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Abstract

A novel approach to generating scale-free network topekdg introduced,
based on an existing artificial Gene Regulatory Network rhdé®m this model,
different interaction networks can be extracted, basednoactivation threshold.
By using an evolutionary computation approach, the modalasved to evolve, in
order to reach specific network statistical measures. Thétsobtained show that,
when the model uses a duplication and divergence inittidisasuch as seen in na-
ture, the resulting regulation networks not only are claséopology to scale-free
networks, but also require only a few evolutionary cycleadhieve a satisfactory
error value.

1 Introduction

Scale-Freenetworks are complex networks which have a few highly cotetenodes,
while most nodes are poorly connected (Barabasi and Alb2#89). More precisely, in
such networks, the connectivity of the nodes follows a pdeser the proportionP (k)

of nodes with degrek (i.e. that are connected toother nodes) is roughly proportional
to k7, for a positive real numbey, at least above a giveavalue.

This network topology has been shown to exist in a varietyeal-world, artifi-
cial and biological systems (Albert and Barabasi, 2002¢kty, 2001; Jeong et al.,
2000; Guelzim et al., 2002; van Noort et al., 2004; Babu et28l04), and has been
widely studied because of its high resistance to randomrsl Different generative
models have been shown to create scale-free networks: iariti@al “preferential
attachment” model, the network is built gradually, and n@des attach preferentially
to highly connected nodes (Barabasi and Albert, 1999)gtiogving random network
model (Krapivsky et al., 2000) extends this idea, by adgptire connection proba-
bility of a new node through a connection kernel. This toggloan also occur as a
consequence of optimization processes, such as the widsigta existing software
components (see (Valverde et al., 2002) and referencesitifeand through evolu-
tionary processes applied to cellular automata (Tomassial., 2004); finally, some
artificial genome models, created through duplication anerdence, have been shown
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to generate networks with a power-law degree distributRas{or-Satorras et al., 2003;
Kuo and Banzhaf, 2004). However, all these models use ruégste not directly con-
nected to the topology of the resulting network, and in patéir do not offer an easy
tuning of the statistical properties of the network theyldhuising the last type of gen-
erative model — the generation of genomes through dupdicatnd divergence — the
current work investigates the possibility of designingledaee networks with a given
exponent for its power-law tail.

Genetic Regulatory Networks (GRNSs) are biological intéoacnetworks among
the genes in a chromosome and the proteins they producegeaetencodes a specific
type of protein, and some of those, termigenscription Factorsregulate (either en-
hance or inhibit) the expression of other genes, and hemogaheration of the protein
those genes encode. The study of such networks of intensgbimvides many inter-
disciplinary research opportunities, and as a result, GiRiNe become an exciting and
fast evolving field of research.

In order to study the characteristics of GRNs, many artifisistems have been
designed, either through the modeling of biological datguely artificially; de Jong
(2002) provides a relatively recent overview of this areseskarch.

One interesting research direction regarding the use of &SRkhe extraction and
analysis (static or dynamic) of their regulation networke\ous work on the struc-
tural analysis of GRNs has provided many insights, of whiehfbllowing are but a
few examples. It has been shown that these networks can e dhoough a pro-
cess of duplication and divergence (Wolfe and Shields, 1881is et al., 2004); that
they can exhibit scale-free and small-world topologiesgiBlet al., 2002; van Noort
et al., 2004; Babu et al., 2004; Kuo et al., 2006); that sonseifip network motifs,
resembling those identified by biologists as building-Bgare present within these
artificial networks (Wuchty et al., 2003; Milo et al., 2004hat different regulatory
behaviours are detectable in these models, such as pgdeddred, chaotic, or cyclic
(Reil, 1999); that it is possible to apply evolutionary apgehes leading to stable regu-
latory patterns, under different random starting condgi@Rohlf and Winkler, 2008);
and that in response to diverse stimuli, the wiring of theste/orks changes over time,
with a few transcription factors acting as permanent hubsiost adapting their role
as an answer to the changing environment (Luscombe et 8420

The generation of specific network topologies allows thedorporation in a va-
riety of systems. Although regular and random topologieghseen shown to work
well in several fields, such as parallel and distributed cating (Leighton, 1992) or
simple automata (Garzon, 1995), other systems have beemsbogrofit from specific
topologies, such as large cellular automata systems (Vi&@9), and evolutionary al-
gorithms of different classes (Giacobini et al., 2005, 2®4/ne and Eppstein, 2007,
2008). The objective of the current work is therefore to gateetopologies that are to
be tested in other optimisation algorithms, such as EchteStetworks (Jaeger, 2001;
Jiang et al., 2008).

