solutions for function 2.1, the
fitness evaluation has to be relative instead of absolute.
This can be understood if we examine the parasite behavior induced by the fit-
ness evaluation. When the problem domain is monotonously rising and the eval-
uation is absolute, all the parasites clump in the highest part of the domain,
x=5.0,y=5.0. Here the absolute fitness advantage for parasites is highest. Be-
cause of this clumping, hosts can only evaluate one instance out of all prob-
lems. Variation is minimized and the solution cannot be found through the co-
evolutionary process.
Relative fitness evaluation for function 2, in contrast, will result in all the parasites
clumping in the lowest part of the problem domain. Small inaccurate approxim-
ations of the hosts compared to the small target give a relatively high fitness
advantage for the parasites. Because this is also the most difficult part of the
landscape to solve, information integration is halted. Only when the preferred
problems are solved, the parasites will evolve to other regions of the problem
space enabling the host to integrate enough information over the generations to
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solve the complete problem. This is the case for relative evaluation in the poly-
nomial function and absolute for function 2. For similar reasons, Pagie and Ho-
geweg (2000b) found that with the density classification test, fitness for solving
easy problems (extreme densities) had to be larger than for harder problems.

2.4 Parasite Speciation
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Figure 2.3. parasite speciation for function 2.1.

To truly understand the role of pattern formation in our system we have to look
at the parasite behavior. In approximating function 2.1 we observe parasite spe-
ciation, originating in the spatial pattern formation (Figure 2.1). A wave like pat-
tern of subsequent alternating sub-populations travels through the whole space.
These waves are separated sub-populations of parasites within the population.
As can be seen in figure 2.3 we observe separate sub-populations of parasites
in the population in the whole simulation until a correct solution is found. Be-
cause these sub-populations target different weaknesses in the host population,
they form the wavelike patterns and can in this way coexist, maintaining parasite-
variation. The present parasite phenotypes plotted in an intermediate time step
show that the parasites have speciated into very specific regions. These regions
are the same for every simulation for function 2.1.
When function 2.2 is the evolutionary target (and the evaluation is absolute), we
also observe speciation in the parasite population(figure 2.4). Again specific re-
gions in problem space are targeted by the speciated parasites. Because of the
symmetry of the landscape, the regions differ per simulation, however always
out of a small subset of the problem space. In both cases, the parasites speciate
within the first 25 time steps into different sub-populations. The whole para-
site population exists only of these sub-populations. Although the regions where
the sub-populations linger differ per time and sub-populations do travel to other
regions, great parts of the problem space will not ever be covered during the
simulation. However, correct solutions are found.
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Figure 2.4. parasite speciation for function 2.2.

2.5 Host Speciation

The above described parasite pattern formation is only one side of the co-
evolutionary coin. The wavelike patterns of the parasites force the hosts to adapt
to different sub-populations, competing in space, which results in wavelike pat-
terns of subsequent sub-populations of hosts.
For function 2.1 we observe sub-populations of hosts speciating into a different
dimension of the target function, in order to specialize towards one of the para-
site sub-populations. In space we can again distinguish the subsequent waves
of different sub-populations alternating each other. These patterns fit the para-
site patterns, each sub-population being almost entirely on top of each other,
following each other through the space. Similar spatial patterns are observe for
function 2.2, again indicating speciation. Only now, the waves are more diffi-
cult to distinguish because of the faster dynamics and different amount of sub-
populations.
In order to verify the host-speciation for function 2.2, we used the ancestor trace.
As such, we can nicely see the evolutionary path and the mutational branches
leading to the final population. To identify the role of space in this process,
we constructed trees from the ancestor traces of two simulations evolving func-
tion 2.2, for both the well mixed case and the spatial case, as depicted in Fig-
ure 2.5 and 2.6 respectively. These trees consist of the whole population at three
different time steps, indicated by different colors. Evolution takes place in the
direction of the arrows, so the out-most branches are the last population of a cor-
responding color, present at the time indicated. The hosts present at t = 1 are
also indicated.

In the well mixed scheme (Figure 2.5) all the offspring comes from only one an-
cestor. If in contrast we look at (Figure 2.6) the most striking difference is that in
the spatial model, within all colored time steps there is offspring traceable back
to two different ancestors present at initialization. A second observation here is
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Figure 2.5. Combined ancestor trace in well mixed system shows only one sustaining
lineage

Figure 2.6. Combined ancestor trace in system with spatial patterns shows multiple
sustaining lineages: genetic variation maintained
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that the different mutational branches keep expanding in the different time steps,
indicating different genetic branches present in the same population. In the tree
from the well mixed model we observe only one sustaining lineage leading to the
final population. At the intermediate colored time steps the tree seems to expand
its branches, however only one single branch accounts for the whole population
in the next depicted time step.
This difference in ancestor trees shows the influence of spatial pattern forma-
tions. In the spatial model sub-populations adapt to different sub-populations of
the parasite. The different branches are forced to compete with each other and
force the different sub-populations to adjust to the parasite sub-populations, sus-
taining progressive evolution. Genetic variation is kept high until a genotype with
the correct solution arises, which naturally dominates and will take over the pop-
ulation. In the well mixed model, all variation originates from the same ancestor.
The differentiated branches at t, are gone at time step t = t + 50 and the whole
population at t = t + 50 originated out of only one genotype present at t. This
is the typical pattern, known as Red Queen evolution, which is observed in many
host/virus interactions like Influenza in humans.

2.5.1 Variation

In contrast to expectation, we see a higher parasite diversity in the well mixed
model than in the spatial model (Shannon diversity is 15% higher at all levels of
course graining). Also the distance between observed parasites at one location
of the grid in subsequent time steps is higher in the mixed case. In the spatial
model more than 50% are the same in subsequent time steps (see figure 2.7),
which corresponds to the observed waves of similar parasites. The hosts observe
even less variation because they travel along with the waves. Intuitively, one
would expect this lack of information to harm the co-evolutionary optimization.
Our results show the opposite effect. The scale of the waves is a selforganizing
property, which depends on the rate of adaptation. In this way, in combination
with the right fitness evaluation, the inter-connecting subpopulations organize
themself into an ‘ideal learner/trainer’ system.

2.6 Conclusion

The success of spatial co-evolutionary function approximation can almost entirely
be ascribed to the presence of spatial pattern formation. Spatial patterns guide the
learning process in space and time. Chaotic waves present relevant information at
multiple timescales and guide the co-evolving sub-populations, preventing a Red
Queen race in which the sparse information is not integrated into a full solution.
Interestingly the encountered diversity of problems at a random position in space
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Figure 2.7. Distance between subsequent parasites at random position. Black denotes
the spatial system, gray the well mixed.

is higher in the well mixed system, both at a very short and at the long timescale.
Nevertheless the success rate of the spatial system is much higher.
We conclude that the influence of space cannot be attributed to local competition,
or higher diversity alone, but depends on the self-organizing dynamics of the
spatial patterns and the appropriate timescales for adaptation generated.
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Abstract

Emergent cooperative relations in ecosystems are ill understood, but have the
potential to strongly improve evolutionary computing. On the other hand, eco-
evolutionary computation has the potential to provide new insights in the struc-
turing and functioning of ecosystems. Here we study ecosystem based problem
solving in a co-evolutionary framework of predators (solvers) and prey (prob-
lems), extended with a population of scavengers, which can eat the remains of
prey (that is, cooperate with the predators in solving the problems). We show that
such an artificial ecosystem of predators, prey and scavengers, with a selection
and fitness regime favoring specialization, self-organizes in space and time such
that (1) problems are automatically decomposed in easier to solve parts, (2) the
predator, prey and scavenger populations differentiate in sub-populations accord-
ing to this decomposition, and (3) predators and scavengers automatically co-
localize in space such that the problems are indeed solved by predator-scavenger
combinations which together correctly approximate the target function. That is,
the use of a spatial co-evolutionary ecosystem as information processing unit for
evolutionary computation gives rise to an emergent structure of niches, each con-
sisting of complementary partial solutions. As a result, ecosystem based solutions
are preferred over individual-based solutions in solving the studied function ap-
proximation task.
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3.1 Introduction

Co-evolution is a very interesting process, yet it is often difficult to reveal or ana-
lyze the underlying dynamics, especially in an ecosystem. Metaphorically speak-
ing, the coexistence and evolution of organisms in an ecosystem can be nicely
captured in terms of “problem solving”. That is, organisms have to cope with
their (local) environment, “solving problems”, and evolve interactions via re-
sources, “problems” (Crombach and Hogeweg, 2009). However, often it is not
clear at all which “problems” are solved. Therefore, in order to get better under-
standing of the evolution of cooperative relationships in an ecosystem, it can be
a useful heuristic to study such co-evolution in an artificial ecosystem, where you
indeed can identify (e.g. define) the problem to be solved. On the other hand,
ecosystem dynamics have the potential to strongly improve evolutionary compu-
tational methods (see Chapter 2). The research presented here, can be seen either
providing insights for co-evolutionary dynamics in an ecosystem, or as a method
of eco-informatic problem solving. The emphasis will be mainly on the latter:
developing and analyzing a computational method for ecosystem based problem
solving.
The major aim of computational co-evolutionary problem solving can be de-
scribed as a successful competitive arms race between opposed populations of
respectively problems and solvers (Ficici and Pollack, 1998), keeping problems
informative enough, but not too difficult, as an ideal trainer for the evolving
solvers (De Jong and Pollack, 2004). Ever since the work of Hillis (1990) on
sorting algorithms, such co-evolutionary dynamics are regarded as a very success-
ful method to strongly improve evolutionary computation (Angeline and Pollack,
1993; Sims, 1994; Paredis, 1995; Rosin and Belew, 1997; Pagie and Mitchell,
2002).
However, the use of co-evolutionary dynamics for problem solving is still a chal-
lenging and open field because dynamics in a co-evolutionary system are difficult
to control. Rather than enter a progressive arms race, solvers may over-fit to
some problems, resulting in solvers unable to generalize (Watson and Pollack,
2001) or co-evolving populations may get stuck at sub-optima. Early adaptations
can be lost again, potentially leading to cycling (Cliff and Miller, 1995; Rosin
and Belew, 1997; Juillé and Pollack, 1996), disengagement (Watson and Pollack,
2001; Cartlidge and Bullock, 2004) or solvers may continuously change without
making overall progress, trapped in so called Red Queen dynamics (Cliff and
Miller, 1995; Paredis, 1997; Pagie and Hogeweg, 2000b).
The most natural implementation to reduce such difficulties was already used in
the model of Hillis (1990), where individuals resided on a spatial grid. In con-
trast to non-spatial systems (i.e. well mixed), spatial embedding enables speci-
ation within populations without the need of artificial interaction restrictions )see
Chapter 2). Local neighborhood structure helps to keep the balance between two
co-evolving populations, locking together the rates of relative changes (Wiegand
and Sarma, 2004). This results in the parallelization of the evolutionary process
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and leads to an increase in the genetic diversity of the population. Moreover, the
localized interactions within and between populations can lead to specialization
of the co-evolving populations with respect to each other (Husbands, 1994) and
thus to the automatic incorporation of features such as niching and (implicit) fit-
ness sharing (Smith et al., 1993; Mahfoud, 1995; Rosin and Belew, 1997; Khare
and Yao, 2002) without the expense of measuring distances between individuals.
In the field of problem solving, function approximation is a particularly inter-
esting paradigm problem for co-evolution. In contrast with function optimiza-
tion (Potter and de Jong, 1994; Wiegand, 2004; Bucci and Pollack, 2005), where
the goal is to find those arguments where a function is maximal or minimal, func-
tion approximation goes beyond parameter estimation and a predefined function
has to be approximated with the goal to reproduce exactly this target function
by means of an evolutionary process. In the case of co-evolutionary function
approximation, problems are instances (for example (x,y)-values) of the target
function f(x, y) and the fitness of solvers is determined by their performance on
these problems. It has been shown that this class of benchmark problems benefits
greatly from co-evolution and a spatial embedding, outperforming conventional
evolutionary methods (Pagie and Hogeweg, 1997; Williams and Mitchell, 2005b;
Mitchell et al., 2006). In a spatial setting only a sparse subset of all the possible
problems (i.e. only those locally present) is evaluated per generation and it has
been shown that such sparse fitness evaluation outperforms complete evaluation
in terms of generalization of the problem and number of evaluations (Pagie and
Hogeweg, 1997).
We choose function approximation as our domain of interest, because the res-
ults of our model can be attributed mainly to spatial co-evolutionary dynamics,
which are well studied (Pagie and Hogeweg, 1997; Williams and Mitchell, 2005b;
Mitchell et al., 2006). Moreover, the complex genotype-phenotype mapping make
it an appropriate model to study information processing (and transfer) in ecosys-
tems, and evolutionary processes in general.
In contrast with previous work on co-evolutionary function approximation, where
the goal was to evolve individuals which solved the problem, we here explore the
possibility of distributed problem solving over an ecosystem, where different solv-
ers tackle different parts of a function approximation task. That is, the aim is to
evolve different partial functions which together form exactly the target function.
To this end we introduce a new population, on top of the two primary co-evolving
populations, which has to try to solve the remaining parts of partly solved prob-
lems. Thus, we focus on evolving specialized individuals which each provide
complementary parts of a function, and we will exploit rather than avoid over-
specialization in order to evolve such ecosystem based solutions.

Hillis (1990) and later work on co-evolutionary function approximation (Pagie
and Hogeweg, 1997; Williams and Mitchell, 2005b; Mitchell et al., 2006) de-
scribed the system of two co-evolving populations in terms of parasites and hosts.
According to our change of focus, our present model is better described using a
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predator-prey terminology. While the fitness of a host depends on the resistance
to all parasites it encounters (that is, solve all possible problems), predators (and
scavengers) only get fitness for the prey they actually eat. This is the evolutionary
scheme employed in this study.

3.1.1 Cooperative Co-evolution

The use of ecosystems as information processing unit for evolutionary compu-
tation is not a new approach. A population can contain more information than
a single individual and an evolutionary process should be able to exploit such
information (Yao and Liu, 1998). However, to our knowledge our approach
to get to such an ecosystem based solution has not yet been explored. Using
the terminological categorization of Wiegand (2004), our co-evolutionary system
should actually be categorized as a hybrid of two different methods. “Competit-
ive co-evolution” (Hillis, 1990; Rosin and Belew, 1997), where fitness is based on
a co-evolution of competitive species and “cooperative co-evolution” where co-
evolving populations of solvers cooperate in solving a task (Potter and de Jong,
1994, 2000; Wiegand, 2004). In contrast to most of these methods, our system
does not make use of shared fitness for cooperative units: individual solvers are
evaluated only on their own performance. In essence, we continue the line of
research initiated by Hillis (1990), by adding a cooperative component to the
competitive-species model. As a result, the core of the model is still based on an
arms race between predators and prey (solvers and problems), which are joined
by a population of scavengers (extra solvers). These scavengers do not provide
any benefit to the predators. Actually, the only interaction between predators and
scavengers is implicit, through the dependency of scavengers on predators for the
leftovers of prey they get. Therefore the “cooperative” relationship is merely a
side effect of purely selfish behavior.

3.2 Methods

Based on genetic programming (Koza, 1992; Juillé and Pollack, 1996), we use
the same general setup as proposed by Pagie and Hogeweg (1997). We use
a stochastic Cellular Automata (CA) model, which is a spatially extended, syn-
chronously updated individual-based simulation model. It consists of (vertically
stacked) two-dimensional square grids on which individuals are located. One
square in a grid, hereafter called a ‘cell’, holds at most one individual. However,
the different grids are located exactly on top of each other, as if each location (i, j)
holds multiple individuals. The grids consist of 75 x 75 cells, and the boundar-
ies are toroidal. Each population (predator, prey and scavenger) resides on a
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Co-evolutionary Problem Solving
LISP style function approximation

Sparse fitness evaluation on a spatial grid
Host Parasite Predator, Prey and Scavenger
Resistance to all parasites Only best predator feeds on prey
Fitness defined as distance Fitness defined as relative distance
⇒Individual problem solving ⇒ Ecosystem problem solving

Table 3.1. Major differences between previous- and present model for function ap-
proximation (Pagie and Hogeweg, 1997; Williams and Mitchell, 2005b; Mitchell et al.,
2006), Chapter 2.

separate grid. Interactions between individuals within the same grid as well as
interactions between individuals from different grids are all local in their Moore-
neighborhood. That is, a neighborhood consists of the eight cells adjacent to a cell
and the cell itself. Predators and prey have a co-evolutionary relationship, while
scavengers only feed on the remains of prey after the predators are finished. Thus,
scavengers have no influence on the evolutionary pressures of predators and prey.
The state of the model system is fully specified by the type, the state and location
of all individuals. The state of predators and scavengers is the numerical func-
tion they encode and the state of prey is a numerical (x, y)-value. An outline
of the major differences between the current predator-prey model and previous
host-parasite work on function approximation (Pagie and Hogeweg, 1997) is de-
scribed in Table 3.1.

We use a system-wide defined evolutionary target. This target is a numerical
function considered only in the limited domain of x ∈ [−− 5.0,+5.0] , y ∈
[−− 5.0,+5.0]. As such, our main target used (target function 3.2) gives the func-
tion landscape depicted in Figure 3.1. This particular function has been studied
extensively for (individual-based problem solving in) co-evolutionary systems (Pa-
gie and Hogeweg, 1997; Williams and Mitchell, 2005b; Mitchell et al., 2006) and
we therefore consider it a suitable platform for analyzing ecosystem based prob-
lem solving. Other target functions are considered to analyze specific properties
of our main function, as discussed in section 3.3.6.

f(x, y) =
1

1 + x−4
+

1
1 + y−4

(3.1)
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Figure 3.1. A plot of the target function 3.2. The domain is x ∈ [−5.0, +5.0] , y ∈
[−5.0, +5.0] with a range between 0 and 2.0.

Predators and scavengers have the same genomic architecture. This genetic rep-
resentation is in the form of a program (that is, a functional representation as in
genetic programming). Their genomes are built from a limited set of terminals
and operators, based on LISP -programming, coding for a function. Many differ-
ent codings can code for the same numerical function. The function set used for
building such genomes consists of the operators {+,−−, ∗, $} where the protec-
ted division operator $ is used, such that division by zero gives 1. The possible
terminals are {x, y, C}, where C is a constant defined at declaration as an integer
between 0 and 10.

In order to co-evolve, prey have to be the counterparts of predators. In the two-
dimensional function approximation task this takes the form of prey being in-
stances of (x, y)-values within the function domain. Prey can adopt all values
within the domain and thereby represent a specific test for the underlying prob-
lem which has to be solved by predators. The value-pair of a prey maps via the
predefined target function to a value f(x, y), which can be considered as the solu-
tion for this prey. This value f(x, y) has to be matched by predators in order to
‘feed’ on this prey (see Figure 3.2). Note that the values of the (x, y)-problem of
a prey are not related in any sense with the spatial location (i, j) of this prey.
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Chapter 3. Ecosystem Based Problem Solving

Algorithm 1 Pseudo-code for the Algorithm
generation=0
while not solution found and generation < 1000 do

for all positions (i, j) do
predator fitness=0, scavenger fitness=0, prey fitness=1

end for
Evaluation Step

for all positions (i, j) do
Determine ‘best’ predator:
for all positions (k, l) in local neighborhood of (i, j) do

predator at (k, l) approximates prey (x, y) at (i, j) → A(x, y)
end for
Pick predator (k, l) which can feed best on prey (x, y) at (i, j) (lowest g(x, y) = | f(x,y)−A(x,y)

f(x,y) | )

fitness(best predator (k, l)) += e−g(x,y)

fitness(prey (i, j)) = g(x, y)
rem(x, y) = f(x, y)− p(x, y)
if rem(x, y) at (i, j) > 0 then

Determine ‘best’ scavenger:
for all positions (k, l) in local neighborhood of (i, j) do

scavenger at (k, l) approximates rem(x, y) at (i, j) → A(x, y)
end for
pick scavenger (k, l) which can feed best on rem(x, y) at (i, j) (lowest g(x, y) = | rem(x,y)−A(x,y)

rem(x,y) |)
fitness(best scavenger (k, l)) += e−g(x,y)

end if
end for

Selection and Reproduction Step
for all positions (i, j) do

add fitness3 from all predators in neighborhood:= predator competition Cp

add fitness3 from all scavengers in neighborhood:= scavenger competition Cs

rank prey in neighborhood according to fitness (two last ranked use penultimate rank)
for all positions (k, l) in local neighborhood of (i, j) do

select predator at (k, l) with probability fitness
Cp

select scavenger at (k, l) with probability fitness
Cs

select prey at (k, l) with probability
` 1

2

´rank

end for
Apply mutational operators on selected individuals with chance:

µ per node and µGCR for predators and scavengers
µprey per value for prey

with probability 0.01 predator at (i, j) replaces scavenger at (i, j)
selected individuals inhabit cells (i, j)

end for
if number of fully eaten prey in population > 1000 then

for all fully eaten prey do
if prey is eaten by predator alone and predator can fully eat all prey in test-set then

successful Individual-based Solution → solution found= TRUE
end if
if prey is eaten by predator scavenger pair and predator scavenger pair can fully eat all prey in test-set
then

successful Ecosystem Based Solution → solution found= TRUE
end if

end for
end if
Generation +=1

end while

Each run is started with predators and scavengers consisting of small, randomly
created functions of maximum tree-depth 3 and prey-values are randomly de-
clared within the domain. The consecutive application of a simple algorithm on
all positions of the spatial grids (of which each position (i, j) contains a prey,
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term definition
i, j, k, l positions on grid
(x, y) values within function domain(x ∈ [−5.0, +5.0] , y ∈ [−5.0, +5.0])
f(x, y) value to approximate based on (x, y) of prey
A(x, y) approximation based on (x, y) of prey (by predator or scavenger)
rem(x, y) remains of prey (x, y) after consumption by a predator
g(x, y) relative distance between an approximation and target value,

based on (x, y) of prey
Cp sum of predator fitness in local neighborhood (competition)
Cs sum of scavenger fitness in local neighborhood (competition)

Table 3.2. Used terms in Algorithm 1.

a predator and a scavenger) defines the temporal dynamics of the model. All
individuals are replaced every time step (leaving no empty grid cells), keeping
population sizes constant. Algorithm 1 is coded for finding solutions and stops
when a solution is found. For the purpose of analysis, the described simulations
are kept running 200 time steps more to be able to follow the development of the
ecosystem. The pseudo-code is given as Algorithm 1, of which the used terms are
listed in Table 3.2, and fitness evaluation is depicted with a numerical example in
Figure 3.2.
Specialization of both predators and scavengers is encouraged by assigning fitness
only to those who solve a problem best1. By allowing only the best predator and
scavengers to eat from a prey, selection pressures in the population are increased
and specialist strategies are favored.

In Figure 3.2 we zoomed in on the fitness evaluation scheme with a graphical
representation of how interactions are defined and fitness is assigned. The fitness
of predators is based on the sum of all the parts of the different prey they eat,
and is calculated as

∑9
n=1 e−|gn(x,y)| where gn(x, y) is the relative distance of an

approximation to f(x, y) based on the (x, y) of prey in neighboring cell n. The
fitness of a prey is the fraction of it which has not been eaten by a predator. When
prey are (partly) eaten by a predator, scavengers may feed on the remains of prey.
If a predator eats a prey fully, scavengers cannot attain any fitness on this prey.
Scavengers feed on the leftovers and are thus evaluated on how well they comple-
ment predators: although they ‘see’ the same label (x,y) of prey, the problem they
have to solve is actually different and depends on what has not been digested by
the predator. Analogous to the predators, the fitness of a scavenger is defined as
the sum of relative distances of its approximations to the, in this case remains, of
the prey it eats. Note that predators and scavengers are structurally identical and
to let innovation spread more easily, a small influx of predators in the scavenger

1In order to keep a clear evolutionary signal, individuals whose approximation is identical within
a neighborhood, all acquire fitness from the same problem/prey
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Figure 3.2. Schematic representation of fitness evaluation of predators, scavengers
and prey. The predator uses the function it encodes to process the prey. That is,
a numerical value is calculated from the (x, y)-values of the prey. This defines the
fraction of prey which is eaten by the predator. A scavenger feeds on the remains of
prey, based on the same (x, y)-values of prey. Its fitness is based on the distance of its
approximation to the remains.

population is considered (with a probability of 0.01 for all positions).

Selection of predators and scavengers is based on roulette wheel selection and
prey are selected based on ranking2. To amplify differences between individuals
under selection (increasing the proportional selection pressure), an exponential
factor (3) is added to the fitness of predators and scavengers. Both predators and
scavengers selected after evaluation are subject to point mutations, using a muta-
tion rate µ per element (simulations with µ = 0.005, 0.01 or 0.02) and to gross
chromosomal rearrangements with a rate of GCR per genome (GCR = 0.2). In
order to be able to follow the evolutionary process more precisely, gross chro-
mosomal rearrangements take the role of crossover in most conventional studies.
These are implemented as replacing a randomly chosen sub-tree in the selected
predator with another randomly chosen sub-tree of the same predator. Diversity
is already realized by the spatial embedding and random initialization, and in
comparison with conventional crossover, dynamics are comparable. Simulations
with varying GCR (including GCR = 0) have been performed, however did not
show significant differences for efficacy.

2where the two last ranked prey both use the penultimate rank to ensure probability
P9

i=1 pi = 1
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Every time step each prey is subject to a 10% chance for mutation per value. Both
the (x, y)-values of a prey can change into a new value, randomly drawn from
the uniform distribution in the (-0.4,+0.4)-interval of the original value. The
genotype space of prey (domain of function landscape) is not toroidal. If an x
or y-value of a prey is on the border of the domain, it can only mutate in one
direction (to keep mutation rate constant, mutations over the border will not be
neglected, but reflected).

3.2.1 Solutions

Ecosystem based solutions are composed of pairs of predators and scavengers,
both feeding on the same prey. The solvers forming such an ecosystem based
solution align automatically by means of spatial self-organization. Such a spatial
self-organization is favored because in order to have maximum fitness, scavengers
have to be in the same neighborhood of their complementary predator counter
part. When a single prey (being a problem of a particular (x,y)-value) is fully
eaten, this does not necessarily imply that this is done by a pair able to solve
all (x,y)-values in the function domain. To test all pairs which fully consume a
prey could become computationally expensive. However, results show that when
a considerable number of prey are fully eaten in one generation this is a good
indication for a correct (ecosystem based) solution in the population. When the
number of fully eaten prey exceeds a threshold (1000), the performance of the
pairs which fully eat their prey in this time step, is tested on a test-set consisting
of 676 prey with (x,y)-values regularly distributed over the domain. In the worst
case scenario, a maximum of 1000 candidate solutions has to be tested. In prac-
tice, testing two or three candidate solutions on the test-set is enough to identify
a correct solution, which is always present when there are so many prey fully
eaten/problems solved in a population.
We use the same test-set as used in Chapter 2. In contrast with these studies,
where solutions are classified as correct when the absolute difference with the
test-set is less than 0.01 (Pagie and Hogeweg, 1997), our classification is more
stringent, only considering solutions to be correct if they match exactly the target
function3. Efficacy is based on how many simulations evolve a correct solution.
When predators and scavengers with partial solutions, complementing each other
to the correct solution, stay in the population for more than 200 generations this
is regarded as a stable ecosystem.

3In practice this is implemented as the sum of differences for all prey in the test-set being smaller
than 10e−8 to prevent rounding errors. All solutions identified were indeed exactly coding for the
target.
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3.2.2 Observables

During a simulation, all individuals are labeled with a unique identifier. In this
way we can keep track of the offspring for all ancestors, which allows us to draw
ancestral trees and study genetic lineages during a simulation as in Chapter 2.
Moreover, since we use a spatial grid, we can easily visualize the spatial distribu-
tion of predators, prey and scavengers by coloring the grid according to different
features of individuals. Predators and scavengers are studied by their phenotypes
(the function their genotype represents), local fitness (the fitness they acquire
from the prey in their neighborhood per generation) and by their overall per-
formance, which is defined as the fitness they get on all prey in the test-set.

3.3 Results

3.3.1 Ecosystem Based Solutions

In Figure 3.3(a) we see the number of solutions plotted over time in a typical sim-
ulation. After an initial period of almost no problems solved (that is, no prey fully
eaten), at a certain moment suddenly the number of solved problems increases
and subsequently remains at a high level. Figure 3.3(b) shows the spatial distri-
bution on the grid of this system corresponding to t = 275 in Figure 3.3(a). Prey
are fully eaten all over the grid by predator-scavenger combinations in a wave-like
pattern. The shaded area in Figure 3.3(a) shows that almost all of these eaten
prey actually are solved by a correct ecosystem based solution. That is, a pair
which exactly codes for the target function.

For our main (spatial) system, three sets of 100 simulations were performed,
each subject to a different mutation rate. Out of 100 simulations, a solution was
found in 97, 98 and 100 cases respectively, for µ = 5 · 10−3, µ = 1 · 10−2 and
µ = 2 · 10−2. Figure 3.4 is a histogram depicting the maximum number of actual
problems solved during a single generation for all these simulations. An indi-
vidual solution as in Chapter 2 and previous work (Pagie and Hogeweg, 1997;
Williams and Mitchell, 2005b; Mitchell et al., 2006) is never found for this target,
but an ecosystem based solution is found in almost all cases (98.33% of the 300
simulations are in the bars with more than 1000 solved prey in a timestep), un-
derlining the efficacy of the system.

As can be derived from Figure 3.4 and shown in Table 3.3, the maximum number
of solutions correlates with the mutation rate. That is, with a higher mutation rate
a higher number of less fit mutants arise, lowering the number of prey fully eaten
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Figure 3.3. (a) Time-plot of number of prey fully eaten in a typical simulation.
Dashed line is the total number of problems solved, the solid line represents those
solved by predator-scavenger pairs and shaded is the number of prey fully eaten by
a correct solution. Note that the number of prey fully eaten by predator-scavenger
pairs almost exactly corresponds to the number of correct solutions. The remaining
part of solved test cases, is mainly solved by predators alone (never representing a
correct solution for all test cases). (b) Spatial distribution(i, j) of prey in the system
on t = 275. The gradient of gray shows the fitness (how much of a prey is eaten).
The lighter shade of gray, the more of a prey is eaten and prey depicted as white are
fully eaten by a ‘correct’ predator-scavenger pair. Total population size is 5625.

