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Closure in CSNs CONTENTS

Abstract

This workpackage investigates the distinctive control system phenonmisiragarom
closure properties in the dynamics of computational CSN systems. Thesertie relate to
known phenomena in Arti cial Chemistries such as Alchemy, Tierra and tHealmiverses.
This report rst examines how CSNs can be considered as computatieviaks, this is then
followed by a review of the literature on the area of modeling and evolvingsC&hllowing
this, we present our novel class of Arti cial Chemistry: the Molecular €las Systems
(MCS) which we expect will allows us to explore the closure propertiesSME An instance
of the MCS based on the broadcast language is discussed. We nadlgnirthe research
contributions that have been published to date which best outline the restdisgenerated
in this workpackage.
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Closure in CSNs 1 INTRODUCTION

1 Introduction

There is a distinctive line of research in complex systenesmh which focuses on a variety
of dynamic closure properties. One speci c example is thecept of autopoiesis of Varela and
Maturana, which posits that particular forms of closurevpie a demarcation between living and
non-living systems. In this framework, the “cognitive”jgaal processing” or “control” function
of living systems is modeled as a perturbation of the autanmnclosed, dynamics, rather than
as an input/output relationship. This work package spetiycaims to investigate CSN's from
this perspective.

The work is based on the classi er system (CS) abstractioowifputational processes. ACS
consists of a collection of “classi ers” (the “program”) egating, in parallel, on a message list
(the “data”). Classi ers function by iteratively binding toessages (based on a pattern match,
with varying speci city), carrying out a general purposarisformation, and posting new, resul-
tant, messages. Through their varying matching pattetassicers realize networks of parallel
reaction processes which are capable of universal coniuitaind which can be viewed as anal-
ogous to CSNs.

However, in traditional CS, there is a rigid demarcation lestw classi ers and messages;
whereas, in CSNs, molecules can function both as substabesttansformed (CS “messages”)
and as catalysts driving speci ¢ reaction pathways (CS ilass”). Accordingly, we propose
to investigate a novel CS architecture, termed “moleculassiler systems” (MCS). In these
systems, classi ers and messages will not be intrinsicddéisnarcated; rather we will implement
a string based arti cial chemistry in which individual stgs can, according to context, function
either as classi ers or as messages.

This proposal is clearly related to previous work on cordgveystems, such as Tierra (Ray),
or the lamda-calculus based Alchemy system (Fontana and).Bitswvever, it is distinctive
in adopting CS-style pattern matching and transformatiothasprimitive computational pro-
cesses. The MCS proposal is thus somewhat similar to an earbept of John Holland for the
so-called “alpha-universes”; however, MCS also differsehé@r operating directly at the whole
string (molecule) level, rather than the nite symbol (aiojdevel of the alpha-universes. In this
respect we conjecture that MCS may be signi cantly more #&hblet, both theoretically and com-
putationally. The rst step then will be to investigate spameous closure and self-maintenance
of reaction networks in MCS systems. We conjecture that thigilsl be a relatively easy and
robust phenomenon to exhibit, given the known emergencaadf behaviors in similar systems
(Alchemy, Tierra, alpha-universes). Next, such netwoiks loe coupled with an external envi-
ronment: events in the environment will present partictdimulus” strings (which may, or may
not, be taken in by the MCS); and, conversely, events in the M@ emit “response” strings
back into the environment. Clearly, the stability, and eviabiity, of particular MCS reaction
networks will vary depending on the nature of the environtalgperturbations.

Finally, an evolutionary dynamics will be overlaid. MuligpoMCS “cells” will co-exist in
a shared string environment. Cells which successfully groeasured by string count) will be
subject to reproduction by ssion. The total cell populatiill be limited, and individual cells
will have a (stochastic) lifetime limit. Two questions wilé of particular interest:

Whether, or under what conditions, this leads to the evaluioMCS cells with more or
less complex “signal processing” reactions - which is tg sag evolutionary emergence
of MCS “control systems”. Such control systems would, of sstg have to function both
to regulate the autonomous internal dynamics, and to respmspeci ¢ environmental
triggers or challenges.

ESIGNET-WP13-D13.2: WP13 Results summary Security: PUBLIC
Contract: FP6-NEST-2003-1-12789 Page: 2/ 27



Closure in CSNs 2 EVOLVING CELL SIGNALING NETWORKS IN SILICO

Whether, or under what conditions, a “genetic” organizatian either arise spontaneously,
or be manually engineered into an MCS.

This WP is focused particularly on the relatively high-leeeimputational abstraction of
MCS. As such, it is complementary to, and will interact stigngith, the following research
issues:

Fast Evolutionary Algorithms for CSNs
Evolving Functions in Arti cial CSNs
Computational Properties of CSNs
Crosstalk

In this report we rst provide a literature review on seveidgnti ed research issues which
contribute to the realization of evolutionary simulatidatform. We then present our Molecular
Classi er Systems and the Holland broadcast language. Bdtes)ys were examined with re-
gards to the evolution to Arti cial Cell Signaling Networks Silico. Each system has its own
merit, by exploiting these it would be possible to generatgeneral evolutionary simulation
platform for the study of closure in CSNs. The report conctudgth a selection of publica-
tions which are a result of the investigation carried outie ESIGNET project and in WP13 in
particular.

2 Evolving Cell Signaling Networks in silico

As this project is highly interdisciplinary, we propose tiature review which involves studies
from a wide range of complementary elds such as Biology, Matlatics, Computer Science
and Engineering.

2.1 CSNs as computational devices?

Nature is a source of inspiration for computational techagwhich have been successfully
applied to a wide variety of complex application domains. kéeping with this we examine
the possibility of utilizing CSNs for computational purpsseéRealizing and evolving Arti cial
Cell Signaling Networks (ACSNs) may provide new computatiggemadigms for a variety of
application areas. In this section we present some eviddoaed in the literature which indicate
that CSNs may have natural and dedicated applications. &b aft the art on using CSNs as
computational devices silico andin vivois then presented.

Engineering crosstalk: In this section we examine a natural phenomenon occurri@GpiNs
called “crosstalk” and its potential contributions to emegring. Crosstalk phenomena happen
when signals from different pathways become mixed togeift@s arises very naturally in CSNs
due to the fact that the molecules from all pathways may sih@eame physical reaction space
(the cell). Depending on the relative speci cities of thactons there is then an automatic po-
tential for any given molecular species to contribute tonaldevels in multiple pathways. In
traditional communications and signal processing enginggecrosstalk is regarded as a defect:
An unintendednteraction between signals, that therefore has the pateatcause system mal-
function. This can also clearly be the case of crosstalk ah @SNs, for example cells may
become cancerous due to undesired crosstalk connectidys3B However, in the speci c case
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Closure in CSNs 2 EVOLVING CELL SIGNALING NETWORKS IN SILICO

of CSN's, crosstalk also has additional potential functlitpawhich may actually be construc-
tive:

Even where an interfering signal is, in effect, adding unelated “noise” to a functional
signal, this may sometimes improve overall system behaVius is well known in conven-
tional control systems engineering in the form of so-catdither”. Molecular biologists
indicated that noise is an inevitable by-product of inhérealecular interactions, and that
in fact noise is essential for development [40].