The present work focuses on the analysis of the underlyitgork topologies
of one artificial GRN model (Banzhaf, 2003), and of its use agaerative model
for scale-free topologies. Both random genomes and genaritdised through a
duplication and divergence method are first analysed witheet to statistical prop-
erties of the topology of the resulting interaction netwofken, the inverse problem
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is addressed: an Evolutionary Algorithm is used to evoltéical GRNs so that the
topology of the resulting network has specific statisticapgerties — more precisely,
a scale-free topology with a given exponent. The resultaiobtl show that genomes
created through duplication and divergence are bettexdtor evolution, and generate
networks exhibiting power-law tails, a clear sign of a sdaée topology.

This paper is structured as follows: Section 2 presents R @&odel used in the
simulations, including the description and analysis ofdbglication/divergence pro-
cess used to initialise the genomes. Section 3 introdueestttistical tools used to
assess the scale-free properties of the networks, alomgthattechniques to actually
compute them. Section 4 describes the experimental séte@rtor measure and the
results obtained when evolving GRNs to obtain scale-fréeark topologies. Section
5 then analyses the reasons behind the success of theisatimh procedure in gen-
erating suitable topologies, and finally Section 6 discsi$sese results and sketches
some hints for future research directions.

2 TheGRN Mode

2.1 Representation and dynamics

The artificial model described here is that proposed by Bai(@003). It is built over
a genome represented as a bit string, and assumes that escproduces a single
protein, with all proteins regulating all genes (includihg gene that produced it).

A gene is identified within the genome by &wtivator (or Promote) site, that
consists of an arbitrarily selected bit pattern: in this kya 32 bits sequence whose
last 8 bits are the pattef1.010101.

The 160 § x 32) bits immediately following a promoter sequence represieat
gene itself, and are used to determine type of the proteingbine produces. This
protein (like all proteins within the model) is a 32 bit segae, resulting from a many-
to-one mapping of the 160-bits gene sequence: each of thigs3¥ the protein results
from the application of a majority rule for each of the fivessef 32 bits taken from
theb x 32 bits of the gene (see Fig. 1).

Upstream from the promoter site are two additional 32 binsengts, represent-
ing theEnhancerand Inhibitor sites: these are used for the regulation of the protein
production of the associated gene.

The binding of proteins to the enhancer or inhibitor sitesaleulated through the
use of theXOR operation, which returns the degree of match as the numbastsoget
to one (that is, the number of complementary bits in both &itgyns). In general, a
Normal distribution results from measuring the match betwgroteins and these sites,
in a randomly generated genome (Banzhaf, 2003).

The enhancing and inhibiting signals regulating the pr¢idncof proteinp, are
then calculated as:

N
1
e, hy = N Z c; exp(B(wi,j — Uimaz)) 1)

j=1
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Figure 1: Bit string encoding of a gene. If a promoter sit@igfd, the gene information
is used to create a protein, whose quantity is regulatedéogttiachment of proteins to
the enhancer and inhibitor sites.

whereN is the number of existing proteins; is the concentration of proteif u; ; is
the number of matching bits between the regulating site négand proteiry, w; maq
is the maximum match achieved for gep@ndg is a positive scaling factor.

Given these signals, the production of protgeia calculated via the following dif-
ferential equation:

dCi

dt
whered is a positive scaling factor (representing a time unit), @nis a term that
proportionally scales protein production, ensuring thatc; = 1, which results in
competition between binding sites for proteins.

Note that this model makes some simplifying hypothesesrdaga some of the
known characteristics of the biological regulatory pracesll proteins are assumed
to beTranscription Factorsi.e., all proteins are used to regulate the expressionl of al
genes: in other words, the model is a closed world. Also, tbeehuses only one
enhancing and inhibiting site per gene. However, it captimieresting properties of
actual GRNs, in particular through the genome construdégehnique. One should
nevertheless be careful when translating to real GRNs thgltsethat are obtained
using this model.