µ successful solution max # av. length
simulations time solutions solvers

5 · 10−3 97/100 148 2883 20.18
1 · 10−2 98/100 174 2434 13.39
2 · 10−2 100/100 194 2287 11.96

Table 3.3. Different characteristics of the system are influenced by mutation rate µ.
Number of simulations which find a solution, average time to get more than a 1000
fully eaten prey in the population (stop criterion), average of maximum number of
fully eaten prey and the average length of genomes in a population with correct
solutions. Note that mutation rate µ is per node, while crossover is a fixed chance per
genome and set to GCR = 2 · 10−1. Population sizes are 5625.
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Figure 3.4. Histogram (bin-size=400) of maximum number of prey fully eaten (in a
single generation) per simulation under different mutation rates. Simulations which
exceed the threshold of 1000 solved prey, are tested on the test-set (see Algorithm 1).
Results show that all tested pairs are correct (ecosystem based) solutions. Note the
tendency of higher mutation rates leading to a lower maximum number of solved
prey. This tendency is quantified in Table 3.3.

Model Spatial non-spatial
Pagie and Hogeweg (1997) 45% -

Williams and Mitchell (2005b) 79% 0%
Chapter 2 90% 10%

Ecosystem Based Problem Solving 98% 79%(+3%)

Table 3.4. Comparison of efficacy with results reported in previous work. Efficacy
for our well mixed system is based on 100 simulations(GCR = 2 · 10−1; 50 with µ =
1 · 10−2, 50 with µ = 2 · 10−2). In the well mixed case, 13% the ecosystem based
solution was in the end replaced with an individual-based solution; 3% (between
parentheses) found an individual-based solution, not preceded by an ecosystem based
solution.
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Figure 3.5. A sample of predator and scavenger genotypes in the population when an
ecosystem based solution has evolved. The x-solvers (dark gray) are specialized and
can fully solve the x-part of prey, while y-solvers (light gray) are specialized to the
y-term of the target function and thus solve only the y-part of prey. Corresponding
phenotypes (function landscapes) are depicted in the two upper corners. The upper
left shows the phenotype for x-solvers and in the upper right for y-solvers. Comple-
mentary solvers align via spatial patterns(dashed lines) in their local neighborhoods.
Such a pair of an x and y-solver forms exactly the target function landscape in Fig-
ure 3.1. Parameters for this example: µ = 1 · 10−2 and GCR = 2 · 10−1.

per generation. Moreover an increase in mutation rate also results in a slight
increase of time it takes for the (ecosystem based) solution to arise and genomes
tend to be shorter. An in-depth analysis of the role of mutation rates on the
obtained (ecosystem and individual-based) solutions can be found in Chapter 4.
However in present work, no fine-tuning of parameters (e.g. selection pressure,
GCR) was necessary to obtain the high efficacy for solving the current target. The
system is capable of efficiently finding and maintaining correct ecosystem based
solutions under a wide range of parameters. In further sections we analyze these
results, starting with the matter of how this target function is decomposed and
which parts are solved by predators and scavengers.

3.3.2 Type of Solutions

In Figure 3.5 we show a sample of typical genotypes coexisting in an evolved eco-
system of predators and scavengers. Without having defined a structure for the
partitioning, we see that our co-evolutionary system leads to a decomposition of
the problem in an x and y-part. Dashed lines connect examples of correct com-
plementary solvers, which have been automatically aligned via spatial patterns.
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Such a pair of an x and y-solver forms exactly the target function landscape in Fig-
ure 3.1. Thus, this particular function can be solved by two individuals. Looking
at the genotypes in Figure 3.5, we observe the following properties:

• All these genotypes code for either the x-part or the y-part of the target
function, henceforth called “x-solvers” and “y-solvers”.

• x-solvers and y-solvers occur among both the predators and scavengers.

• Many-to-one genotype-phenotype mapping results in different genotypes
coding for the same function, which coexist in the population.

• The correct full solution to our target function combines two genotypes,
from respectively an x-solver and a y-solver.

• The evolved genomes are very short and straightforward. Redundant coding
is suppressed.

Where in earlier work sub-populations of solvers specialized in feeding on dif-
ferent prey (see Chapter 2), current ecosystem based solutions are a result of a
decomposition within the prey. In all simulations the target function is neatly de-
composed to an x- and a y-part by the different sub-populations, each converging
to one of the phenotypes shown in Figure 3.5. Thus we can conclude that for the
particular form of this target function, the ecosystem based solution can consist of
the combination of many different genotypes, but only two phenotypes. Different
simulations show indeed many inventive ways of coding and multiple, separately
evolved genotypes often coexist within a population. That is, at least with this
benchmark function the system decomposes all problems to its fundamental com-
ponents. However, in other functions this is not necessarily the case, as results
for other functions show (see section 3.3.6 and Chapter 4. As we now know the
building blocks, we can look at the population and co-evolutionary dynamics of
both predators and scavengers in the evolving ecosystem in terms of “x-solvers
and y-solvers”.

3.3.3 Spatial Temporal Dynamics

To determine the importance of the spatial distribution of the ecosystem, we com-
pare the model with a model where the spatial distribution is disrupted by mix-
ing. This is done by randomly relocating all individuals over the grid between
each generation. Note that the neighborhood structure is kept, which implies
that local competition and sparse fitness evaluation (Hillis, 1990; Pagie and Ho-
geweg, 1997) is preserved, even when well mixed. As shown in Table 3.4, 82
out of 100 simulations evolved a solution when well mixed. Considering the lack
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Figure 3.6. Temporal co-evolutionary dynamics within the mixed system in a time
frame of 60 generations. Huge oscillations in the upper and lower panel are a result
of second order ‘paper-scissor-stone’-like dynamics. The middle panel depicts the
average fitness of all prey in a generation, when eaten by either an x or y-solver. Note
that an even distribution of prey over the problem space would give an average fitness
of 0.5.

of solutions in the non-spatial study of Williams and Mitchell (2005b), it is sur-
prising that our non-spatial case is still able to evolve solutions in the majority
of cases. However, evolved ecosystem based solutions are never kept stable in
the population for longer periods (making it difficult to identify correct solutions)
and solutions can become extremely long (computational costly). In contrast to
the spatial setting, in some cases an individual-based solution is found.
To disentangle the dynamics at play, we first detail the population dynamics in
a well mixed system where an ecosystem based solution is found. When well
mixed, the dynamics switch from spatial to temporal and ecosystem based solu-
tions can only persist for a limited time. In Figure 3.6 we plot the population
size of x-solvers and y-solvers in the predator and scavenger population over time
in one of the successful evolutionary well mixed runs. Large oscillations occur,
oscillations from which we can infer the co-evolutionary selection pressures.

The x-solvers in the predator population are adapted to solve prey with a large
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Predators Scavengers

(b) Spatial Patterns

Figure 3.7. (a) Co-evolutionary dynamics between predators and prey lead to wave
patterns in space depicted in (b). Scavengers have no influence on prey, but by form-
ing complementary wave patterns they can keep up with the predators in eating the
remains of prey.

fraction of x (that is, with a high x, low y). However, when eaten by an x-solver,
these prey are easily out-competed by prey with a large fraction of y. This en-
ables predators, adapted to eat the y-part of prey, to out-compete the x-oriented
predators in the population. After which prey with a large fraction of x can (back-
)invade the prey population, enabling the x-solvers to invade again in the predator
population. Each generation the remains of prey can be fully eaten by scavengers.
Scavengers, having no (co-evolutionary) influence on prey, adopt the comple-
mentary cycle of predators, with a lag of approximately a quarter of a cycle. Given
this lag, problems are correctly solved at times intermediate between the maxima
of the predator and prey of the same type. The two oscillating lines plotted in
the middle of Figure 3.6 represent the hypothetical average fitness of the prey, at
that moment in the population, when they would be eaten by an x-solver and a y-
solver. This shows how the opposite solver can prevail in the predator population
and how prey is subsequently out-competed by prey with opposite preference.

The temporal patterns in the well mixed system help us in explaining the spatial
temporal dynamics in our original spatial system. In Figure 3.7(a) we translate
the evolved relations between the different sub-populations as described above to
the spatial system. In a spatial setting, the system is able to organize itself and the
temporal patterns are folded out over space. In Figure 3.7(b) we see the resulting
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wave-like pattern within all the populations on their grid (located on top of each
other). In the spatial case, the temporal dynamics on a local scale are comparable
to the observed global dynamics in the well mixed system. However, in contrast
with the well mixed case, the spatial wave structure is very stable over time.

Phylogenetic Differences Between Spatial and Well Mixed System

Although the short term temporal dynamics of the mixed and spatial system can
be similar, the long term evolutionary dynamics are considerably different as ex-
emplified by the phylogenetic trees of predators shown in Figure 3.8. Within a
spatial setting, predators with complementary preference can coexist. This is re-
vealed in the ancestral trees as multiple genetic lineages persisting over time. In
the spatial case, multiple ancestral trees are formed which each can be traced back
to different ancestors present at t = 1. Lineages have split up early in evolution
and keep their specialization. Note that specialization of branches and codings
for the same phenotype can be different within the same tree. In the well mixed
system we see an ancestral tree, typical for a system with Red Queen dynamics,
comparable to the results of Chapter 2. The fragile ‘balance’ which generates the
temporal pattern of Figure 3.6 leads periodically to very low population sizes of
the different specialists, making survival largely dependent on stochasticity. On
the longer timescale, one of the lineages inevitably goes extinct, forcing the sys-
tem to reinvent the complementary solution over and over again. The system
keeps Lotka Volterra-like oscillations as long as stochasticity allows, but in the
long term Red Queen dynamics prevail. In a structured spatial setting, popula-
tion dynamics are able to organize such that multiple sub-populations can coexist
in the population of predators, enabling scavengers to co-localize to complement-
ary predators.
In addition to the efficacy and stability of the evolved ecosystem, we showed
the relationship, both genetically and phenotypically, between the different co-
evolving (sub-) populations in the system. We showed that this decomposition
is achieved automatically by co-evolutionary population dynamics and next we
will scrutinize the system to explain how the system organizes itself in such a
surprising way, enabling the assembly of ecosystem based solutions.

3.3.4 Ecosystem Stability

We showed that in the spatial system, which we consider henceforth, from early
on there are several lineages, each of which specializes to solving either the x- or
y-part of the target function. In Figure 3.9 we see how the interactions between
sub-populations of opposed preference in the predator population result in a
stable ecosystem. After being separately evolved, x and y-solvers intertwine in
space and this spatial organization is essential for achieving stability in the eco-
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Figure 3.8. Typical ancestor traces of predators in (a) a spatial and, (b) a well mixed
setting (on a 50x50 grid to restrict number of nodes, µ = 2 · 10−2). Each color
represents a snapshot by showing the phylogeny for a certain generation in evolution.
From such a generation, all individuals are traced back to their common ancestors.
The arrows point to the common ancestor(s) present at t = 1. In the spatial setting the
simulation is stopped after the ecosystem of solvers is stable for 200 generations (at
t = 375). The well mixed case, caught in Red Queen dynamics, keeps evolving. In
16% of the cases an individual-based solution is found, other simulations are cut off
manually at t = 1000.
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(1) (2) (3) (4)

(5) (6) (7) (8)

Figure 3.9. Pictures (1-8) show the birth of a stable ecosystem with the two different
solvers in the predator plane. dark-gray: x-solver 1

1+x−4 ,light-gray: y-solver 1
1+y−4 .

This organization in the predator plane enables scavengers to provide the comple-
mentary terms and an ecosystem based solution between predators and scavengers is
formed as shown in Figure 3.5.

system. Scavengers can align with predators which results in an ecosystem based
solution as shown by the ecosystem depicted in Figure 3.5. The different solvers in
the population of scavengers connect with a complementary solver from the pred-
ator population, such that large numbers of prey are solved by correct ecosystem
based solutions. If the sub-populations in the predator population fail to inter-
twine, the lack of organization leads to the degradation of the recently evolved
ecosystem based solutions. With other targets this can lead to individual-based
solutions (Chapter 4), however with the particular shape of target function 3.2,
this is never the case, suggesting large basins of attraction for the (local) optima
of the different solvers.
In summary, the decomposition and solving of the separate terms can evolve (as
a transient state), without spatial pattern formation. However, the spatial pattern
formation ensures the stability of the solvers coexisting in the predator population
and hence the stability of the ecosystem based solution.

3.3.5 Fitness Evaluation and Selection Regime

Compared with previous work on co-evolutionary function approximation us-
ing the same target function, the differences in methodology are minor (see
Table 3.1). However, defining fitness in terms of the fraction of consumed
prey (further referred to as relative fitness evaluation) and a strict selection re-
gime where only the best individuals gain fitness, lead to a considerably different
outcome (not in the least for efficacy, as shown in Table 3.4). Where absolute
fitness evaluation (e.g. fitness based on the absolute approximation of a value)
leads to specialization of predators to certain particular prey and therewith a
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decomposition of the function domain, the latter evolves predators which decom-
pose prey itself. That is, predators specialize towards eating a part of every prey.
The behavior of, and relation between, predators and prey are defined by the
method of evaluation through the fitness landscape it shapes. Fitness determ-
ines which genotypes prey evolve. Figure 3.10 illustrates the distribution of prey
in their state space under the two different methods of evaluation. With abso-
lute evaluation the prey tends to be in the regions where the function landscape
is steepest (compare Figure 3.10(a) with 3.10(b)), because small perturbations
in this region lead to ‘large’ differences which is advantageous for prey. When
fitness evaluation is relative, however, small targets give rise to relatively large
errors when only partially solved by predators. Therefore prey tends to ‘prefer’
the area around zero. For predators this seems problematic, because this region
does not contain enough information about the general function landscape mak-
ing the benchmark function difficult to solve (see Chapter 2). With all prey in
a cloud around zero, the population is no longer representative enough for the
whole state space of problems. However, when predators improve in eating prey
around the center of the function, co-evolution forces prey to change their focus.
In combination with relative evaluation, co-evolution makes it advantageous for
prey to increase one of the terms, while keeping the other close to zero, which in
turn increases relative fitness. Now, prey in the system gather around the axes,
still remaining close to zero, as can be seen in Figure 3.10(c), making it possible
to differentiate between the different dimensions of the target function. When all
variation is due to one varying dimension of prey, consequently the corresponding
predators have to become solvers of this dimension for high fitness. With differ-
ent predators specializing to the different prey sub-populations, the ecosystem is
able to decompose the target function into its fundamental terms, allowing for
ecosystem based solutions to be derived when scavengers form complementary
sub-populations of solvers.

All in all, the cooperative result of the competitive regime is reinforced by an
increase in selection pressure which stimulates predators (and scavengers) to
specialize and the ecosystem as a whole to diversify. Assigning fitness only to
the best predators and scavengers enable co-evolutionary dynamics to guide the
different sub-populations in specializing towards solving different parts of a prob-
lem. Moreover, if specialization is favored, the acquired stability of the ecosystem
is very high when approximating a function with strictly separated terms. This
allows for a stable ecosystem based solution and keeps a co-evolutionary equilib-
rium.

3.3.6 Target Dependency

We showed that the current approach decomposes a two dimensional problem
into its two independent components, and that spatial embedding ensures the
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Figure 3.10. Prey distribution over the state space under (a) absolute- and (c) relative
evaluation. The size of the circles depict the (logarithmic) number of prey with a
specific (x,y)-value. (b) Gradient of difference in function landscape of target function
3.1.

alignment of predators and scavengers, necessary to combine these components
into a full solution again. Spatial interactions provide localized and more stable
conditions for both predators and prey as to on which dimension the most fit-
ness can be attained. Consequently, the scavengers can also specialize to the
remaining part. Question then is how these results depend on the particular
shape of our target function and how the system handles unbalanced terms,
mixed terms or higher dimensionality. We use the here proposed algorithm in
Chapter 4 to study the biological problem of the information threshold. Polyno-
mial target functions are used and it was shown that ecosystem based solutions
readily formed. The partitioning and decomposition of the targets consisting of
multiple terms, lumped several terms together in each partial solution in various
ways. It was also shown that by default, after prolonged evolution these ecosys-
tem based solutions were replaced by individual-based solutions under optimal
circumstances (regarding mutation rates). That is, when given enough time,
predators can solve all prey fully without the need for scavengers. This raises
the question why the only solutions found for our main target with our method,
are ecosystem based solutions. Therefore we performed simulations with other
evolutionary targets, comparable to our main target. All these functions have the
same general form giving the opportunity to analyze the specific aspects of our
main function. In Table 3.5 the results are shown.

Asymmetric Terms

f(x, y) =
α

1 + x−4
+

1
1 + y−4

(3.2)
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function µ = 1 · 10−2 µ = 2 · 10−2 efficacy
3.2 main 98/100 100/100 99%
3.2 α=2 41/50 39/50 80%
3.2 α =4 38/50 32/50 70%
3.2 α =8 33/50 35/50 68%
3.3 3-D 23/25 22/25 90%
3.4 Mixed Terms 47/50 48/50 95%

Table 3.5. Efficacy under 2 mutation rates for target function 3.2 and 3.4 and 3.3.
Results on the original target function 3.2 (α = 1) have been added for comparison.
Note that in some simulations the correct parts of a solution were successfully found,
but failed to exceed the threshold for being recognized as successful in time. For
function 3.2 and 3.4, 50 simulations per mutation rate are performed, and because
of the difficulty of analysis, only 25 simulations per mutation rate for function 3.3.

With function 3.2, the target is made asymmetrical by increasing the numer-
ator (α) of one of the terms. Although the increase of the α-term causes a de-
crease in efficacy, in all sets a considerable number of solutions is found. The
time needed to evolve a solution increases with α: 174, 388, 422, 468 genera-
tions, needed for α = 1, 2, 4, 8 respectively. The choice in how solutions for this
target can be partitioned is very limited, which in combination with the fitness-
wise asymmetry explains the decreased efficacy. In contrast, results of Chapter 4
show solutions for problems where the complementary parts are fitness-wise also
very asymmetrical, yet self-chosen by the system. In such cases, with relatively
much freedom of choice, efficacy is not affected. Therefore, we conclude that
decomposition and assembly does in general not depend on the identical weight
of terms. Even if one of the terms potentially provides more fitness, a solver for
both terms can evolve. However, the particular form of our main target function
limits the choice of parts in an ecosystem based solution, which has its effect on
efficacy when terms are made asymmetrical.

Three Dimensions

f(x, y, z) =
1

1 + x−4
+

1
1 + y−4

+
1

1 + z−4
(3.3)

Given the observed decomposition to fundamental terms of a function, an obvious
experiment is to add a third dimension (target function 3.3). To solve this extra
dimension we also added a second population of scavengers. In Table 3.5 it can
be seen that in almost all the performed simulations the system is able to decom-
pose the problem to the three fundamental terms and evolve the corresponding
solvers. However, the automatic spatial alignment seems more complicated. With
the third dimension added, different coexisting sub-populations in the predator
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population have no specific order. This results in very irregular wave patterns,
making it difficult for the last scavenger population to organize correctly under
the correct predator scavenger-pair. Note, however that the decomposition itself
is very robust. That is, despite sub-populations of solvers being small, the differ-
ent terms and dimensions are almost always found and present in the different
populations.

Mixed Terms

f(x, y) =
1

1 + x−4
+

1
x−2 + y−2

(3.4)

Results for target function 3.4, as shown in Table 3.5, confirm that the method
also does not depend on the strict separation of dimensions in our main function.
The evolved solvers for this function code for 1/(1 + x−4) and 1/(x−2 + y−2).
However, breaking the strict dimensional separation over terms has its effect on
the stability of the found ecosystem based solutions: the evolved ecosystem based
solutions are sometimes found as a transient over time, where in around 10%
of the cases the system evolves further towards a full solution provided by pred-
ators alone. This is comparable to the results described in Chapter 4, where
ecosystem based solutions only remain stable when mutation rates are high (and
thus circumstances difficult). This suggests that the stability of the ecosystem
based solution is somehow dependent on the specific form of the target func-
tion. Complementary solvers are kept at their local optima and co-evolutionary
predator-prey dynamics are more prone to keep this separation in the structure
of the predator population when separation is strong. With less stringent local
optima (in this case multiple dimensions in a term), ecosystem based solutions
can be an intermediate stage in the evolution of individual-based solutions.

Summarizing, with the scavenger extension the system is able to decompose prob-
lems to partial solutions, also in absence of a strict separation of dimensions over
terms. With targets with higher dimensionality the decomposition still emerges
in the predator population and different partial solutions are found for the differ-
ent dimensions. As shown by the results with target 3.4, a less strict separation
of terms and dimensions leads to a possibility for individuals to break the sta-
bility of the ecosystem and to evolve an individual-based solution. However in
this case, ecosystem based solutions are always present as a transient state before
individual-based solutions.
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3.4 Discussion and Conclusion

With our results we provided a proof of principle how a co-evolutionary system
can solve a function approximation-task via the ecosystem. Partitioning arises
automatically via co-evolutionary dynamics, while individuals (or groups of indi-
viduals) are never evaluated on the full problem. Therefore we consider this as
a next step for the originally stated aim of cooperative co-evolution, which was
to attack the problem of evolving complicated problems by explicitly breaking
them into parts, evolving the parts separately, and then assembling the parts into
a working whole (Bucci and Pollack, 2005; Potter and de Jong, 1994, 2000).

We show that the decomposition and distribution over different solvers can
emerge from individual and population interactions through co-evolution. Under
a competitive co-evolutionary regime following the line of Hillis (1990), the sys-
tem organizes such that the decomposition of the target function emerges within
the predator population. Different sub-populations co-evolve parallel different
components of the solution, while fitness is based solely on the actual function
individuals perform themselves. The predator and prey population split into a
number of sub-species, which each enable a part of the function to be solved.
Combined, the resulting parts found in the predator population provide an ecosys-
tem based solution. This combination is found automatically with the scavenger
extension where scavengers cooperatively co-evolve with the predators. That is,
their fitness is only implicitly dependent on the behavior of predators (and prey).
Moreover, spatial self-organization aligns complementary partial solutions and
co-evolutionary pressures ensure that a high number of solved prey always cor-
respond to correct solutions. Therefore, a solution can be extracted with the scav-
enger extension by picking a successful predator-scavenger combination (from a
prey neighborhood) at a time where a ‘considerable’ (for example 25%) number
of prey is solved. This makes the scavenger extension a useful addition on top of
the competitive system.

As for the general applicability of the current method in terms of evolving an
ecosystem based solution, the minimum requirement is that (the solution for
a) problem can be separated into different parts. This excludes the class of prob-
lems which allows only binary fitness for each problem as for example in dens-
ity classification tasks (Pagie and Hogeweg, 2000b; Pagie and Mitchell, 2002;
Marques-Pita et al., 2008) or sorting algorithms (Hillis, 1990). But model adjust-
ments could be devised to successfully apply our method to these problems as
well. Secondly, it is important that the basins of attraction and local optima of
a problem can be shaped by co-evolutionary dynamics. Major advantage can be
expected for problems where traditional evolutionary and co-evolutionary meth-
ods would get stuck on a local optimum, or lead via local optima to a general
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solution. The present model can exploit such local optima via overspecialization,
either by finding ecosystem based solutions before an individual solution or find-
ing ecosystem based solutions where individual-based solutions do not evolve at
all.
The number of parts in a solution depend on the dimensionality and degrees of
freedom in solving the chosen problem. The more scavengers are needed, the
more difficult it is for those scavengers to properly align under a predator. There-
fore the use of more scavenger populations for higher dimensional problems, is
probably not very feasible. However, the decomposition is already realized in
the predator population by the co-evolutionary dynamics between predators and
prey with the formation of sub-populations and post-processing methods can be
devised to assemble the full solution from these partial solutions. Moreover, the
results for a target with mixed terms and the work described in Chapter 4 on
polynomial targets show that composite terms can appear. A single population
of scavengers on top of a predator population can already solve multiple terms
without a strict separation of dimensions.

We conclude that the decomposition is done by the competitive predator-prey
population dynamics (via the relative evaluation and selection regime) and
the correct assembly of complementary solvers emerges from the spatial self-
organization of the system. If a problem can be formulated in terms of candidate
solutions co-evolving with example problems and partial solutions of the existing
problems are possible, the strong presumption is that the current method can be
applied successfully.

Emphasis in this paper was on the development and analysis of a method for
ecosystem based problem solving, however intriguing inferences for natural eco-
systems arise. First of all, cooperation in ecosystem does not require communic-
ation between cooperators. Secondly, strong competition, i.e. strong selection
in a co-evolutionary system favors the evolution of cooperation. In other words:
it favors the evolution of specialists and therewith the division of labor. Spatial
self-organization plays an essential role in this, providing the structural basis of
the interacting species. As we have stressed in the paper, decomposability of the
‘problem’ is a requisite, however it comes naturally in natural ecosystems, as the
metaphorical task to be accomplished involves different steps in the processing of
different building blocks, for example, in the form of metabolic chains. The full
potential of ecosystem based information processing has yet to be investigated,
both in the context of evolutionary computation, and in the context of analyzing
natural ecosystems. However, we have shown that ecosystems are capable of de-
composing and solving complex problems.
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Abstract

Background: The amount of information that can be maintained in an evol-
utionary system of replicators is limited by genome length, the number of er-
rors during replication (mutation rate) and various external factors that influ-
ence the selection pressure. To date, this phenomenon, known as the information
threshold, has been studied (both genotypically and phenotypically) in a constant
environment and with respect to maintenance (as opposed to accumulation) of
information. Here we take a broader perspective on this problem by studying the
accumulation of information in an ecosystem, given an evolvable coding struc-
ture. Moreover, our setup allows for individual based as well as ecosystem based
solutions. That is, all functions can be performed by individual replicators, or
complementing functions can be performed by different replicators. In this setup,
where both the ecosystem and the individual genomes can evolve their structure,
we study how populations cope with high mutation rates and accordingly how
the information threshold might be alleviated.

Results: We observe that the first response to increased mutation rates is a
change in coding structure. At moderate mutation rates evolution leads to longer
genomes with a higher diversity than at high mutation rates. Thus, counter-
intuitively, at higher mutation rates diversity is reduced and the efficacy of the
evolutionary process is decreased. Therefore, moderate mutation rates allow for
more degrees of freedom in exploring genotype space during the evolutionary tra-
jectory, facilitating the emergence of solutions. When an individual based solution
cannot be attained due to high mutation rates, spatial structuring of the ecosys-
tem can accommodate the evolution of ecosystem based solutions.

Conclusions: We conclude that the evolutionary freedom (e.g.. the number of
genotypes that can be reached by evolution) is increasingly restricted by higher
mutation rates. In the case of such severe mutation rates that an individual based
solution cannot be evolved, the ecosystem can take over and still process the
required information forming ecosystem based solutions. We provide a proof
of principle for species fulfilling the different roles in an ecosystem when single
replicators can no longer cope with all functions simultaneously. This could be a
first step in crossing the information threshold.

58



4.1 Background

4.1 Background

The information threshold (Eigen, 1971) puts a limit on the maximum amount
of information that can be evolutionarily maintained by a single population of
replicators. For an evolutionary process this implies that the length of genomes of
replicators and the number of errors during replication (mutation rate) is limited.
It raises the question of how a ‘simple’ prebiotic system can evolve towards a more
complex living system. To increase the complexity of a prebiotic system, replicat-
ors which should both store information and act as an enzyme, must have been
able to accumulate and pass on information correctly. To correctly transfer more
and more genetic information between generations, the fidelity of replication has
to improve as well. This could be done for example with specific replicase or
proofreading enzymes. However, this requires an increased coding length, which
cannot be maintained without these same enzymes. Thus it is not possible to have
a (large) genome without enzymes, but the evolution of enzymes would not be
possible without large genomes. This is referred to as Eigen’s paradox (Maynard
Smith and Brookfield, 1983; Szathmáry, 1989).
This paper aims to extend the context in which the information threshold is stud-
ied and its possible role in the early evolution of life. Traditionally the informa-
tion threshold is formulated in terms of a master and quasispecies of genotypes
with a static, single-peaked fitness landscape (Eigen, 1971). These studies have
been extended by taking a nonlinear genotype-phenotype mapping into account,
using RNA folding as a prototype example. In such systems neutral mutations
play an important role, which already allow for larger sequences to be main-
tained, but this increase is limited (Huynen et al., 1996; Takeuchi et al., 2005).
We extend these previous studies in three different directions: (1) Replicators
have a flexible coding structure, leading to a variable genome length and variable
genotype-phenotype mapping, (2) the acquisition, rather than the maintenance of
information is studied, and (3) replicators evolve within a non static environment.