The crosstalk mechanism may also provide a very generic Weneating a large space of

possible modi cations or interactions between signalirghgvays. Thus, although many
cases of crosstalk may be immediately negative in their apgaosstalk may still be a key

mechanism in enabling incremental evolutionary searcimfare elaborate or complex cell

signaling networks. For example, Genoud et al. [18] preseatnumber of crosstalk con-

nections between real signaling networks occurring intglanwhich these “interferences”

provided a relativelyapid andef cient mechanism for optimizing non-cognitive behavior
in response to various combinations of stimuli. Crosstall alao provide the necessary
signal that enables desired outcome to occur, an exampiesofauld be coordinating the

cell cycle [20].

Both above cases of crosstalk may give new insights on thefusesstalk in control engi-
neering.

On robustness: Robustness is an essential property of engineered systehs.pibperty
is highly desirable in dynamic engineered systems wherestdgj to internal and external un-
certainty and perturbation. In the remainder of this secie show that CSNs may exhibit this
property. Understanding how natural CSNs achieve robustmesld provide us with signi cant
insights for buildingrobustengineered systems using arti cial CSNs.

Several studies involving the bacterial chemotaxis sigggdathway were carried out in order
to examine robustness in CSNs. In this case, a robust behaeans that after a change in the
stimulus concentration (input), the tumbling frequencytfaut) managed to reach a steady state
that is equivalent to the pre-stimulus level, this phencomes calledexact adaptation

Barkai et al. [3] demonstrated that robustness is in fact gkegerty of chemotaxis signaling
pathways in order to ensure their correct functioning. ™s shown through the use of a
computational model of the E.coli chemotaxis signalindypaty. This robustness was due to the
network connectivity and did not require any tuning of thénmk parameters (such as reaction
rates or molecular concentrations). Timssilico approach was later validated by the work of
Alon et al. [1], in whichin vivo experiments using E.coli were performed and presentedasimi
conclusions.

More recently, Arias et al. [2] showed that some signalinywoeks were dedicated to |-
ter transcriptional noise that may occur during cell fateecaination. Such signaling networks
would thus contribute to the robustness of complex CSNs hyadiad internal/external perturba-
tion that may occur during signal transduction.

Computation in CSNs: It is believed that operations similar to traditional sippeocess-
ing functions exist in a number of natural CSNs. An early wokleg by Bray [5] showed that
molecules could be regarded as computational devices; thetecules would perform simple
computational tasks. Examples of such computational fonstare: signal acceleration [27],
signal ampli cation [4] or decision making [42]. A review dhe computational abilities of sig-
naling networks can be found in [37]. These identi ed congiginal processes occurring in
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Closure in CSNs 2 EVOLVING CELL SIGNALING NETWORKS IN SILICO

CSNs indicate that complex operational features have begigrael in CSNs through natural
evolution. This review highlights the computational powéreal CSNs and suggests the possi-
bility to realize and evolve ACSNs to carry out similar lpue-speci edcomputational tasks.

Computing with CSNs: In above part, we presented different cases where compuisti
processes were identi ed in natural CSNs. In here, we des¢hie opposite direction where we
use CSNs to carry out pre-speci ed computations. Two tremdddenti ed and differ by the
medium used to perform the operations:

In vivo computation: Also called “Molecular computing”, this appch is concerned with

the realization of nano-scale computational devices usiogiolecular components. This
work is still only emerging and many key challenges are bé&mgstigated [21]. So far,

molecular devices such as enzyme transistors and bioldgmia gates have been devel-
oped [35, 8]. Nonetheless, a molecular level analog compiat¢he form of a CSN may

offer capabilities for high speed and small size that cafmotealized with solid state
electronic technology. More critically, where it is reqedrto interface computation with
chemical interaction, a CSN may bypass dif cult stages ohalgransduction that would

otherwise be required. This could have direct applicatioad-called “smart drugs” and
other bio-medical interventions.

In silico computation: The most signi cant work regarding the use oNS3o perform
computationin silico is given by Deckard and Saura [9], in which evolutionary teghes
were used to construct (simulated) biochemical networkslske of certain simple forms
of signal-processing. In their model (called Lakhesis)npatational “nodes” represent
molecule species with an attribute for concentration. Cotimes between nodes desig-
nate reactions de ned by the type and rate of the reactiorch Eeaction is described by
a set of Ordinary Differential Equations (ODE). SolutionsSQDEs describe the changes
in molecular concentration of the network in time. “Fit” n@trks are determined by their
ability to sustain steady states which correspond to mtdespecies reaching a constant
concentration, with a desired relationship between inpdt@utput. Using this method, it
was possible to evolve these arti cial biochemical netvgtdx carry out simple mathemat-
ical computations such as a square root function. This wisik idustrated the evolution
of modularity in biochemical networks, this highlights thetential of computational ap-
proaches to assist in the understanding of real phenomena.

Due to technical constraints, tlire vivo approach is still only beginning to emerge whereas
its in silico counterpart has already provided signi cant results asdyints for the understanding
of CSNs. The work of Deckard et al. demonstrated that it wasiplesto evolve biochemical
networks for pre-speci ed tasks, in this case, to performme mathematical computations.
Our project follows the work initiated by Deckard and Sadrowever it will differ by focusing
on other aspects of CSNs such as in the control system phemaoanising in the dynamics of
ACSNs. The computational tasks would also differ from Dedkaapproach, for instance, we
are interested in building Arti cial Cognitive Systems ugiarti cial CSNs. Finally, instead of
modeling and evolving CSNs using ODEs, we propose to use ar@kmiting based Arti cial
Chemistry. This is discussed in the next section in which weeve the different techniques to
represent CSNs.
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Closure in CSNs 2 EVOLVING CELL SIGNALING NETWORKS IN SILICO

2.2 Representing CSNs

In order to study and simulate CSNs, one needs rst of all tolesnpome modeling techniques
to represent them. The literature on modeling biochemiedlarks is growing rapidly and the

motivations behind different modeling techniques are domes quite distant from each other.
To clarify the current context, we present a systematic\oger of the different philosophies to

model biochemical networks. We put particular emphasishoeet main domains which have
been playing a major role in the past, namely: mathematits evdinary and partial differen-

tial equations, statistics with stochastic simulationoalipms, Bayesian networks and Markov
chains, and the eld of computer science with process calteidm rewriting systems and state
based systems. For each approach we present the key ideassamaptions:

Mathematics: This concerns all the modeling approaches based on diffateguations,
which is currently the most widely used technique to model €S3¢e [14] for review.
With differential equations, the state of CSNs are expresstgims of molecular concen-
trations without inner structure. Thus the individual babaof molecules is not consid-
ered but rather the molecular species as a whole. The usdfefediial equations also
implies a progression of time along tkexis, it is then possible to calculate the molecular
concentrations at any given time.