2.2 Genome Construction

The technique of duplication and mutation proposed (BaiyZ893) consists in cre-
ating a random 32 bit sequence, followed by a series of ledigpiications associated
with a (typically low) mutation rate. It has been shown (Wo#nd Shields, 1997;
Kellis et al., 2004) that such evolution through genome hagibn and subsequent
divergence (mostly deletion) and specialisation occursature.
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Number of genes

An analysis of the resulting number of genes in a genome watgfiesented by Kuo

and Banzhaf (2004). A similar technique was used here tostigege the influence

of the initialisation mutation rate on the number of genesgemome:1000 genomes

were created usin@4 duplication and divergence events, giving a genome lenfyth o

L¢ = 32 x 214 = 524288. The histogram for the resulting numbers of genes is shown

in Fig. 2: if little or no mutation is used, a large proportioihgenomes have no genes

at all, but a few genomes have a large amount of genes. Thisonaes expected: if

the original random sequence contains the promoter patieifit appears early in the

sequence of duplications thanks to a lucky mutation, themgelnumber of genes will

be created by the duplication process. Otherwise, littlecogenes will be created.
When the mutation rate increases, the number of genesyaguidiverges towards

a stable average range: with rates higher thi#h, the duplication technique becomes

sufficiently randomised to roughly lead to the same numbegefes per genome

(around 900 here) as if using randomised genome bit-st{mgequivalently, if us-

ing a mutation rate 050% with the duplication/divergence process), as the genome

sequence becomes randomised after just a few duplicagps.st
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Figure 2: Histogram of the number of genes per genome, cadmvier 1000 genomes
per mutation rate. The-axis plots the number of genes, #haxis (depth) the mutation
rate, and the-axis (height) the percentage of genomes having this pgaticumber
of genes. Genes were not allowed to overlap.
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2.3 GRN Topologies

As seen before, all proteins within the model regulate thression of all genes. The
strength of this regulation is determined by the binary métetween the protein pat-
tern and the regulating sites of the destination gene (Eq. 1)

The resulting network of gene interactions can be drawn aseatdd graph, with
vertices connecting genes producing transcription factorthe genes they regulate
(Banzhaf, 2003). As all genes produce transcription facttie graph of the resulting
interaction network is a complete graph, where all nodessked together. However,
because of the exponential nature of the interactions diyeeq. 1, small interactions
will have almost no effect on the production of a given pnotdt is hence natural to
establish a minimum matching strengthréshold and to remove weaker regulation
relationships.

Moreover, by using different thresholds, different netkvtwpologies can be ob-
tained. For instance, Figs. 3 and 4 show the graphs of the sampletely random
genome for two slightly different thresholds (respectves and24). While almost
all nodes are still connected on Fig. 3, increasing the Hulelsby one removes many
connections, and the graph on Fig. 4 is only a small sub-gadighe previous one
(nodes which become isolated are not shown, which explamsmaller number of
genes). Note also how the increase of the threshold createsinected (independent)
sub-graphs.

A completely different picture is that of genomes initialisthrough the dupli-
cation/divergence process (hereafter called DM-gengnuescribed in Section 2.2.
Fig. 5 is an example of the topology of the interaction graptstich a genome, initial-
ized with 1% mutation rate, usind as the connection threshold.

The use of a low mutation rate results in a much shalloweahiéy of nodes, with
a few master genes being connected to most of the other gegetating and/or being
regulated by them. Varying the threshold results in netwavith similar dynamics:
Figs. 6 and 7 depict the same DM-genome, with higher conrisctiresholds {7 and
18, respectively). The presence of master genes is still dbesitheir connectivity is
obviously lower. Note also how some master genes disapftbarthreshold parameter
is increased.

Another observation is that the thresholds generatingfasting” topologies for
randomly created genomes are higher than those for genasaed with duplication
and low mutation. This is because the latter exhibit a higireke of similarity in their
bit patterns, leading to a lower value of ;, when applying theXOR operator (see
Equation 1).

2.4 Connectivity variance

In order to generalize the observations made on the gragveaan approach similar
to that of Kuo et al. (2006) has been used here to analyse Euoreship between
the number of edges and the threshaldf genomes have been generated, usig
duplication events, and the network connectivity (fractid edges) has been computed
for each threshold.
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Figure 3: Gene regulatory network for a random genome oftleiigy = 32768,
i.e. created using0 duplication events and a mutation rate50f%, at a threshold of
23 bits. Solid edges indicate enhancing interactions, datigkes indicate inhibiting
interactions.
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Figure 4: Gene regulatory network for the same genome agjin3riat a threshold of
24 bits.

