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Abstract

The overall goal of the ESIGNET project is to study the computationalgstims of Cell
Signaling Networks (CSN) by evolving them using methods from evolutiooamyputation,
and to re-apply this understanding in developing new ways to model aditpreal CSNs.

In this report we describe the current state of the art in the field. As tluggiris
highly interdisciplinary, we present a thematic bibliography involving pafrera different
scientific fields: Biology, Mathematics, Computer Science and Engineerihg. various
distinguished themes relevant to our project are: Evolution of CSNs, Muettieal analysis
of CSNs, Modelling CSNs: concept and example, Reverse engineefibgpahemical
networks, Synthetic Biology, Real CSNs and Verification of CSN behaviou

An objective is to develop open-source software packages for saensf. In this
optic, we review the existing computing tools available that might be useful. Main
publication resources and research groups concerned in the figdtbangresented. Finally

a glossary of biologigal terms is given as a reference.
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2 BIBLIOGRAPHY

1 Introduction

The workpackage WP3 (State of the Art) contains initial regeactivities for all ESIGNET
group members to become familiar with the project. An extreeisnformation retrieval char-
acterises this part of the project. It includes literatwearsh, finding appropriate web resources,
setup of the technical infrastructure as well as studyirgipations in relevant fields. This report
summarizes the retrieval results and enables first desisiith respect to milestones M3.1 and
M3.2.

Since this report should correspond to deliverable D3.ik, structured as follows: A bibli-
ography (section 2) gives an overview about useful pubboat To come along with the recent
state of the project, papers are assigned to six main casgord subsequent subclasses in terms
of a growing ontology. Section 3 lists appropriate onlinéatbases and tools. A description of
existing software packages for creating, denotation,yasisland simulation of cell signal net-
works (CSNs) can be found in section 4. Possible platformgpidnlication of project results
and selected external research groups active in the fieler gactions 5 and 6. A glossary of
biological terms is attached in appendix A.

In fulfilment of deliverable D3.2, a representative webpégew.esignet.net ) was cre-
ated that serves two functions: On the one hand, it provigdatéorm for public relations. On
the other hand, it serves as a reference of the project. A@ed members area and a project
internal wiki support communication and information execpa between group members. Fur-
thermore, it is helpful to discuss ideas and upcoming pabbas. This report can be seen as an
current excerpt of the information available at the proyeebpages.

The work of the ESIGNET project addresses some of the neegdidhted in the work
of the NEST project on Synthetic Biology. For a comprehensaxgew of this work see the
European Commission research report on Synthetic Biologplyipg Engineering to Biology
(EUR 21796. ISBN 92-894-9742-4)

2 Bibliography

2.1 Evolution of CSNs

e Design of genetic networks with specified functions by ewsluti Silico, P. Francois and
V. Hakim. PNAS (2004) 101(2):580-585.

Abstract Recent studies have provided insights into the modulartstreiof genetic regu-
latory networks and emphasized the interest of quantédtinctional descriptions. Here,
to provide a priori knowledge of the structure of functionadules, we describe an evo-
lutionary procedure in silico that creates small gene neksvperforming basic tasks. We
used it to create networks functioning as bistable switaresscillators. The obtained
circuits provide a variety of functional designs, demaausgtithe crucial role of posttran-
scriptional interactions, and highlight design princglgso found in known biological
networks. The procedure should prove helpful as a way torstettled and create small
functional modules with diverse functions as well as to gralarge networks.

e Network thinking in ecology and evolutiors.R. Proulx and D.E.L Promislow and P.C.
Phillips., Trends in Ecology and Evolution. (2005) 20(63453354.

Abstract Although pairwise interactions have always had a key roledology and evo-
lutionary biology, the recent increase in the amount andaivéity of biological data has
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2.1 Evolution of CSNs 2 BIBLIOGRAPHY

placed a new focus on the complex networks embedded in hoalogystems. The in-
creased availability of computational tools to store artdeee biological data has facili-
tated wide access to these data, not just by biologists bat®l specialists from the social
sciences, computer science, physics and mathematics.fulism of interests has led to
a burst of research on the properties and consequenceswarkedtructure in biological
systems. Although traditional measures of network stmecéund function have started us
off on the right foot, an important next step is to createdyatally realistic models of net-
work formation, evolution, and function. Here, we reviewent applications of network
thinking to the evolution of networks at the gene and prolel and to the dynamics and
stability of communities. These studies have provided mesights into the organization
and function of biological systems by applying existinghteiques of network analysis.
The current challenge is to recognize the commonalitiessolugonary and ecological
applications of network thinking to create a predictiveescie of biological networks.

e Emergent properties of networks of biological signalinglpeadys, U.S. Bhalla and R.
lyengar. Science, 283(5400):3817, 1999.