When the reaction is considered as a well-stirred reactdhowt any consideration of
space or compartmentalization, then Ordinary Differédriiguations (ODES) are com-
monly used.

Whereas Patrtial Differential Equations (PDES) involve a plamentary variable which
is mainly employed to represent space. Using PDEs has acaghcost on computation
resources, an alternative is to use compartmental modethahe based on ODESs but also
include ux reaction between compartments. This way, we rolaain a coarse represen-
tation of space and still keep the bene ts of using ODEs. Bsealifferential equations
are well established in the sciences, a plethora of analydiod simulation tools exist and
facilitate the modeling of biochemical networks.

Statistics: Biochemical processes are stochastic by nature, in ordexctuuat for the un-
certainties occurring during signal transduction, one m@yploy statistical approaches in
which three principal techniques can be distinguished: Bayenetworks, Stochastic sim-
ulation algorithm and Markov chains, see [39] for review.e$& approaches consider the
standard deviations from the average observed behavioplgfaumar processes. Probabil-
ities are introduced to weight alternative behaviors thay mccur. These models also take
into account probability distributions and their interatgon.

Stochastic simulation algorithms (SSAs) are based on tkenwdal master equation and
were pioneered by Gillespie [19], these are the most comynesed statistical techniques
for modeling biochemical networks. In SSAs, the kinetierat a reaction corresponds to
the probability of a reaction to occur within a time interval

Markov chains have also been employed to represent biochépriocesses, in here, the
state of the chain is designated by the number of moleculesept. The reactions are
modeled as transitions between these states. Using Matang; it is possible to ob-

tain information regarding the steady-state probabilisgribution of a signal transduction

process, however this can be carried out only if there is adldack in the system.
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Closure in CSNs 2 EVOLVING CELL SIGNALING NETWORKS IN SILICO

Bayesian networks have recently attracted the attentiociefists for their ability to infer
Signaling Networks from experimental data [32]. In Bayesmtworks, the molecular
species are represented as variables, these are assauittqurobability tables which
indicate the different possible states (concentratioel)eaccording to other molecular
species concentrations. Bayesian networks can also be vsedvben only steady state-
data are available, in which case kinetic models are ledsljd4].

As for the differential equations, statistical approack aell grounded techniques are
provided with powerful analysis tools for systems. Howeteese techniques also suffer
from their expensive computational cost when simulated.

Computer Science: Whereas the two above philosophies have been heavily sttmied
modeling biochemical networks in the literature, the Corap&cience approach have not
received as much attention by biomolecular biologists. &Jrilis group, two main sub-
categories can be distinguished: rewriting systems anckegeocalculi. These approaches
have in common the assumption of having a nite or recursimaneerable number of
atomic objects. These objects can be composed in hierat®yistems where objects are
molecules or interactions between molecules. This approaects the discrete charac-
teristics of CSNs and facilitates molecular tracing.

Term rewriting system is a well established principle ofattetical Computer Science
where molecular species are interpreted as objects repeesby strings of characters
alias terms. Sets of term rewriting rules can be de ned tacdes the interactions that
may occur among objects. Information on the state of theegysian be obtained from
the states of terms as a whole. Examples of term rewritinggsysare: grammar systems,
P-systems [31] and classi er systems [23, 24].

Biological processes are concurrent by nature, modelinguwoancy is facilitated by pro-
cess calculi where an emphasis is given on interaction nm@gjelommunication and syn-
chronization between concurrent computational proce@setecules). Complementary
structural and chemical determinants correspond to conwation channels. Chemical
interaction and subsequent modi cation coincide with cammmation and channel trans-
mission.

Term rewriting system and process calculi provide a higebaded description of signaling
networks. However, these approaches only allow a semitijative view of the system
as a signi cant factor to be considered is the lack of an aased temporal dimension.
Examples of process calculi are Petri nets [38alculus [36] and the ambient calculus

[7]1.

Heterogeneous approachesThe aforementioned approaches for representation of CSNs
unify different aspects of the view to biological systemsack approach is of particular
interest to answer speci ¢ questions. Bridging tools ancttwjeneous approaches allow
one to combine some of those modeling techniques and thake@tlvantages of their dif-
fering features. Figure 1 presents a map of some of the &laitmidges and heterogeneous
approaches.

Representing ACSNSs: In our project, we are interested in the individual behawbr
biomolecules, however mathematical and statistical tieeias treat the molecular species
in an aggregate manner. As a result we may be naturally tehtpteirn ourselves toward
algebraic approaches coming from the Computer Science €ld.the other hand, the
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Figure 1:Heterogeneous approaches for modeling CSNs taken from [10]
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main drawback of algebraic approaches is the fact they ¢grmowide a full quantitative
analysis of biochemical processes. This possibly explaimg most works on signaling
networks rely on the use of mathematical and statisticataggihes. Moreover, the lat-
ter approaches have a strong theoretical scienti ¢ foundatssociated with a plethora of
analytical and simulation tools. Having said that, we map &onsider the fact that we in-
tend to realizaarti cial cell signaling networks, meaning that we do not intend to/jol®
another tool for the simulation of real cell signaling netis) which wouldadequately
account for the temporal dimension. Thus the semi-quéingtand discrete approach of
algebraic techniques is suf cient.

Within algebraic techniques, Learning Classi er SystemS ) (see Section 2.3.2 for de-
scription) are of interest due to the fact that LCS naturaljohg to the Evolutionary
Computation eld. As our project is concerned with the evaotof ACSNs, LCS may
provide a certain advantage. But as currently de ned, LCS nwybe fully adequate for
our purpose. Holland made a distinction between messagesubas, however operations
in biochemical processes are intrinsicaiéyexive in the sense that they can both act as
messages (substrates) and rules (enzymes). As a resultopespra derivation of the
LCS called the Molecular Classi er Systems (MCS) to represeédia. The MCS remove
the demarcation between messages and rules, secondly thed¥M&Sfrom traditional
algebraic techniques by accounting for stochasticity.sTarm-rewriting based Arti cial
Chemistry may offer a novel approach for the modeling of bésoltal networks. A de-
scription of related Arti cial Chemistries is provided ingmext section.