The network connectivity is defined as:

#edges
NC =35 (3)

where#edges is the number of edges in the network, ané the number of nodes,
or genes ¥n? is hence the maximum number of possible edges, as each nodeca
connected twice to any other node, including itself).
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Figure 5: Gene regulatory network for a genome of length= 32768, created using
10 duplication events and a mutation ratel§f, at a threshold of6 bits.

Figure 6: Gene regulatory network for the same genome agjiB Rt a threshold of
17 bits.
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Figure 7: Gene regulatory network for the same genome agji®,Fat a threshold of
18 bits.

Fig. 8 shows the connectivity as a function of the threshfdd,mutation rates
of 1%, 5%, 10%, and50%. It is a clear illustration of the very different behaviors
with respect to connectivity depending on the mutation usted during the duplica-
tion/divergence process:

¢ A high mutation rate (or, equivalently, the completely randgeneration of the
genome) creates a network which stays fully connected wittide range of
threshold values; then, there is a sharp transition fromciuhnectivity to no
connectivity (see also Fig. 9). Moreover, there is a verylbnaaiance between
different networks.

e A low mutation rate creates a network which quickly losed éannectivity;
however, its transition from full connectivity to no conmigity is much smoother
than that of random networks. Moreover, there is very lat@gance between
different networks generated with the same mutation rate.
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Network connectivity variance with threshold
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Figure 8: Fraction of edges in a graph as compared to a fulipected network (and
standard deviations), versus threshold parameter, basedroples ofil00 genomes,
created using4 duplication events, and mutation ratesl&,5%, 10%, and50%.

3 Scale-free Topologies

Even though the model used is overly simplified compared tatighknown of bio-
logical GRNs (as discussed in Section 2.1), an interessisige is to find out whether
or not the resulting interaction network exhibits partarybroperties resembling those
found in natural networks, such as being Scale-Free (Wu26ty1; Jeong et al., 2000;
Guelzim et al., 2002; van Noort et al., 2004; Babu et al., 208¢dleast for certain val-
ues of the threshold used to prune the graph of connectionkaracteristic feature of
Scale-Free graphs is that the distribution of the degregoamately follows a power
law. However, assessing such a distribution is not as ols\astit seems.

3.1 Measurement of Power Laws

Given a sample of a quantity, the typical method for meaguwhether or not this
quantity follows a power law consists in measuring whethertistogram of the sam-
pled quantity at hand is roughly linear on logarithmic ssak linear regression (using
e.g. anyLeast-Squaremethod) can be used, and the slope of the best linear approx-
imation will be the exponent-~ of the power-law. This method, however, has been
shown to introduce systematic biases into the value of tiperent (Goldstein et al.,
2004; Newman, 2005), because quite often, the tail of pdaerdistributions tends

to be noisy, due to sampling errors: this arises from the ttaat very few samples
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exist towards the high end of the distribution. This is datiethe case with the vertex
degree distributions analysed here.

Another option is to work directly on the sample itself, ethhan on the loga-
rithms, and to use a non-linear curve-fitting method, sudh@& evenberg-Marquardt
algorithm (Levenberg, 1944; Marquardt, 1963). In this cdsmvever, the difficulty
lies in choosing the correct parameters for the optiminatieethod, and taking into
account all points of the histogram, despite their veryedéht orders of magnitude.

To tackle this problem, a technique known lagarithmic binningcan be used
(Albert et al., 2000). It smoothes the histogram by grouphegdistribution data per
ranges oft values with exponentially increasing sizes (elg[2, 3], [4,7], ...). This
technique, combined with the linear least-squares appration, tends to give good
results (Albert et al., 2000), and is the technique of chéac¢his work.