Abstract Many distinct signaling pathways allow the cell to recepmcess, and respond
to information. Often, components of different pathwaytiiact, resulting in signaling
networks. Biochemical signaling networks were construetigd experimentally obtained
constants and analyzed by computational methods to uadergteir role in complex bi-
ological processes. These networks exhibit emergent grepesuch as integration of sig-
nals across multiple time scales, generation of distintiiuts depending on input strength
and duration, and self-sustaining feedback loops. Feé&dizctresult in bistable behavior
with discrete steady-state activities, well-defined infhuesholds for transition between
states and prolonged signal output, and signal modulatioesponse to transient stimuli.
These properties of signaling networks raise the posililiat information for "learned
behavior” of biological systems may be stored within ingiddar biochemical reactions
that comprise signaling pathways.

e Computer Simulated Evolution of a Network of Cell-Signalingedales,. D. Bray and S.
Lay , Biophysical Journal (1994) 66:972-977

Abstract We have trained a computer model of a simple cell-signalianway to give
specified responses to a pulse of an extracellular ligand.pBithway consists of two ini-
tially identical membrane receptors, each of which reldgsdoncentration of the ligand
to the level of phosphorylation of an intracellular moleuRpplication of random "mu-
tational” changes to the rate constants of the pathwayv@t by selection in favor of
certain outputs, generates a variety of wave forms and cesgmnse curves. The phe-
notypic effect of mutations and the frequency of selectiothtaffect the efficiency with
which the pathway achieves its target. When the pathway iiselato give a maximal
response at a specific concentration of the stimulatingntigé gives a consistent pattern
of changes in which the two receptors diverge, producingya-hifinity form with exci-
tatory output and a low-affinity form with inhibitory outputWe suggest that some high-
and low-affinity forms of receptors found in present-dayicalight have originated by a
similar process.

¢ Preliminary Studies on the In Silico Evolution of Biocheahidetworks A. Deckard and
H. Sauro, ChemBioChem 5:1423-1431, 2004.
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2.1 Evolution of CSNs 2 BIBLIOGRAPHY

Abstract Due to the variety and importance of roles performed by simgganetworks,
understanding their function and evolution is of greatnesé Signalling networks allow
organisms to process and react to changes in their intendadx@ernal environment. Cur-
rent estimates suggest that two to three percent of all ges@mwmde for proteins involved
in signalling networks. The study of signalling networksiiadered by the complexities
of the networks and difficulties in ascribing function torfarFor example, a very complex
dense network might comprise eighty or more densely cordgmiteins. In the majority
of cases there is very little understanding of how these ods\yprocess signals. Unlike in
electronics, where there is a broad practical and theatatiederstanding of how to con-
struct devices that can process almost any kind of signaipiogical signalling networks
there is no equivalent theory. Part of the problem stems tranfact that in most cases it
is unknown what particular signal processing circuits widabk like in a biological form.
This paper describes the evolutionary methods used to ggeneetworks with particular
signal- and computational-processing capabilities. Ele@rniques involved are described,
and the approach is illustrated by evolving computatiofr@uds such as multiplication,
radicals and logarithmic functions. The experiments dlsstrate the evolution of modu-
larity within biochemical reaction networks.

e Do proteins learn to evolve? the hopfield network as a basigHerunderstanding of
protein evolution.Leighton Pritchard and Mark J. Dufton. Journal of TheaadtBiology,
202(1):7786, January 2000.

Abstract Correlations between amino-acid residues can be observsetsnof aligned
protein sequences, and the analysis of their statistichleanlutionary significance and
distribution has been thoroughly investigated. In thisggape present a model based on
such covariations in protein sequences in which the pamssadues that have mutual influ-
ence combine to produce a system analogous to a Hopfieldlmaiwaork. The emergent
properties of such a network, such as soft failure and theedion between network ar-
chitecture and stored memory, have close parallels in knpeteins. This model suggests
that an explanation for observed characters of proteink ascthe diminution of func-
tion by substitutions distant from the active site, the &xse of protein folds (superfolds)
that can perform several functions based on one archisauad structural and functional
resilience to destabilizing substitutions might deriv@nfrtheir inherent network-like struc-
ture. This model may also provide a basis for mapping théiogiship between structure,
function and evolutionary history of a protein family, atdis be a powerful tool for ratio-
nal engineering. Copyright 2000 Academic Press.

e Optimal Stoichiometric Designs of ATP-producing SystemB®atermined by an Evolu-
tionary Algorithm A. Stephani et al., J. theor. Biol. 199:45-61, 1999