2.3 Simulating CSNs

The natural following step to modeling CSNs is the “executmnsimulation of a model. Simu-
lating a model allows one to observe the progression in titbessimulatedmolecular species
properties (e.g. concentration). A number of simulatioftveare packages exist and may differ
by the modeling technique used and simulated propertids @sicstochasticity (i.e. determinis-
tic, stochastic, hybrid), space (i.e. non-spatial, shagid-spatial) or granularity (i.e. population,
sub-population, particle).

As mentioned previously, differential equations are thesmmmmon techniques used to
model CSNs, as a result most established software packageslifferential equations to simu-
late the reaction kinetics [38, 16, 29].

All current software packages were designed to model andlatemreal CSNs, however as
outlined previously, we focus on the realization of ArtiadiCSNs which does not require the
simulation of real chemical kinetics. Our Arti cial Life ggoach is on many aspects simpli ed
compared to current simulation techniques. Neverthetesssimpli cation facilitates the study
of other CSN aspects such as their spontaneous emergencer@uatioa. This approach is
therefore closely related to other previous work in the efdArti cial Chemistry.

2.3.1 Arti cial Chemistries

Arti cial Chemistries (AC) are an abstraction of real chemipaocesses which aim at under-
standing the dynamics of these complex molecular system#\@typically consists of a set of
computational atomic “molecules” and of a set of rules. Tiles describe the reactions that may
occur between the simulated molecules, secondly thess anéeapplied according to an AC-
speci ¢ algorithm which also speci es the reaction vess€hese arti cial reactions may then
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lead to the production/destruction of molecules, for revgee [12]. During an AC simulation,
several phenomena of interest may arise such as the emergedevolution of biological orga-
nization. Currently there is no ACs avalaible which were spally designed to examine CSNs
however there are still a number of ACs which addressed ckisseies of interest: In our project,
a rst phenomenon to explore is the emergence of self-mamimg sets of molecules, which is
an inherent phenomenon occurring in CSNs. Kauffman denetesitthat the emergence of such
collectively autocatalytic reaction networks is trivilcamay occur under weak conditions [25].
In the remainder of this section, we present several AC tretipusly addressed this issue:

a-universe: Holland proposed this Arti cial Chemistry in the mid 70s tovestigate the
spontaneous emergence of life, this was addressed throggarditative analysis of the emer-
gence time of autocatalytic systems [22]. In this systeracgps one dimensional and is repre-
sented as a string of cells. A cell may contain an atom or betyeragjacent atoms may bond
to constitute molecules which are delimited by surroundingpty cells. Reactions at tla¢omic
level may occur and are de ned by the molecules operandshndnie encoded in the molecule
secondary structure. The latter is extracted from the noddgarimary structure represented as a
string of bits in which pairs/codons of bits designate therapors (the operators are determined
through the use of a mapping table). The molecular communakiprocesses can be viewed as
a simpli cation of Classi er Systems. Also it is important twte that there is conservation of
matter ina-universes, i.e. the number of existing atoms is xed.

Although Holland suggested that during aruniverse simulation, the emergence of collec-
tively autocatalytic sets of molecules would be trivialpexments [28] demonstrated later that
such reactions networks actually could not maintain thévaselue to side reactions unpredicted
by Holland. It is however suggested that under ow condisipit could be envisaged to obtain
such reaction networks to self-maintain [28].

Tierra: Tierra [34] is a class of Arti cial Chemistries proposed by Raythe early 90s to
explore the origin of diversity of life. In the Tierra metapha virtual computer is employed
to represent the universe and the computer memory desgytfaeuniverse one-dimensional
space. Within the memory, we may distinguish patterns ofpder codes which identify the
digital organisms. The latter are thus represented as ciampograms which compete with each
other for CPU time and access to memory. These digital orgenare evolvable in the sense
that they can modify themselves through self-replicatiod mutation. These evolvable digital
organisms can be regarded as molecules which may inteactAvith each other leading to the
production/destruction of new/existing molecules, thesssctions occur under ow condition.
The molecules computational processes also follow thaalidcomputer metaphor and consist of
computer instructions-like operators.

In the Tierra system, it was necessary to construct and Feesltstem with autocatalytic/self-
replicator molecules called “ancestors” as these coulcenwrge spontaneously. The basic dy-
namics observed when these molecules were inserted in amapdpulation of molecules is
as follows: The self-replicator molecules would rapidlgmlace the other molecules, lling the
reaction vessel. Then through mutation, mutants of thecatatytic species would appear and
may become more ef cient (at competing for CPU time) than theestor molecules. As a result,
the mutants would displace the original ancestor moleculdbker dynamics include the emer-
gence of collectively autocatalytic sets of molecules Wwhiere described by Ray as “parasites”
(these molecules could not replicate by themselves, biss@ated other “host” molecules to be
replicated).

Alchemy: Fontana and Buss developed Alchemy in the mid 90s to studyntteegence of
self-maintaining organizations [15]. In thiscalculus based Arti cial Chemistry, molecules are
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represented ak-expressions which are not subjected to any arti cial sedeg i.e. there is not
explicit tness function de ned. Reactions occur in a welireed ow reactor which is initialized
with random molecules.

Fontana et al. conducted a series of experiments wheregadtifféevels of organization are
distinguished. At the simplest level, the system is initiadl with random and unique molecules.
When executed, this system always converge to the state wil@mainant autocatalytic molecule
dominate the whole population, this is calleteael O organization At the next level, a lter is
de ned to prevent self-replication to occur. At this levele observe the emergencelefel 1
organizations Collectively autocatalyctic sets of molecules which aratieely robust to per-
turbations (e.g. addition/removal of molecules). In th& keries of experiments, the system is
seeded with two distinct level 1 organizations in which tvabammes may be observed. The rst
possible outcome is as follows: The population becomes at®d by a single level 1 organiza-
tion. The second dynamic is more complex and involves thargom of alevel 2 organization
The latter metaorganization contains both level 1 orgdioiza as components, in addition a
non self-maintaining set of molecules appears and resoits fevel 1 organizations (but do not
belong to any of both organizations). The role of these madéescis to “control” both level 1
organizations leading to the emergence of the higher oeset P organization.