Finally, another question arises as to where to measureaiverdaw behaviour;
indeed, it has been shown that many distributions followagrdaw only in the tail
(Newman, 2005; Clauset et al., 2007). After observationfefilasamples, it was noted
that the topologies generated by the current techniquetatsbto produce a power-
law behaviour only in the tail, and therefore the error fimetivas adapted to optimise
this behaviour (see Section 3.2). The measurement adapteidté simple: the tail of a
distribution starts when the proportion of nodes havingreat®number of connections
is lower than the preceding one (Fig 9 and 10 provide exaples

3.2 Are GRNs Topologies Scale-Free?

Random genomes are, in terms of degree distribution, higigular, in that their de-
gree distribution is highly peaked; this in turn leads togmbially misleading good
values (linear regression of 2 points is always perfecthisTcan be seen in Fig. 9,
which shows an example network extracted from a random gendhre vertex degree
distribution is clearly Gaussian, even when plotted in déapggraph; however, a least-
squares regression gives the vajue- 3.25. Using logarithmic binning does not help:
due to the proximity of all values, there are only three polett in the distribution tail,
leading to a good value, but with a high approximation error.

Networks extracted from DM-genomes give a completely diffe picture, as seen
in Fig. 10. The initial distribution has a clear linear treinda log/log scale, but is
affected by noise towards the end of the distribution, anthlial low proportion val-
ues; by using logarithmic binning, the values towards ttteagre grouped and therefore
smoothed, whereas the initial values of the distributiendiscarded after detection of
the distribution tail.

The occurrence of misleadingvalues with random genomes can be further ob-
served in Fig. 11: the number of logarithmic bins with randgenomes is much
smaller, making the task of measuring the scale-free bebawf the resulting dis-
tribution very difficult and error prone. DM-genomes, on titker hand, give a wider
spread of distribution sizes, withvalues typically in the rangg, 2].

Though some graphs built from the artificial GRNs considdree exhibit some
characteristics of scale-free networks (Kuo and Banzha®42 when the described
initialisation process is applied, their degree distiifutis generally quite far from a
true power law. Nevertheless, while random graphs, becatif®e poor spread of
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Example Random Initial Vertex Degreee Distribution
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Figure 9: Vertex degree distribution for the best network @dndom genome, before

(stars) and after (vertical bars) logarithmic binning. Yarertical bars represent the tail

of the distribution, and the line drawn represents the {egatires regression calculated
using the distribution tail.

their degree distribution, seem to be difficult to modify &vet more scale-free topolo-
gies, graphs that have been initialized through the dujticadivergence mechanism
are more promising as seed topologies for the evolutionalésitee topologies. Next
section demonstrates that evolving networks created \wethduplication/divergence
process described is indeed possible, resulting in yehanatethod to construct net-
works with scale-free properties.

4 Evolution of Topologies

The objective of this section is to evolve GRN genomes, uaisgnple evolutionary
algorithm, so that the resulting interaction network getslase as possible to a scale-
free topology with given exponentvalue. In these experiments, genomes of length
Lg = 32 x 215 = 1048576 bits were used, i.e. obtained usihg duplication steps.
Furthermore, both random genomes and DM-genomes are askekep the compari-
son fair, in both cases, only genomes with network sizes &atv2000 and 3000 were
considered, the others being simply discarded.
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Example DM-Initialised Initial Vertex Degreee Distribution
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Figure 10: Vertex degree distribution for the best netwdrla ®M-genome, before
(stars) and after (vertical bars) logarithmic binning. Yarertical bars represent the tail
of the distribution, and the line drawn represents the {egatires regression calculated
using the distribution tail.

4.1 TheEvolutionary Algorithm

The Evolutionary Algorithm that was used to evolve popuwalasiof bit-string genomes,
such as the ones described in Section 2.1, is base on onlyaviation operator, the
standard bit-flip mutation. Furthermore, this algorithnesia straightforward25 +
25) — ES Evolution Engine, i.e., 25 parents give birth to 25 offsgriand the best 25
of the 50 parents+offspring become the parents of next géinar The only tricky part
lies in the adaptive way to modify the mutation rate alongetion: its rate per bit is
initially set to 1%, and is adapted in a way that is similar to the well-knalyh rule
of Evolution Strategies (Rechenberg, 1994): when the rageiccessful mutations is
higher thanl /5 (i.e. when more than 20% mutation events result in a reductidhe
error measure), the mutation rate is doubled; it is halvetiéropposite cade

In order to compare the initialisation method presenteddctisn 2.2 (with muta-
tion rate 1%) and completely random populations (or, edeitly, populations built
with the same method and mutation rate 50%), 50 independestaf 50 generations
were performed with each of those initialisation procedure

INote that, because of the possibility of neutral mutatie@spécially with low mutation rates), if there
were more tha®0% neutral mutations, the rate was doubled, too.



inria-00399667, version 1 - 28 Jun 2009

Distribution of Number of Bins and Corresponding Gamma Values for 100 Individuals
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Figure 11: Number of logarithmic bins and correspondingalues, for random (+)
and DM (x) genomes, based on a samplé@f genomes (best threshold found).