The first attempt that has been proposed to cross the information threshold in-
volved the introduction of multiple replicators (Eigen and Schuster, 1978). Such
hypothetical replicators, later on mostly considered to be RNA (or another cata-
lyst), could form the basis of a prebiotic ecosystem, sometimes referred to as ‘the
RNA-world’ (Gilbert, 1986). Most likely, the only viable solution to Eigen’s para-
dox lies in the co-existence of several different replicators, such that the informa-
tion necessary for coding enzymes can be stored and transmitted by a population
of co-existing smaller replicators. Due to the fact that the co-existence of different
species is typically considered to be an ecological problem, these approaches have
been called ‘the ecological solution’ (Scheuring et al., 2003). The two main mod-
els that attempt to formulate such ecological solutions to Eigen’s paradox are the
hypercycle model (Eigen and Schuster, 1978; Boerlijst and Hogeweg, 1991b; Ho-
geweg and Takeuchi, 2003) and the metabolic system model (Szathmáry and De-
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meter, 1987; Scheuring et al., 2003; Konnyu et al., 2008). However, these studies
address the maintenance of a replicator-ecosystem despite mutations (or stability
against invasion of parasite mutants), rather than the generation of an ecosystem
as a consequence of high mutation rates. Moreover, although the original question
involved the mechanism of obtaining functionality despite high mutation rates,
no function beyond reproduction was incorporated in these models. Here we
study how a system can cope with externally defined requirements under various
mutation rates (per base). We consider the case that viable replicators can evolve
functionality through either individual or population based diversity (Pagie and
Hogeweg, 2000a; Crombach and Hogeweg, 2009)- e.g. all replicators perform all
functions by themselves (like a Swiss army pocket knife) or different functions are
divided over different replicators, the latter being an ecosystem based solution.
In other words, the ecosystem as a whole can provide a solution for the posed
‘problems’ in the environment. In our system these problems in the environment
change over time, co-evolving with the replicators, resulting in a dynamic fitness
landscape.
Regarding this environment, almost all theoretical studies published so far have
demonstrated that some kind of spatial structure is indispensable for the per-
sistence and/or the parasite resistance of any feasible replicator system (Szath-
máry and Demeter, 1987; Boerlijst and Hogeweg, 1991b; Scheuring et al., 2003).
Through spatial pattern formation, selection is extended from purely individual-
level selection to multi-level selection. Multi-level selection is considered to be
a defining property of ecosystems (Boerlijst and Hogeweg, 1991b; Hogeweg and
Takeuchi, 2003) and the success of evolution strongly depends on how the eco-
system is able to structure itself (Chapter 2),(Williams and Mitchell, 2005a). As
such, our model system allows for an emergent structure on two levels: both the
coding of replicators and the spatial distribution within the ecosystem.

To summarize, we study the problem of the information threshold, bearing in
mind that information has to be obtained, rather than merely maintained under
high mutation rates. We use a flexible coding structure at the level of individuals
and in addition we allow for the evolution of ecosystem based solutions using a
spatial co-evolutionary setup. We study how such a system copes with high muta-
tion rates, i.e.. whether an ecosystem based solution can replace an individual
based solution when the latter is not attained.

4.2 Results

We study the information threshold assuming that all replicators are under
physiological constraints that require the acquisition of mechanisms (or path-
ways) to process food for survival and reproduction. Replicators have to cope with
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m Evolutionary Target Minimal Coding Example
(a) 13 f(x, y) = x3 + y3 + 5x2 (+(*(*(+ x 5) x) x) (*(* y y) y))

(b) 15 f(x, y) = x3 + y3 + 5x2 + xy (+(*(+(* y y) x) y) (*(*(+ 5 x) x) x))

(c) 15 f(x, y) = x3 + y3 + 5x2 + 2y2 (+(* x (* (+ 5 x) x)) (*(* y (+ 2 y)) y))

(d) 19 f(x, y) = y4 + x3 + y3 + yx2 + y2 (+(*(*x x)(+x y))(*(*(+(+y 1)(*y y)) y) y))

Table 4.1. Evolutionary targets with corresponding minimal coding length m needed
to code for them. In the last column an example of a genome with the minimal length
coding for such a full solution.

their varying (co-evolving) environment, having different solutions for different
situations (prey). To this end we use co-evolutionary function approximation as
a tool for modeling eco-evolutionary dynamics (Pagie and Hogeweg, 1997). We
develop a model-ecosystem of predators, prey and scavengers. Predators and
scavengers are the studied replicators and the consumption of prey acts as an
analogy for coping with the environment.
The environment takes the form of co-evolving numerical examples or problems
(prey). Prey consists of numerical values, here (x,y). During prey replication,
these values can change by mutation. Coping with the environment (eating prey)
is defined as producing a numerical value defined by a global external function on
the values of a prey (for example if the global function would be simply addition,
then a predator producing ‘5’ for prey (x=2,y=3) would get maximum fitness).

The genotypes of predators and scavengers are based on LISP-constructs, which
allow for a flexible integration of numerical functions in a genome (see Figure 4.1
and methods section).
Predators and scavengers observe the state variables (x,y) of prey and should re-
spond by producing the numeric value in accordance with an externally defined
function (see Figure 4.2). For predators this is the exact value of the target func-
tion; for scavengers this is the value of what is left over by the predator. Note that
scavengers do not observe what has been eaten by predators. Each generation a
replicator is confronted with several prey competing with surrounding replicators
(only of the same kind) to eat it and fitness is defined proportional to the fraction
of prey consumed.
The evolutionary targets used are chosen such that a solution is evolved easily

by predators alone under a wide range of parameters. They differ in the absolute
minimum amount of coding needed and in the composition of x, y and mixed
(x,y)-terms. The amount of coding is expressed in the number of elements (i.e.
operator, variable or constant) on a genome, referred to as length. Table 4.2 lists
the evolutionary targets used, the corresponding minimal coding length m, and
some examples of genomes with minimal coding length for a solution. Note that
this minimum can only be reached by ‘smart’ coding. That is, coding used for
different terms has to overlap. An example of overlapping terms is (* 2 (+ x y))
(coding length 5), which is shorter than (+ (* 2 x) (* 2 y)), which uses 7 elements
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Figure 4.1. Coding Structure The genetic representation of predators and scav-
engers is a tree-like coding structure. This genotype defines the phenotypic reaction
to a prey, based on the (x,y)-value of this prey. That is, how does one process prey
consisting of a certain amount of nutrients, x and y. The functional representation of
this replicator would be (+ ($ x x) (* (+ y 3) y)).

Figure 4.2. Fitness Evaluation Schematic representation of fitness evaluation of
predators, scavengers and prey. Dashed lines denote on basis of which value a re-
sponse is. That is, predators produce a value based on the (x,y)-values of a prey
(colored red and green respectively). This value, relative to the value which the prey
produces (based on the evolutionary target), defines the fraction of prey which is
eaten by the predator. A scavenger feeds on the remains of prey, based on the same
(x,y)-values of prey. Fitness is based on the fraction of prey which is eaten. In this
particular example, the fitness of this prey would then be 0.2 (1.− 0.8) and the pred-
ator and scavenger would get respectively 0.82 (e−0.2) and 0.63 (e−0.47) added to
their fitness.

to code for the same function.
The coding and the setup of our model-ecosystem enables the possibility to find
two types of solutions: individual based solutions where all possible prey can be
fully consumed by a single predator and an ecosystem based solution where a
solution is formed by an ecosystem of multiple replicators, namely a predator and
a scavenger.
Simulations can be classified into three main classes: an individual based solu-
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tion whereby the majority of prey are fully consumed by single predators coding
for the full target function, an ecosystem based solution whereby the majority
of prey are fully consumed by complementary predator-scavenger pairs which to-
gether code for exactly the target function, or no solution at all when none or only
a small minority of prey is fully consumed (by predators or predator-scavenger
pairs which do not code for the whole target function). Note that an individual
based solution excludes an ecosystem based solution. However, it is possible that
an individual based solution replaces an ecosystem based solution over evolution-
ary time.
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Figure 4.3. Evolved Solutions under Different Mutation Rates. Type of solutions
(classified as described in the methods section) under different mutation rates (per
base) for the evolutionary targets of table 4.2 with minimal coding length of (a) 13,
(b) 15, (c) 15, (d) 19. Note that the exact nature of the target does also make a
difference as shown by the difference in shift for both targets with a minimal coding
length of 15. Blue and green represent simulations which evolve an individual solu-
tion, where blue has a transient state of ecosystem based solutions. Red and orange
represent ecosystem based solutions, where in the orange cases this solution is lost
again later in evolution. For each target the information threshold for maintaining the
target is indicated with a star. Above this mutation rate the shortest solution for this
target cannot be maintained as described in the last paragraph of the results section.

In Figure 4.3 we see a clear transition between the type of solutions found under
various mutation rates. A similar pattern is seen for all functions in table 4.2. The
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shift to the right occurs because of the different length of coding needed. That is,
under lower mutation rates an individual based solution is evolved in almost all
cases (blue and green) and under increased mutation rates it becomes increas-
ingly difficult to reach an individual based solution. At the same time the number
of ecosystem based solutions increase (orange and red). These ecosystem based
solutions can be found up until quite severe mutation rates, clearly beyond the
range of individual based solutions. The exact transition is also influenced by the
nature of coding needed for a target, as exemplified by the difference in transition
for targets with minimal coding length 15.
The remainder of this section is divided in two parts. First we will discuss the
role of mutation rates on the information accumulation of individuals by focusing
on basic genomic characteristics such as length and structure. Secondly, we ex-
tend our scope by looking at the role of co-evolutionary and ecosystem dynamics
and how an ecosystem based solution can arise under circumstances where in-
dividual based solutions cannot. With these results we show how flexibility in a
(co-)evolutionary system may help in overcoming the information threshold.

4.2.1 Information Accumulation and Individual Based Solu-
tions

First we focus on the full solution of individual replicators, and therefore we study
the evolutionary trajectory from the point in time where such a solution arises in
the predator population. Figure 4.4 shows the influence of mutation rates on
the length of evolved solutions for the shortest and longest evolutionary targets,
respectively. For each mutation rate 25 different simulations are run. The dis-
tribution of the length for the full solutions, evolved under different mutation
rates is shown. Note that in some cases the correct individual based solution first
reached cannot be maintained due to the information threshold and is lost again.
The initial genome length of the predators first to reach the evolutionary tar-
get decreases under increasing mutation rates. Secondly, it is evident that 250
generations after the arrival of this first solution, the length of coding used by
the solution becoming dominant in the population has decreased. The length of
coding approaches the absolute minimum for the corresponding targets. Thus
the predators in the ecosystem have restructured their coding such that the same
phenotype is coded for by a shorter genome. Such shorter genomes tend to be
more robust because of less mutations per generation.
In table 4.2 an example of this streamlining of genotypes and altered genotype-
phenotype mapping is shown for µ = 0.03. After arrival of the first solution,
multiple ‘mutant’ strains (not necessarily ancestors) with the correct individual
solution arise in the ecosystem, all with a shorter coding for the same phenotype.
These different genotypes co-exist in the population, however in the long term,
the most compact coded solutions will out-compete those with a longer genome.
These observations strongly suggest that, despite a strong preference for having a
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Figure 4.4. Initial and Final Coding Length for Different Mutation Rates. A de-
crease in initial coding length under higher mutation rates is observed. Restructuring
of initial solutions after prolonged evolution also decreases length. For each mutation
rate 25 simulations are run. The length distributions under different mutation rates
are shown for (a) first evolved individual base solutions and (b) most compact indi-
vidual based solution 250 generations later, for the target with minimal coding length
13; (c) first evolved individual based solutions and (d) most compact individual based
solution 250 generations later, for the target with minimal coding length 19. Note
that some first evolved solutions are lost from the population after prolonged evolu-
tion due to the information threshold (for example the solution found for the longest
target with µ =0.095 in (c) is lost in (d)).

coding structure as short as possible, predators initially exploit more information
than strictly necessary to evolve a solution. Under increased mutation rates these
longer solutions cannot arise or maintained anymore. Thus we observe that high
mutation rates decrease the degrees of freedom and thereby restrict the chance of
finding an individual based solution. Under severe mutation rates an individual
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25: (-(*(* y y) y) (*(-(- x x) x) (+ x (* (+ 3 (- 1 (-(- x x) x))) x))))

21:(-(*(* y y) y) (*(-(- x x) x) (+ x (*(+ 3 (+ 1 x)) x)))) 19:(-(*(* y y) y) (*(-(- x x) x) (+ x (* x (+ 4 x)))))

17:(+(*(* y y) y) (* x (+ x (* x (+ 3 (+ x 1)))))) 15: (+(*(* y y) y) (* x (+ x (* x (+ 4 x)))))

Table 4.2. Streamlining of Individual Based Solution. Observed streamlining of
genotypes for the phenotype of an individual based solution found in a simulation
with µ=0.03. After the arrival of a first individual based solution of length 25, the
length of consecutive mutants is decreased after prolonged evolution. Examples are
shown of two strains leading to a solution with length 15 and 17 respectively. Note
that intermediate mutants are not necessarily shown.

based solution cannot be found anymore at all.

These conclusions are corroborated by results on the average time to reach the
evolutionary target. Figure 4.5 illustrates that under increased mutation rates
it takes longer to evolve a full solution. This contradicts the expectation that a
higher rate of change and a smaller search space, because of smaller genomes,
would lead to a faster coverage of genotype space. As shown in Figure 4.4 only
a subset of genotypes coding for the full solution is reached (depending on cod-
ing length). Moreover, on average it takes predators longer to evolve a solution,
again suggesting mutational restrictions in usable coding length.
To disentangle the role of mutation rate and genome length, and establish that
it is indeed the genome length rather than mutation rates which determine effic-
acy, we perform experiments with an external restriction on the available genome
length for replicators (simulating a lethal mutation for replicators which exceed
a certain genome length).
As shown in table 4.3 both under low and high mutation rates it becomes increas-
ingly difficult to find individual based solutions. The median time needed for
evolving individual based solutions increases and success rate drops dramatically.
Assuming ‘optimal’ mutation rates (van Nimwegen and Crutchfield, 2000; Nim-
wegen and Crutchfield, 2001) would predict that predators with a restriction on
length would perform better under higher mutation rates in search for an optimal
rate of change. However, although the influence of both length and mutation rate
cannot be disentangled completely, this is clearly not the case with present results.
Taking into account the decreased multiplicity of reachable genotypes coding for
individual solutions as observed in Figure 4.4, we can only conclude that reach-
able genotype space (and solutions) are restricted by high mutation rates via the
genome length of replicators.
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Figure 4.5. Generations Needed to Evolve a Full Solution. For evolutionary targets
with minimal coding length (a) 13, (b) 15, (c) 15 and (d) 19, the median number
of generations needed for the evolution of a full solution is shown. Error bars depict
the minimum and maximum number of generations. On the right (in red) the actual
number of solutions out of 25 simulations per mutation rate is plotted. Among the
solutions shown are some which cannot be maintained and are lost from the popu-
lation. Leaving out these solutions even strengthens our conclusions. Prolonged ex-
periments (maximum generations=20000) with high mutation rates give comparable
results. That is, results do not qualitatively depend on the amount of time provided
for information accumulation.

4.2.2 Population Based Diversity and Ecosystem Based Solu-
tions

Before an individual based solution has been reached, the composition of the
predator population is heterogeneous. Due to co-evolutionary dynamics between
predator and prey, both populations become speciated. Prey maximize the
genotypic distance between the different sub-populations and different sub-
populations of predators specialize towards each of these (for an extensive ana-
lysis of these dynamics, see Chapter 3). Because of the spatial embedding, pred-
ators and prey structure themselves such that wave-like patterns arise as shown
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∞ 13 15
µ solutions (median time)

0.04 25(90) 5(150) 12(168)
0.08 18(355) 8(806) 5(730)

Table 4.3. Length Restriction. Evolution of replicators with a restriction on their
genome length of 13 and 15 elements respectively, compared with no restriction for
µ=0.04 and µ = 0.08. With restriction, replicators exceeding the maximum number
of elements allowed, are considered as lethal mutants. The number of simulations
which established an individual based solution are shown and in parentheses the
median time to find these solutions. For each set 25 simulations are run with the
shortest evolutionary target (minimal coding length=13).

predator scavenger
((* x (* x (+ y x)))) ((* y (+ (* y (+ (* y y) y)) y)))

((* (+ (* (+ (* y y) y) y) y) y)) ((* (+ y x) (* x x)))

Table 4.4. Coding Example of Ecosystem Based Solution Example of evolved
ecosystem based solution for the longest evolutionary target used: f(x, y) = y4 +
x3 + y3 + y ∗ x2 + y2. These predator-scavenger combinations can feed perfectly on
all possible prey in the model universe.

in Figure 4.6.
In table 4.4 an example of co-existing sub-populations is shown, taken from a
simulation with the longest evolutionary target at µ = 0.075. Within the popula-
tion of prey, one sub-population evolves a high x-value and a low y-value, while
in the other sub-population this is reversed. Predators speciate in ‘eating’ a dif-
ferent part of prey. One sub-population feeds mostly on y (i.e. contains mostly
y-terms), prospering on prey with a high y-value, and a predator feeding best on
the x-value of prey has the opposite preference. Note that this does not necessit-
ate strict partitioning in x and y-terms of the evolutionary target.
Scavengers, feeding on the remains of prey, also speciate during evolution, trying
to have a preference opposite to the dominant predator in their neighborhood.
Under moderate mutation rates, predators keep evolving towards the full evol-
utionary target, possibly diminishing the remains of prey more and more. Scav-
engers can keep up in such a case only by feeding on smaller parts. Note that they
can keep fitness, because fitness is assigned as a fraction of the remains. However,
when an individual based solution evolves, scavengers loose all their functionality
because there is nothing left to feed on.

Only under higher mutation rates, the ecosystem based solutions become a stable
evolutionary attractor. Under high mutation rates the system is no longer able
to evolve individual based solutions due to mutation rates and the constraints in
genome length as shown above. Due to the high mutation rates, predators can
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Figure 4.6. Spatial Ecosystem Distribution. This figure shows the spatial structure
of an ecosystem based solution under high mutation rates. The shade of green de-
notes the fitness of prey, or rather: how much of the prey is eaten. Prey depicted as
yellow are fully eaten by an ecosystem based solution. Red denotes single prey which
are fully eaten by a predator alone (not being an individual based solution). In this
case the pattern is governed by the prey which are fully eaten by a predator-scavenger
pair. Such a pattern, with comparable numbers of ‘yellow’ prey, can only be met when
a correct ecosystem based solution is present in the population.
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Figure 4.7. Passing the Information threshold. When seeding a population under
mutation rates above the information threshold(µ =0.13), with correct individual
based solutions, these solutions are quickly lost from the population. This is shown
by the declining number of prey which are eaten by correct individual based solu-
tions(black line). The loss of these individual based solutions creates a niche for
ecosystem based solutions, which indeed arise as can be observed by the increase of
prey consumed by a correct ecosystem based solution (red line).

obtain only enough information to code just for feeding “sufficiently enough” on
local prey. Robustness in solving only a subset of possible prey with high local fit-
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ness is ‘chosen’ above high, but unstable global fitness (meaning the hypothetical
fitness they could acquire on all prey). Due to spatial pattern formation several
such partial solutions can co-exist in a stable ecosystem. Scavengers are able to
feed on the remains of prey, resulting in a structured ecosystem based solution, as
shown in Figure 4.6. Despite the sub-population sizes possibly being small due to
a large amount of mutants, predators and scavengers forming the correct comple-
mentary partial solutions can stabilize over time, even under high mutation rates,
as shown in Figure 4.3.

Finally we compare our results for acquiring information with the threshold for
maintaining information (Eigen, 1971; Takeuchi and Hogeweg, 2007). When
seeding the population with individual based solutions of the minimal coding
length for the evolutionary target, these full solutions can only be sustained for
mutation rates up until µ = 0.126 ,µ = 0.110 and µ = 0.088, respectively for the
targets with a length of 13, 15 and 19 elements (shown as stars in Figure 4.3).
Therefore we can conclude that the limits posed by the information threshold are
even more severe for obtaining information than they are for maintaining inform-
ation.
Moreover, individual based solutions with a longer genome (coding for the solu-
tion) cannot persist under such severe mutation rates and the individual based
solutions will be lost completely or recoded to a shorter solution. Thus, by allow-
ing for variable coding, the information threshold for obtaining certain function-
ality can already be alleviated by using a more compact coding.
As for the actual crossing of the information threshold (for maintenance of in-
formation), ecosystem based solutions should be able to fully consume prey under
mutation rates under which individual based solutions with minimal coding can-
not even persist. In Figure 4.7 we show an example for the shortest target with
µ = 0.13, i.e. above µ = 0.126, identified as the maximum mutation rate under
which an individual based solution can be maintained. We observe thus a case
where an individual based solution with a most compact coding (13 elements) is
indeed out-competed completely, and the ecosystem takes over, processing the re-
quired information and still consuming a considerable amount of prey fully each
generation.

4.3 Discussion

First we studied the influence of mutation rates on the evolutionary trajectory
by observing how evolved individual based solutions are coded for under differ-
ent mutation rates. We also looked at the structure and length of predators first
reaching the evolutionary target. It has previously been observed that the inform-
ation threshold restricts the amount of information that replicators can maintain
under increased mutation rates (Eigen, 1971; Takeuchi and Hogeweg, 2007). We
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showed that under high mutation rates a more severe threshold restricts the re-
quired increase of information before replicators are fully functional.
For genomes with a fixed length it has been shown analytically that ‘optimal’
mutation rates exist (van Nimwegen and Crutchfield, 2000; Nimwegen and
Crutchfield, 2001), that mutation rate itself is a selectable trait (Earl and Deem,
2004), and that the time to reach a target increases given higher mutation
rates (Stich et al., 2007). Moreover, for evolving towards a static target with
variable genome length it has been shown that high mutation rates lead to com-
pact coding for functionality on a genome (Knibbe et al., 2007b). Here we see
that in the case of flexible coding, replicators use different lengths under different
mutation rates. For a fixed mutation rate per base, more length leads to more
mutations per replicator and thus by adjusting the length of coding, the mutation
rates per generation are altered.
However, a restriction of genome length does not result in a more efficient cover-
ing of genotype-space under higher mutation rates, nor in an increase in efficacy.
In contrast, under lower mutation rates without length restrictions, an increase in
the success rate can be related to an higher diversity of reachable genomes cod-
ing for individual based solutions. That is, an increased multiplicity of available
solutions has a clear positive effect on efficacy. The possibility to generate longer
genomes increases efficacy. Similar results have been shown experimentally with
the isolation of novel ribozymes from random-sequence RNA pools, where longer
random sequences increase the probability of finding complex structures (Ekland
et al., 1995).
Thus, with a variable genome size, it is not maximum mutation rates which in-
crease genetic diversity as one would intuitively expect. Instead, moderate muta-
tion rates increase genetic diversity through increasing genome length and there-
with enlarges evolutionary search space which in turn maximizes evolutionary
efficacy. The diversity of attainable genomes, coding for an individual based
solution, decreases under higher mutation rates. However, we have shown that
high mutation rates lead to the persistence of more niches for replicators which
are only partially functional. In contrast, recent work based on RNA-like rep-
licators has shown that a lowering in mutation rate can lead to an increase of
niches (Takeuchi and Hogeweg, 2008). The difference between these systems is
that in our case there is a predefined set of “tasks”, whereas in a RNA-system the
only “task” is (catalytic) reproduction. When selection is solely acting on rep-
lication through interaction, high mutation rates disrupt the interaction strength
within an ecosystem by dilution of the fittest sequences, preventing the forma-
tion of new species. This differs from our current system where high mutation
rates maintain more niches by preventing the out-competition of multiple partial
solutions (the ecosystem) by the full solution. When not fully functional replic-
ators are viable (i.e. selection is based on functionality instead of replication),
replicators can suffice with lower functionality under increased mutation rates.
This shows a new side of the information threshold: the impossibility of evolving
replicators with full functionality leads to an increase in diversity because of the
multiplicity of partly functional replicators in the system.
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Under moderate mutation rates, spatial structuring of co-evolving populations
benefits the information integration over evolutionary time in replicators (Pagie
and Hogeweg, 1997; Williams and Mitchell, 2005a). If, however, the necessary
information cannot be integrated in a single replicator, the diversity of partial
solutions can be kept in the ecosystem because of this co-evolutionary nature and
spatial distribution of the system.
We showed that under high mutation rates our system does switch from individual
based solutions towards the generation of an ecosystem based solution. Thus we
conclude that ecosystem structuring enables the increase of the complexity des-
pite the presence of an information threshold.

4.4 Conclusions

The coding structure of evolved replicators reveals the influence and severity of
mutation rates. The information threshold not only influences the maintenance
of information in the genome, but it also constrains the degrees of freedom of
the evolutionary trajectory by restricting the permissible genome length. In our
system, multiple ‘solutions’ are possible due to a complex genotype-phenotype
mapping and freely evolving coding structures. However, the number of geno-
types coding for a full solution which can be reached is increasingly restricted by
higher mutation rates. If the length of maintainable information is limited by the
information threshold, replicators can adapt their coding structure. In this way,
for a given functionality the information threshold can partly be alleviated by us-
ing a different, more compact, coding. This aspect of the information threshold
is of great importance for questions about the evolution of complexity. We show
that in a system with such severe mutation rates that an individual based solution
cannot evolve, the ecosystem can take over and still process the required inform-
ation, forming ecosystem based solutions. Therefore, we conclude that, when
taking eco-evolutionary dynamics and flexible coding structures into account, the
integration of information within the ecosystem under circumstances where indi-
vidual based solutions cannot evolve, can be a feasible solution to Eigen’s paradox
and a possible option for crossing the threshold for obtaining information.

4.5 Methods

We use a stochastic Cellular Automata (CA) model, which is a spatially extended,
synchronously updated individual-based simulation model. It consists of (vertic-
ally stacked) two-dimensional square grids on which individuals are located. The
grids are made up of 75 x 75 cells, and the boundaries are toroidal. Simulations
not displayed here show that the qualitative behavior of the system does not de-
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pend on the size of the grid if larger than 50x50, which is large enough for spatial
patterns to develop. One square in a grid, hereafter called a ‘cell’, holds at most
one individual. The different grids are located exactly on top of each other, as
if each location (i, j) holds three individuals. Interactions between individuals
within the same grid as well as interactions between individuals from different
grids are all local in a 3x3 neighborhood. That is, a neighborhood consists of the
eight cells adjacent to a cell and the cell itself (Moore neighbors).
Our model distinguishes three types of individuals, with each type located on a
separate grid. The state of the model system is fully specified by the type, the state
and location of all individuals. The three different types are called prey, predators
and scavengers. The state of predators and scavengers is the numerical function
they encode and the state of prey is a numerical (x,y)-value. Fitness of predators
and prey depend on their co-evolutionary relationship and scavengers feed on the
remains of prey, only after the predators have finished. Thus, scavengers have no
influence on the evolutionary pressures of predators and prey. Scavengers are
only implicitly evaluated on how well they complement predators and only see
the original values of prey. Therefore scavengers cannot see how much of a prey
has already been consumed by a predator.

We use a system-wide defined evolutionary target, as carried out in function ap-
proximation methods (Pagie and Hogeweg, 1997). In our case this is a numerical
function considered in a limited domain only, namely x ∈ [0.0, 5.0] , y ∈ [0.0, 5.0].
Table 4.2 lists the evolutionary targets used, the corresponding minimal coding
length m, and some examples of a ‘genome’ coding for a solution.
Prey consist of genotypes which are instances of (x,y)-value pairs within the func-
tion domain. That is, each prey represents a certain problem which has to be
solved by the predators. This value-pair maps via the predefined target function
to an unique value, f(x, y), which can be considered as the solution to the par-
ticular problem presented by a prey. This unique value has to be matched by
predators, which determines how much of this prey is consumed (see Figure 2).
Every time step each of the values of the prey population is subject to a 40%
chance on mutation per value. Both the values of (x, y) of a prey can change
randomly between the defined mutational boundaries (that is, current value plus
or minus 0.2). The genotype space of prey (domain of function landscape) is not
toroidal. If an x or y-value of a prey is on the border of the domain, it can only
mutate in one direction (to keep mutation rate constant, mutations over the bor-
der will not be neglected, but reflected).

Predators and scavengers have the same genomic architecture. The genetic rep-
resentation is in the form of a program (i.e., a functional representation, as in
genetic programming). Many different programs can code for the same numer-
ical function. The genome consists of a limited set of terminals and operators,
based on LISP-programming, coding for a function (for an example see Figure 1).
The set of operators is {+,-,x,$}, where $ is a save division operator, often used in
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genetic programming, which gives 1 when dividing by zero. The set of terminals
is {x,y, C}; x and y are the variables and C is a constant defined at declaration
either as an integer between 0 and 10, or as a float between 0 and 1.

Both predators and scavengers selected after evaluation are subject to point muta-
tion, using a mutation rate µ per element and a gross chromosomal rearrange-
ments(GCR) rate per genome. Due to the tree-like representation of genomes,
it is important to realize that mutating elements high in the hierarchy can pos-
sibly affect underlying elements. When a mutation leads to the change of an
operator into a terminal (either a variable or constant), underlying elements are
discarded. In the reversed case (terminal mutating into an operator) a random
sub-tree of maximal 3 elements is added. In all other cases only the element itself
mutates and the underlying elements remain untouched. A gross chromosomal
rearrangement-event( chance of µGCR) means that a randomly chosen part of a
genome is overwritten with another randomly chosen (possibly overlapping) part
of this genome.
Where point mutations can only lead to a gradual increase or decrease in length,
GCR can possibly lead to a sudden large increase in length. However, although
GCR speeds up the process, even without GCR qualitatively similar results are
obtained.
Results are only shown for µGCR = 0.1 and µprey = 0.4, however test simulations
have shown that qualitative results do not depend on these parameters. In most
simulations we are interested in µ, which is varied between 0.02 and 0.15. Note
that under neutral expectations there is a small bias for predators and scavengers
to become smaller, due to the combination of mutational operators and tree-like
representation (it is easier to loose a large sub-tree, than to gain it). However,
this bias is the same for all different µ and of no influence for the results shown.

Population sizes are 5625 (one individual per cell) for each type of individual.
Prey start with a random (x,y)-value pair within the domain. Predators and scav-
engers start with a random generated genome with an average length of 13.8. The
consecutive application of a simple algorithm on all positions of the spatial grids
(of which each position i,j contains a prey, a predator and a scavenger respect-
ively) defines the temporal dynamics of the model. All individuals are replaced
every time step (leaving no empty grid cells), keeping population sizes constant.
Asynchronous simulations with overlapping generations for predators and scav-
engers give qualitatively the same results. The synchronous algorithm used runs
as follows:

• evaluation

1. check for the prey at position (i,j), which local predator approximates
f(x,y) best and may feed on this prey.

2. if there is some of the prey left → check which local scavenger is most
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suited to feed on the remains.

3. define fitness for all types of individuals. In order to keep a clear evol-
utionary signal, individuals whose approximation are identical within
its neighborhood, acquire the same fitness for this prey. (see Figure 2
for an schematic representation of the fitness evaluation).