2.3.2 Learning Classi er Systems

Learning Classi er Systems are systems constructed frondition-action rules calledlassi-
ers. The classi ers can be viewed as IF/THEN statements in tha1& “rule” THEN “action”.
The condition section of the classi er examines all of thessages in the system and identi es
those that satisfy theules conditions. Once this is accomplished the action partulctérthat a
message is to be sent. Holland's initial work was modi ed aber of times and at present many
different varieties of learning classi er systems are e [26].

In Holland's LCS the system receives an input from its envinent as a binary encoded
data. This is then stored in an internal data store termetht#ssage listsee Figure 2. The LCS
then evaluates the input and determines an appropriatenrsspindicated by the action. This
action typically alters the current state of the environmekmy desired behavior that is exhib-
ited is then rewarded through a scalar reinforcement. Theesyiterates the cycle of response,
reinforcement and discovery for each discrete time-step.

Environment

LMesl,is;\ge | Effector

y y
N] > [M] —» Action [biLastaction

Figure 2: Schematic of Holland's Learning Classi er System

reward

The rule-base consists of a population of N classi ers. Bahtgof the classi er are ran-
domly initialized. The rule conditions and actions (thessieers) can be characterized by strings
formed from a ternary alphabet 0,1,#. The use of the # prevad@ngle character wildcard which
allows for the potential matching of a greater number ohgsie.g. 10# would match two po-
tential inputs 100 or 101. The use of the wildcard charadser provides for string processing at
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the action stage, for example: In responding to the input fi#®rule IF 1#0 THEN 0#1 would
produce the action 011. Each classi er also has an assdciaess measure, quantifying the
usefulnessf a rule in attracting external reward.

Onreceiving an input message, a typical LCS processes ag/folInitially the input message
rule-base is scanned and all rules whose condition matbkeexxternal message are added to the
“match set” denoted as [M], see Figure 2. Secondly any othlesmmatching messages in the
message list are also added to [M]. Rules that contribute sagrily to the targeted learning task
may then be reinforced through the uséafding techniquesFor a comprehensive introduction
to Learning Classi er System, see [6].

In [24] Holland proposed an agent-based model where thesidgemavior and adaptation are
determined by the use of Learning Classi er System. This wwdvided an existence proof that
LCS could be used to evolve a simple repertoire of conditictiea rules to a more complex goal
directed set of rules. In typical biochemical networkserattions between molecules follow the
same condition-action mechanisms. Thus Holland suggéktgdhis approach could be used
to simulate and evolve signaling networks. His propositmdesign signaling networks was to
start with a LCS-based “over-general” model of a biologidapomenon (e.g. transformation of
a healthy cell to a cancer cell, see Table 1). Then a geneealgshenon can be re ned through

Rule Condition Action

Q) If healthy cell and Then apoptosis or immortality
DNA damage

2) If immortality Then stable existence or ge-

netic instability

?3) If genetic instability Then ephemeral clonal expan-
sion or robust clonal expansion

Table 1: Over-general model of the transformation of hgat#ll to cancer cell

several iterations. At each iteration, the details of theuogng interactions are detailed, see
Table 2. These iterations were continued until the desireN @&8el was reached, where the

Rule Condition Action

(1.1) IF healthy cell and Then apoptosis or mutation for
DNA damage resistance to apoptosis

(1.2) IF resistance to apop- Then susceptibility to growth
tosis inhibitory signals or mutation

for loss of susceptibility to
growth inhibitory

(2.3) IF loss of susceptibil- THEN selective growth advan-
ity to immortality tage and growth inhibitory sig-
nals

Table 2: Re nement of rule 1

biomolecular elements are speci ed (e.g. protein ligaedgeptor, ions etc.), see Table 3 for an
example of such a rule. This re ning process clearly shovesttip-down methodology to design
signaling networks.

Despite this, the LCS-based approach to specify CSNs soumdeidsging, actual implemen-
tation was never performed. Importantly, this approactsdoe meet the requirements of our
project. First, we do not distinguish a demarcation betweds and messages, in our context,
the chemical operations are re exives. Secondly, Hollargliggestion was to initially model
known real CSNs, however from our bottom-up perspective, eqgeliire the ACSNs to evolve
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Rule Condition Outcome

(x.x.x.x) If apropos growth Then gf receptor activated
factor

Table 3: A biomolecular level rule

from very simple networks to more complex networks that leittihe known real CSNs proper-
ties. As a consequence we propose a variation of Holland'stio@d Il the requirements of our
project, this is described in the next section.

2.3.3 Simulating ACSNs using a term-rewriting based AC

Above Arti cial Chemistries focused on diverse aspects @& thigins and evolution of life: the
spontaneous emergence of primitive life-like entitieg, ¢hnigins of biological/ecological diver-
sity through evolutionary processes and nally the emecgeof complex biological organiza-
tions. Although the aims of these ACs differ, similar dynasntould be observed. A common
behavior was the emergence of robust collectively autbgataeaction networks. In our project,
we will also investigate this spontaneous emergence angtoess of such reaction networks in
ACSNSs. Moreover, we will examine whether it is possible tolegsuch networks for computa-
tional purposes.

To achieve this, we propose to develop an evolutionary sitiar platform which share some
features of ACs presented above:

Reactions will occur in a well stirred reactor under ow cotain such as in Alchemy.

The molecular computational processes will operate at thlecule level, this differs from
a-universes in which operations were occurring at the atdewiel. This will facilitate the
computational and theoretical evaluation of the system.

The Classi er Systems style will be adopted to implement tr@etular computational
processes. However no demarcation between messageseswdillbe distinguished. The
repertoire of computational functions will be slightly nearomplex than those presented in
a-universes and in traditional Classi er System, this in artteallow complex CSN-like
networks to emerge.

In accordance with traditional ACs, we will examine ACSNSs frarhottom-up approach,
this differs from Hollands approach in which signaling netls were explored using LCS
and a top-down methodology. This is in order to investighgedpontaneous emergence of
various phenomena that may occur in ACSNSs.

In the next section, we present our resulting class of teawriting based Arti cial Chem-
istry: the Molecular Classi er Systems.

3 Methods and results

In this section we introduce the concept of Molecular ClassiSystems. Then we present the
broadcast language which was proposed by Holland in 197%sagichilar to the MCS on many
aspects. Evaluating the broadcast language provided hsvalilable insights for the design of
the MCS in order to implement ACSNSs.
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3.1 The Molecular Classi er System

We de ne the Molecular Classi er System (MCS) as a class ohgttiewriting based Arti cial
Chemistries. This approach is inspired by Hollands Leardtasgsi er Systems (LCS). In Hol-
lands LCS, a demarcation is distinguished betwes@s and messageshowever as mentioned
earlier operations in a biochemical networks are intrialjcre exive. The MCS addresses this
issues by removing this rules/messages demarcation fouthe LCS.

