
�>���G �A�/�, �B�M�`�B���@�y�y�j�k�d�d�8�8

�?�i�i�T�b�,�f�f�?���H�X�B�M�`�B���X�7�`�f�B�M�`�B���@�y�y�j�k�d�d�8�8

�a�m�#�K�B�i�i�2�/ �Q�M �N �P�+�i �k�y�y�3

�>���G �B�b �� �K�m�H�i�B�@�/�B�b�+�B�T�H�B�M���`�v �Q�T�2�M ���+�+�2�b�b
���`�+�?�B�p�2 �7�Q�` �i�?�2 �/�2�T�Q�b�B�i ���M�/ �/�B�b�b�2�K�B�M���i�B�Q�M �Q�7 �b�+�B�@
�2�M�i�B�}�+ �`�2�b�2���`�+�? �/�Q�+�m�K�2�M�i�b�- �r�?�2�i�?�2�` �i�?�2�v ���`�2 �T�m�#�@
�H�B�b�?�2�/ �Q�` �M�Q�i�X �h�?�2 �/�Q�+�m�K�2�M�i�b �K���v �+�Q�K�2 �7�`�Q�K
�i�2���+�?�B�M�; ���M�/ �`�2�b�2���`�+�? �B�M�b�i�B�i�m�i�B�Q�M�b �B�M �6�`���M�+�2 �Q�`
���#�`�Q���/�- �Q�` �7�`�Q�K �T�m�#�H�B�+ �Q�` �T�`�B�p���i�2 �`�2�b�2���`�+�? �+�2�M�i�2�`�b�X

�G�ö���`�+�?�B�p�2 �Q�m�p�2�`�i�2 �T�H�m�`�B�/�B�b�+�B�T�H�B�M���B�`�2�>���G�- �2�b�i
�/�2�b�i�B�M�û�2 ���m �/�û�T�¬�i �2�i �¨ �H�� �/�B�z�m�b�B�Q�M �/�2 �/�Q�+�m�K�2�M�i�b
�b�+�B�2�M�i�B�}�[�m�2�b �/�2 �M�B�p�2���m �`�2�+�?�2�`�+�?�2�- �T�m�#�H�B�û�b �Q�m �M�Q�M�-
�û�K���M���M�i �/�2�b �û�i���#�H�B�b�b�2�K�2�M�i�b �/�ö�2�M�b�2�B�;�M�2�K�2�M�i �2�i �/�2
�`�2�+�?�2�`�+�?�2 �7�`���M�Ï���B�b �Q�m �û�i�`���M�;�2�`�b�- �/�2�b �H���#�Q�`���i�Q�B�`�2�b
�T�m�#�H�B�+�b �Q�m �T�`�B�p�û�b�X

�1�p�Q�H�p�B�M�; �a�+���H�2�@�6�`�2�2 �h�Q�T�Q�H�Q�;�B�2�b �m�b�B�M�; �� �:�2�M�2 �_�2�;�m�H���i�Q�`�v
�L�2�i�r�Q�`�F �J�Q�/�2�H

�J�B�;�m�2�H �L�B�+�Q�H���m�- �J���`�+ �a�+�?�Q�2�M���m�2�`

�h�Q �+�B�i�2 �i�?�B�b �p�2�`�b�B�Q�M�,

�J�B�;�m�2�H �L�B�+�Q�H���m�- �J���`�+ �a�+�?�Q�2�M���m�2�`�X �1�p�Q�H�p�B�M�; �a�+���H�2�@�6�`�2�2 �h�Q�T�Q�H�Q�;�B�2�b �m�b�B�M�; �� �:�2�M�2 �_�2�;�m�H���i�Q�`�v �L�2�i�r�Q�`�F
�J�Q�/�2�H�X �A�1�1�1 �*�Q�M�;�`�2�b�b �Q�M �1�p�Q�H�m�i�B�Q�M���`�v �*�Q�K�T�m�i���i�B�Q�M�- �C�m�M �k�y�y�3�- �>�Q�M�;�@�E�Q�M�;�- �*�?�B�M���X �T�T�X�j�d�9�3���j�d�8�8�X
���B�M�`�B���@�y�y�j�k�d�d�8�8��



Evolving Scale-Free Topologies using a
Gene Regulatory Network Model
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Marc Schoenauer

Abstract— A novel approach to generating scale-free net-
work topologies is introduced, based on an existing arti�cial
Gene Regulatory Network model. From this model, different
interaction networks can be extracted, based on an activation
threshold. By using an Evolutionary Computation approach,the
model is allowed to evolve, in order to reach speci�c network
statistical measures. The results obtained show that, whenthe
model uses a duplication and divergence initialisation, such as
seen in nature, the resulting regulation networks not only are
closer in topology to scale-free networks, but also exhibita
much higher potential for evolution.