– Prey fitness is the fraction of it which has not been eaten by the
predator.

– Predator fitness consists of the sum of the fraction of prey
it eats in a local neighborhood. Each consumed prey adds
e−(1−fractioneaten) to the fitness of the predator. This makes
f = 9.0 the maximum fitness when all prey in the neighborhood
are fully eaten.

– Scavenger fitness consists of the sum of the fraction of remains of
the prey it eats in its local neighborhood. Each consumed prey
adds e−(1−fractioneaten) to the fitness of the scavenger. Note that
the approximation of scavengers is based on the original (x,y) of
prey and that when there are no remains of a prey after a predator,
scavengers can get no fitness on this prey.

• selection

– apply to the prey, predator and scavenger present at position (i,j):

∗ add all fitness in local neighborhood to determine competition
∗ select replicator from neighborhood with a chance proportional to

their fitness.

• reproduction

1. Apply mutational operators on selected individuals with chance:

– µprey per value for prey
– µ per element and µGCR for predators and scavengers

2. let new individual inhabit cell

Simulations are stopped when either an individual solution (a predator coding
for exactly the target function) has evolved, spread through the population and
stayed in the population for 250 time steps, or if the maximum of 1500 gener-
ations is reached. An ecosystem based solution (the combination of a predator
and scavenger exactly coding for the target function) is classified as either stable,
when the solution stays in the population for the rest of the simulation or un-
stable if the solution is lost before the end of the simulation. A last possibility is
an ecosystem based solution preceding an individual based solution as a transient
state.
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Abstract

It is still not clear how prebiotic replicators evolved towards the complexity found
in present day organisms. Within the most realistic scenario for prebiotic evolu-
tion, known as the RNA world hypothesis, such complexity has arisen from replic-
ators consisting solely of RNA. Within contemporary life, remarkably many RNAs
are involved in modifying other RNAs. In hindsight, such RNA-RNA modification
might have helped in alleviating the limits of complexity posed by the informa-
tion threshold for RNA-only replicators. Here we study the possible role of such
self-modification in early evolution, by modeling the evolution of protocells as
evolving replicators, which have the opportunity to incorporate these mechanisms
as a molecular tool. Evolution is studied towards a set of 25 arbitrary ‘functional’
structures, while avoiding all other (misfolded) structures, which are considered
to be toxic and increase the death-rate of a protocell.
The modeled protocells contain a genotype of different RNA-sequences while their
phenotype is the ensemble of secondary structures they can potentially produce
from these RNA-sequences. One of the secondary structures explicitly codes for a
simple sequence-modification tool. This ‘RNA-adapter’ can block certain positions
on other RNA-sequences through antisense base-pairing. The altered sequence
can produce an alternative secondary structure, which may or may not be func-
tional.
We show that the modifying potential of interacting RNA-sequences enables these
protocells to evolve high fitness under high mutation rates. Moreover, our model
shows that because of toxicity of misfolded molecules, redundant coding impedes
the evolution of self-modification machinery, in effect restraining the evolvability
of coding structures. Hence, high mutation rates can actually promote the evol-
ution of complex coding structures by reducing redundant coding. Protocells can
successfully use RNA-adapters to modify their genotype-phenotype mapping in
order to enhance the coding capacity of their genome and fit more information
on smaller sized genomes.
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5.1 Introduction

It has been generally accepted that replicators during the early stages of evol-
ution, most likely formed an ‘RNA world’ (Gilbert, 1986; Joyce, 2002), where
life consisted primarily of self-replicating RNA-molecules with catalytic proper-
ties, so called ribozymes. RNA is considered to be extremely versatile and flexible
due to the genotype-phenotype mapping between genetic information and func-
tion based on the folded structure. This results in properties advantageous for
evolvability, such as a redundant mapping and neutrality (Huynen and Hogeweg,
1994; Huynen et al., 1996; Takeuchi et al., 2005), making RNA an ideal evolvable
molecule (Schuster et al., 1994), and moreover: an appropriate model to study
evolutionary processes in general (Fontana and Schuster, 1998; Fontana, 2002).
Surprisingly, among the non-coding RNAs found in contemporary organisms,
many are actually used to effectively influence the mapping between genetic con-
tent and the function it encodes (being other RNAs or proteins). That is, func-
tional and structural inter-relationships of macro-molecules are widespread (Her-
schlag, 1995), and a variety of fundamental cellular processes are governed by
molecular chaperones (Ellis and van der Vies, 1991; Philpott et al., 2000; Ellis,
2006). Also, the genotype-phenotype mapping can be flexible in the way func-
tional information is stored on a genome. The most notorious example in these is
alternative splicing (e.g. multiple proteins coded on a single gene), which is com-
monly used and allows for information to be stored much more economically, and
a more varied proteome from a genome of limited size (Black, 2003). Building on
these observations, the current study will investigate the evolution of (early) rep-
licators, when provided with the possibility to acquire a simple abstraction of a
molecular tool for such self-modification of their genotype-phenotype mapping.
In contemporary life, these RNA-RNA modification machineries range in com-
plexity from simple physical obstruction of translation by complementary base-
pairing, to chemical modification, insertions and deletions of nucleotides by ad-
vanced RNA-editing processes, in which RNAs and proteins work together (Bren-
nicke et al., 1999) or RNAs are modified under guidance of snoRNAs, which asso-
ciate with a set of proteins (Kiss, 2002). Antisense RNA is found to bind to mRNA,
forming double-stranded RNA that is enzymatically degraded(Bachellerie et al.,
2002; Mello and Conte, 2004), miRNAs and siRNAs are found to cause genes they
target to be methylated, thereby decreasing or increasing transcription of those
genes (Fire et al., 1998; Sontheimer and Carthew, 2005; Li et al., 2006) and the
number of known self-modification machineries keeps expanding. Perhaps most
striking is the regulation of gene expression by riboswitches: structured RNAs,
able to change their conformational states by binding of small molecules and to
regulate several different processes (Vitreschak et al., 2004; Serganov and Patel,
2007; Montange and Batey, 2008; Zhang et al., 2010). Riboswitches interact dir-
ectly with their effectors and do not require additional factors. Therefore, it has
been suggested that these riboswitches represent one of the oldest regulatory sys-
tems (Vitreschak et al., 2004).
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We hypothesize that such machinery could be a way for early replicators to cope
with the major problem they have to face, known as the information threshold (Ei-
gen, 1971). That is, within error prone environments the number of errors during
replication is expected to be extremely high, preventing replicators to increase
their genome above a certain size. Hence, replicators during prebiotic evolution
may be stuck with small sized genomes, unable to code for error correcting mech-
anisms, while they need such a mechanism to become longer. This problem is
known as Eigen’s paradox (Eigen, 1971) and raises the question how a system
of ‘simple’ RNA-based replicating protocells can evolve the widespread genotypic,
and hence phenotypic, complexity, common for contemporary life.

Major attempts to solve the problem of the information threshold have been made
in the context of molecular organization (Eigen and Schuster, 1978; Szathmáry
and Demeter, 1987; Boerlijst and Hogeweg, 1991b). That is, the evolution of
complexity has been studied mostly on the level of replicator-interactions in the
context of a predefined or emergent organization of replicating molecules (Eigen,
1971; Maynard-Smith, 1979; Szathmáry and Demeter, 1987; Boerlijst and Ho-
geweg, 1991b; Takeuchi and Hogeweg, 2008). In contrast, we are interested how
the versatility of RNA-landscapes can be used to enhance information accumu-
lation and we address the evolution of complexity within replicating protocells.
For this purpose we constructed a model of replicators (i.e.. protocells), evolving
towards a fixed set of arbitrary RNA-structures functional by definition, concur-
rently avoiding any other (misfolded) structure. Note that, because the genetic
content of reproducing protocells is copied at once, we do not study the coex-
istence of independent replicating RNAs within compartments, as for example
in (Hogeweg and Takeuchi, 2003; Takeuchi and Hogeweg, 2009).
With respect to the classical problem of the information threshold, it should how-
ever be mentioned that it becomes increasingly evident that the information con-
tent required for activity is much lower than indicated by the length of replic-
ators (Kun et al., 2005; Ferré-D’Amaré and Scott, 2010). Recently, smaller and
smaller RNAs have been found to be functional. Although rather unselective and
having weak catalytic activity, five nucleotide long ribozymes are already reported
to be able to transcribe multiple products (Turk et al., 2010) and the study of small
self-cleaving ribozymes has revealed that remarkably small RNA units can already
achieve high sequence specificity and catalytic efficiency, where the composition
of many of the segments has little effect on catalytic activity (Ferré-D’Amaré and
Scott, 2010). This indicates that mutation rates can be substantially less restrict-
ing than initially thought, because neutral and compensatory changes tend to
dampen the effects of deleterious mutations even more, allowing a relaxed error
threshold (Kun et al., 2005). Moreover, recently an RNA polymerase has been en-
gineered, capable of accurately synthesizing a wide spectrum of RNA-sequences
of up to 95 nucleotides in length (Wochner et al., 2011), and RNAs capable of
biochemical catalysis are likely to be quite common in sequence space (Knight
et al., 2005).
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Given the above considerations, the common reputation of the information
threshold might have to be reconsidered. The dynamics of evolution itself im-
poses patterns on the coding structure of replicating units(Hogeweg and Hes-
per, 1992) and as such we will regard the information threshold not merely as a
problem of information limitation, but more as a structuring constraint for evol-
ution, shaping how coding structures and complexity of replicators evolve (see
also Chapter 4) (Takeuchi and Hogeweg, 2008).

In a model-universe where only a small set of conformations of RNA-sequences
is considered to be ‘functional’, while all misfoldings are considered to be ‘toxic’,
we ask: can replicators employ self-modification of genetic information to alter their
genotype-phenotype mapping in order to evade the information threshold, and, how
does the information threshold shape the structure of coding of evolved replicators?

5.2 Results

The evolution of complexity is studied in protocells evolving towards a set of
25 pre-defined ‘functional’ secondary structures. Two distinct sets of 25 target-
structures are used (see Methods section). Protocells are a limited set of RNA-
sequences (default maximum of 50), which are folded according to the algorithm
of the Vienna RNA package (Hofacker et al., 1994). The resulting structure of a
sequence is regarded as functional when the coarse grained structure (shapiro
structure (Shapiro, 1988)) matches a target-structure. Fitness given by a struc-
ture depends on the distance to the full secondary structure of the target (how-
ever, neglecting any dangling ends). The fitness of a protocell is the sum of the
fitness given by all its unique functional structures (no dosage effect). All mo-
lecules which are not functional (not matching any structure in the target-set),
are regarded as toxic and shorten the average lifespan of cells. Note, that in our
case the majority (±95% for both target sets) of structures is considered to be
toxic, making the role of negative selection against unwanted molecules as im-
portant as the selection for reproductive fitness.
A minimal implementation for adapters is chosen, which could involve either
chemical modification or binding induced alteration. Hence, RNA-sequences fold-
ing into a secondary structure consisting of a single hairpin-loop, are regarded as
‘RNA-adapters’. Note that early experiments (data not shown) showed that the
exact predefined structure is not important for the results. RNA-adapters can bind
reversibly, and only if binding free energy is less than 4 kcal/mol. When an ad-
apter binds, it blocks certain nucleotides, which can possibly lead to a change in
the conformational state of the bound RNA-sequence. How the new folding is
achieved and the impact an adapter can cause on the structural conformation of
the bound sequence, is illustrated in Figure 5.1. Nucleotides of an evolved RNA-
sequence are colored in the secondary structure of the adapted molecule, accord-
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ing to the base-pairings formed in the secondary structure without adapter. As
shown, under guidance of a co-evolved adapter (blocking only four nucleotides),
all nucleotides are base-paired differently.

Figure 5.1. Usage of RNA-adapters. The conformation of RNA-molecules can be
guided by the anti-sense binding of RNA-adapters (hairpin). By having an adapter,
two distinct structures can be transcribed from the same sequence. Both foldings
are regarded as functional and provide fitness for a protocell if matching a target-
structure. Adapter change in base-pair configuration is shown by giving correspond-
ing colors to the nucleotides in the formed base-pairs of the primary folding. In this
case, the blocking of four nucleotides by an RNA-adapter leads to a different pairing
of all nucleotides.

The total number of structures a protocell can possibly produce (codes for),
defines the ‘phenotype’ of this protocell. With this multi-molecule genotype-
phenotype mapping, the incorporation of a single RNA-adapter can thus provide
a general self-modifying tool, potentially doubling the functional structures coded
for by all other RNA-sequences in the cell. Note however, that such a one-to-many
genotype phenotype mapping might potentially lead to a considerable amount of
toxicity. Nonetheless, by having RNA-adapters, a protocell can code for more
foldings than it has RNA-sequences. This is detailed in Figure 5.2, showing a
protocell (evolved with target set 2, µ = 1e−5, constrained to 10 sequences),
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which evolved one adapter among multiple RNA-sequences. Depicted are all the
structures a single protocell can potentially produce (in the gray panels) from
the information it has coded on its genotype. The RNA-adapter (top) is able
to bind to ‘regular’ RNA-sequences with the nucleotides colored red. All other
RNA-sequences in the protocell have evolved a specific site (in red) where the
RNA-adapter can bind.
Population dynamics are given by competition and replication of protocells. Pro-
tocells transfer all genetic material (that is, all RNA-sequences) to their offspring
at once, under consideration of mutations. In short, we defined a single level
evolutionary system and only competition between protocells is considered, not
between molecules within a cell. Focus is on the transfer of genetic material (cod-
ing for functionality) by replicators. For further details, see the Methods section.

Figure 5.2. One adapter guides many sequences. Multiple RNA-sequences can be
guided differently by one RNA-adapter. Shown are the unfolded RNA-sequences,
their original secondary structure (outer panels) and the guided secondary struc-
tures (middle panel) when the adapter (shown at the top) binds to the binding sites
shown in red. RNA-sequences are co-evolved with the adapter, such that all sequences
can code for two distinct functional structures, coding for 18 target structures in total.

Now we will study the relationship between mutation rates, genome size and
usage of coding, given the possibility of RNA-adapters. After identifying the gen-
eral trends and characteristics of the system we will detail the evolved molecular
interaction structures in the protocells and elaborate on the exact nature and im-
plications of adapter usage by protocells. Finally we will scrutinize the evolved
coding structures and communication between sequences and RNA-adapters.
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5.2.1 Changing Coding Structures Under Increased Mutation
Rates

Genome size (number of nucleotides or the sum of the length of all RNA-
sequences in a protocell) and fitness of evolved protocells is studied in simulations
under increasing mutation rates. For the two target sets, four simulations are per-
formed with the mutation rates µ = 1e−5, 1e−4, 5e−4, 1e−3. In each simulation,
the last common ancestor is taken, of which length and fitness is given in Fig-
ure 5.3a. Genome-size decreases under increased mutation rates for both target
sets, indicating the size-limitations posed by the information threshold. However,
under most severe mutation rates, fitness is restored to values comparable to the
fitness of protocells under low mutation rates. For target set 2, this already hap-
pens with mutation rate µ = 1e−4: fitness is kept more or less constant, while
the decrease in genome size is considerable. For target set 1, fitness decreases
under mutation rate = 5e−4 and only under the highest mutation rate, fitness is
restored. Thus, overall, under increased mutation rates the protocells are able to
achieve fitness with much shorter genomes. This suggests a change in the way
information is coded on the genome, compensating smaller genomes by employ-
ing a different coding structure. If mutation rates are even more increased (to
5e−3 and higher, data not shown), fitness drops to values fluctuating approxim-
ately between 1. and 5. and the functional structures cannot be kept over time.
Almost random drift of functions and fitness indicates that the protocells are over
the information threshold.

The change in coding structures under high mutation rates is confirmed, on a gen-
eral level, in Figure 5.3b. Depicted are the number of RNA-sequences a genome
encodes and the number of structures a protocell can produce with this. As there
is no dosage effect assumed, multiple copies of the same function do not give any
fitness advantage. However, under moderate mutation rates, redundant coding is
used as a backup for fitness-providing RNA-sequences and protocells have more
RNA-sequences than functional structures.
The protocells in Figure 5.3b which use RNA-sequences to code for adapters,
correspond to the small sized genomes of protocells in Figure 5.3a. In these
protocells, the majority of functional structures are produced under guidance of
RNA-adapters and a set of functional structures of comparable size is achieved
with only a fraction of coding size, used under moderate mutation rates. Also
note the only simulation with target set 2 under µ = 1e−4, where RNA-adapters
are incorporated, enabling this protocell to code for more functional structures
than the other evolved protocells under this mutation rate, and a higher fitness.
These observations show that mutation rates impose a restriction on the used
coding length during evolution, similar to that described in other work (de Boer
and Hogeweg, 2010). This restriction in usable genome length forces protocells
to gain functionality despite the limitations in genome size they can maintain. In
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Figure 5.3. Relation between mutation rates, genome size and fitness. (a) Muta-
tion rates, genome size and fitness of the last common ancestors for the different
mutation rates and the two target sets. For each mutation rate four repetitions of a
simulation (circles and stars) with a different seed and the average, are shown. Ex-
cept for target set 1 under µ = 5e−4, the decrease in genome size does not lead to
a comparable decrease in fitness. (b) Number of sequences (above) and the func-
tional structures encoded (below), for both target sets under the different mutation
rates. Blue bars are the total number of sequences and structures. Yellow bars de-
pict the number of sequences coding for adapters (above) and functional structures
guided by adapters (below). While under low to moderate mutation rates almost
all functional structures are acquired without the need for RNA-adapters, under high
mutation rates, they are commonly incorporated into the coding structure of proto-
cells. This transition explains the relation between mutation rates, genome size and
fitness, observed in (a).

other words, coding capacity can be enhanced by the use of adapters. However,
in the studied simulations, adapters are used only under increased mutation rates.

5.2.2 Adapter Usage

The molecular composition in protocells under severe mutation rates in Fig-
ure 5.3, show more than twice as many functional structures, as RNA-sequences
used to code for these structures. The mechanism by which this is achieved, is in
the line of Figure 5.2 and shown in Figure 5.4. Only a subset of the RNAs on a
genome evolved under µ = 1e−3 (with target set 2) are displayed. With six differ-
ent adapters, one ‘regular’ RNA-sequence maintains enough information to code
for seven distinct functional structures. Next to the primary function obtained by
folding the original sequence, six binding sites can be identified, specific for the
six RNA-adapters (colored red, although with some overlap). By binding to these
binding sites, different RNA-adapters act as specific modification machinery, each
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Figure 5.4. Many adapters guide one sequence. Having multiple adapters in a
protocell, can lead to an extreme concentration of different functions coded for by an
RNA-sequence. The RNA-sequence shown at the top codes for seven distinct functions
in target set 2. To the left and right of the middle panel, the six RNA-sequence which
code for an adapter and their secondary structures (always a single hairpin loop) are
shown. These adapters bind each to a different site, guiding the RNA-sequence into
a different folding.

changing the minimal energy conformation of the sequence in their own specific
way. The minimum free energy folding of the modified sequences is found to be
comparable to the original folding (without the free energy of the adapter-binding
itself taken into account).

Concluding, protocells under high mutational pressure can compensate for a
small genome size by adopting complex molecular coding structures, increasing
the coding capacity of RNA-sequences by evolving general and/or specific code-
modification machinery. The code used between such RNA-adapters and regular
RNA-sequences play a key role in this and will be studied next.
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5.2.3 Arbitrary Coding used for Molecular Communication

In our model, both sequence and adapter have to evolve a sequential ‘code’ to be
able to correctly base-pair adapters and RNA-sequences in a protocell. The arbit-
rariness of such evolved codes is exemplified in Figure 5.5. All RNA-sequences,
the functions they encode, and the binding site of adapters are displayed for four
simulations, only differing in random seeds, for target set 2, µ = 1e−3 (see Fig-
ure 5.3). Each row of the matrix represents an RNA-sequence with its realized
primary function and each colored grid point corresponds to the function this
RNA-sequence codes for under guidance of an adapter. Note that grid points with
letters represent RNA-sequences in the same protocell with the same primary
function, suggesting the independent specialization of self-modification of two
copies formed by duplication.
It is evident that, although evolved under exactly the same global circumstances,
each simulation produces protocells with a distinct combination of primary and
guided functions on their RNA-sequences. Not only the combinations of functions
over sequences is evolved at liberty, but also the coding used for molecular com-
munication is seemingly assigned at random. Notable is, that out of the 136 here
reported function transitions only one leads to a toxic structure (green adapter 3).
This shows that not only functional interactions did evolve, but also that all other
interactions which produce toxic structures are successfully avoided.

5.2.4 The Role of Redundancy and Complex Coding Structures

Protocells in the described simulations can have up to 50 RNA-sequences, while
both target sets contain only 25 possible functional structures. When not restric-
ted by the information threshold, protocells are essentially free to ‘choose’ how
they code for their phenotype. Therefore, it could be hypothesized that under
low mutation-rates protocells do not need coding capacity enhancement, because
they can maintain genome sizes large enough to code for all functions. However,
analysis of the redundancy of coding indicates that this is not the whole story.

Figure 5.6 shows the results for simulations where the number of RNA-sequences
in a protocell is restricted independent of mutation rates. Evolving towards tar-
get set 2, protocells are limited to having a genome at most consisting of 10 or 25
RNA-sequences. In the first case, this boils down to the necessity of using RNA-
adapters in order to gain maximum number of functional structures and fitness.
In the latter, cells can code for full functionality without adapters, but are restric-
ted in the redundancy of RNA-sequences.
As shown in Figure 5.6, such a limitation results for almost all simulations in the
use of adapters. Thus, we can conclude that limiting redundancy facilitates the
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Figure 5.5. Evolved codes of adapter-sequence interaction sites. Matrix depicting
the transformation of primary functions into other functional conformations by guid-
ance of adapters. Colors correspond with the best protocells evolved in four duplicate
simulations (µ = 1e − 3, target set 2), only differing in random seeds. All simula-
tions evolve their own specific molecular structure to code for information on their
genome. Moreover, for all transformations, the exact code used (bounded stretch of
nucleotides) is given. Rows with letters represent multiple RNA-sequences (within
the same protocell) which share the same primary function, however they differ in
the set of guided functions. The numbers of functions correspond to the secondary
structures depicted in the method section (Figure 5.7), counted from the upper left.

evolution of self-modification machinery under low mutation rates. However, the
exact implementation of RNA-adapters is still dependent on mutation rates. While
under moderate mutation rates, a majority of functional structures is still coded
for as the primary function on a sequence, under severe mutation rates this ratio
is inverted and most functional structures are coded for under guidance. That is,
the degree of enhancement of coding capacity still depends on mutation rates.
With increasing mutation rates, phenotypes of protocells are coded for on smaller
sized genomes. Moreover, the convergence of genome sizes under high mutation
rates, suggest that the upper bound for genomes is determined by mutation rates
instead of external limitation.
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Figure 5.6. Cell-size limitation. (a) Genome size and fitness of the last common an-
cestors for simulations with the number of sequences limited to 10 and 25 sequences.
For each mutation rate four repetitions of a simulation (circles and stars) with a dif-
ferent seed and the average, are shown. Note that results under high mutation rates
differ the least, suggesting a ‘natural’ upper bound for genome size. (b) Number of
sequences (above) and the functional structures encoded (below), for both limita-
tions with the four mutation rates. Blue bars are the total number of sequences and
structures. Yellow bars depict the number of sequences coding for adapters (above)
and functional structures guided by adapters (below). By restricting the number of
sequences, redundancy is suppressed and adapter usage is promoted.

Interestingly, in the case of the maximum of 10 RNA-sequences, only under higher
mutation rates more than one adapter is used, which results in the unexpected
reversal: protocells under severe mutation rates obtain the highest fitness. This
is, most likely, because the adaptive valley, formed by a decreased fitness (e.g..
a functional structure has to be sacrificed to code for an RNA-adapter), and in-
creased toxicity (by the introduction of a new RNA-adapter), cannot be crossed.
Thus, redundant coding impedes the evolution of self-modification machinery on
a genome, in effect restraining the evolvability of coding structures. However,
when redundancy is restricted (by either mutation rates or external limitation),
coding capacity can be enhanced by adopting a complex coding structure, guided
by adapters. Hence, an increase of mutation rates not only force protocells to
employ complex coding structures, but also facilitates the evolution of adapters.
But what happens when the protocells manage to decrease mutation rates? We
observe that when subjecting a population initially evolved under high mutation
rates, to low mutation rates, the adapter machinery is kept. However genome
sizes can increase due to the reduced mutational pressure. This results in a cod-
ing structure which is not observed to evolve in simulations with constant low
mutation rates: whereas redundancy prevents adapters to evolve, redundancy
can evolve when adapters already have evolved. Hence, these results show that
the limits posed by the information threshold are in fact responsible for the devel-
opment of a compact and ‘complex’ structure of coding, observed in our model-
universe.
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5.3 Discussion

Not only in present day organisms RNA-modification has an important role. It has
been claimed that at least a simple form of alternative splicing may already have
been present in the unicellular ancestor of plants, fungi and animals (Irimia et al.,
2007). RNA has also been suggested to have regulated and controlled cellular life
all the way from the origin of life (Mello and Conte, 2004). Primitive chaperones
could well have been present in the ‘primordial soup’ (Csermely, 1997) and one
of the oldest regulatory systems is represented by structural RNA regulators in
the form of riboswitches (Vitreschak et al., 2004). We studied the evolution of
coding structures in RNA-based protocells when given the possibility to code for
adapters, representing a simple abstraction of such RNA-RNA modification ma-
chinery.
Results show that the use of adapters in combination with the properties of RNA,
allow for the evolution of a one-to-many genotype-phenotype mapping, where ge-
netic information is combined and multiple functional structures can be generated
from a single sequence. Self-modification of the genotype-phenotype mapping of
a replicator can thus effectively pave the road for more complex coding struc-
tures to evolve. Hence, the proposed mechanism could be a way to increase the
functional repertoire and complexity of early life replicators with only small sized
genomes, evading the limits posed by the information threshold, while main-
taining complex coding structures. By successfully enhancing code capacity, the
mutational landscape of a replicator is altered and more advanced mechanisms,
as found in contemporary organisms (like RNAs chaperoning proteins or differ-
ently translated RNA-molecules from DNA by using pre-mRNA and alternative
splicing), may come within reach.
However, we should mention that in the light of prebiotic evolution, ‘realistic’ pro-
tocells would not be able to transmit all the information of a parental protocell to
its daughter protocells at once, as is assumed in our model. That is, here we study
the information content of single level replicating systems, as ‘cells’ which contain
several RNA-sequences. This is a single level process, because the replication of
the RNAs is directly coupled to the reproduction of the containing cells (According
to (Szathmáry and Maynard Smith, 1997) the correct phrase in this case would
actually be ‘reproducer’). This can be seen as a shortcoming of our approach, as
in early evolution it should be expected that RNAs replicate independently and
that these replicating RNAs are (randomly) divided when protocells split. Such
unequal distribution of templates in daughter cells leads to a two level selection
process, where selection on the cell level may counteract selection on the rep-
licator level, as first shown in the stochastic corrector model of Szathmáry and
Demeter (Szathmáry and Demeter, 1987), and further studied by e.g. (Hogeweg
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and Takeuchi, 2003; Takeuchi and Hogeweg, 2009). However, such dual level
selection does not solve the Eigen paradox(Hogeweg and Takeuchi, 2003; Sil-
vestre and Fontanari, 2005). Neither does linkage of templates enabling equal
distribution of the templates in daughter cells, as already noted by Eigen (Eigen
et al., 1980). We choose to study a simpler model with linked RNA-sequences,
to be able to focus on the potential increase of functional information carried by
protocells due to "smart" coding. Challenge remains to investigate if the observed
results can also be achieved in multi-level replicating systems or when RNAs are
assumed to be the main replicators.
What we can learn from this model, is that the limits to the versatility and pos-
sibilities of the evolution within an RNA-landscape have not yet been reached.
Rather than solving the information threshold, our results show that by including
evolvable molecular interactions, the relation between genomes and phenotype
can go beyond the (physically) determined genotype-phenotype mapping. The
way information is accumulated and how coding structures are shaped, depends
on limitations posed by the information threshold (de Boer and Hogeweg, 2010).
That is, enhanced code capacity given by adapter based genotype-phenotype map-
ping modification, is observed only under high mutation rates. The explanation
for this is two-fold. First, the information threshold forces replicators to ad-
opt a compact and ‘smart’ structure of coding to alleviate mutational pressure.
Secondly, the information threshold reduces the length of coding that can be
maintained, which leads to less redundancy on a genome. This allows adapter-
molecules to be more easily incorporated in the genotype because the likelihood
of toxicity is reduced. The role of toxic molecules is most obvious by regarding
the linkage between mutation rates and genome-size. While single mutations
can affect fitness only through changes in secondary structure, the main (negat-
ive) effect is given by the toxicity of misfolded structures. Such a relation between
mutations and toxicity is described for protein evolution, where it has been shown
that protein structures may be remarkably tolerant to many mutations (Tiana
et al., 1998), while unstable essential proteins result in lethality through misfold-
ings (Chen and Shakhnovich, 2009). Our model shows that when the toxicity of
such misfolded molecules is taken into account, redundant coding impedes the
evolution of self-modification machinery on a genome, in effect restraining the
evolvability of coding structures. However, under increased mutation rates or
an external limitation of the number of RNA-sequences in a protocell, redundant
coding is suppressed and coding capacity can successfully be enhanced by the use
of self-modification machinery. This increased coding capacity could be exploited
when mutation rates are lowered to code for novel machinery, e.g.. repair mech-
anisms and therewith lowering mutation rates even further.