The behavior of the condition/binding properties and adéazymatic functions is speci ed
by a “chemical” language de ned in the MCS. The chemical laaggide nes and constrains the
complexity of the chemical reactions that may be represkeane simulated with the MCS. For
example, a MCS model using a limited number of computatiomattions may only fatefully
represent very simplistic chemical reactions.

In the MCS approach, a reaction between molecules may onlyratthe informational
string of a rst molecule satis es/binds with the conditiarpart of a second molecule. The sec-
ond molecule may be the same as the rst molecule leadingltdseling. The condition part
refers to the binding properties of a molecule whereas actfers to the computational (“en-
zymatic”) function. This pattern matching occurring imgdia notion ofpeci city or “binding
strength”. A molecule having a high speci city would havesechance to react with another one.
Whereas a molecule having a low speci city is likely to bindaioother more often ( chemical
kinetics).

When two molecules can bind and consequently react to eaeh tile action part of one of
the molecules is used to carry out the enzymatic operatipos the binding molecule (substrate).
This operation results in producing another offspring uct). The symbols contained in the
MCS action part are processed in a sequential order (parsgdléft to right). The outcome
(product) of the reaction depends on the nature of the syshturictionality.

Figure 3:Schematic of a reaction in the MCS: When a mole@utan react with a molecul, the action statement

of moleculeA is “executed” upon the informational string of the bindinglectuleB. A is viewed as an enzyme and
B as a substrate, thus A's structure is not affected by theigawhereas B's structure is degraded and a product
P is generatedA's action statement operators take as inputs the symbdsaitring. An offspring moleculé® is
generated as a result of these operations

The de nitive set of operations is still under investigatias we are trying to understand what
are the minimal operational requirements to allow a primitACSN to spontaneously emerge.
However in the remainder of this section, we present a caelisblution based on a variant of
the Holland broadcast language.

3.2 The Broadcast Language

The broadcast language is a programing formalism intradibgeé-olland in 1975 [23, 13], which
can be thought of as the precursor for the LCS. A key propedyeshbetween the MCS and the
broadcast language is the removal of any demarcation betmessages and rules. A second
bene cial property is the ability of the broadcast languégerovide a straightforward represen-
tation to a variety of natural models such as Genetic Regyl&tetwork models.
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The broadcast language basic components are daibedicast unitsvhich can be viewed as
condition/action rules. Whenever a broadcast unit conthfigtatement is satis ed, the action
statement is executed. This means that whenever a broadudgdetects in the environment the
presence of (a) speci c signal(s), including themselvhentthe broadcast unit would broadcast
an output signal.

Some broadcast units may broadcast a signal that may agastinew broadcast unit. Simi-
larly, a broadcast unit can be interpreted as a signal aetdigt another broadcast unit. Broadcast
units may also process a given signal, in the sense that,adtast unit may output a signal
that is some modi cation of the detected/input signal. Aault, a broadcast unit may create
new broadcast units or detect and modify an existing brcesidoait. A set of broadcast units,
combined as a string, designatelsraadcast device

Biology Broadcast Language
sequence of string of symbols fromL =
amino acids from f0;1, ;:; ;O H 4;p %
fA;RN;D;C;E;:::g

substrate input signal

product output signal

protein with no enzy- null unit
matic function

enzyme broadcast unit
protein complex broadcast device
cellular milieu list of strings fronL

Table 4: Comparison of biological and broadcast languageit@logy

As a summary, the above table presents a comparison bethediotogical and the broad-
cast language terminology.
See [13] detailed speci cation and implementation of thealicast language.

3.3 Experiments

In this section we present a case study where we use the lastddoguage to model a signal
transduction network which was previously modeled withdlteof a Boolean network [17], see
Fig. 4. With the Boolean abstraction, a molecule is consitiasea logical expression having two
different possible statesn oroff, meaning that the molecule is present in the environmendr n

PSI2 PhyA PhyB SA JA Eth
o

o Receptor
PR1PR5 ATMPK3 ERS2 PDF1.2 prot. kinase
PoxATP8a fe) Homeobox

AtCesA3 ATRR2 ACslB2  N:pCOX  HewEPRer

Figure 4:Boolean representation of the signal transduction netwonkrolling the plants defense response against
pathogens.

We use the broadcast language to mirror the Boolean netwaitkeabiochemical network
presented in Figure 4. To accomplish this, we proceed toectdmapping of each Boolean
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function to broadcast devices. Using this model, one magrdehe the states of the output
molecules according to the states of the input molecules.

We rst represent each molecule (substra@éyA PhyB Eth, etc., with a string (signal) such
asp0000000,p0000001,p0000010, etc. We then de ne the broadcast devices (enzywigsh
enable the reactions to occur in this network.

(PRLPRS) = (: PSR” (PhyA_PhyB) * SA (1)

The above equation describes the stat€BiIPR5 according to the states &SI2, PhyA
PhyBandSA We now present how to express this Boolean expression usiragltast devices,
see Table 5.

Broadcast device

I; p000000 : 1000000

I, :p0000010 : 1000001

I3 1000000 : 1000001 : 1000010
l4 p0000011 : 1000011

Is 1000010 : 1000011 : 1000100
ls 1000100 :p0000101

Table 5: Broadcast devices employed to express Eqg. 1

In order to represent &DR gate that takes for input signdfhyAandPhyBwe generaté,
which indicates that whenever persistent sigm#l®00000 orp0000001 PhyAor PhyB
are detected, the signaling molecule 1000000 is broadthistexample also demonstrates
how to representrosstalkphenomena in the broadcast language.

The NOT gate is expressed through the use of a type 2 broadcast uniepfesenNOT
p0000010 PSI2), we de nel, which stipulates that when no persist&&2 molecule is
present then the signaling molecule 1000001 is broadcéstat + 1.

The expressioli( pP0000000OR p000000) AND (NOT p0000010) is designated bys
which would broadcast 1000010 only if 20000&@d 1000001 are detected.

The detection of 1000000 indicates that eitp@000000 PhyA or p0000001 PhyB) is
present. Secondly, detecting 1000001 implies g@t00010 PSI2) has not been detected.

The broadcast devick is used to broadcast a signaling molecule 100001d0600011
(SA is detected.lI5 is similar tol3 and represents aAND gate taking into account the
results oflz andl,.

This broadcast device, if satis ed, broadcasts a signatimajecule that is employed to
activatePR1IPR5 (p0000101), as shown ikg.