I. I NTRODUCTION

Scale-Freenetworks are complex networks which have a
few highly connected nodes, while most nodes are poorly
connected [1]. More precisely, in such networks, the connec-
tivity of the nodes follows a power law: the proportionP(k)
of nodes with degreek (i.e. that are connected tok other
nodes) is roughly proportional tok � 
 , for some positive real
number
 , at least above ak given value.

Such network topology has been shown to exist in a variety
of both arti�cial and biological systems [2], [3], [4], [5],[6],
and has been widely studied because of its high resistance to
random failure. Different generative models have been shown
to create scale-free networks: in the original “preferential
attachment” model, the network is gradually built, and new
nodes attach preferentially to highly connected nodes [1];
however, this topology can also occur as a consequence of
optimization processes, such as the wiring cost to existing
software components (see [7] and references therein); �nally,
some arti�cial genome models, created through duplication
and divergence, have been shown to generate networks with
a power-law degree distribution [8], [9]. However, all these
models use rules that are not directly connected to the topo-
logy of the resulting network, and in particular do not offer
an easy tuning of the statistical properties of the network
they build. Using the last type of generative model – the
generation of genomes through duplication and divergence –
this paper investigates the possibility of designing scale-free
networks with a given exponent for its power-law tail.

Genetic Regulatory Networks (GRNs) are biological inter-
action networks among the genes in a chromosome and
the proteins they produce: each gene encodes a speci�c
type of protein, and some of those, termedTranscription
Factors, regulate (either enhance or inhibit) the expression
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of other genes, and hence the generation of the protein those
genes encode. The study of such networks of interactions
provides many inter-disciplinary research opportunities, and
as a result, GRNs provide an exciting and fast evolving �eld
of research.

In order to study the characteristics of GRNs, many
arti�cial systems have been designed, either through the
modeling of biological data, or purely arti�cially; de Jong
[10] provides a relatively recent overview of such researches.

One interesting research direction regarding the use of
GRNs is the extraction and analysis (static or dynamic) of
their regulation network. Previous work on the structural
analysis of GRNs has provided many insights, of which the
following are but a few examples. It has been shown that
these networks can be grown through a process of duplication
and divergence [11], [12]; that they can exhibit scale-freeand
small-world topologies [13], [5], [6], [14]; that some speci�c
network motifs, resembling those identi�ed by biologists as
building-blocks, are present within these arti�cial networks
[15], [16]; and that in response to diverse stimuli, the wiring
of these networks changes over time, with a few transcription
factors acting as permanent hubs, but most adapting their role
as an answer to the changing environment [17].

The present work focuses on the analysis of the underlying
network topologies of one arti�cial GRN model [18], and
of its use as a generative model for scale-free topologies.
Both random genomes and genomes initialised through a
duplication and divergence method are �rst analyzed with re-
spect to statistical properties of the topology of the resulting
interaction network. Then, the inverse problem is addressed:
an Evolutionary Algorithm is used to evolve arti�cial GRNs
so that the topology of the resulting network has some
given statistical properties – more precisely, a scale-free
topology with a given exponent. The results obtained show
that genomes created through duplication and divergence are
better suited for evolution, and generate networks exhibiting
power-law tails, a clear sign of a scale-free topology.

This paper is structured as follows: Section II presents the
GRN model used in the simulations, including the description
and analysis of the duplication/divergence process used to
initialize the genomes. Section III introduces the statistical
tools used to assess the scale-free properties of the networks,
along with the techniques to actually compute them. Section
IV describes the experimental setup, the �tness measure and
the results obtained when evolving GRNs to obtain scale-free
network topologies. Finally Section V discusses those results
and sketches some hints for future research directions.