Finally, we showed that an arbitrary coding used for ‘communication’ between
adapters and other sequences is readily evolved. Such arbitrariness of biological
coding is recently nicely demonstrated (Isaacs et al., 2011). The randomness of
the coding used for communication between adapters and sequences is also in ac-
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cordance with the recent finding of low sequential conservation of sRNA-mRNA
interaction sites (Richter and Backofen, 2011).
However, despite the power of the described self-modification machinery and its
arbitrary code, there is the potential danger of interference between the func-
tional structure of molecules and the coding used for adapters. Interference
between different functions encoded on one RNA does occur in present day or-
ganisms. For example, the structure of RNA will constrain the variability and
evolution at the protein level (as shown for the evolution of HIV (Sanjuán and
Bordería, 2011)) and the other way around, the conservation of a protein code in
an RNA sequence will put restrictions on its potential to evolve certain secondary
structures (Huynen et al., 1993). Moreover, folding of proteins is an especially
error-prone process that requires help from molecular chaperones, and it has been
suggested that chaperoning was not only a common feature of several ancient
proteins and RNAs, but that it was also necessary for the evolution of modern
protein enzymes (Csermely, 1997).

5.3.1 Conclusion

This study sheds new light on the relationship between mutation rates and replic-
ator complexity. Allowing for the self-modification of molecular functions by the
binding of anti-sense molecules gives replicators a new degree of freedom in how
they ‘choose’ to code for their phenotype. Results show that protocells success-
fully employ RNA-adapters, to gain functionality, and/or to decrease genome size
under high mutation rates. The avoidance of unwanted interactions (those which
lead to toxic misfoldings), make redundancy a barrier for the evolution of code
capacity enhancement. In effect, by the limitation of such functional redundancy,
mutation rates pave the road for incorporating self-modification machinery on
a genome. We show that, when taking RNA-RNA modification interactions into
account, the information for multiple functional structures can be coded for on a
sequence, and by enhancing coding capacity, the limitations posed by the informa-
tion threshold can be effectively alleviated. Hence, already when taking (simple)
molecular sequence-modification tools into account, the information threshold
has to be considered more as a structuring constraint, shaping the structure in
which phenotypes of replicators are coded for on a genome.

5.4 Methods

We model the evolution of a population of protocells. Each protocell consists of a
genome, which is a set of RNA-sequences, coding for RNA-structures (molecules).
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The multi-molecule genotype-phenotype mapping consists of all RNA-sequences
being folded (based on the the Vienna RNA package (Hofacker et al., 1994)),
providing a phenotype of all the structures a cell can possibly produce from its
genotypic information. Molecules consisting of a single hairpin-loop (Shapiro
notation: (((H)S)R) ) are defined to be ‘RNA-adapters’. RNA-adapters can guide
the folding of other RNA-sequences by base-pairing. If a protocell has at least
one RNA-adapter, it is calculated for all other sequences in the protocell if the
adapter(s) can bind. The hairpin of an RNA-adapter can only bind to other se-
quences in reversed orientation, that is from the 3’-end to the 5’-end of the loop.
However, a bounded stretch of nucleotides should always be followed with a non-
bound nucleotide on the 5’-end. The lowest free energy is calculated which can
be obtained by (reversed) binding of the adapter antisense without gaps to the
structure under guidance. Free energies are calculated according to the free en-
ergy contributions from stacked base-pairs as in the Vienna package (Hofacker
et al., 1994). Only free energy smaller than -4.0 kcal/mol are considered suit-
able and the actual bound stretch of nucleotides is blocked (substituted by an ‘x’),
after which the RNA-adapter releases again. The evolved adapter-interactions
have much lower free energy bindings (being only small stretches). If multiple
binding sites with exactly the same free energies are determined, the adapter
binds only to most upstream site of the RNA-sequence.

When an adapter can bind, the structure under guidance is folded, based on the
sequence with certain nucleotides blocked. An example of a protocell with two
structures of which one is an RNA-adapter is given in Figure 5.1 (results section).
Note that if a protocell contains multiple RNA-adapters, this can possibly give rise
to several more functions of the original RNA-sequence (for example, see Fig-
ure 5.4). RNA-adapters cannot code for other functions or be bound by other
adapters. All functions (that is, the sum of all primary and guided structures)
produced by all the RNA-sequences, are considered. In the case of the example
in Figure 5.1 the protocell would thus have two functions (one primary and one
guided function), Figure 5.4 depicts 7 functions.
Fitness is based on the number of predefined target structures a protocell can po-
tentially transcribe. That is, if a folding of a sequence matches the course grained
structure in Shapiro notation (Shapiro, 1988) of a target-structure, the distance
of the secondary structures without dangling ends (based on their alignment),
relative to the length of the target-structure is computed. Dangling ends are
discarded from fitness to provide some flexibility in coding for multiple target-
functions of different length. The actual fitness which is gained by a protocell
by having a folding then is e−d/l, with d being the distance to, and l the length
of the secondary target-structure with the same shapiro structure. Note that in
this way, ‘functionality’ of molecules is defined coarse grained and the specificity
of a structure (matching the full secondary structure) tells how well a function
is performed. Each function can be performed only once, so within a protocell
only the structures matching a target-structure best are considered for fitness.
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Foldings of sequences which do not match (coarse grained) any target-structure,
are considered toxic. Here, toxicity is implemented as an increased death rate.
However, the implementation of toxicity does not matter for the reported results.
Experiments where misfoldings lead to a decreased overall fitness for replication
instead of an increased death rate did show the same trends (see Figure 5.S2 of
the supporting information).

Figure 5.7. Secondary structures of the used target sets. The different secondary
structures which are defined to be functional in our model universe. (a) Target set
1, (b) target set 2, (c) the number of secondary structure (from a million random
RNA-sequences of length 80± 10) which fold into a specific shapiro structure. In red
are the shapiro structures of target set 1, in green those from target set 2. Note that
only a part of the distribution is shown. A total of 2130 Shapiro structures with an
abundance of less then 100 secondary structure is not shown.

The secondary structures of all targets are depicted in Figure 5.7. To obtain tar-
get set 1, a million random RNA-sequences of length 80± 10 were folded and the
abundance of their coarse grained structure was counted. With the most common
structures as target set, the chance for replicators to have a considerable amount
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of functional molecules at initialization is very high. Therefore, to be able to
study an evolutionary trajectory towards a set of targets, we choose to pick a
set of structures which are less abundant. Together, the frequency of random se-
quences having a coarse grained structure which is in this target class is 4.65%.
Target set 2 consists of ‘real-life’ RNA-structures predicted to be functional, picked
from the fRNA-database (http://www.ncrna.org/frnadb/). These structures were
(hand)picked with ‘different’ as the most important criterion. Note that the major
objective of this set is to show the independence of our results towards choice of
target. The frequency of random sequences (length=80 ± 10) folding into this
target set is 5.9%. The distribution of abundance of both target sets is shown in
Figure 5.7 c. It can be seen that the total abundance is comparable, however the
structures of target set 2 are less localized in the distribution, compared to target
set 1. Note that also the least frequent structures of target set 2 are evolved in
several simulations.
Replication is asexual and achieved by copying an entire genome into a new pro-
tocell. However, during copying, complete RNA-sequences can be duplicated or
deleted with probability 5e−3 per RNA-sequence. On the level of the molecules,
a part of the sequence (random length) can be either duplicated or deleted, both
with a probability of 1e−4. Finally, single nucleotides can be deleted, inserted
or mutated, with probability µ. When discussing the role of mutation rates, this
considers the µ on the level of the nucleotides only.
Our model universe comprises a spatially explicit population of protocells. Each
of the protocells can inhabit a position on a 50x50 grid. The boundaries of the
grid are toroidal and protocells can interact only within their local neighborhood,
consisting of their own position and the eight adjacent positions (Moore neigh-
borhood). Empty squares of the grid act as resource. Competition for an empty
square is between all neighboring protocells. Between competing protocells, the
probability that one is selected, is proportional to its f3 where f is the sum of all
fitness provided by the target structures it can produce.
We used this spatial setting as default. However, when the population is mixed
at each time step, similar results are observed: the evolution of adapters can
increase coding capacity at high mutation rates, however adapters evolve less fre-
quently (see Figure 5.S1 of the supporting information). Thus, although a spatial
setting has a positive effect over the well-mixed case, as we tend to see in general,
it is not necessary for the main results reported in this paper.

Finally, all protocells decay with the probability of 0.4 plus an extra 0.02 for each
non-functional folding it contains. Simulations are started with a population in-
habiting ∼40% of the grid with protocells containing five random RNA-sequences
of length 50 ± 20 (note that this is below the average length of the target sets).
All reported simulations are run for 7.5e5 time steps.

95



Chapter 5. Less Can Be More

5.4.1 Observables and Ancestor Lineages

Every 1000 time steps statistics on the population are recorded. The evolution-
ary trajectory of a simulation is best studied and visualized by determining the
ancestor lineage. That is, all protocells during evolution carry a unique identifier
and the identifier of its parent. After a simulation has finished, the protocells
inhabiting the last population can be traced back and all ancestors (out of the
recorded populations) leading to this last population can be identified. This gives
us the ancestor lineage, which in hindsight contains all protocells which lead to
the dominant genetic content of future generations.
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5.5 Supporting Information

We used spatial embedded populations as a default. However, in Figure 5.S1
we show that in the current study spatial embedding is not necessary. When the
population is mixed at each time step, similar results are observed: although ad-
apters evolve less frequently, the incorporation of adapters still allows protocells
to modify their genotype-phenotype mapping, enabling them to increase coding
capacity at high mutation rates. Shown are mutation rates, genome size and fit-
ness for the last common ancestors of four simulations for the different mutation
rates with target set 2 in a well mixed population. Number of sequences is limited
to 25. For each mutation rate four repetitions of a simulation (stars) with a differ-
ent seed and the average, are shown. Upper squares point out those simulations
which use adapters to modify their genotype-phenotype mapping. The evolution
and incorporation of adapter-usage is observed less frequently (compare with res-
ults of Figure 5.6 of the main text). Therefore on average, genome size decreases
less and fitness decreases more compared to the spatial setting. However when
adapters are evolved, this leads to considerable higher fitness on smaller sized
genomes, comparable to the spatial case.

To exclude dependency of our results on the implementation of toxicity as an in-
crease in death rate, experiments are conducted where toxicity is implemented as
a negative effect on reproductive fitness. Every misfolding leads to a decrease of
0.2 in fitness. Shown in Figre 5.S2 are mutation rates, genome size and fitness
for the last common ancestors of four simulations for the different mutation rates
with target set 2, number of sequences is limited to 25. For each mutation rate
four repetitions of a simulation (stars) with a different seed and the average, are
shown. The squares on top depict if adapters are used in that specific simula-
tion. The same trends are observed as in the default (compare with results of
Figure 5.6 of the main text). This shows that the results do not depend on our
implementation of toxic misfoldings.
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Figure 5.S1. Relation between mutation rates, genome size and fitness in a well-
mixed population.
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Figure 5.S2. Reproductive toxicity.
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Chapter 6. Genotype-Phenotype Map Plasticity of RNA

Abstract

Besides the myriad of biological roles in contemporary life, RNA can also act
as a paradigm for genotype-phenotype mappings in general. It can be used to
identify the important general properties of genome structure and its mapping
to functions, providing insights for the evolution of complexity. In this paper
we will focus on multiple coding. That is, we study three different one-to-many
genotype-phenotype mappings, which have the potential to encode the informa-
tion for multiple functions on a single sequence.

These three different maps are (i) cofolding, where all combinations of two se-
quences bind and “cofold”, (ii) suboptimal folding, where the alternative foldings
within a certain range of the native state of all sequences are considered, and
(iii) folding with binding induced sequence modification, in which replicators
can evolve a simple form of RNA-modification.
The evolution of complexity is studied, considering not only reproductive fitness
of RNA-based replicators, but also the degenerative toxicity of misfoldings, i.e.
non-functional structures have to be avoided. In such a universe, where inform-
ation accumulation is limited by large areas of phenotype space being toxic, we
observe that RNA-based replicators can still adapt to the environmental circum-
stances by exploiting the plasticity of their genotype-phenotype mapping. How-
ever, while suboptimal folding and RNA-modification allow for a large degree of
freedom in choosing how to code for information, replicators under the imposed
cofolding regime are the least flexible, resulting in high rates of toxicity and lower
fitness. We conclude that in order to shape a genome such that it can code for in-
creasing complexity, even under limitations posed by error-prone replication, the
genotype-phenotype map has to be flexible, which is achieved by moving beyond
the traditional minimal energy sequence to (secondary) structure mapping.
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6.1 Background

In the light of bioinformatic processes, RNA was long considered to be only an
intermediate molecule, translating genetic information, stored on DNA, into func-
tional proteins. Yet, besides a plethora of new functions of non-coding RNA (not
encoding proteins) which have been discovered in the past few years (Bomp-
fünewerer et al., 2005), more and more evidence is revealed about a layer of
regulation largely consisting of RNA, which actually governs information to func-
tion processing. That is, most cellular processes may be modulated by micro-
RNAs (van Kouwenhove et al., 2011), and it is generally accepted that pheno-
typic divergence in animals is based not on the divergence of genetic information
itself, but on the variation of the regulatory information that controls the expres-
sion (Mattick et al., 2010). In other words, the already complex mapping between
information and functionality is often also subject to modifications and/or de-
pendent on interactions between molecules.
In addition, in contemporary organisms the use of information is not as straight-
forward as often thought: genetic information is frequently arranged in an inter-
leaved overlapping fashion in both DNA and RNA, and two or more transcripts
from the same locus might use a common sequence in different ways, to perform
distinct biological roles (Tuck and Tollervey, 2011). For example, next to coding
and non-coding RNAs, also bi-functional RNA exist, which are RNA that carry
both RNA-translatable and RNA-intrinsic functions (Ulveling et al., 2011), and
RNAs may have multiple functions (Dinger et al., 2011).
Thus for the evolution of complexity, RNA might be the key player in its role
of regulator and modifier of information-expression. Besides, the genotype-
phenotype mapping of RNA is also considered to be a paradigm model to study
evolutionary processes (Fontana and Schuster, 1998; Fontana, 2002). Hence, the
use of an RNA-model for information processing can be seen either providing in-
sights in the potential role of RNA in the evolution of complexity, or to identify
the important general properties of genome architecture and its mapping to func-
tions. The research presented here will focus on the potential of the modification
and alteration of coding structures. That is, we aim to provide insights for the
one-to-many mapping of RNA, and therewith also to investigate the possible role,
multiple coding could have played in an early stage of evolution. What intrinsic
properties does RNA exhibit that makes it so useful to perform multiple functions?
To address this question, we consider the evolution of abstract protocells, consist-
ing of RNA-sequences. We will not consider regulation in the general sense, but
only a simple mechanism for the alteration of the phenotype, coded for by in-
formation through (binding-)interactions of molecules. Recently we showed that
under increasingly error-prone replication, the inclusion of such binding induced
modification (through evolving RNA-adapters) can lead to a complex multiple
coding structure (Chapter 5). Yet, besides this explicit mechanism for one-to-
many coding, RNA itself has already the propensity for multiple coding in several
ways. However, it is not clear if these properties can potentially provide the same
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flexibility and thus comparable results as RNA-modification. Hence, we compare
the RNA-adapter system with two inherent properties of RNA: the ability of RNA
to adopt alternative states and the ability of RNA-sequences to cofold with each
other. We explore the potential of these RNA genotype-phenotype mappings in
the light of the evolution of complexity and focus on the general properties of
the one-to-many genotype-phenotype mapping, such as the flexibility of coding
structure.

6.1.1 Plasticity and Toxicity

The plasticity of genome architecture observed in contemporary organisms is
surprising (Denoeud et al., 2010), and this might be an important feature for
evolvability, providing variability (Ancel and Fontana, 2000). The provided flex-
ibility of the plastic use of genetic information is nicely illustrated by introns and
exons, which are found in genes of almost all organisms: non-coding parts of
the genotype have to be removed before translation into function. The flexib-
ility given by alternative readouts and different combinations of these introns
and exons allows for the coding of multiple proteins on a single gene and thus
for information to be stored much more economically (Black, 2003). Moreover,
most of the removed information before translation (e.g. the introns) are further
processed after splicing, giving rise to functional non-coding RNA, used for regu-
lation (Fedorova and Fedorov, 2003).
From this example, two conceptual observations have to be made: code can be
used differently by ‘applying’ a different genotype-phenotype map, while the se-
quential information itself (by having a particular ‘code’) can feedback to provide
some ‘regulatory’ processes in this genotype-phenotype map. However, a large
proportion of human genetic disorders results from such wrongly interpreted spli-
cing variants (Matlin et al., 2005), thus secondly both ‘splicing codes’ and the se-
quences corresponding to the introns and exons should be specific and precisely
identified to prevent nonsensical messages and wrong transcriptions. In this pa-
per we will study the relation between these two aspects. How does the plasticity,
and potential adaptivity, of a genotype-phenotype mapping feed back on evolu-
tion, taking into account selection for avoiding unwanted phenotypes.

The folding of RNA sequences into secondary structures is an ideal case to imple-
ment these concepts. In the narrow sense of RNA folding, the properties of RNA,
naturally brings ‘toxicity’ in many ways. For example, the drawback of evolvability
given by the ‘simple’ coding which RNA exhibits, is the high propensity to misfold,
only increasing with the length of a sequence (Lorsch, 2002). As only a single or
a few possible structures usually lead to function, RNA must avoid the problem of
folding into non-functional structures, known as the folding problem (Herschlag,

102



6.2 The Model

1995). Moreover, RNAs are known to change conformation over time or adopt
different structures for the same sequence (Wuchty et al., 1999; Huang et al.,
2009; Marek et al., 2011). These conformational transitions can be tuned by
RNA, to spatially and temporally achieve a variety of functions (Al-Hashimi and
Walter, 2008), however with different conformations, none of the states should
be toxic. In the field of evolutionary computation, such multi-objective optimiza-
tion is considered as one of the hardest classes of problems (Fonseca and Fleming,
1995), yet it might be one of the essential aspects for the evolution of complexity.
Another important, yet often neglected, aspect for functioning of (macro)molecules,
is the highly crowded cellular interior (Ellis, 2001). Within such a (over-
) crowded environment, molecules are prone to inappropriate interaction with
other molecules (Dobson, 2003). In the case of the RNA model, this form of tox-
icity is captured in cofolding: the ability of RNAs to associate and together fold
into one conformation.
By including cofolding, suboptimal folding or binding induced RNA-modification,
these notions of toxicity are translated into our concept of a simple protocell, in
which a set of RNA-sequences (genotype) can produce a set of structural conform-
ations or functions (phenotype). For these multi-molecule genotype-phenotype
mappings, we will ask: How plastic are these genotype-phenotype mappings? and
How does the interplay between plasticity and toxicity influence their evolution?

6.2 The Model

The multi-molecule RNA model and the concept of toxicity is based on the same
general setup as proposed in Chapter 5. Secondary structures of RNA-sequences
are calculated according to the energy minimization-algorithm as implemented
by the Vienna RNA package (Hofacker et al., 1994). To classify both functionality
and toxicity of RNA-molecules, the complexity of sequence dependent structures
is truncated at the level of the coarse grained structure, i.e. the ‘Shapiro-structure’
which captures the structure elements like hairpin-loops (Shapiro, 1988).
Twenty-five of these Shapiro-structures are defined to be functional, while all
other Shapiro-structures are presumed to be toxic ( which is ±95% of random
folded sequences of length 80). Functionality of a molecule (fitness) is given by
the resemblance on secondary structure level. Note that in this way, the evolution
towards target-structures and the avoidance of toxicity is explicitly seperated: re-
production is solely based on fitness given by attained target-structures and tox-
icity increases the death-rate, not influencing the ability to reproduce, only the
lifespan in which a protocell might reproduce.
A set of RNA-sequences (genotype), we call a protocell. This is the level of se-
lection and replication. The phenotype of a protocell is the set of structures it
can produce from these RNA-sequences. Functionality and molecular interac-
tions within protocells are collapsed over the lifespan of protocells and resources
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are neglected, meaning that a sequence can be used multiple times. Thus, if a
protocell contains a sequence, it can be used for multiple structures, under rules
of the one-to-many genotype-phenotype mapping. The three models only differ
in their genotype-phenotype mapping, i.e. phenotypes are constructed differently
from the set of sequences a protocell has. The specific rules for the three multi-
molecule genotype-phenotype mappings are:

Cofolding The phenotype consists of all foldings of all sequences and all the
cofoldings of all combinations of two sequences. Sequences only cofold
together when the minimal energy of the cofolded structure is lower than
the summed energy of both separate structures, i.e. the cofolding can be
avoided when two sequences do not interact.

Suboptimal Folding The phenotype consists of all suboptimal minimal energy
foldings within 1 kcal/mol of the native states of all sequences, as given by
the Vienna package (Wuchty et al., 1999).

RNA-adapter modification The phenotype consists of all minimal energy struc-
tures of sequences and all minimal energy structures of all sequences mod-
ified by all different adapters. RNA-modification is implemented as de-
scribed in Chapter 5: molecules consisting of a single hairpin-loop (Shapiro
notation: (((H)S)R) ) are defined to be ‘RNA-adapters’ and can modify other
sequences in the protocell. RNA-adapters can bind only in reversed orient-
ation, that is from the 3’-end to the 5’-end of the hairpin-loop. An adapter
can only bind each sequence once and the nucleotides in a stretch which
are bound with the lowest free energy, are substituted with an ‘x’. Only
bindings with an energy lower than -4.0 kcal/mol are considered suitable.
If multiple binding sites with exactly the same free energies are determined,
the adapter binds only to most upstream site of the RNA-sequence. When
an adapter can bind, the structure under guidance is folded, based on the
sequence with certain nucleotides blocked. RNA-adapters itself cannot code
for other functions or be bound by other adapters.

For RNA-adapters, we use the program RNAfold after inserting an ‘x’ for each
bounded nucleotide, alternative states are computed with RNAsubopt and cofold-
ing is based on RNAcofold, all as implemented in the Vienna package (Hofacker
et al., 1994; Wuchty et al., 1999; Bernhart et al., 2006). An example of how
different genotypes map to a phenotype under the three mappings is given in Fig-
ure 1.

For all genotype-phenotype mappings, the same set of secondary structures is
defined as ‘target-structure’ (Figure 2). From the fRNA-database1 these target-

1http://www.ncrna.org/frnadb/
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Figure 1. The different genotype-phenotype mappings. An example for each map-
ping with the phenotype produced by a genotype. Genotype refers to all the inform-
ation kept in the protocell, i.e. the different RNA-sequences. Phenotype refers to all
the structures which can be produced with the folding-rules given by the genotype-
phenotype map. Cofolding has 2 RNA-sequences, which combine into six different
structures. The suboptimal folding example has one sequence which has four altern-
ative structures. Adapter based folding has three adapters and one ‘normal’ sequence.
Corresponding binding sites are colored, which result into three structures next to the
native fold.
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structures are (hand)picked to be of comparable length and with ‘different’ as the
most important criterion. The frequency of random sequences (length=80 ± 10)
folding into one of the shapiro structures of the target set is 5.9%. ‘Functionality’
of molecules is defined coarse grained and the specificity of a structure (matching
the secondary structure) tells how well a function is performed. Fitness is based
on the number of predefined target structures a protocell can potentially gener-
ate. If a structure matches the course grained structure in Shapiro notation of a
target-structure, dangling ends are removed and the string edit distance (based
on their alignment) is computed according to the methods of the Vienna RNA
package (Hofacker et al., 1994). This distance is taken relative to the length
of the target-structure (without dangling ends), and the actual fitness which is
gained by a protocell is then e−d/l, with d being the distance to, and l the length
of the secondary target-structure (without dangling ends) with the same shapiro
structure. Each function is counted for fitness only once, so within a protocell
only the best matches to target-structures are considered for fitness.
Foldings of sequences which do not match any target-structure coarse grained,
are considered toxic and increase death-rate with 0.02 per time step. A note has
to be made for the case of cofolding, where both the Shapiro and bracket rep-
resentation of secondary structures can actually be different, even when in fact
having the same base pairing, which is an unwanted side-effect of the used defin-
ition of functionality (see for example the cofolding case of Figure 1).
Replication is asexual and achieved by copying an entire genome into a new pro-
tocell. However, during copying, complete RNA-sequences can be duplicated or
deleted with probability 5e−3 per RNA-sequence. On the level of the molecules,
a part of the sequence (random length) can be either duplicated or deleted, both
with a probability of 1e−4. Finally, single nucleotides can be deleted, inserted or
mutated, all with probability µ. When discussing the role of mutation rates, this
considers the mutation rate (µ) on the level of the nucleotides only.

The population resides on a 50x50 spatially explicit, toroidal grid. Protocells can
interact only within their local neighborhood, consisting of their own position and
the eight adjacent positions (Moore neighborhood). Empty squares of the grid act
as a resource for new protocells. Competition for an empty square is between all
neighboring protocells. Between competing protocells, the probability that one
is selected, is proportional to its f3 where f is the sum of all fitness of best or
non-duplicate structures matching a target.
Each time-step, protocells decay with a probability of 0.4 plus an extra 0.02 for
each non-target shapiro-structure it contains. Simulations are started with a pop-
ulation inhabiting ∼40% of the grid with protocells containing five random RNA-
sequences of length 50± 20. All reported simulations are run for 500k time steps.
By backtracking the final population, we can identify the protocells in the domin-
ant lineage over evolution. These are the protocells we study.
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Figure 2. Target Structures All the used target-structures. Note that the dangling
ends are removed for distance measure and exact fitness

6.3 Results

To be able to analyze the observed plasticity, we first establish the allowed mo-
lecular freedom of the three different mappings. The number of structures (S)
produced, is dependent on the number of sequences (N) in different ways for the
three systems as depicted in Figure 3. On the one hand, this defines the freedom
how to code for functionality, and on the other it gives the number of structures
which has to be kept non-toxic, given the number of sequences of a protocell.
Note that adapters (α) have to evolve in order to be able to adjust the number of
structures produced per sequence, where the cofolding and suboptimal regime are
based on the intrinsic propensity of RNA for a one-to-many genotype-phenotype
mapping. That is, γij and β respectively, are properties of the sequences itself,
rather than of evolved interactions.
In Figure 4 the observed variation in evolved genotypes and phenotypes is shown

for the last common ancestors (LCA) of 16 simulations, over the four mutation
rates µ = 1e−5, 1e−4, 5e−4, 1e−3. Figure 6.4(a) shows that the simulations with
the cofolding map evolve the least number of functional structures under consid-
eration of the time given. As a result, the other two mappings can achieve on
average ±25% higher fitness than cofolding. Even more striking is the difference
in number of toxic structures. Where suboptimal and adapter based folding, are
able to succesfully avoid toxicity, cofolding has an average of almost 7 toxic fold-
ings per evolved protocell. That is, cofolding between sequences (γij in Figure 3)
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Figure 3. Sequence to structure schemes Genotype-phenotype mappings differ in
the number of structures (S) that can be produced per sequence (N). Degrees of
freedom are extended by using adapters (α), including alternative foldings (βi), or
cofolding all pairs of sequences (including self-self). γij = {0|1}, indicating the pos-
sibility of cofolding between two sequences, or the sequence-alteration by an adapter.
Note that γij , β, α are not parameters of the model, but properties of the (evolving)
sequences. For random sequences γij ≈ 1, β ≈ 7 (median), and α ∗ γij ≈ 0.
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Figure 4. Genotypic and phenotypic variation. For the different genotype-
phenotype mappings, statistics over 16 simulations, each including four simulations
with the mutation rates µ = 1e−5, 1e−4, 5e−4, 1e−3 . (a) Observed phenotypic vari-
ation, spelled out as the number of functions (blue), fitness (orange), and the number
of toxic structures (black). (b) Observed genotypic variation, expressed in the length
of the genome (blue), and the number of sequences (orange). The cofolding regime
has the least variation in genotypic information, which results in the highest rates of
toxicity and lowest fitness.
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can hardly be prevented and toxicity is hard to avoid. As a consequence of these
high rates of toxicity and low fitness, with cofolding populations tend to be ±25%
smaller (data not shown).
The difference in genotypic variation between the different regimes is consider-
ably larger. Cofolding protocells, can only maintain small sized genomes and have
6 sequences on average, where adapter based and suboptimal folding protocells
show a large range in genome size and number of sequences. Note that the low
number of sequences in the case of cofolding may still code for many structures,
because the number of structures can increase quadratically when interactions
are not avoided.
The adapter based system has the most variation in genotypic information. Here
coding-length is shown in two ways: (N) depicts the total length and number
of sequences in the protocell, while (N − α) considers only those sequences not
coding for an adapter, making a separation between the part of the genome cod-
ing for ‘functions’ and the part used to code for the modification machinery. The
difference in size-distribution between these two is small, while the number of
sequences differs significantly. Hence, when adapters are used, they tend to be
small-sized, however present in considerable amounts (see chapter 5 for a thor-
ough analysis).
Next, we zoom in on the variation over different mutation rates. Figure 5 shows
the number of sequences (black points) and how many functions each sequence
encodes (green points) under the different mutation rates. With suboptimal and
adapter based folding, a transition can be observed between ‘low’ and ‘high’ muta-
tion rates: under increasing mutational pressure, evolving protocells primarily
adapt their coding structure by decreasing the number of sequences.
In the case of adapter based folding, the decrease in genome size is compensated
with an increasing number of functional structures per sequence; i.e. an increase
of multiple coding. This is achieved with an increasing number of adapters (blue
points), correlating with the mutation rates. In the case of suboptimal folding
the compensation is observed as an increase of β: while under both µ = 1e−5

and µ = 1e−4, the median value of β for all evolved sequences is 7 (as is the
case for random sequences), under the increased mutation rates µ = 5e−4 and
µ = 1e−3, β increases to a median of 13 and 12 suboptimal foldings per se-
quence, respectively. For the inter-quartile range the opposite is observed: while
under the higher mutation rates it is comparable to the inter-quartile range of ran-
dom sequences (IQR=9 and 12 for µ = 5e−4 and µ = 1e−3 respectively; IQR=10
for random sequences), the range is kept relatively small under lower mutation
rates (IQR=4.5 for µ = 1e−5 and 5 for µ = 1e−4).
Thus, of the three mappings, only cofolding lacks the plasticity to ‘adapt’ to the
mutation rates, which is shown by only slight differences in the number of se-
quences, and a decreasing variation as a result to higher mutation rates. Interest-
ingly, this decrease does lead to a (small) decrease in toxicity, most likely because
the number of produced structures is relatively small.
In contrast with the increase of multiple coding under high mutation rates, re-
dundancy on the level of the protocell is in all three cases observed to be highest
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under low mutation rates (gray bars of Figure 5). On the other side, only in the
adapter based system a one-to-one sequence-to-function relation can be achieved
when adapters are not evolved (two cases for 1e−5 and one for 1e−4). Another
case with no redundancy (nor toxicity) is observed with adapters for µ = 5e−4

where all produced structures have a different function. Yet, despite the case with
real high redundancy under 1e−5, there is actually not a clear relation between
mutation rates and redundancy in the adapter based system. In contrast, proto-
cells with RNA suboptimal folding have a strong tendency to decrease redundancy
as a reaction to increased mutation rates.
In summary, Figure 5 shows that where cofolding has no significant decrease in
the number of sequences, nor an increase of multiple coding, both suboptimal and
adapter based folding can increase the number of functions coded per sequence
without the cost of increased toxicity.
This message is reinforced in Table 6.1, where the relation between flexibility and

fitness/toxicity is shown. Shown are the average, range and standard deviation of
how information (approximated by genome size) is used to code for a phenotype
under the different imposed mutation rates. This shows that plasticity is indeed
highest for adapter based folding, where a large range of coding structures is
used, allowing it to specifically adapt to the mutation rates it is exposed to (as
observed in Figure 5). Also the lack of flexibility in the case of cofolding is clear:
compared to suboptimal folding and adapter based folding, cofolding is least able
to adapt its genotype-phenotype mapping. It can expand its phenotype, but not
prevent the interactions. That is, with one exception under 1e−5 (the redundant
case in Figure 5), γij is in general not observed to be significantly lower than 1,
and toxicity cannot be avoided. Hence, we can conclude that toxicity leads to a
lack of plasticity, constraints the number of sequences, resulting in considerably
lower fitness.
Putting aside the cofolding case, in Figure 6 we focus on suboptimal and adapter
based folding by comparing the acquired energies of the foldings. While fitness
through structural distance is the only selection-criterion, energy is an observable
of the genotype-phenotype mapping which might learn us how structures are
evolved under the given circumstances: lower energies mean more stable struc-
tures. The use of adapters depends (all or nothing) on the energy of the inter-
action with a sequence, and suboptimal folding can, by altering the energy (and
the gap towards the energy of the next suboptimal folding) of the native state,
influence the number of foldings in the suboptimal ensemble. Whether or not
we include the free energy of the adapter-sequence binding (green and orange
line), the adapter-based system leads to more stable foldings (i.e. lower ener-
gies). Thus, we can conclude that although both systems obtain similar fitness,
the pattern of adaptation to high mutation rates is most direct in the case of
adapters (Figure 5), and the use of adapters brings lower free energies in the sys-
tem, providing robust interactions between adapters and sequences, next to the
highest flexibility in coding structure.
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Figure 5. Functionality and Redundancy Shown are the the number of se-
quences (black), the number of structures of the separate sequences (green), number
of toxic structures (red) and the number of evolved adapters (blue) for the last pro-
tocells of the ancestor lineage (LCA). The gray bars denote the number of redundant
structures in a protocell (note also that the right y-axis has a different scaling). Re-
dundancy is the number of non-toxic foldings, which do not provide fitness (i.e. its
function is already performed by another structure). In both the case of suboptimal
folding and adapters, under high mutation rates, functions are produced with con-
siderably less sequences. This trend is less distinct with cofolding, as it is already
limited under low mutation rates. Only the adapter based system can adopt a one-to-
one sequence to function-relation, which results in no redundancy. The correlation
between redundancy and mutation rates is most obvious with suboptimal folding,
where increased mutation rates result in less redundancy.