4.2 Error Function

Cohen and Havlin (2004) have shown that a large proportiametforks displaying
scale-free behaviour exhibit valuespfe [2, 3], with some emphasis on the central
value. In this work, a narrow interval aroufds was used, and values 9fin [2.4, 2.6]
were considered ideal. The least-squares method on thatloga binned distribu-
tions was used to compute an estimationyads described in Section 3.1. The error
function (to minimise) was therefore:

24—~ ify<24 )
F(z)=4 0 if24<~v<26 3 +0+4— (4)
vy =26 ify>26 n

The mean squared errar)(between the least-squares regression and the actua distr
bution was added to the absolute difference to the targatues, as an estimate of the
quality of the measurement. The numbey ¢f points in the logarithmic binned vertex
degree distribution tail was used as a penalisation of ‘leejdistributions where only
a few data points remain after the logarithmic binning (a&nda Section 3.2), and as
an incentive for the evolution of more diverse distribuson

From each GRN individual, several networks were extradtgdarying the thresh-
old value; only the threshold giving the lowest error wastkep
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4.3 Experimental Results

Fig. 12 shows the best (lowest) error in the population,ayed over the 50 runs, for
both random and DM-genomes.

Mean Best Individual
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DM-genomes ---x---
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Figure 12: Average lowest error value per generation acgs6sadependent runs, for
random genomes and 1% DM-genomes. Error bars plot the sthddaiation across
runs.

As can be seen from the figure, not only do DM-genomes staintawihuch smaller
error, but they also converge within just a few iterationsatgery low value, with
small variance between runs. Random genomes, on the othéy $tart with a worse
error value, and although this is improved over time, it meeaches the same level
as DM-genomes. In fact, random genomes were allowed to evolvan extrab0
generation (making it00 generations in total), and yet the results remained quibe;po
the example on Fig 15 is extracted from a genome evolvetif@generations.

One of the reasons for the success of DM-genomes lies in tiherwpan of their
initial vertex degree distribution, which after logaritlmbinning still keeps many val-
ues. This, along with the fact that a larger set of potentfalhetworks can be extracted
from each genome (as per Fig. 8), creates potential for #galuthrough changes to
the number of connections of each node. Random genomeseattar hand, have
their vertex degree distribution concentrated around @ swrall value range for their
best threshold values (as in Fig. 15); this means that itriglvard to change the binned
distribution in a meaningful way, through small gene cotinéyg changes.

Another reason for the greater efficiency of the use of DMege@s as initial pop-
ulation for evolution is their ability to minimise the errealue by varying the size
of the genomes. This is illustrated on Fig. 13, which shoveg thndom genomes
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Average Size Evolution
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Figure 13: Average population genome size across 50 indememuns, for random
genomes and 1% DM-genomes. Error bars plot the standardtitevi

keep roughly the same size for all genomes in the populatioosa evolution, with
very small variance across runs; DM-genomes, on the othret, vary their size much
more, with a much higher variance across runs. Even thoughtation event was
equally likely to add or remove a gene during evolution (bgating or deleting the
01010101 promoter pattern somewhere on the genome), secatmms rarely reduced
the error value for random genomes, because of the small@unfibample points that
remained after binning for random genomes. These findingglete well with the
results already seen in Fig. 2.

The difference in terms of evolution potential with regaodstale-freeness can
further be seen in Fig. 14, which plots the mutation rate sxtime (adapted with the
1/5 rule, explained in Section 4.1), averaged acros$@imns. It shows that networks
based on DM-genomes are more resilient, in that they acdghehmutation rates
and yet progress on the error landscape, whereas randormgenequire very small
mutation rates, which result in very small improvementsrdiree. The difference
between the averaged mutation rates is very large: it rsagimeean value of6% at
generationt with DM-genomes, whereas it only react8¥s with random genomes, at
generatior?.

Fig. 15 shows an example of an evolved network, extracted &#oandom genome.
It clearly shows that the reduction of error was due to findirsgitabley value .48 in
this example), and by reducing the least-squares regressior (which however stays
fairly high). It can be seen that the distribution still ebits a Gaussian behaviour,
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Figure 14: Evolution of mutation rate for random genomes &% DM-genomes,
averaged across 50 independent runs.

with most distribution points very close to each other, lasgin very few logarithmic
binned points.