The whole Boolean network may be built following the abovecdiégd method. This case study
was implemented with our system and tested against a seiaxtinputs, and the outputs reacted
precisely in accordance with the boolean functions specbg the network.
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3.4 Fusing MCS and the Broadcast Language

In [11], it was demonstrated that the Broadcast Language acaitehGenetic Regulatory Net-
works (GRNs). This was due to the ability of the Broadcast Lagguto mirror Boolean net-
works which illustrates the wide ranging processing powet Broadcast Systems are capable
of. Nevertheless, it was also highlighted that the Broadcasguage is limited regarding the
representation and simulation of CSNs. To address this,isga@ropose to combine the MCS
concept with the Broadcast Language in a new system termed ‘WMC$he MCS.b comple-
ments the broadcast language (syntax and semantics) amtiext by including the following
re nements:

Instead of processing all broadcast devices sequentiadlylaterministically during a time
step, the MCS.b processes as follows: at each timetstep pick n pairs of broadcast
devices at random. For each pair of devices, one of the basadevices is designated (at
random) as theatalyst devicand the second one as thabstrate devicdf the conditional
statement of the catalyst device is satis ed by the signdahefsubstrate device, then the
action statement of the catalyst device is executed uposubstrate device.

nis a constant and designates the number of pairs of broadeases that will interact
during a timestep. It is also plausible to consideas the temperature in real chemistry.
Temperature has an important role in chemical reactionged molecules at higher tem-
perature have a greater probability to collide with one heotIn the broadcast language
“universe”, in order to increase the “temperature”, one nmayement the integer number
n.

In the broadcast language speci cation given by HollandJigahal rules were required
to resolve some ambiguities raised by the interpretatidimofdcast devices. To facilitate
this, the MCS.b simpli es the interpretation of broadcasttsiy preserving broadcast
units of type 1 only.

Similarly the notion of non-persistent devices is removiegldefault all devices are con-
sidered as persistent molecules.

As type 3 broadcast units and non-persistent devices neefoggst in this proposal, no
molecule can be deleted from the population. However thetidel of molecules is needed
to obtain evolutionary pressure. Our suggestion is asvislioeach time two molecules
react together, we pick a molecule at random and deletent fhe population.

By combining the strength of both the MCS and Broadcast Langwegiexpect the MCS.b
to be capable of modeling, simulating and evolving ACSNs inoaatiateful manner. At present,
we have conducted a number of preliminary experiments examthe spontaneous emergence
of collective autocatalytic sets among others. This wagebqal to be trivial as this phenomenon
was already demonstrated with other Arti cial Chemistry ®&yss (such as Tierra, Alchemy,
etc.). Initial results suggest that the MCS.b performs agebgal, however before these results
can be presented to the research community, validatiomsigampirical biological data is re-
quired.
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4 Research contributions

At this stage of the project, we have conducted a comprefeh®rature review on the model-
ing and evolving of CSNs. The design of the Molecular Classbgstem was proposed, nally
some experimental studies were performed: This resultedriomber of publications, the re-
sults we present here consist of the abstracts of selectetehich are directly linked to this
workpackage.
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4.1 An Approach to evolving Cell Signaling Networks in Silico

James Decraene, George Mitchell, Ciaran Kelly, Barry McMullin
Presented at the International Workshop on Systems Biology 200®{08YYMaynooth, Ireland

Cell Signaling Networks(CSN) are complex bio-chemical neksownhich, through evolu-
tion, have become highly ef cient for governing criticalrtool processes such as immunological
responses, cell cycle control or homeostasis. From a catipoél point of view, modeling
Arti cial Cell Signaling Networks (ACSNS) in silico may prode new ways to design computer
systems which may have specialized application areas.

To investigate these new opportunities, we review the keyues of modeling ACSNs

identi ed as follows. We rst present an analogy betweenlagaand molecular computation.

We discuss the application of evolutionary techniques tolvev biochemical networks for

computational purposes. The potential roles of crossta(B$Ns are then examined. Finally we
present how arti cial CSNs can be used to build robust reaktcontrol systems.

The research we are currently involved in is part of the mdi8ciplinary EU funded
project, ESIGNET, with the central question of the study led tomputational properties of
CSNs by evolving them using methods from evolutionary comfporh, and to re-apply this
understanding in developing new ways to model and pred&dtCSNs. This also complements
the present requirements of Computational Systems Biologyroyiding new insights in
micro-biology research.
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4.2 Evolving Arti cial Cell Signaling Networks

James Decraene, George Mitchell, Ciaran Kelly, Barry McMullin
Presented at the European Conference on Complex Systems 2008'(lB{©xford, England

Cell Signaling networks (CSNs) are bio-chemical systems tefacting molecules in cells.
Typically, these systems take as inputs chemical signaiergéed within the cell or commu-
nicated from outside. These trigger a cascade of chemieatioms that result in changes of
the state of the cell and (or) generate some chemical owgpah as prokaryotic chemotaxis or
coordination of cellular division.

Realising (and evolving) Arti cial Cell Signaling Network&CSNs) may provide new ways
to design computer systems for a variety of applicationsaréae are investigating the use of
ACSNs to implement computation, signal processing and @mjrol functionality. We review
some of the the research issues which this raises:

As a “computational” device, a CSN is most naturally compared traditionalanalog
computer. There may be applications where a molecular walog computer, in the
form of a CSN, may have distinct advantages. CSNs may offerbd#pes of high speed
and small size that cannot be realised with solid statereleicttechnology. More critically,
where it is required to interface computation with chemintdraction, a CSN may bypass
dif cult stages of signal transduction that would otheravige required. This could have
direct application in so-called “smart drugs” and othertiedical interventions.

Evolutionary Algorithms are non-deterministic search eaptimisation algorithms inspired
by the principles of neo-Darwinism. Such techniques arevegit to the study of ACSNs
because: the complex, and unpredictable, interactionseeet different components of
CSNs, make it very dif cult to design them “by hand” to meet spe performance ob-
jectives. However, natural evolution shows that in sugabtcumstances, effective CSNs
functionality can be achieved through evolutionary preess

“Crosstalk” phenomena happen when signals from differetitvpays become mixed to-
gether. This arises very naturally in CSNs due to the fact tinatmolecules from all
pathways may share the same physical reaction space. Itanadlcommunications and
signal processing engineering, crosstalk is regarded a$egtdhat therefore has the po-
tential to cause system malfunction. This can also clealthk case of crosstalk in CSNs.
However, in the speci c case of CSN's, crosstalk also hastamiwil potential functionality,
which may actually be constructive.