16 simulations coding length/fitness fitness toxicity
4 different µ average range σ average average
cofolding 19.69 16.63 4.18 13.05 6.75
suboptimal 33.56 63.16 19.46 16.74 0.06
adapters 54.16 92.58 30.87 16.09 0.06

Table 6.1. Coding plasticity. Coding length used (number of nucleotides) used per
fitness. This is used to quantify the observed plasticity for the different maps. Given
are the average, range and standard deviation over 16 simulations. Low variation
correlates with a low Average fitness and higher toxicity.
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Figure 6. Minimal Energy foldings of evolved structures All acquired energies are
given for the evolved structures. In black are those structures which are considered
for fitness (highest fitness). In gray and brown are all redundant structures, where
brown depicts the use of an adapter. In the adapter based simulations, minimal energy
is given for foldings including the energy given by the binding of an adapter (if any,
and only that of the sequence-adapter interaction; energies of the base-pairing in the
stem of the adapter are not considered). Green lines depict the median energy under
the different mutation rates. For comparison, the median energies without adapters
are also given (in orange), which is in all cases still lower than the energies acquired
in the suboptimal case (orange).
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6.4 Discussion

We studied three different multi-molecule, one-to-many, genotype-phenotype
mappings: a map which superimposes all combinations of two sequences to
cofold, a map where the alternative states of all sequences are considered, and
a map which allows for a primitive form of RNA-modification to evolve. In our
model, fitness depends on the secondary structure, yet to be able to classify mo-
lecules into functional and toxic, the structure of molecules is truncated at the
level of the coarse grained structure (as proposed by Shapiro (1988)).
The secondary structure is presently the best compromise between theoretical
tractability and empirical accessibility (Higgs, 2000; Fontana, 2002), and it is
mostly considered to be a good approximation of the function of a molecule. How-
ever, it should be mentioned that information content required for activity may
be much lower than the length of a sequence (Kun et al., 2005; Ferré-D’Amaré
and Scott, 2010). For example, remarkably small RNA units can already achieve
high sequence specificity and catalytic efficiency, where the composition of many
of the segments has little effect on catalytic activity (Ferré-D’Amaré and Scott,
2010). This may indicate that the actual ‘functionality’ of molecules differs a lot,
and most functional molecules ask for some specific signature. Although it might
not be the most realistic case, our implementation of function, fitness, and the
coarse grained structure of a molecule as a first classification of ‘functionality’, is
in our opinion proficient and we think that a more realistic implementation will
not lead to qualitative differences.
Firstly, we observed that toxicity enforces a restriction of genetic content, and
changes the fitness landscapes: while traveling through the landscape, evolving
replicators have to avoid certain regions. The result is most severe in the case
of cofolding, where it is hard to avoid interactions, the number of structures per
sequence is inflexible and evolvability is thus clearly restricted by toxicity.
Yet, the intrinsic properties of RNA can surprisingly cope with the dual constraint
of functionality and toxicity in a variety of ways under different mutation rates.
Nevertheless our simulations show that evolving explicit adapters to guide the
folding, lead to slightly more versatile results in the sense of flexibility of coding
under the different circumstances. With low mutation rates, larger genomes are
observed and a one-to-one mapping can be adopted, while under high mutation
rates multiple coding can evolve, producing more stable structures. It should
be mentioned that fitness is slightly, but not significantly, better in the case of
suboptimal folding. Yet on the long run, this is expected to be compensated for
through the considerable larger genomes of the adapter-based protocells under
low mutation rates, which is known to be advantageous for evolvability (see
Chapter 4, Knibbe et al. (2007a) and Cuypers and Hogeweg (2012), and the
higher plasticity, shown to facilitate evolutionary innovation (Matias Rodrigues
and Wagner, 2009; Espinosa-Soto et al., 2011).
Conversely, cofolding is restricted by toxicity rather than mutation rates and can-
not obtain the same genome sizes, nor functionality as the other two systems in
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general. However as noted in the model section, the folding of two sequences
under the cofolding regime is not as compatible with the definition and clas-
sification of functionality. Therefore it might be expected that cofolding could
improve when given more freedom, and profit the most if functionality is, for
example, implemented as a combination of essential positions and structural ele-
ments. However, the result that interactions, which cannot be avoided may be
restricting evolvability will hold.
An ideal simulation would involve concepts of the three mappings combined.
Which strategy will dominate? This cannot be answered with our current mod-
els, however considering RNA as a paradigm, we showed that the concept of
RNA-adapters provide a very powerful tool for information accumulation, allow-
ing protocells to ‘choose’ which structure of coding they adopt. Surprisingly, un-
der higher mutation rates, the average minimal energy acquired through the in-
teraction with adapters got stronger, which might be a sign of its importance
under the harsh mutational circumstances. This clearly suggests an important
role for ‘simple’ RNA-modification and the evolutionary exploitation of such bind-
ing induced function-alterations. This suggestion is reinforced by the parallels
which can be observed between our RNA-adapters and the widespread use of
riboswitches, which are able to regulate several processes by changing their con-
formational states (Vitreschak et al., 2004; Serganov and Patel, 2007; Montange
and Batey, 2008; Zhang et al., 2010).
However, as underlined by the observed limitation of the cofolding mapping, a
very interesting question on the other side of the spectrum, is how the unwanted
interactions between molecules are avoided in a protocell. In this light, compar-
able to our results, it has been shown for proteins that interactions pose a general
structural (and energy binding) constraint, through specific interacting interfaces,
which have to be maintained, while other interactions have to be avoided (Deeds
et al., 2007). Therefore, it has been suggested, that the size of the proteome is
likely to be pushed up by evolution, to allow for more complex biological func-
tions, while the average concentration of individual proteins is then pushed down
to improve the spatial and temporal efficiency of these processes in a cell (Zhang
et al., 2008). In our model, for the sake of simplicity, functionality and molecular
interactions within protocells are collapsed over the lifespan of cells and besides
the predefined interactions, intra-cellular structure was not considered. Yet, com-
parable to the structure of interactions in artificial ecosystems, a large role may be
reserved for spatial pattern formation of intra-cellular structure (see Chapters 2
and 3). Local interactions might allow for a simple mechanism to avoid unwanted
interactions and the automatic generation of a new layer of selection and regula-
tion.

In conclusion, moving beyond the traditional one-to-one mapping between gen-
ome information and function, we observed that molecular interactions can both
have a positive and negative effect on evolvability. We showed that only in the
case of suboptimal and adapter based folding, the potential of a one-to-many
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genotype-phenotype could be used to adapt to high mutation rates. Genotypic
information may be structured such that complexity successfully evolves, while
toxicity is avoided. This in contrast with the cofolding case, where toxicity given
by the imposed interactions, severely restricts plasticity and evolvability.
Thus, toxicity in the form of unwanted interactions and misfoldings can only be
avoided if plasticity of the genotype-phenotype mapping is large enough. We sus-
pect that this plasticity in biological systems is larger than we have as yet been
able to model. However, as shown by the potential of molecular interactions,
RNA-modification and multiple coding, the limits to the versatility of the RNA-
paradigm have not yet been reached.
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Chapter 7

Summarizing Discussion

To unravel the evolutionary dynamics which led to the complexity of contempor-
ary life and to understand how natural evolution passed Eigen’s paradox (Eigen,
1971), we studied evolution as a process operating at multiple levels of organi-
zation such as the genotype, the phenotype, and interactions within and between
individuals. For this purpose, we used models as a tool to discover the unforeseen
rather than to confirm the preconceived (Takeuchi, 2010).
Emphasis was on the role of emergent structures for the integration of inform-
ation in biotic systems. Such structuring can occur at many biological levels:
it can be as microscopic as the ordering of bases on a genome, or as macro-
scopic as correlated relationships between different populations of species in an
environment. Thus from a modeling perspective, we should take into account
genetic information, a ‘realistic’ genotype-phenotype mapping, eco-evolutionary
and spatial-temporal dynamics. Moreover, all these levels of complexity can re-
inforce and influence each other. Through the chapters we addressed different
aspects of this complex process, each exploring distinctive characteristics of an
evolving system, each providing more insights for the general picture of evolu-
tionary information processing. We slowly descended from the level of the eco-
system, via individual replicators, towards the most basic level of evolution: how
a genome may encode information. That is, we started studying the role of pop-
ulation based diversity for individual adaptation and we end up in the last two
chapters, studying how individuals can code for information in different ways,
by modifying the within-cell interactions and their genotype-phenotype mapping.
We showed that a system can actually ‘choose’ the level on which information
is processed: as a reaction to high mutation rates we observed either a division
of labor, where information is divided over the different species due to spatial
pattern formation, or the emergence of multiple coding through interacting intra-
cellular molecules.
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Challenge remains to combine the results of the different chapters within one
‘hyper’-multilevel model, which allows to analyze simulations where the degrees
of freedom are taken into account for both the embedding of multiple layers of
genetic information within a single sequence, the structuring of populations by
co-evolutionary dynamics, and spatial intracellular interactions. And, as even
within the lapse of my time as a PhD-student computer-power has grown so rap-
idly, I fully believe that such massively complex simulations will be manageable
soon.

7.1 A Short Review

Coming from an artificial intelligence background and doing a PhD in computa-
tional biology, my personal trajectory of ‘information accumulation’ is nicely re-
flected in the outline of this thesis: starting on evolutionary computational meth-
ods (Chapter 2 and 3), we proceeded with the application of these methods to
answer biological evolutionary relevant questions (Chapter 4), towards Chapters
5 and 6, where we used simple, yet bio-physically grounded models, based on
‘real’ RNA. All to study fundamental questions of evolution.

In chapter 2, we started by looking at the role of spatial structuring for the success
of co-evolutionary function approximation. We found that spatial patterns, in the
form of chaotic waves, guide the learning process of evolving individuals through
space and time. The self-organizing dynamics of these spatial patterns provide
the co-evolving sub-populations with relevant information at multiple timescales,
which has a positive effect for the information integration of individuals. If the
spatial structure is disrupted by randomly relocating all individuals each gener-
ation (well mixed), the system is caught in red queen dynamics and the efficacy
drops considerably. In space, while only a minor subset of all the possible cir-
cumstances is encountered per generation, evolved individuals are able to handle
conditions (solve problems), never exposed to before. Key to this generalization
is that co-evolution and the locality of spatial interactions ensure that a lineage
samples from the ‘important’ conditions, as if taken by the hand by an ‘ideal
learner’ (Epstein, 1994).
This is in strong contrast with Chapter 3, where in a comparable system, not the
individual, but the evolved ecosystem can solve complex problems. This is a result
of a different fitness function and a stronger selection regime. As already pointed
out in Chapter 2, co-evolutionary dynamics depend on the fitness evaluation. In
Chapter 3 we show that if the selection pressure is increased and specialization
is favored by allowing fitness only for those that solve a problem best, that co-
evolutionary dynamics lead to the decomposition of the problems and that the
separate parts of the target function are solved by different individuals, instead
of the observed generalization of individuals in Chapter 2. This is in agreement
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with the results of Crombach and Hogeweg (2009) where in a baseline model
of ecosystem evolution, individual smartness evolved under low selection and a
cooperative community structure under high selection. In our case, strong selec-
tion and co-evolution makes that individuals specialize, producing ‘predictable’
patterns in space. The sub-populations of differently specialized individuals and
their co-evolving problems can interlock through these patterns, integrating the
information on the level of the ecosystem. As a result, while fitness is based solely
on the actual function individuals perform themselves, different sub-populations
co-evolve different components of the solution, such that the complementary par-
allel solvers can ‘cooperate’ .
Thus, rather counter-intuitive, purely competitive species may evolve ‘cooperat-
ive’ behavior within the context of the ecosystem. Interesting is to consider these
results in the light of meta-genomics, i.e. the studying of microbial ecosystems
by looking at their molecular function repertoire, or ‘parts lists’ of the entire eco-
system (Tringe and Rubin, 2005; Raes and Bork, 2008). Results of such meta-
genomic studies have suggested that the functional diversity within an ecosystem
is better estimated by the ecological composition, than the composition of species,
showing a myriad of metabolic adaptations to the environment on the level of the
ecosystem, which cannot be identified on the level of the individual (Raes et al.,
2011). In the light of our result, the processes within such an ecosystem can be
seen as collectively ‘solving’ the problem of resource processing by the ecosystem
as a whole.
As we demonstrated that a change in fitness assignment can upscale informa-
tion integration from the individual level towards the level of the ecosystem,
an obvious next question is, if an evolving system can switch between these
regimes (without changing the fitness function and/or evaluation regime). In
Chapter 4 we addressed this question and found that altering mutation rates can
trigger this switch. However, before attending to this switch, we will now exam-
ine the role of (high) mutation rates in coding of information.
First, note that the “error threshold” is not necessarily the same as the “informa-
tion threshold”: if a genome is flexible and mutation rate is ‘per base’, the number
of expected mutations differs for different genome sizes. As a result, the informa-
tion threshold no longer defines a fixed critical size, yet a dynamic range, in which
different mutation rates allow for different sizes. That is, if the mutation rate in-
creases, the maximum genome size will decrease and vice versa. The converse
is also true, if the error threshold is ‘reached’ for a certain size, the maximum
amount of information may still increase by adopting a different coding struc-
ture.
For models where the genome length is fixed, it has often been claimed that high
mutation rates (close to the error threshold) are a favorable situation where the
generation of genetic diversity is maximized. Now, if on the other hand replicat-
ors adjust their genome size to mutation rates, the genome size which can be used
to code for a solution is increasingly limited towards the error threshold. Thus,
as observed in Chapter 4, the maximal diversity of genotypes coding for a certain
solution is attained at mutation rates significantly below the error threshold, re-
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lative to the minimal size of coding needed for a solution, because that allows a
variety of coding structures to be used for the same solution.
Conversely, in the Chapters 4, 5 and 6, the coding structure of evolved replicators
reveals the influence and severity of mutation rates: to obtain the maximum in-
formational content within the boundaries posed by error threshold, the structure
of coding for information is observed to be increasingly compact.
Under lower mutation rates, there are not only more possibilities of coding for a
solution, larger maintainable genomes provide also more evolvability. It follows
that the threshold for maintaining information and acquiring information (i.e.
evolution) is not necessarily the same. In the case of function approximation
in Chapter 4, this is shown as a large variability of coding structures and sizes
while evolving towards a solution, and the streamlining of coding, if a solution
has evolved. This is in accordance with the observation in virtual cells of early
genome-expansion, which has a positive effect for later adaptability (Cuypers and
Hogeweg, 2012).
Thus, as a result of increasing mutation rates, the studies of Chapter 4, 5 and 6
show that genome sizes decrease to keep within the allowed range of the dynamic
information threshold. Yet, if mutation rates are increased even more, pushing
individuals over the information threshold (i.e. mutation rates prevent even the
minimal size to code for a solution), the course of evolution takes a drastic turn,
yet in an opposite direction for the two systems. Both model-systems are able to
restructure their information content as a reaction to high mutation rates, yet on
a completely different level.
In Chapter 4, the limitation by mutation rates enforces a switch from the indi-
vidual level to the level of the ecosystem: individuals are unable to integrate
enough information for full adaptation and therefore specialize by adapting to
only a subset of environmental circumstances through co-evolution. This gives
rise to an ecosystem where all the pieces of information for a full solution coexist,
divided over different (sub-)species. Note, that this is in contrast to most tra-
ditional proposed ecological solutions for the information threshold, where the
ecosystem is pre-structured and mostly not studied to withstand high mutation
rates: we show that the generation of an ecosystem and its emergent structure
can be a direct consequence of high mutation rates.
In Chapter 5, the switch as a reaction to increased mutation rates is on the gen-
otypic level: when a one-to-one genotype-phenotype mapping cannot be kept,
individuals are able to code for the same phenotype on smaller sized genomes by
evolving multiple coding, i.e. the storing of different pieces of information on top
of each other in the genome (Hogeweg and Hesper, 1992).
Besides high mutation rates, another ‘structuring constraint’ is introduced in
Chapter 5: toxicity. That is, one of the downsides of being an ideal evolvable
molecule (Schuster et al., 1994), is that the rugged folding energy landscapes of
RNA can also result in severe misfoldings (Treiber and Williamson, 2001), which
will only increase as the length of the RNA increases (Lorsch, 2002).
In Chapter 5 and 6, replicators in the form of protocells, have to face such a
‘hostile’ environment: molecules, which do not contribute in fitness, increase the
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death-rate of the carrier. As only a set of 25 structures are non-toxic by definition,
this makes ±95% of random sequences toxic, when they are folded. Such toxicity
does change fitness landscapes, as replicators are restricted in their genetic con-
tent in their trajectory of information accumulation. This is even more the case
in the light of one-to-many genotype-phenotype mappings, if sequences have to
be used in different ways to perform distinct functions. Moreover, interactions
which lead to toxic foldings have to be avoided as well. In the case of adapters,
this translates as a very specific coding signature, needed to connect the binding
sites of adapters and the sequences which have to be adapted, while avoiding
unwanted interactions. As such, redundant coding (e.g. duplicates), can impede
the introduction of RNA-adapters, making the evolutionary invention of such ma-
chinery very hard. Hence, long genomes with a lot of redundant coding, provide
a barrier for the evolution of code capacity enhancement.
Thus, rather surprisingly, error-prone environments not only necessitate complex
coding structures but also facilitate their evolution. As observed in Chapter 4, the
highest genotypic diversity is attained at values of the mutation rate significantly
below the error threshold, where one phenotype can be coded for by many gen-
otypes. The downside of such diversity is now shown in Chapter 5, where the
diversity under low mutation rates prevents the evolution of adapter-regulation
through the variety of genotypes that it can bind to. By pushing the system to-
wards higher mutation rates, redundant coding in the cell is reduced, in effect
enabling the mechanism for multiple coding. Thus, the information threshold
does not only force replicators to adopt a compact and ‘smart’ structure of coding
to alleviate mutational pressure, there are also scenarios where high mutation en-
able protocells to incorporate the regulatory machinery, or at least make it easier.
Note that when adapters and multiple coding are evolved, and mutation rates are
lowered again, the complex coding structure can be maintained.
The primitive form of RNA-modification provides evolution the ability to shape
the genotype-phenotype mapping: protocells can adapt their genetic coding to a
large extent, giving them the ability to successfully accumulate fitness, avoid tox-
icity, and adopt different coding structures under different mutational pressures.
However, with the success of such an explicit mechanism for a one-to-many cod-
ing, we can ask if the same results could not be obtained with the other properties
of RNA, which give rise to the propensity for multiple coding: the ability of RNA
to adopt alternative states and the ability of RNA-sequences to cofold together.
In Chapter 6, we studied how evolution is able to shape the internal structure of
protocells, with these intrinsic properties of the RNA genotype-phenotype map-
pings.
It turned out that the imposed interaction-structure of cofolding all combinations
of two sequences is the most severe limitation of evolution. Fitness-values of sub-
optimal folding and adapter based folding cannot be reached and toxicity cannot
be avoided. Thus, only suboptimal folding resembles the observed patterns of
RNA-modification by adapters. Protocells with suboptimal folding are able to ad-
just the ensemble of structures produced for each sequence, giving it also relative
freedom in, and control over, the way they code for functions. However con-
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versely, under the lower mutation rates the adapter-based protocells can maintain
considerably larger genomes, which is known to be advantageous for evolvabil-
ity, as shown in Chapter 4 and for example the work of Knibbe et al. (2007a)
and Cuypers and Hogeweg (2012).
In the case of cofolding, i.e. when sequences interact by default with other se-
quences, the plasticity of the genotype-phenotype mapping, and thus evolution,
is severely limited. This exemplifies that the enforced interactions with other mo-
lecules can influence the outcome drastically. In this light, it has been suggested
for proteins, that the size of the proteome is likely to be pushed up by evolution,
to allow for more complex biological functions, while the average concentration
of individual proteins is then pushed down to improve the spatial and temporal
efficiency of these processes in a cell (Zhang et al., 2008). Thus, comparable to
what we observed, interactions pose a general structural (and energy binding)
constraint, through specific interacting interfaces, which have to be maintained,
while other interactions have to be avoided (Deeds et al., 2007).
A very interesting question in this, is how unwanted interactions between mo-
lecules are avoided in general. This cannot be answered with our current mod-
els, however as RNA-chaperones are widely used to prevent misfoldings in pro-
teins (Dobson, 2003), a comparable mechanism (e.g. RNA-adapters) could play
an important role in the information accumulation of prebiotic replicators (Cser-
mely, 1997). Intriguingly, it might be expected as well that an emergent struc-
turing of the spatial interactions of molecules within the cell, is essential for the
processing of information. Thus, the role of intra-cellular spatial patterns, like in
the ecosystems of Chapters 2 to 4, might be another level of structure important
for the evolution of complexity.

7.2 The Evolution of Complexity

We addressed the evolution of complexity by looking at the possibilities to ac-
cumulate, contain and/or use more information in replicators through either a
division of labor or a ‘smart’ coding. We have shown that both these mechanisms
can evolve in relatively simple evolutionary models and that both these mechan-
isms can be identified in biotic systems.
Multiple coding, is widely observed in biotic systems: genetic information is often
used to code for distinct biological roles (Tuck and Tollervey, 2011) and many dif-
ferent gene-products are produced by post-transcriptional and post-translational
modifications (Mattick et al., 2010). Moreover, the genotype-phenotype mapping
may be more important than the coding of information itself, as supported by
experimental data, which shows that over different organisms, protein coding se-
quences are highly conserved, while the relative amount of non-protein-coding
sequence increases consistently with complexity (Mattick, 2001, 2007; Taft et al.,
2007).
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On the other side of the spectrum, an intriguing parallel with our ecosystem based
solutions comes from the recently developing field of meta-genomics, where
rather than individual based diversity, the number of species and population di-
versity are responsible for the molecular functional composition of these com-
munities (Raes et al., 2011). We only studied strict vertical inheritance, how-
ever in the light of an ecosystem as a ‘parts-list’ (Tringe and Rubin, 2005; Raes
and Bork, 2008), including a mechanism for horizontal gene transfer would al-
low for an interesting mix of population based diversity and individual based di-
versity. That is, there are organisms, which have been identified to use horizontal
gene transfer as an important way of information accumulation (Koonin et al.,
2001) and an overrepresentation of transfers of defense mechanisms and tran-
scription regulation genes is linked with more ecological interactions in species-
rich communities (Cordero and Hogeweg, 2009). This ecological, as opposed to
vertical, signal of genetic information, suggests that ecosystems, consisting of spe-
cies with distinct roles, might ‘choose’ which genes are shared, and which are not.
Moreover, it is the ecosystem as a whole which evolves, and it has been suggested
that the high level of novelty required to evolve cell designs is a product of ecosys-
tems, through horizontal gene transfer, rather than intralineage variation (Woese,
2002). In early replicators, such horizontal gene transfer could lead to the rapid
spread of new genes and allow the build-up of larger, fitter genomes than could
be achieved by purely vertical inheritance (Vogan and Higgs, 2011).

The question if we ‘solved’ the problem of the information threshold, unfortu-
nately can only be answered with a rather unsatisfactory “Yes and no”. The error
threshold, in the sense of “a critical size, beyond which lethal numbers of dele-
terious mutations accumulate and information in subsequent generations will be
destroyed”, still limits genomic size, as the mutational load which replicators can
sustain, did not increase. However, we showed that both a population based as
an individual based solution exists to increase the information processing poten-
tial, despite high mutation rates: even under severe mutation rates information
may still be processed, either by a division of information or by enabling multiple
coding through the use of a primitive form of RNA-modification (not to be con-
fused with a repair mechanism). Thus, if we consider the information threshold
as “the maximum amount of information, which can be maintained on a genome
of critical size given a certain mutation rate” , the boundaries are clearly shif-
ted. Concluding, rather than solving the problem of the information threshold,
our results show that the information threshold should be considered as a dy-
namic property of evolving systems, shaping the structure of information and by
including enough degrees of freedom (degrees which are supposed to be present
in biological evolution), more is possible in ecosystems and/or with small-sized
genomes.

123



Chapter 7. Discussion

124



Bibliography

Al-Hashimi, H. M. and N. G. Walter, 2008: RNA dynamics: it is about time. Cur-
rent Opinion in Structural Biology, 18, 321–329. (Cited on page 103.)

Ancel, L. W. and W. Fontana, 2000: Plasticity, evolvability, and modularity in
RNA. The Journal of Experimental Zoology, 288, 242–283. (Cited on page 102.)

Angeline, P. J. and J. B. Pollack, 1993: Competitive environments evolve better
solutions for complex tasks. Proceedings of the 5th International Conference on
Genetic Algorithms, San Francisco, CA, USA, 264–270. (Cited on page 31.)

Bachellerie, J., J. Cavaillé, and A. Hüttenhofer, 2002: The expanding snoRNA
world. Biochimie, 84, 775–790. (Cited on page 79.)

Barricelli, N., 1954: Esempi numerici di processi di evoluzione. Methodos, 45–68.
(Cited on page 2.)

— 1957: Symbiogenetic evolution processes realized by artificial methods. (Cited
on page 2.)

Bernhart, S. H., H. Tafer, C. Flamm, P. F. Stadler, and I. L. Hofacker, 2006: Parti-
tion function and base pairing probabilities of RNA heterodimers. ALGORITHMS
MOL BIOL, 2006. (Cited on page 104.)

Biebricher, C. K. and M. Eigen, 2005: The error threshold. Virus Research, 107,
117–127. (Cited on page 3.)

Black, D. L., 2003: Mechanisms of alternative pre-messenger RNA splicing. An-
nual Review of Biochemistry, 72, 291–336. (Cited on pages 79 and 102.)

Boerlijst, M. and P. Hogeweg, 1991a: Self-Structuring and Selection:Spiral waves
as a substrate for prebiotic evolution. Artificial Life II(eds. C.G. Langton, C.
Taylor, J.D. Farmer & S. Rasmussen),, 255–276. (Cited on page 10.)

— 1991b: Spiral wave structure in pre-biotic evolution: Hypercycles stable
against parasites. Physica D: Nonlinear Phenomena, 48, 17–28. (Cited on
pages 10, 59, 60, and 80.)

Bompfünewerer, A., C. Flamm, C. Fried, G. Fritzsch, I. Hofacker, J. Lehmann,

125



BIBLIOGRAPHY

K. Missal, A. Mosig, B. Müller, S. J. Prohaska, B. Stadler, P. Stadler, A. Tanzer,
S. Washietl, and C. Witwer, 2005: Evolutionary patterns of non-coding RNAs.
Theory in Biosciences = Theorie in Den Biowissenschaften, 123, 301–369. (Cited
on page 101.)