II. T HE GRN MODEL

A. Representation and dynamics

The arti�cial model described here is that proposed by
W. Banzhaf [18]. It is built over a genome, represented as
a bit string, and assumes that each gene produces a single
protein, with all proteins regulating all genes (includingthe
gene that produced it).

A gene is identi�ed within the genome by anActivator
(or Promoter) site, that consists of an arbitrarily selected bit
pattern: in this work, a 32 bits sequence whose last 8 bits
are the pattern01010101 .

The 160 bits (5 � 32) immediately following a promoter
sequence represent the gene itself, and are used to determine
the protein this gene produces. This protein (like all proteins
within the model) is a 32 bit sequence, resulting from a
many-to-one mapping of the gene sequence: each of the 32
bits of the protein results from the application of a majority
rule for each of the �ve sets of 32 bits taken from the5� 32
bits of the gene (see Fig. 1).

Upstream from the promoter site are two additional 32
bit segments, representing theenhancerand inhibitor sites:
these are used for the regulation of the protein production of
the associated gene.
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Fig. 1. Bit string encoding of a gene. If a promoter site is found, the gene
information is used to create a protein, whose quantity is regulated by the
attachment of proteins to the enhancer and inhibitor sites.

The binding of proteins to the enhancer or inhibitor sites
is calculated through the use of theXORoperation, which
returns the degree of match as the number of bits set to
one (that is, the number of complementary bits in both
bit patterns). In general, a Normal distribution results from
measuring the match between proteins and these sites, in a
randomly generated genome [18].

The enhancing and inhibiting signals regulating the pro-
duction of proteinpi are then calculated as:

ei ; hi =
1
N

NX

j =1

cj exp(� (ui;j � ui;max )) (1)

where N is the number of existing proteins,cj is the
concentration of proteinj , ui;j is the number of matching bits
between the regulating site of genei and proteinj , ui;max is
the maximum match achieved for genei , and� is a positive
scaling factor.

Given these signals, the production of proteini is calcu-
lated via the following differential equation:

dci

dt
= � (ei � hi )ci � � (2)

where� is a positive scaling factor (representing a time unit),
and� is a term that proportionally scales protein production,
ensuring that

P
i ci = 1 , which results in competition

between binding sites for proteins.
Note that this model simpli�es some of the known charac-

teristics of the biological regulatory process: all proteins are
assumed to beTranscription Factors, that is, all proteins are
used to regulate the expression of all genes: in other words,
the model is a closed world. Also, the model uses only one
enhancing and inhibiting site per gene. However, it captures
interesting properties of actual GRNs, in particular through
the genome construction technique.

B. Genome Construction

The technique of duplication and mutation proposed [18]
consists in creating a random 32 bit sequence, followed by a
series of length duplications associated with a (typicallylow)
mutation rate. It has been shown [11], [12] that such evolu-
tion through genome duplication and subsequent divergence
(mostly deletion) and specialisation occurs in nature.

Number of genes:An analysis of the resulting number of
genes in a genome was �rst presented by Kuo & Banzhaf [9].
For the sake of completeness, a similar technique has been
used here to investigate the in�uence of the mutation rate on
the number of genes per genome:1000genomes have been
created using14 duplication and divergence events, giving a
genome length ofL G = 32 � 214 = 524288. The resulting
number of genes is shown in Fig. 2: if little or no mutation
is used, a large proportion of genomes have no genes at
all, but a few genomes have a large amount of genes. This
was indeed to be expected: if the original random sequence
contains the promoter pattern, or if it appears early in the
sequence of duplications thanks to a lucky mutation, then
a large number of genes will be created by the duplication
process. Otherwise, little or no genes will ever exist in the
genome sequence.

When the mutation rate increases, the number of genes
rapidly converges towards a stable average range: with rates
higher than15%, the duplication technique becomes suf�-
ciently randomised to roughly lead to the same number of
genes per genome (around 900 here) as if using randomised
genome bit-strings (or, equivalently, if using a mutation rate
of 50% with the duplication/divergence process).

C. GRN Topologies

As seen before, all proteins within the model regulate the
expression of all genes. The strength of this regulation is
determined by the binary match between the protein pattern
and the regulating sites of the destination gene (Eq. 1).

The resulting network of gene interactions can be drawn as
a directed graph, with vertices connecting genes producing
transcription factors to the genes they regulate [18]. As all