This is in stark contrast with Fig. 16, which shows two exaespf typical evolved
networks extracted from DM-genomes, in a log/log plot, @fi@ning. It can be seen
that not all points follow a perfect line, but the distritarticlearly has a power-law tail.
Similar plots were obtained for most evolved networks.

4.4 Other topologies

Although a value ofy = 2.5 is a typical value for scale-free networks, one does not
need to rely solely on it. In fact, experiments with othevalues yield equally satis-
fying results; Fig. 17 shows example networks evolved vatigety values ofl.5 and
2.0. Obviously, the further the targetvalues are from the average values obtained just
after initialisation (around.0, as seen in Fig. 11), the slower evolution is.

The method proposed is also able to evolve other similardégges, such as small-
world (Watts, 1999), as was shown recently (Nicolau and 8chaer, 2009). The
methodology is the same, except that different statistiesdsurements are targeted.
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Figure 15: Example network extracted from the best genofftey, @volutionary pro-
cess based on random genomes. Vertex degree distributologarithmically binned,
and plotted on a log/log scale. The least-squares regressibe (tail of the) binned
distribution is also plotted.
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Figure 16: Example networks extracted from best genomés; evolutionary pro-
cess based on DM-genomes. Vertex degree distribution vgasitbmically binned,
and plotted on a log/log scale. The least-squares regressibe (tail of the) binned
distribution is also plotted.
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5 Analysis

The shallow hierarchies observed in DM-genomes exhibitatttaristics similar to
those of scale-free topologies, leading to the resultsrobde To analyse the reasons
leading to such a difference in the extracted network togieky a sequence of duplica-
tion/mutation steps (DM events) was analysed (as expldim&ection 2.2), as it took
place.

The original random 32 bit sequence was as follows:

10001011110000111111011110110101

This sequence was then subjected to a series of DM evenitsapitobability of muta-

tion of 1% per bit. After 6 DM events, the first gene appeared, and afesents, there

are already four genes. The resulting networks were ertgétigs. 18 and 19) using
13 as the connection threshéld

Figure 18: Gene network after 6 duplication events.

G1 G2 G3 G4

Figure 19: Gene network after 7 duplication events.

The starting location of a gene, when it is mapped to the waig2 bit sequence,
determines the shape that is used to represent it in theniollp For example, for the
genome in Fig. 19, the starting locations for its genes wése9b5, 1929, 2377 and
2761, respectively. If we divide these 132 and take the remainder, we see that they all
start at thed” bit of a duplication of the original sequence, so they areegitesented
by the same (triangular) shape.

This also explains why there are no connections betweersgartgg. 19. As all
genes originate from the same initial sequence of bits,@henfiutations that occurred
during the 7 DM steps did not create enough differences mtwegulating sites and
produced proteins, to trigger a connection at threshold 13.

After the 8" DM event, the network takes on a different topology (Fig.. 2apst
genes are still duplications of thé"obit of the original sequence; howev@7 starts
at a different location, and is thus represented by a difigfrectangular) shape.

As the connectivity between genes is established by therdifice between regula-
tion sites and proteins (see Section 2.1), genes origip&iimm different locations are

2This value was chosen deliberately, based on the resuléhgonk after all DM events, to illustrate the
discussed process.
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Gl G3 G6(1) G9@3)

Figure 20: Gene network after 8 duplication events.

more likely to be connected, even using lower thresholdae&lurhis can be seen in
Fig. 20: genes labelled with equal shapes do not connecttoaher.

In this DM step one can also spereduplications of genes, that is, genes that are
created as duplications of other genes appearing upstrmedie igenome sequence:
in those cases, the genes are labelled with their origipagene between brackets
(e.g.G6(1)). But evenpureduplications can generate slightly different genes, beeau
mutation events can occur during the duplication proo8§§l) is an example: it only
has an outward inhibiting connection®, whereass1 also has an inward inhibiting
connection originating from the same gene.