Brennicke, A., A. Marchfelder, and S. Binder, 1999: RNA editing. FEMS Microbio-
logy Reviews, 23, 297–316. (Cited on page 79.)

Bucci, A. and J. B. Pollack, 2005: On identifying global optima in cooperative
coevolution. GECCO ’05: Proceedings of the 2005 conference on Genetic and evol-
utionary computation, ACM, New York, NY, USA, 539–544. (Cited on pages 32
and 54.)

Carroll, L., 1969: Through the looking-glass. Forgotten Books. (Cited on page 8.)

Cartlidge, J. and S. Bullock, 2004: Combating coevolutionary disengagement by
reducing parasite virulence. Evol. Comput., 12, 193–222. (Cited on page 31.)

Chen, P. and E. I. Shakhnovich, 2009: Lethal mutagenesis in viruses and bacteria.
Genetics, 183, 639–650, PMID: 19620390. (Cited on pages 6 and 91.)

Ciliberti, S., O. C. Martin, and A. Wagner, 2007: Innovation and robustness in
complex regulatory gene networks. Proceedings of the National Academy of Sci-
ences, 104, 13591 –13596. (Cited on page 3.)

Cliff, D. and G. F. Miller, 1995: Tracking the red queen: Measurements of adapt-
ive progress in Co-Evolutionary simulations. Proceedings of the Third European
Conference on Advances in Artificial Life, Springer-Verlag, London, UK, 200–218.
(Cited on page 31.)

Cordero, O. X. and P. Hogeweg, 2009: The impact of long-distance horizontal
gene transfer on prokaryotic genome size. Proceedings of the National Academy
of Sciences of the United States of America, 106, 21748–21753. (Cited on
page 123.)

Crombach, A. and P. Hogeweg, 2007: Chromosome rearrangements and the evol-
ution of genome structuring and adaptability. Mol Biol Evol, 24, 1130–1139.
(Cited on pages 3 and 4.)

— 2008: Evolution of evolvability in gene regulatory networks. PLoS Computa-
tional Biology, 4. (Cited on pages 3 and 4.)

— 2009: Evolution of resource cycling in ecosystems and individuals. BMC Evol-
utionary Biology, 9, 122. (Cited on pages 31, 60, and 119.)

Csermely, P., 1997: Proteins, RNAs and chaperones in enzyme evolution: a
folding perspective. Trends in Biochemical Sciences, 22, 147–149. (Cited on
pages 90, 92, and 122.)

Cuypers, T. and P. Hogeweg, 2012: Virtual genomes in flux: An interplay of neut-
rality and adaptability explains genome expansion and streamlining. Genome
Biology and Evolution. (Cited on pages 3, 113, 120, and 122.)

126



BIBLIOGRAPHY

Darwin, C., 1859: On the origin of species. John Murray, New York. (Cited on
pages 1 and 7.)

Dawkins, R. and J. Krebs, 1979: Arms races between and within species. Proceed-
ings of the Royal Society of London. Series B, Biological Sciences,, volume 205 of
The Evolution of Adaptation by Natural Selection, 489–511. (Cited on page 8.)

de Boer, F. K. and P. Hogeweg, 2010: Eco-evolutionary dynamics, coding structure
and the information threshold. BMC Evolutionary Biology, 10, 361. (Cited on
pages 84 and 91.)

De Jong, E. D. and J. B. Pollack, 2004: Ideal evaluation from coevolution. Evolu-
tionary Computation, 12, 159–192. (Cited on pages 22 and 31.)

Deeds, E. J., O. Ashenberg, J. Gerardin, and E. I. Shakhnovich, 2007: Robust
protein protein interactions in crowded cellular environments. Proceedings of
the National Academy of Sciences of the United States of America, 104, 14952–
14957. (Cited on pages 6, 114, and 122.)

Denoeud, F., S. Henriet, S. Mungpakdee, J. Aury, C. Da Silva, H. Brinkmann,
J. Mikhaleva, L. C. Olsen, C. Jubin, C. Cañestro, J. Bouquet, G. Danks,
J. Poulain, C. Campsteijn, M. Adamski, I. Cross, F. Yadetie, M. Muffato, A. Louis,
S. Butcher, G. Tsagkogeorga, A. Konrad, S. Singh, M. F. Jensen, E. H. Cong,
H. Eikeseth-Otteraa, B. Noel, V. Anthouard, B. M. Porcel, R. Kachouri-Lafond,
A. Nishino, M. Ugolini, P. Chourrout, H. Nishida, R. Aasland, S. Huzurbazar,
E. Westhof, F. Delsuc, H. Lehrach, R. Reinhardt, J. Weissenbach, S. W. Roy,
F. Artiguenave, J. H. Postlethwait, J. R. Manak, E. M. Thompson, O. Jaillon,
L. Du Pasquier, P. Boudinot, D. A. Liberles, J. Volff, H. Philippe, B. Lenhard,
H. R. Crollius, P. Wincker, and D. Chourrout, 2010: Plasticity of animal genome
architecture unmasked by rapid evolution of a pelagic tunicate. Science, 330,
1381 –1385. (Cited on page 102.)

Dinger, M. E., D. K. Gascoigne, and J. S. Mattick, 2011: The evolution of RNAs
with multiple functions. Biochimie, 93, 2013–2018. (Cited on pages 5 and 101.)

Dobson, C. M., 2002: Protein-misfolding diseases: Getting out of shape. Nature,
418, 729–730. (Cited on page 6.)

— 2003: Protein folding and misfolding. Nature, 426, 884–890. (Cited on
pages 6, 103, and 122.)

Draghi, J. and G. P. Wagner, 2009: The evolutionary dynamics of evolvability in a
gene network model. Journal of Evolutionary Biology, 22, 599–611. (Cited on
page 3.)

Draghi, J. A., T. L. Parsons, G. P. Wagner, and J. B. Plotkin, 2010: Mutational
robustness can facilitate adaptation. Nature, 463, 353–355. (Cited on page 3.)

Earl, D. J. and M. W. Deem, 2004: Evolvability is a selectable trait. Proceedings
of the National Academy of Sciences of the United States of America, 101, 11531
–11536. (Cited on page 71.)

127



BIBLIOGRAPHY

Edward C, H., 2003: Error thresholds and the constraints to RNA virus evolution.
Trends in Microbiology, 11, 543–546. (Cited on page 3.)

Eigen, M., 1971: Selforganization of matter and the evolution of biological mac-
romolecules. Die Naturwissenschaften, 58, 465–523. (Cited on pages 2, 59, 70,
80, and 117.)

Eigen, M., W. C. Gardiner, and P. Schuster, 1980: Hypercycles and compartments
: Compartments assists–but do not replace–Hypercyclic organization of early
genetic information. Journal of Theoretical Biology, 85, 407–411. (Cited on
page 91.)

Eigen, M., J. Mccaskill, and P. Schuster, 1989: The molecular quasi-species. Adv.
Chem. Phys., 75, 149–263. (Cited on page 2.)

Eigen, M. and P. Schuster, 1978: The hypercycle. Naturwissenschaften, 65, 7–41.
(Cited on pages 59 and 80.)

— 1979: The Hypercyle: A Principle of Natural Self-Organisation. Springer, Berlin.
(Cited on pages 2 and 10.)

Ekland, E., J. Szostak, and D. Bartel, 1995: Structurally complex and highly act-
ive RNA ligases derived from random RNA sequences. Science, 269, 364–370.
(Cited on page 71.)

Ellis, R. J., 2001: Macromolecular crowding: an important but neglected aspect of
the intracellular environment. Current Opinion in Structural Biology, 11, 114–
119. (Cited on pages 6 and 103.)

— 2006: Molecular chaperones: assisting assembly in addition to folding. Trends
in Biochemical Sciences, 31, 395–401. (Cited on page 79.)

Ellis, R. J. and S. M. van der Vies, 1991: Molecular chaperones. Annual Review of
Biochemistry, 60, 321–347. (Cited on page 79.)

Epstein, S. L., 1994: Toward an ideal trainer. Machine Learning, 15, 251—277.
(Cited on pages 22 and 118.)

Espinosa-Soto, C., O. C. Martin, and A. Wagner, 2011: Phenotypic plasticity can
facilitate adaptive evolution in gene regulatory circuits. BMC Evolutionary Bio-
logy, 11, 5. (Cited on page 113.)

Fedorova, L. and A. Fedorov, 2003: Introns in gene evolution. Genetica, 118, 123–
131. (Cited on page 102.)

Ferré-D’Amaré, A. R. and W. G. Scott, 2010: Small self-cleaving ribozymes. Cold
Spring Harbor Perspectives in Biology, 2, a003574. (Cited on pages 80 and 113.)

Ficici, S. G. and J. B. Pollack, 1998: Challenges in coevolutionary learning: Arms-
race dynamics, open-endedness, and mediocre stable states. Proceedings of the
Sixth International Conference on Artificial Life, MIT Press, 238–247. (Cited on
page 31.)

Fire, A., S. Xu, M. K. Montgomery, S. A. Kostas, S. E. Driver, and C. C. Mello, 1998:

128



BIBLIOGRAPHY

Potent and specific genetic interference by double-stranded RNA in caenorhab-
ditis elegans. Nature, 391, 806–811. (Cited on page 79.)

Floreano, D., P. Dürr, and C. Mattiussi, 2008: Neuroevolution: from architectures
to learning. Evolutionary Intelligence, 1, 47–62. (Cited on page 3.)

Fogel, L., A. Owens, and M. Walsh, 1966: Artificial Intelligence through Simulated
Evolution. John Wiley. (Cited on page 6.)

Fonseca, C. M. and P. J. Fleming, 1995: An overview of evolutionary algorithms
in multiobjective optimization. Evolutionary Computation, 3, 1–16. (Cited on
page 103.)

Fontana, W., 2002: Modelling ’evo-devo’ with RNA. BioEssays: News and Reviews
in Molecular, Cellular and Developmental Biology, 24, 1164–1177. (Cited on
pages 4, 79, 101, and 113.)

Fontana, W. and P. Schuster, 1998: Continuity in evolution: On the nature of
transitions. Science, 280, 1451 –1455. (Cited on pages 4, 79, and 101.)

Gilbert, W., 1986: Origin of life: The RNA world. Nature, 319, 618. (Cited on
pages 5, 59, and 79.)

Goldberg, D. E., 1989: Genetic Algorithms in Search, Optimization, and Machine
Learning. Addison-Wesley. (Cited on page 6.)

Grey, D., V. Hutson, and E. Szathmary, 1995: A Re-Examination of the stochastic
corrector model. Proceedings: Biological Sciences, 262, 29–35. (Cited on
page 10.)

Herschlag, D., 1995: RNA chaperones and the RNA folding problem. Journal of
Biological Chemistry, 270, 20871 –20874. (Cited on pages 79 and 102.)

Hesper, B. and P. Hogeweg, 1970: Bioinformatica: een werkconcept. Kameleon,
1, 28–29. (cited on page 1.)

Higgs, P. G., 2000: RNA secondary structure: Physical and computational aspects.
Quarterly Reviews of Biophysics, 33, 199–253, doi:null. (Cited on page 113.)

Hillis, D., 1990: Co-evolving parasites improve simulated evolution as an optim-
ization procedure. Physica D, 42, 228–234. (Cited on pages 8, 17, 31, 32, 33,
44, and 54.)

Hofacker, I. L., W. Fontana, P. F. Stadler, L. S. Bonhoeffer, M. Tacker, and
P. Schuster, 1994: Fast folding and comparison of RNA secondary structures.
Monatshefte für Chemie Chemical Monthly, 125, 167–188. (Cited on pages 4,
81, 93, 103, 104, and 106.)

Hogeweg, P., 1978: Simulating the growth of cellular forms. SIMULATION, 31,
90 –96. (cited on page 1.)

— 1988: Cellular automata as a paradigm for ecological modeling. Applied Math-
ematics and Computation, 27, 81–100. (Cited on page 9.)

129



BIBLIOGRAPHY

— 1994: Multilevel evolution: replicators and the evolution of diversity. Physica
D: Nonlinear Phenomena, 75, 275–291. (Cited on page 9.)

— 2011: The roots of bioinformatics in theoretical biology. PLoS Computational
Biology, 7. (Cited on page 1.)

Hogeweg, P. and B. Hesper, 1992: Evolutionary dynamics and the coding struc-
ture of sequences: Multiple coding as a consequence of crossover and high
mutation rates. Computers & Chemistry, 16, 171–182. (Cited on pages 4, 11,
81, and 120.)

Hogeweg, P. and N. Takeuchi, 2003: Multilevel selection in models of prebiotic
evolution: Compartments and spatial self-organization. Origins of Life and Evol-
ution of Biospheres, 33, 375–403. (Cited on pages 10, 59, 60, 80, 90, and 91.)

Holland, J. H., 1975: Adaptation in natural and artificial systems: an introductory
analysis with applications to biology, control, and artificial intelligence. University
of Michigan Press. (Cited on page 6.)

Huang, Z., W. Pei, Y. Han, S. Jayaseelan, A. Shekhtman, H. Shi, and L. Niu, 2009:
One RNA aptamer sequence, two structures: a collaborating pair that inhibits
AMPA receptors. Nucleic Acids Research, 37, 4022 –4032. (Cited on page 103.)

Husbands, P., 1994: Distributed coevolutionary genetic algorithms for Multi-
Criteria and Multi-Constraint optimisation. Selected Papers from AISB Workshop
on Evolutionary Computing, Springer-Verlag, London, UK, 150–165. (Cited on
page 32.)

Huynen, M. and P. Hogeweg, 1994: Pattern generation in molecular evolution:
exploitation of the variation in RNA landscapes. Journal of Molecular Evolution,
39, 71–79. (Cited on pages 5 and 79.)

Huynen, M. A., 1996: Exploring phenotype space through neutral evolution.
Journal of Molecular Evolution, 43, 165–169. (Cited on page 3.)

Huynen, M. A., D. A. M. Konings, and P. Hogeweg, 1993: Multiple coding and
the evolutionary properties of RNA secondary structure. Journal of Theoretical
Biology, 165, 251–267. (Cited on page 92.)

Huynen, M. A., P. F. Stadler, and W. Fontana, 1996: Smoothness within rugged-
ness: the role of neutrality in adaptation. Proceedings of the National Academy
of Sciences of the United States of America, 93, 397–401. (Cited on pages 3, 10,
59, and 79.)

Irimia, M., J. L. Rukov, D. Penny, and S. W. Roy, 2007: Functional and evolutionary
analysis of alternatively spliced genes is consistent with an early eukaryotic
origin of alternative splicing. BMC Evolutionary Biology, 7, 188–188. (Cited on
page 90.)

Isaacs, F. J., P. A. Carr, H. H. Wang, M. J. Lajoie, B. Sterling, L. Kraal, A. C. To-
lonen, T. A. Gianoulis, D. B. Goodman, N. B. Reppas, C. J. Emig, D. Bang, S. J.
Hwang, M. C. Jewett, J. M. Jacobson, and G. M. Church, 2011: Precise ma-

130



BIBLIOGRAPHY

nipulation of chromosomes in vivo enables Genome-wide codon replacement.
Science, 333, 348 –353. (Cited on page 91.)

Joyce, G. F., 2002: The antiquity of RNA-based evolution. Nature, 418, 214–221.
(Cited on pages 5 and 79.)

Juillé, H. and J. Pollack, 1998: Coevolving the "ideal" trainer: Application to the
discovery of cellular automata rules. Genetic Programming 1998: Proceedings of
the Third Annual Conference, 519–527. (Cited on page 22.)

Juillé, H. and J. B. Pollack, 1996: Co-evolving intertwined spirals. Evolutionary
Programming V: Proceedings of the Fifth Annual Conference on Evolutionary Pro-
gramming, 461–467. (Cited on pages 8, 17, 31, and 33.)

Khare, V. and X. Yao, 2002: Artificial speciation of neural network ensembles.
Proceedings of the 2002 UK Workshop on Computational Intelligence (UKCI’02),
96–103. (Cited on page 32.)

Kiss, T., 2002: Small nucleolar RNAs: an abundant group of noncoding RNAs
with diverse cellular functions. Cell, 109, 145–148. (Cited on page 79.)

Knibbe, C., A. Coulon, O. Mazet, J. Fayard, and G. Beslon, 2007a: A Long-Term
evolutionary pressure on the amount of noncoding DNA. Molecular Biology and
Evolution, 24, 2344 –2353. (Cited on pages 113 and 122.)

Knibbe, C., O. Mazet, F. Chaudier, J. Fayard, and G. Beslon, 2007b: Evolutionary
coupling between the deleteriousness of gene mutations and the amount of
non-coding sequences. Journal of Theoretical Biology, 244, 621–630. (Cited on
pages 4 and 71.)

Knight, R., H. D. Sterck, R. Markel, S. Smit, A. Oshmyansky, and M. Yarus,
2005: Abundance of correctly folded RNA motifs in sequence space, calcu-
lated on computational grids. Nucleic Acids Research, 33, 5924–5935. (Cited on
page 80.)

Konnyu, B., T. Czaran, and E. Szathmary, 2008: Prebiotic replicase evolution in
a surface-bound metabolic system: parasites as a source of adaptive evolution.
BMC Evolutionary Biology, 8, 267. (Cited on page 60.)

Koonin, E. V., K. S. Makarova, and L. Aravind, 2001: Horizontal gene transfer in
prokaryotes: quantification and classification. Annual Review of Microbiology,
55, 709–742, PMID: 11544372. (Cited on page 123.)

Koza, J. R., 1990: Genetic programming: a paradigm for genetically breeding
populations of computer programs to solve problems. Technical report, Stan-
ford University, Stanford, CA, USA. (Cited on page 6.)

— 1992: Genetic programming: on the programming of computers by means of
natural selection. MIT Press, Cambridge, MA, USA. (Cited on pages 6 and 33.)

Kun, A., M. Santos, and E. Szathmáry, 2005: Real ribozymes suggest a relaxed
error threshold. Nat Genet, 37, 1008–1011. (Cited on pages 80 and 113.)

131



BIBLIOGRAPHY

Li, L., S. T. Okino, H. Zhao, D. Pookot, R. F. Place, S. Urakami, H. Enokida, and
R. Dahiya, 2006: Small dsRNAs induce transcriptional activation in human
cells. Proceedings of the National Academy of Sciences of the United States of
America, 103, 17337 –17342. (Cited on page 79.)

Lorsch, J. R., 2002: RNA chaperones exist and DEAD box proteins get a life. Cell,
109, 797–800. (Cited on pages 6, 102, and 120.)

Mahfoud, S. W., 1995: A comparison of parallel and sequential niching meth-
ods. Proceedings of the 6th International Conference on Genetic Algorithms, Mor-
gan Kaufmann Publishers Inc., San Francisco, CA, USA, 136–143. (Cited on
page 32.)

Marek, M. S., A. Johnson-Buck, and N. G. Walter, 2011: The shape-shifting quas-
ispecies of RNA: one sequence, many functional folds. Phys. Chem. Chem. Phys.,
13, 11524–11537. (Cited on page 103.)

Marques-Pita, M., M. Mitchell, and L. M. Rocha, 2008: The role of conceptual
structure in designing cellular automata to perform collective computation.
Proceedings of the 7th international conference on Unconventional Computing,
Springer-Verlag, Berlin, Heidelberg, UC ’08, 146–163. (Cited on page 54.)

Matias Rodrigues, J. and A. Wagner, 2009: Evolutionary plasticity and innova-
tions in complex metabolic reaction networks. PLoS Computational Biology, 5,
e1000613. (Cited on page 113.)

Matlin, A. J., F. Clark, and C. W. J. Smith, 2005: Understanding alternative spli-
cing: towards a cellular code. Nat Rev Mol Cell Biol, 6, 386–398. (Cited on
page 102.)

Mattick, J. S., 2001: Non-coding RNAs: the architects of eukaryotic complexity.
EMBO Reports, 2, 986–991. (Cited on page 122.)

— 2007: A new paradigm for developmental biology. Journal of Experimental
Biology, 210, 1526 –1547. (Cited on page 122.)

Mattick, J. S., R. J. Taft, and G. J. Faulkner, 2010: A global view of genomic
information–moving beyond the gene and the master regulator. Trends in Ge-
netics: TIG, 26, 21–28. (Cited on pages 101 and 122.)

Maynard Smith, J. and J. F. Y. Brookfield, 1983: Models of evolution. Proceedings
of the Royal Society of London. Series B, Biological Sciences, 219, 315–325. (Cited
on page 59.)

Maynard-Smith, J. M., 1979: Hypercycles and the origin of life. Nature, 280,
445–446. (Cited on page 80.)

McCarthy, J., 1960: Recursive functions of symbolic expressions and their com-
putation by machine, part i. Commun. ACM, 3, 184–195. (Cited on page 6.)

Mello, C. C. and D. Conte, 2004: Revealing the world of RNA interference. Nature,
431, 338–342. (Cited on pages 79 and 90.)

132



BIBLIOGRAPHY

Mitchell, M., M. D. Thomure, and N. L. Williams, 2006: The role of space in the
success of coevolutionary learning. Artificial Life X: Proceedings of the Tenth In-
ternational Conference on the Simulation and Synthesis of Living Systems, 118—
124. (Cited on pages 17, 32, 34, and 40.)

Montange, R. K. and R. T. Batey, 2008: Riboswitches: Emerging themes in RNA
structure and function. Annual Review of Biophysics, 37, 117–133. (Cited on
pages 79 and 114.)

Nimwegen, E. V. and J. P. Crutchfield, 2001: Optimizing epochal evolution-
ary search: Population-Size dependent theory. Machine Learning, 45, 77–114.
(Cited on pages 66 and 71.)

Pagie, L. and P. Hogeweg, 1997: Evolutionary consequences of coevolving targets.
Evolutionary Computation, 5, 401–418. (Cited on pages 8, 10, 12, 17, 18, 19,
20, 32, 33, 34, 39, 40, 42, 44, 61, 72, and 73.)

— 1999: Colicin diversity: a result of eco-evolutionary dynamics. Journal of The-
oretical Biology, 196, 251–261. (Cited on page 11.)

— 2000a: Individual-and population-based diversity in restriction-modification
systems. Bulletin of Mathematical Biology, 62, 759–774. (Cited on pages 11
and 60.)

— 2000b: Information integration and red queen dynamics in coevolutionary
optimization. Proceedings of the 2000 Congress on Evolutionary Computation,
2000, IEEE, volume 2, 1260–1267 vol.2. (Cited on pages 22, 23, 31, and 54.)

Pagie, L. and M. Mitchell, 2002: A comparison of evolutionary and coevolutionary
search. International Journal of Computational Intelligence and Applications, 1,
53–69. (Cited on pages 31 and 54.)

Pagie, L., M. Mitchell, R. Belew, and H. Juillé, 2001: A comparison of evolution-
ary and coevolutionary search. Coevolution: Turning Adaptive Algorithms upon
Themselves, 20–25. (Cited on page 17.)

Paredis, J., 1995: Coevolutionary computation. Artif. Life, 2, 355–375. (Cited on
page 31.)

— 1997: Coevolving cellular automata: Be aware of the red queen! Proceedings of
the Seventh International Conference on Genetic Algorithms. (Cited on page 31.)

Philpott, A., T. Krude, and R. A. Laskey, 2000: Nuclear chaperones. Seminars in
Cell & Developmental Biology, 11, 7–14. (Cited on page 79.)

Potter, M. A. and K. A. de Jong, 1994: A cooperative coevolutionary approach to
function optimization. Proceedings of the Third Conference on Parallel Problem
Solving from Nature, Y. Davidor, H.-P. Schwefel, and R. Manner, eds., volume
866 of Lecture notes in computer science, 249–257. (Cited on pages 32, 33,
and 54.)

— 2000: Cooperative coevolution: An architecture for evolving coadapted sub-

133



BIBLIOGRAPHY

components. Evolutionary Computation, 8, 1–29. (Cited on pages 33 and 54.)

Raes, J. and P. Bork, 2008: Molecular eco-systems biology: towards an under-
standing of community function. Nature Reviews. Microbiology, 6, 693–699.
(Cited on pages 8, 119, and 123.)

Raes, J., I. Letunic, T. Yamada, L. J. Jensen, and P. Bork, 2011: Toward molecular
trait-based ecology through integration of biogeochemical, geographical and
metagenomic data. Molecular Systems Biology, 7, 473. (Cited on pages 119
and 123.)

Richter, A. S. and R. Backofen, 2011: Accessibility and conservation in bacterial
small RNA-mRNA interactions and implications for genome-wide target pre-
dictions. Proceedings of the German Conference on Bioinformatics (GCB 2011).
(Cited on page 92.)

Rosin, C. and R. Belew, 1997: New methods for competitive coevolution. Evolu-
tionary Computation, 5, 1–29. (Cited on pages 31, 32, and 33.)

Sanjuán, R. and A. V. Bordería, 2011: Interplay between RNA structure and
protein evolution in HIV-1. Molecular Biology and Evolution, 28, 1333 –1338.
(Cited on page 92.)

Savill, N., P. Rohani, and P. Hogeweg, 1997: Self-reinforcing spatial patterns
enslave evolution in a host-parasitoid system. Journal of Theoretical Biology,
188, 11–20. (Cited on pages 9 and 20.)

Scheuring, I., T. Czárán, P. Szabó, G. Károlyi, and Z. Toroczkai, 2003: Spatial
models of prebiotic evolution: soup before pizza? Origins of Life and Evolution
of the Biosphere: The Journal of the International Society for the Study of the
Origin of Life, 33, 319–355. (Cited on pages 59 and 60.)

Schuster, P., W. Fontana, P. F. Stadler, and I. L. Hofacker, 1994: From sequences
to shapes and back: a case study in RNA secondary structures. Proceedings.
Biological Sciences / The Royal Society, 255, 279–284. (Cited on pages 3, 5, 79,
and 120.)

Serganov, A. and D. J. Patel, 2007: Ribozymes, riboswitches and beyond: regula-
tion of gene expression without proteins. Nat Rev Genet, 8, 776–790. (Cited on
pages 79 and 114.)

Shapiro, B. A., 1988: An algorithm for comparing multiple RNA secondary struc-
tures. Computer Applications in the Biosciences: CABIOS, 4, 387–393. (Cited on
pages 81, 93, 103, and 113.)

Silvestre, D. G. and J. F. Fontanari, 2005: Template coexistence in prebiotic vesicle
models. The European Physical Journal B, 47, 423–429. (Cited on pages 10
and 91.)

Sims, K., 1994: Evolving 3d morphology and behavior by competition. Highlights
of the AlifeIV Conference, volume 1 of Artificial Life IV, 353–372. (Cited on
page 31.)

134



BIBLIOGRAPHY

Smith, R. E., S. Forrest, and A. S. Perelson, 1993: Searching for diverse, co-
operative populations with genetic algorithms. Evolutionary Computation, 1,
127–149. (Cited on page 32.)

Sontheimer, E. J. and R. W. Carthew, 2005: Silence from within: Endogenous
siRNAs and miRNAs. Cell, 122, 9–12. (Cited on page 79.)

Soyer, O. S. and T. Pfeiffer, 2010: Evolution under fluctuating environments ex-
plains observed robustness in metabolic networks. PLoS Computational Biology,
6. (Cited on page 3.)

Stich, M., C. Briones, and S. Manrubia, 2007: Collective properties of evolving
molecular quasispecies. BMC Evolutionary Biology, 7, 110. (Cited on page 71.)

Szathmáry, E., 1989: The integration of the earliest genetic information. Trends
in Ecology & Evolution, 4, 200–204. (Cited on page 59.)

Szathmáry, E. and L. Demeter, 1987: Group selection of early replicators and the
origin of life. Journal of Theoretical Biology, 128, 463–486. (Cited on pages 10,
59, 60, 80, and 90.)

Szathmáry, E. and J. Maynard Smith, 1997: From replicators to reproducers: the
first major transitions leading to life. Journal of Theoretical Biology, 187, 555–
571. (Cited on page 90.)

Taft, R. J., M. Pheasant, and J. S. Mattick, 2007: The relationship between
non-protein-coding DNA and eukaryotic complexity. BioEssays: News and Re-
views in Molecular, Cellular and Developmental Biology, 29, 288–299. (Cited on
page 122.)

Takeuchi, N., 2010: Evolutionary Dynamics of RNA-like Replicators: A Bioinform-
atic Approach to the Origin of Life. Ph.D. thesis, Utrecht University. (Cited on
pages 117 and 143.)

Takeuchi, N. and P. Hogeweg, 2007: Error-threshold exists in fitness landscapes
with lethal mutants. BMC Evolutionary Biology, 7, 15. (Cited on page 70.)

— 2008: Evolution of complexity in RNA-like replicator systems. Biology Direct,
3, 11. (Cited on pages 71, 80, and 81.)

— 2009: Multilevel selection in models of prebiotic evolution II: a direct com-
parison of compartmentalization and spatial Self-Organization. PLoS Computa-
tional Biology, 5, e1000542. (Cited on pages 9, 80, and 91.)

Takeuchi, N., P. H. Poorthuis, and P. Hogeweg, 2005: Phenotypic error threshold;
additivity and epistasis in RNA evolution. BMC Evolutionary Biology, 5, 9. (Cited
on pages 4, 10, 59, and 79.)

Thomas, P. J., B. Qu, and P. L. Pedersen, 1995: Defective protein folding as a
basis of human disease. Trends in Biochemical Sciences, 20, 456–459. (Cited on
page 6.)

Tiana, G., R. A. Broglia, H. E. Roman, E. Vigezzi, and E. Shakhnovich, 1998: Fold-

135



BIBLIOGRAPHY

ing and misfolding of designed proteinlike chains with mutations. The Journal
of Chemical Physics, 108, 757. (Cited on page 91.)

Treiber, D. K. and J. R. Williamson, 2001: Beyond kinetic traps in RNA folding.
Current Opinion in Structural Biology, 11, 309–314. (Cited on pages 6 and 120.)