It is also argued that key properties in biochemical netwaie to be robust, this is so
as to ensure their correct functioning. Such propertieshagkly desirable in dynamic
engineered systems when subjected to internal and extamnattainty and perturbation.
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4.3 A multidisciplinary survey of modeling techniques for biochenncal net-
works

James DecraehgePeter Dittricld, Thomas Hinz& Thorsten Lensér
Barry McMullin, George Mitcheft

1: Dublin City University, Dublin, Ireland
2: Friedrich-Schiller-Universitat Jena, Jena, Germany

Presented at the International Meeting on Integrative Post-Genomi¢3@B), Lyon, France

All processes of life are dominated by networks of interagthiochemical components. The
purpose of modeling these networks is manifold. From a #texal point of view it allows the
exploration of network structures and dynamics, to nd egeett properties or to explain the
organization and evolution of networks. From a practicahpof view, in silico experiments
can be performed that would be very expensive or impossibéehieve in the laboratory, such
as hypothesis-testing with regard to knock-out experisientoverexpression, or checking the
validity of a proposed molecular mechanism.

The literature on modeling biochemical networks is growiagidly and the motivations be-
hind different modeling techniques are sometimes quiteadisrom each other. To clarify the
current context, we present a systematic overview of thieréifit philosophies to model bio-
chemical networks. We put particular emphasis on three shammains which have been playing
a major role in the past, namely.: mathematics with ordinany jpartial differential equations,
statistics with stochastic simulation algorithms, Bayesiatworks and Markov chains, and the
eld of computer science with process calculi, term rewggisystems and state based systems.

For each school, we evaluate advantages and disadvantadieassthe granularity of repre-
sentation, scalability, accessibility or availability afhalysis tools. Following this, we describe
how one can combine some of those techniques and thus takatades of several techniques
through the use of bridging tools. Finally, we propose a rs&p for modeling biochemical
networks by using arti cial chemistries and evolutionagngputation.
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4.4 Evolving Arti cial Cell Signaling Networks using Molecular Classi er
Systems

James Decraene, George Mitchell, Barry McMullin

Presented at the rst International Conference on Bio-Inspired Me®dé& Network, Information, and
Computing Systems (Bionetic'06), Cavalese, Italy

Nature is a source of inspiration for computational techagwhich have been successfully
applied to a wide variety of complex application domains. kéeping with this we examine
Cell Signaling Networks (CSN) which are chemical networkpoesible for coordinating cell
activities within their environment. Through evolutionethhave become highly ef cient for
governing critical control processes such as immunoldgésponses, cell cycle control or home-
ostasis. Realising (and evolving) Arti cial Cell SignalingelNvorks (ACSNs) may provide new
computational paradigms for a variety of application are@sir abstraction of Cell Signaling
Networks focuses on four characteristic properties distished as follows: Computation, Evo-
lution, Crosstalk and Robustness. These properties are ass@ble for potential applications
in the control systems, computation and signal processald. These characteristics are used
as a guide for the development of an ACSN evolutionary sirmarigtlatform. In this paper we
present a novel evolutionary approach named Molecular Gtassystem (MCS) to simulate
such ACSNs. The MCS that we have designed is derived from Htdldrearning Classi er
System. The research we are currently involved in is parhefrulti disciplinary European
funded project, ESIGNET, with the central question of thalgtof the computational properties
of CSNs by evolving them using methods from evolutionary cotafon, and to re-apply this
understanding in developing new ways to model and predattC8NSs.
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4.5 The Holland Broadcast Language and the modeling of biochemical net-
works

James Decraene, George G. Mitchell, Barry McMullin and Ciaran Kelly

Accepted for poster presentation at the 10th European ConferencemmgtiG@rogramming 2007
(EuroGP'07), Valencia, Spain

The Broadcast Language is a programming formalism deviseddiand in 1975, which
aims at improving the ef ciency of Genetic Algorithms (GA@)iring long-term evolution. The
key mechanism of the Broadcast Language is to allow GAs to@ngi adaptable problem rep-
resentation to compute the tness function. Fixed probleémogling is commonly used by GAs
but may limit their performance in particular cases. Thiggralescribes an implementation of the
Broadcast Language and its application to modeling bioct@nmetworks. Holland presented
the Broadcast Language in his book “Adaptation in NaturalAridcial Systems” where only a
description of the language was provided. Our primary natitim for this work, was the fact that
there is currently no published implementation of the Braatit anguage available. Secondly,
no additional examination of the Broadcast Language andppéications can be found in the
literature. Holland proposed that the Broadcast Languagédime suitable for the modeling of
biochemical models. However, he did not support this b&ligi any experimental work. In this
paper, we propose an implementation of the Broadcast Laegwagh is then applied to the
modeling of a signal transduction network. We conclude tugep by proposing that with some
re nements it will be possible to use the Broadcast Languagevblve biochemical networks in
Silico.
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4.6 Quality Time Tradeoff Operator for Designing Ef cient Multi Leve |
Genetic Algorithms

George G. Mitchell, Barry McMullin, James Decraene, and Ciaran Kelly

Accepted for poster presentation at the Genetic and Evolutionary Computatinference 2007
(GECCOQ'07), London, England

In this paper we present a novel cost bene t operator thastassulti level genetic algorithm
searches. Through the use of the cost bene t operator, d@ssiple to dynamically constrain the
search of the base level genetic algorithm, to suit the us@si ed requirements. Initially we
review multi-level genetic algorithm (meta-evolutionpgpproaches. We note that the current
literature has abundant studies on meta evolutionary Géwgether these approaches have not
identi ed an ef cient approach to termination of base GA s#aor a means to balance practical
consideration such as quality of solution and the expenssowiputation. Our Quality time
tradeoff operator (QTT) is user de ned, and acts as a bas# tevmination operator and also
provides a tness value for the meta level GA. In this manier amount of computation time
spent on less encouraging con gurations can be speci edhieyuser. Our approach has been
applied to a computationally intensive test problem whichl@ates a large set of con guration
settings for the base GAs. This approach should be appéicahybss a wide range of practical
problems (e.g. routing, logistic and biomedical applicas).
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S5 Summary

We carried out a comprehensive literature review on thesgggtation and simulation of CSNs.
This review allowed us to obtain a global understanding erattea of CSNs, moreover this work
provided us with guiding points for the design of our evaofiry simulation platform: MCS.
We then examined an approach similar to the MCS: the Hollaoddwast language. We demon-
strated the modeling of a simple signaling pathway usingbtisadcast language, but this work
highlighted the limitations of this formalism. AlthoughoMCS will require further evaluation
to precisely represent real biochemical networks, thisesgsenabled the implementation of our
evolutionary simulation platform to studrti cial biochemical networkg silico.
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