With 9 DM steps, the network becomes a lot more complex (Fly. Zhere are
still only two relative gene origins (triangles and rectisy, but either through pure
duplications or discovery of new genes, there are now 25gjene

One can see that triangles still connect only with rectanfdee to the threshold
value chosen). Therefore, since there are a lot more teartghn rectangles, the latter
become highly connected, and can be seen actiegmsection huhs

Finally, a last DM step is performed (Fig. 22), creating aneek with 50 genes.
Although hard to analyse for the naked eye, one can cleaglytsehallow hierarchy,
with a few highly connected nodes, to which most other nodesect. One can also
see the appearance of a third type of gene, labelled with tagen shape, which
becomes the most connected gene. Table 1 shows a list ofriledayailies, along with
their count, initial location, corresponding initial béand average number of inward,
outward, and total connections.

Although this network is just an example, many networks werend to follow
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Figure 21: Gene network after 9 duplication events.

Table 1: List of all genes after 10 duplication events.

Family # genes| 1% loc. | 1% seq. bit| Avg. in | Avg. out | Avg. total
Triangle 39 905 9 9 8.8 17.8
Quadrangle 10 5713 17 33 31.6 64.6
Pentagon 1 27872 0 37 59 96

the same mechanics while being extracted from genomes gnothnDM steps. It
shows that the tendency of DM-genomes to generate shallerarchies comes from
the fact that genes starting at the same bit from the duplicaitial sequence tend not
to connect, due to the use of the XOR operator (see SectiohsAjuplications of the
first gene(s) represent the majority of the genes preseheigénome, they will not
be connected (when choosing an appropriate threshold)yalue genes discovered in
later DM steps (in smaller numbers) will be highly connedtethose ealier genes.

6 Conclusions

The experiments presented in this paper demonstrate fgidssible to evolve some
networks so they approach a scale-free topology with a gax@onent, by minimis-
ing an error measure that is directly connected to the tapcdd property of the net-
work, as opposed to the more classical generative methodsevthe scale-free prop-
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Figure 22: Gene network after 10 duplication events.

erty emerges from the rules that are used (or known to be tsddijld the scale-free
networks both in the biological and the artificial world. Tloag term result of such
research can be to design a methodology for building agifie@tworks with precisely
specified characteristics — motivated by known propertdated to such statistical
characteristics, e.g. the high resistance to random &dfiscale-free networks.

The results presented in this paper also show that genoreatedrusing the du-
plication and divergence method (with small mutation rale3cribed in the artificial
GRN model proposed by Banzhaf (2003) can be used as stadintsfgo generate
network topologies that are typical of scale-free networkeleed, these initialised
genomes are far better suited for evolution than purely sendetworks, due to the
larger range of degrees in the networks they encode, as svél the wider choice of
resulting networks they can provide by varying the thredipalrameter that decides of
the existence of an edge between nodes.

There are still a few issues that need to be addressed witluthent approach. The
use of logarithmic binning, for example, results in a disttion with a small number of
points. A possible solution to this problem can be to uselapging bins, in order to
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artificially increase the size of the sample. This is howevaunstom approach, and was
not used in order to keep the methodology as standard abfgssnother possibility
could be to use bin sizes that increase less rapidly (for pl@rmcreasing bin sizes by
a factor of 1.5). But again, that would be a measure that istanidard.

More generally, much larger networks should be built to ss#ee statistical prop-
erties with more confidence. However, whereas it is not alprolbto do more duplica-
tions in the initial phase of duplication/divergence, thglie when tackling larger net-
works will rapidly be that of CPU time: with the current sizenetwork (betweer2000
and3000 nodes), a single evaluation takes approximately 5 mindtesecent Pentium
computer (3.6GHz) for random networks, and 8 minutes fotidaton/divergence ini-
tialized networks, due to the higher number of thresholdesthat need to be checked
for power-law distribution — and the main source of comgatetl cost is the need to
try several thresholds per genome. A possible solution tiigtio devise a heuristic in
order to only evaluate promising threshold values. Anofitesible extension of this
work would be to use localised mutations at gene encodintipsescof the genomes
only (or, equivalently, to remove all non-coding parts cf lenome). While this will
potentially increase the speed of evolution (by removingimzutral mutations), it
will also remove the potential to add (or remove) genes. habe number of genes
did not vary greatly during the experiments presented I&eet{on 4.3), the influence
of fixing the number of genes remains to be studied in moreildétmally, a poten-
tial solution might be to devise a heuristic method whichl wéplace using the full
statistical analysis of each topology produced by a thrigsho
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