Tringe, S. G. and E. M. Rubin, 2005: Metagenomics: DNA sequencing of environ-
mental samples. Nature Reviews. Genetics, 6, 805–814. (Cited on pages 8, 119,
and 123.)

Tuck, A. C. and D. Tollervey, 2011: RNA in pieces. Trends in Genetics, 27, 422–432.
(Cited on pages 11, 101, and 122.)

Turk, R. M., N. V. Chumachenko, and M. Yarus, 2010: Multiple translational
products from a five-nucleotide ribozyme. Proceedings of the National Academy
of Sciences of the United States of America, 107, 4585–4589. (Cited on page 80.)

Ulveling, D., C. Francastel, and F. Hubé, 2011: When one is better than two: RNA
with dual functions. Biochimie, 93, 633–644. (Cited on page 101.)

van Ballegooijen, W. M. and M. Boerlijst, 2004: Emergent trade-offs and selec-
tion for outbreak frequency in spatial epidemics. Proceedings of the National
Academy of Sciences of the United States of America, 101, 18246–18250. (Cited
on page 9.)

van der Laan, J. D. and P. Hogeweg, 1995: Predator-Prey coevolution: Interac-
tions across different timescales. Proceedings: Biological Sciences, 259, 35–42.
(Cited on page 9.)

van Kouwenhove, M., M. Kedde, and R. Agami, 2011: MicroRNA regulation by
RNA-binding proteins and its implications for cancer. Nat Rev Cancer, 11, 644–
656. (Cited on page 101.)

van Nimwegen, E. and J. P. Crutchfield, 2000: Optimizing epochal evolution-
ary search: population-size independent theory. Computer Methods in Applied
Mechanics and Engineering, 186, 171–194. (Cited on pages 66 and 71.)

van Nimwegen, E., J. P. Crutchfield, and M. Huynen, 1999: Neutral evolution of
mutational robustness. Proceedings of the National Academy of Sciences of the
United States of America, 96, 9716–9720. (Cited on page 3.)

van Valen, L., 1973: A new evolutionary law. Evolutionary Theory, 1, 1–30. (Cited
on page 8.)

Vitreschak, A. G., D. A. Rodionov, A. A. Mironov, and M. S. Gelfand, 2004: Ri-
boswitches: the oldest mechanism for the regulation of gene expression? Trends
in Genetics: TIG, 20, 44–50. (Cited on pages 5, 79, 90, and 114.)

Vogan, A. A. and P. G. Higgs, 2011: The advantages and disadvantages of hori-
zontal gene transfer and the emergence of the first species. Biology Direct, 6, 1.
(Cited on page 123.)

Von Neumann, J., 1951: The general and logical theory of automata. Cerebral

136



BIBLIOGRAPHY

Mechanisms in Behaviour, L. A. Jeffress, ed., Wiley. (Cited on page 9.)

Wagner, A., 2008a: Neutralism and selectionism: a network-based reconciliation.
Nat Rev Genet, 9, 965–974. (Cited on page 3.)

— 2008b: Robustness and evolvability: a paradox resolved. Proceedings. Biolo-
gical Sciences / The Royal Society, 275, 91–100. (Cited on page 3.)

Wallace, A. R., 1855: On the law which has regulated the introduction of new
species. The Annals and magazine of natural history, 16, 184–196. (Cited on
page 1.)

— 1859: On the tendency of varieties to depart indefinitely from the original
type. Journal of the Proceedings of the Linnean Society (Zoology), 3. (cited on
page 1.)

Watson, R. A. and J. B. Pollack, 2001: Coevolutionary dynamics in a minimal
substrate. Proceedings of the Genetic and Evolutionary Computation Conference,
GECCO-2001, Morgan Kaufmann, 702–709. (Cited on page 31.)

Wiegand, P., 2004: An Analysis of Cooperative Coevolutionary Algorithms. Ph.D.
thesis, Department of Computer Science, George MAson University, Fairfax,
VA. (Cited on pages 32 and 33.)

Wiegand, R. P. and J. Sarma, 2004: Spatial embedding and loss of gradient in
cooperative coevolutionary algorithms. Parallel Problem Solving from Nature -
PPSN VIII, Springer Berlin / Heidelberg, volume 3242, 912–921. (Cited on
pages 10 and 31.)

Williams, N. and M. Mitchell, 2005a: Investigating the success of spatial coevolu-
tion. Proceedings of the 2005 conference on Genetic and evolutionary computa-
tion, ACM, Washington DC, USA, 523–530. (Cited on pages 60 and 72.)

— 2005b: Investigating the success of spatial coevolutionary learning. Proceedings
of the 2005 Genetic and Evolutionary Computation Conference, 523–530. (Cited
on pages 10, 17, 32, 34, 40, 42, and 45.)

Wilson, D. S., 1975: A theory of group selection. Proceedings of the National
Academy of Sciences, 72, 143 –146. (Cited on page 10.)

Winkler, H., 1920: Verbreitung und Ursache der Parthenogenesis im Pflanzen- und
Tierreiche / von Dr. Hans Winkler.. G. Fischer,. (Cited on page 1.)

Wochner, A., J. Attwater, A. Coulson, and P. Holliger, 2011: Ribozyme-Catalyzed
transcription of an active ribozyme. Science, 332, 209 –212. (Cited on page 80.)

Woese, C. R., 2002: On the evolution of cells. Proceedings of the National Academy
of Sciences of the United States of America, 99, 8742–8747. (Cited on page 123.)

Wuchty, S., W. Fontana, I. L. Hofacker, and P. Schuster, 1999: Complete subop-
timal folding of RNA and the stability of secondary structures. Biopolymers, 49,
145–165. (Cited on pages 5, 103, and 104.)

Yao, X. and Y. Liu, 1998: Making use of population information in evolutionary

137



BIBLIOGRAPHY

artificial neural networks. IEEE Transactions on Systems, Man, and Cybernetics,
Part B: Cybernetics, 28, 417–425. (Cited on page 33.)

Zeldovich, K. B., P. Chen, and E. I. Shakhnovich, 2007: Protein stability imposes
limits on organism complexity and speed of molecular evolution. Proceedings of
the National Academy of Sciences of the United States of America, 104, 16152–
16157. (Cited on page 6.)

Zhang, J., M. W. Lau, and A. R. Ferré-D’Amaré, 2010: Ribozymes and ri-
boswitches: Modulation of RNA function by small molecules. Biochemistry, 49,
9123–9131. (Cited on pages 5, 79, and 114.)

Zhang, J., S. Maslov, and E. I. Shakhnovich, 2008: Constraints imposed by non-
functional protein-protein interactions on gene expression and proteome size.
Molecular Systems Biology, 4. (Cited on pages 6, 114, and 122.)

138



List of Publications

Folkert K. de Boer & Paulien Hogeweg The Role of Speciation in Spatial Coe-
volutionary Function Approximation. Proceedings of the 2007 GECCO 2437–2441
(2007)
Folkert K. de Boer & Paulien Hogeweg Eco-evolutionary Dynamics, Coding
Structure and the Information Threshold. BMC Evolutionary Biology 10:361
(2010)
Folkert K. de Boer & Paulien Hogeweg Less can be more: RNA-adapters may
enhance coding capacity of replicators. Plos One 7(1): e29952 (2012)
Folkert K. de Boer & Paulien Hogeweg Co-evolution and Ecosystem Based Prob-
lem Solving. Ecological Informatics 9: 47–58(2012)
Folkert K. de Boer & Paulien Hogeweg Genotype-Phenotype Map Plasticity of
RNA: Moving Beyond the Traditional Genetic Information to Function Mapping.
submitted to Journal of Molecular Evolution

139



140



curriculum vitæ

The author was born in Naarden, the Netherlands, on August 22, 1981. From
1992 to 2000 he attended Gemeentelijk Gymnasium in Hilversum, where he ob-
tained his Gymnasium diploma. In September 2000 he started his studies Cog-
nitive Artificial Intelligence (CKI) at Utrecht University (UU) and a year later, in
August 2001, he gained his propadeutic diploma. In 2003-2004 he held a full-
time position as Vice-President of a student society, with financial support granted
by Utrecht University.
The next (academic) year he continued studying CKI, following the majority of
courses at the theoretical Biology and Bioinformatics group for his specialisation
phase called ’knowledge and Representation. In 2007 he started an internship on
coevolutionary function approximation in this same group.
In August 2007 he graduated from Cognitive Artificial Intelligence and started his
postgraduate research under supervision of prof P. Hogeweg, finishing in February
2012. The results of this research are described in this thesis.

141



142



Samenvatting

De term ‘bio-informatica’ werd al in 1970 voor het eerst gebruikt door Ben Hesper
en Paulien Hogeweg voor het bestuderen van informatische processen in biologi-
sche systemen. Bio-informatica wordt tegenwoordig meestal beschouwd als de
wetenschap die tot doel heeft de biologische kennis te verrijken door methoden
uit de informatica toe te passen op biologische data. Maar ook het genereren van
relevante data door middel van simulaties valt onder de oorspronkelijke definitie
van de bio-informatica. In dit proefschrift gebruiken we deze ‘dynamische’ kant
van de bio-informatica om te proberen antwoorden te geven op fundamentele
vragen over evolutionaire processen. Het doel is niet zozeer om voorspellingen te
verifiëren, maar om het onverwachtse te ontdekken door gebruik te maken van
modellen en simulaties (vrij vertaald naar Nobuto Takeuchi (2010)). Dit brengt
uiteraard vele uitdagingen met zich mee. Bovenal moeten we ervoor waken dat
de antwoorden op de te beantwoorden vragen niet impliciet of expliciet worden
ingebouwd in het model. Dus in dit soort simulaties is de context minstens zo
belangrijk als de hoofdvraag die beantwoord geprobeerd te worden.

Het genoom, of genotype, van een organisme is de erfelijke informatie in een cel.
Tegenover het genotype staat het phenotype: de uiterlijke verschijning van het
organisme. Tussen genotype en phenotype zit de genotype-phenotype vertaling,
waardoor wordt bepaald hoe genetische informatie wordt omgezet in vorm. De
meeste evolutionaire modellen gaan uit van een simpele genotype-phenotype ver-
taling en een onveranderlijke genoom-grootte. Dit is niet het geval in biologische
evolutie en om de invloed van mutaties (fouten tijdens het kopiëren van gene-
tisch materiaal) op de evolutie van complexiteit te onderzoeken, modelleren we
in dit proefschrift genetisch materiaal als genomen met een variabele lengte. De-
ze extra vrijheid voegt een geheel nieuwe dimensie toe: verschillende genotypes
kunnen vertalen naar hetzelfde phenotype en evolutie kan organismen ‘dwingen’
de lengte van hun genoom aan te passen aan de omstandigheden.
De onderzoeken, beschreven in dit proefschrift, maken gebruik van grofweg twee
verschillende modellen met artificiële genomen. In het ene geval wordt genetisch
materiaal of informatie abstract gerepresenteerd door computer programma’s, in
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het andere geval wordt informatie gecodeerd in een meer biologisch vorm als
RNA-moleculen. In beide gevallen wordt evolutie gesimuleerd door de essentiële
evolutionaire beginselen: voortplanting, mutatie en selectie. In deze systemen
onderzoeken we wat de belangrijke randvoorwaarden zijn om de complexiteit
van (digitale) evoluerende organismen te vergroten.
Selectie vindt in alle gevallen plaats op het niveau van de digitale organismen
of replicatoren. Deze replicatoren planten zich voort (kopiëren zichzelf) op basis
van hoe goed ze aangepast zijn aan hun omgeving en geven daarmee hun infor-
matie door. Maar het kopiëren van informatie gaat niet altijd goed door kans op
mutaties en daarom zal het nageslacht verschillen. Uit deze variatie binnen een
generatie zullen dan weer de best aangepasten geselecteerd worden die op hun
beurt het genetisch materiaal van de volgende generatie verzorgen.
Maar om te spreken van evolutie moet minstens een deel van het nageslacht de-
zelfde informatie hebben als de ouder. Als genomen zo snel veranderen dat de
definiërende informatie voor een soort niet meer kan worden overgedragen over
de generaties, is er eigenlijk geen sprake meer van evolutie. Dit probleem wordt
de informatiedrempel genoemd en speelt een essentiële rol in dit proefschrift. De
informatiedrempel verwijst naar de maximale hoeveelheid informatie die op een
genoom vastgehouden kan worden onder een bepaalde mutatiedruk. Dit bete-
kent dat een genoom van een bepaalde lengte, maar een bepaald aantal mutaties
aankan. En aangezien de kans op mutaties afhankelijk is van de lengte van een
genoom (hoe langer een genoom, hoe meer kans op fouten tijdens het kopiëren),
is de lengte van een genoom dus beperkt. Met andere woorden: de informa-
tiedrempel stelt dat in evolutie de hoeveelheid informatie gelimiteerd is door de
mutatiedruk. In dit proefschrift onderzoeken we hoe evolutie dit probleem zou
kunnen omzeilen en wat de rol van de snelheid van muteren is (en de informa-
tiedrempel) op de structuur die informatie aanneemt op het genoom.
We beschouwen evolutie als een meerlagig proces, waarbij alle lagen invloed op
elkaar uitoefenen. Uitgaande van het niveau van het organisme, onderzoeken we
of de informatiedrempel misschien omzeild kan worden door ‘uit te wijken’ naar
twee andere niveaus: Eerst zal worden gekeken naar de rol van het ecosysteem
en in de latere hoofdstukken ligt de nadruk vooral op de interne organisatie van
informatie (op het niveau van het genoom).

Evolutie kan niet alleen in termen van het vasthouden van informatie over de
generaties gezien worden, maar kan ook beschouwd worden als het oplossen van
problemen. Organismen moeten vele omstandigheden de baas zijn en moeten
voedsel vinden en verteren. Als we bijvoorbeeld het vangen en eten van prooi-
en als op te lossen ‘probleem’ zien, dan bestaan er verschillende ‘oplossingen’
waarmee roofdieren prooien kunnen vangen. Individuen kunnen vele proble-
men alléén oplossen, maar vaak kan er ook sprake zijn van een verdeling van
werk, waarbij verschillende individuen elk een deeloplossing voor een bepaald
probleem hebben. Bij het roofdier/prooi-voorbeeld kan men denken aan aaseters,
gespecialiseerd in het eten van resten die overblijven na de roofdieren. Deze ana-
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logie hebben we gebruikt in hoofdstuk 3, waar de belangrijkste conclusie is dat
problemen die moeilijk individueel zijn op te lossen, door het ecosysteem als ge-
heel wel opgelost kunnen worden wanneer meerdere soorten samen evolueren.
In hoofdstuk 2 laten we zien dat de ruimtelijke structurering van populaties of
ecosystemen, zeer belangrijk is voor het integreren van informatie over de ver-
schillende generaties van de soort. Waar de ‘echte’ natuur niet is voor te stellen
zonder een ruimtelijke structurering (organismen moeten per slot van rekening
op zijn minst in de buurt van elkaar zijn om te interacteren), wordt dit vaak in
de theoretische biologie genegeerd. Veel modellen gaan ervan uit dat iedereen
met iedereen kan interacteren alsof de gehele populatie in een mixer zit. Maar
in hoofdstuk 2 vinden we dat informatie die nodig is om deze problemen op te
lossen beter geïntegreerd wordt op het genoom in een ruimtelijke setting, dan in
zo’n gemixte situatie. Ook als niet elke generatie dezelfde omstandigheden er-
vaart of dezelfde problemen tegenkomt, kan evolutie hiermee omgaan. Dat wil
zeggen dat individuen hun oplossingen kunnen generaliseren en er zelfs proble-
men opgelost kunnen worden die nooit eerder gezien zijn.
Dit komt terug in hoofdstuk 3, waar blijkt dat de ruimtelijke structurering ook een
positief effect heeft voor het probleemoplossend vermogen van het ecosysteem als
geheel. Verschillende populaties, met elk een deel van de oplossing, blijven bij el-
kaar in de buurt en evolueren zo samen, en lossen samen het gehele probleem op.

De koers van evoluerende organismen wordt bepaald door enerzijds de omgeving
en anderzijds de mutatiedruk (hoeveel mutaties krijgen organismen gemiddeld
te verduren per genoom-grootte). Vanuit een computationeel standpunt wordt
vaak gesteld dat er een balans moet zijn tussen het ‘verkennen’ van nieuwe infor-
matie en het ‘uitbuiten’ of verfijnen van aanwezige kennis. Daarom wordt vaak
aangenomen dat hoge mutatiedruk (maar niet over de informatiedrempel) goed
zou zijn om snel een oplossing te vinden. In dit proefschrift hebben we laten
zien dat als de grootte van het genoom variabel is, de hoeveelheid informatie
zich automatisch aanpast aan de mutatiedruk. Zoals aangetoond in hoofdstuk 4
kan een genoom onder lage mutatiedruk langer zijn en dus meer informatie be-
vatten. Hierdoor zijn er meer mogelijkheden om een oplossing voor een bepaald
‘probleem’ te kunnen coderen dan onder hoge mutatiedruk. In tegenstelling tot
wat je intuïtief zou verwachten, is de diversiteit bij flexibele genoom-grootte het
grootst onder mutatiedruk significant lager dan de informatiedrempel. Voor het
vinden van een oplossing is dit positief omdat er meer oplossingen gevonden kun-
nen worden.
Als aan de andere kant de snelheid van muteren zo hoog is, dat de informatie-
drempel wel wordt overschreden, dan worden genomen te klein om een oplossing
te kunnen coderen. We bespreken twee mogelijke scenario’s om de informatie
alsnog in het systeem te integreren. Na in hoofdstuk 3 te hebben laten zien dat
verschillende deeloplossingen over verschillende individuen in het ecosysteem
verdeeld kunnen worden, laten we in hoofdstuk 4 we zien dat onder druk van de
mutaties het systeem kan wisselen tussen individuele- en ecosysteem-oplossingen.
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Als de opgelegde mutatiedruk zo hoog is dat de informatiedrempel eigenlijk is
overschreden en er geen individuele oplossingen meer kunnen worden vastge-
houden op het genoom kan een oplossing, verdeeld in kleinere delen, nog steeds
blijven bestaan in een populatie.
Maar ook aan de andere kant van het spectrum liggen er mogelijkheden om infor-
matie in het systeem te behouden onder hele hoge mutatiedruk: in hoofdstuk 5
laten we zien dat als er informatie voor functionaliteit gecombineerd kan worden,
dit gebruikt kan worden om de structuur van informatie op het genoom aan te
passen aan de mutatiedruk.
De modellen waarmee we dit in de laatste twee hoofdstukken laten zien, gaan uit
van ‘protocellen’, de abstracte voorlopers van cellen, die gekopiëerd worden om
genetisch materiaal door te geven. Deze protocellen bevatten RNA-ketens (geno-
type), die in een bepaalde vorm vouwen die de functie van het molecuul bepa-
len (phenotype). De genotype-phenotype vertaling van deze RNA-ketens in een
vorm of structuur wordt bepaald door de aantrekkingskracht van de schakels in
de keten (nucleotides). In hoofdstuk 5 definiëren we een set van structuren die
protocellen kunnen evolueren en die bepalen hoeveel kans een protocel maakt
om zich voort te planten. Daar voegen wij één speciale functie aan toe, de zoge-
noemde RNA-adapter: RNA-ketens die de mogelijkheid hebben om de vorm van
andere RNA-ketens te veranderen. Deze functie kan alleen uitgevoerd worden
door RNA-ketens die een vooraf gedefinieerde structuur hebben, namelijk die van
een zogenoemde “haarspeld”. Als een protocel zo’n RNA-adapter heeft, kan deze
het genotype van andere moleculen zo veranderen (door te binden en zo bepaal-
de posities op een RNA-keten te blokkeren), dat deze coderen voor een andere
vorm. Dus door het evolueren van RNA-adapters kan een protocel de informatie
voor verschillende vormen (en dus functies) combineren op één RNA-keten.
Wederom zien we een aanpassing aan de mutatiedruk: onder lage mutatiedruk
bestaat er een één-op-éénrelatie tussen aantal RNA-ketens en functies, terwijl on-
der hogere mutatiedruk één RNA-keten soms wel de informatie voor acht verschil-
lende functies kan bevatten met behulp van zeven verschillende RNA-adapters.
In hoofdstuk 6 gebruiken we hetzelfde model van protocellen, maar onderzoeken
we of andere vertalingen tussen RNA-ketens en hun functie misschien ook hetzelf-
de voordeel kunnen opleveren. We vergelijken de RNA-adapters met twee andere
mogelijkheden om op één RNA-keten meerdere functies te coderen. De eerder
gebruikte genotype-phenotype vertaling ging alleen uit van de structuur die het
meest stabiel was voor een bepaald genotype. Maar voor elk genotype zijn er
vaak ook structuren die wel gevormd kunnen worden, maar minder stabiel zijn.
In het ene model beschouwen we deze verzameling sub-optimale structuren van
een RNA-keten. In het andere model wordt gekeken voor alle RNA-ketens in een
protocel of ze met elkaar andere structuren kunnen produceren.
Ook worden alle moleculen zonder functie als toxisch beschouwd. Het vermij-
den van deze giftige moleculen blijkt het lastigst te zijn als de RNA-ketens van
een protocel teveel moeten interacteren. In de modellen met de RNA-adapters
en sub-optimale vouwingen is de genotype-phenotype vertaling van RNA flexibel
genoeg om functies succesvol te evolueren én giftige moleculen te vermijden. Dit
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gebeurt in beide gevallen door de manier waarop informatie op het genoom co-
deert voor functies aan te passen aan de mutatiesnelheid.
Samengevat hebben we dus laten zien dat er, ondanks de begrenzingen van de
informatiedrempel, meer complexiteit kan evolueren dan verwacht. Sterker nog,
we hebben laten zien dat complexiteit bevorderd kan worden door hoge muta-
tiedruk, door het ontstaan van meerdere, van elkaar afhankelijke, soorten in een
ecosysteem. Ook de complexiteit van codering (het combineren van verschillende
stukken informatie) wordt bevorderd door hoge mutatiedruk. We hebben laten
zien dat als een evolutionair proces genoeg vrijheid heeft het zich kan aanpassen
aan de mutatiedruk, en daarom sluiten we af met de conclusie dat die informa-
tiedrempel meer gezien moet worden als een soort mal die de koers van evolutie
stuurt, dan als een statische begrenzing van complexiteit.
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De begeleiding die ik daarbij heb gekregen, was veel minder standaard. Ik denk
niet dat veel promovendi voor hun eerste congres-artikel tot diep in de nacht door
hun promotor worden geholpen om die deadline van 6 uur in de ochtend maar te
kunnen halen. Altijd stond de deur van je kamer open en kon ik binnenwandelen
voor vragen. Andersom kwam je nog vaker onze kamer binnen voor discussies en
nieuwe ideeën. Door de jaren heen hebben we dan ook dagenlang naar patronen
en vele kleurrijke plotjes op mijn computerscherm zitten staren. Kortom, ik ben
trots én dankbaar dat ik jouw student heb mogen zijn!
Ben, bedankt voor alle bemoedigende woorden, de steun als er weer eens neg-
atieve reacties waren binnengekomen van reviewers die het duidelijk niet begre-
pen hadden, en natuurlijk bedankt voor alle updates omtrent de natuurkunde en
de deeltjesversneller!
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Here, I also would like to thank Andreas Wagner, Paul Higgs, Takashi Ikegami and
Barry McMullin for being members of my reading committee and finding the time
and interest to read this thesis.
Onder het kopje “ bedank je familie”, begin ik natuurlijk bij mijn ouders. Mam,
pap, jullie hebben het niet getroffen met twee van de drie zoons die een studie
hebben gekozen waarvan ze zelf niet eens weten hoe je nou uit kan leggen wat het
inhoudt. Daarom was de vreugde waarschijnlijk ook groot toen ik langzaam richt-
ing de biologie ging. Maar helaas, des te groter moet de desillusie zijn geweest
toen bleek dat er binnen de theoretische biologie minstens zulke onbegrijpelijke
onderwerpen waren om te bestuderen... Sorry daarvoor, maar bovenal dank voor
de nooit aflatende steun, interesse en zorg!
Oma’s, voor jullie zal het ook niet altijd makkelijk zijn geweest om een kleinzoon
te hebben met zo’n studie. Desalniettemin heb ik altijd onvoorwaardelijke steun
van jullie gekregen, waar ik jullie zeer dankbaar voor ben. Ook wil ik hier mijn
opa’s en omi bedanken, die een net zo belangrijke rol hebben gespeeld, alleen
dan in de tijd dat ik het woord ’wetenschap’ nog maar net kon spellen.
Lieve Marleen, zelfs over het schrijven van deze tekst heb je me nog vele tips
proberen te geven. Geen standaardteksten, maar luchtige grapjes zouden het
moeten zijn. Humor heb ik niet, dus daarom heb ik de pagina’s vol met lofzang
over hoe goed je me hebt geholpen en hoe fijn we het samen hebben, weer weg
kunnen gooien. Bedankt daarvoor, en natuurlijk (stiekem) toch ook voor de vele
jaren samen met jou.
Hetty en Bob, ook jullie wil ik bedanken voor jullie interesse en meelevendheid,
en natuurlijk vergeet ik Martin daarbij ook niet. De gereedschapskist die ik van
jullie voor mijn afstuderen heb gekregen, wordt nog steeds flink gebruikt (voor-
namelijk fiets-gereedschap) en staat dus mede aan de basis van de vele ideeën in
dit proefschrift die ik op de fiets heb gekregen.
Jelle, jij bent waarschijnlijk de enige uit de familie die nog enigszins een idee
heeft waar ik het over heb (wat omgekeerd trouwens niet per definitie opgaat).
Ik heb het dan ook altijd jammer gevonden dat Groningen zo ver weg voelt. Ik ga
proberen er wat aan te doen (aan dat gevoel dan, Groningen zal niet dichterbij
komen).
Niels, ook jij begreep nooit iets van wat ik deed. En dat is misschien maar goed
ook, want we lijken al genoeg op elkaar! Ik beloof je, dat zodra FC Utrecht
landskampioen wordt, ik het net zo lang aan je zal uitleggen tot je het helemaal
begrijpt!
Welmoed, Kees en de kinderen, bedankt voor dat heerlijke huisje op Texel, waar
hoofdstuk 5 en 6 grotendeels zijn geschreven.

Without further ado, I would like to thank those who I have considered to be my
scientific conscience over the years. Thomas, Nobuto, Daniel and the youngest
addition, of who I’m not yet sure if he has a conscience himself, Sandro. Over
the years, both the work and non-work related discussions, with the exception
of the subjects ‘how random is random’ and ‘the circularity of time’, were really
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important for me, and I hope we will have a lot more of them in the future. There
is still so much to discuss, and even more not to discuss while drinking beer..
Daan, al tijdens onze studie hebben wij het woord ‘procrastination’ een nieuwe
betekenis gegeven. En daar mogen we best trots op zijn! Moet je je eens voorstel-
len hoe diep onze productiviteit gedaald zou zijn als we het internet niet hadden
gehad! Ja, stel het je maar even voor. Daarom ben ik ook meer dan blij dat, zelfs
nadat we allebei keurig op tijd afgestudeerd zijn, ons contact over de email niet
noemenswaardig minder is geworden en we elkaar, zelfs buiten het internet om,
nog geregeld zien. Laten we dat zo houden!
Een belangrijk plekje in dit dankwoord is ook weggelegd voor mijn jaarclub,
PrinsPils, die altijd klaar staan voor de nodige afleiding en steun. Prinsen, bedankt
voor de mix van serieuze zaken, slechte grappen (mocht iemand zich gevleid
voelen: ik bedoel niemand in het bijzonder), zin en onzin1. Dat we elkaar na
bijna 12 jaar nog steeds op wekelijke basis zien en dat dit nog steeds niet verveelt,
zegt genoeg!
Rienks, jarenlang elke week samen klimmen gaat je niet in de koude kleren zitten.
Net zo min als de vele pakken mie die we naar binnen hebben gewerkt. Onver-
minderd bleef je informeren of dat artikel nou al gepubliceerd was. Gelukkig
kan ik die vraag nu eindelijk met ’ja’ beantwoorden! Daar moet op gedronken
worden, dus laten we nog maar een weekje klimmen overslaan.
Een groep vrienden uit een fase eerder uit mijn leven, wil ik hier ook graag noe-
men: hopelijk komt de Dikkechill posse de komende tijd weer wat vaker bij
elkaar! Chris, door jou (en indirect je vader) ben ik klassiek gaan luisteren,
wat (en dan met name “Ludwig Von”) me door de laatste maanden heen heeft
geholpen!
Ook mijn SB ontkomt niet aan een bedankje. Met de promotie van Marieke op
komst, neemt het vice-iaat een voorsprong van 2-0. Niels, wanneer begin die
promotie van jou? Ik hoop nog vele brakke borrels met jullie mee te maken. Van
die borrels waarbij de tranen van het lachen bij Robert over zijn wangen biggelen.

Last, but of course not least, I would like to thank the whole TBB group. The
group is too big to name everybody, but know that I couldn’t have done it without
you all!2. A special thanks for the inhabitants of Room Z533 (no names needed)
and former Z505, for being just plain awesome. Thank you Ilka, Hanneke, Paola,
Jorg, Sai, Lidija and Michael for being so persistent in asking us to join for a coffee
at Gutenberg, while our own coffee from the Cafetière is obviously better. And
thank you Rob, Can, Berend (especially for learning me important concepts of our
contemporary society such as framing, mastodonts and ‘beleids-resistentie’), Jan-
Kees, Kirsten and Ronald (when can I ‘tick’ that kuifkoekoek in your backgarden?)
and all the current and former (PhD-)students. I had a fabulous time!

1Voor het behoud van de goede zeden, heb ik hier een pagina of 3 moeten verwijderen waar de
loftrompet niet onder stoelen of banken werd gestoken

2Please note the importance added to this phrase by the first lines of this dankwoord
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Short summary of the last three pages for the lazy reader:
I thank you all!
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