Abstract The design of metabolic pathways is thought to be the re$ah@ptimization
process such that the structure of contemporary metakmli®s maximizes a particular
objective function. Recently, it has been shown that somengis$ stoichiometric prop-
erties of glycolysis can be explained on the basis of theireouent for a high ATP pro-
duction rate. Because the number of stoichiometricallyibdaslesigns increases strongly
with the number of reactions involved, a systematic analgsiall the possibilities turns
out to be inaccessible beyond a certain system size. Wentrabkerefore, an alterna-
tive approach to compute in a more efficient way the optimaigteof glycolysis inter-
acting with an external ATP-consuming reaction. The atparmiis based on the laws of

ESIGNET-WP3-D3.1: State of the art report Security: PUBLIC
Contract: FP6-NEST-2003-1-12789 Page: 5/ 65



2.1 Evolution of CSNs 2 BIBLIOGRAPHY

evolution by natural selection, and may be viewed as a pdaticversion of evolutionary
algorithms. The following conclusions are derived: (a)letionary algorithms are very
useful search strategies in determining optimal stoicleitbies of metabolic pathways. (b)
Essential topological features of the glycolytic networkynibe explained on the basis of
flux optimization. (c) There is a strong interrelation betweahe optimal stoichiometries
and the thermodynamic and kinetic properties of the padiong reactions. (d) Some sub-
sequences of reactions in optimal pathways are stronglgezuad at variation of system
parameters, which may be understood by applying princigflesetabolic control analysis.

e Design of genetic networks with specified functions by ewiuti silico, P. Francois and
V. Hakim, PNAS 101(2):580-585, 2004

Abstract Recent studies have provided insights into the modulartstreof genetic regu-
latory networks and emphasized the interest of quantgdtinctional descriptions. Here,
to provide a priori knowledge of the structure of functionadules, we describe an evo-
lutionary procedure in silico that creates small gene neksvperforming basic tasks. We
used it to create networks functioning as bistable switaregscillators. The obtained
circuits provide a variety of functional designs, demosstrithe crucial role of posttran-
scriptional interactions, and highlight design princgpl@so found in known biological
networks. The procedure should prove helpful as a way tomstaled and create small
functional modules with diverse functions as well as to gralarge networks.

e Computer Simulated Evolution of a Network of Cell-Signalingedales D. Bray and S.
Lay, Biophys. J. 66: 972-977, 1994

Abstract We have trained a computer model of a simple cell-signaliaiipyway to give
specified responses to a pulse of an extracellular ligand.pBthway consists of two ini-
tially identical membrane receptors, each of which reldgsdoncentration of the ligand
to the level of phosphorylation of an intracellular molexuRpplication of random "mu-
tational” changes to the rate constants of the pathwayv@t by selection in favor of
certain outputs, generates a variety of wave forms and cesgmnse curves. The phe-
notypic effect of mutations and the frequency of selectiothlaffect the efficiency with
which the pathway achieves its target. When the pathway iselato give a maximal
response at a specific concentration of the stimulatingntigé gives a consistent pattern
of changes in which the two receptors diverge, producingga-hifinity form with exci-
tatory output and a low-affinity form with inhibitory outputWe suggest that some high-
and low-affinity forms of receptors found in present-dayscalight have originated by a
similar process.

e Spontaneous evolution of modularity and network madifsKashtan and U. Alon, PNAS
102(39):13773-13778, 2005

Abstract Biological networks have an inherent simplicity: they aredular with a design
that can be separated into units that perform almost inakgpely. Furthermore, they show
reuse of recurring patterns termed network motifs. Lil&mown about the evolutionary
origin of these properties. Current models of biologicalletion typically produce net-
works that are highly nonmodular and lack understandablgfsnoHere, we suggest a
possible explanation for the origin of modularity and netkvmotifs in biology. We use
standard evolutionary algorithms to evolve networks. A festure in this study is evo-
lution under an environment (evolutionary goal) that clem a modular fashion. That
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2.1 Evolution of CSNs 2 BIBLIOGRAPHY

is, we repeatedly switch between several goals, each maaealiffierent combination of
subgoals. We find that such "modularly varying goals” leath® spontaneous evolution
of modular network structure and network motifs. The resglhetworks rapidly evolve
to satisfy each of the different goals. Such switching betweslated goals may represent
biological evolution in a changing environment that regsidifferent combinations of a set
of basic biological functions. The present study may shglt lon the evolutionary forces
that promote structural simplicity in biological networ&ad offers ways to improve the
evolutionary design of engineered systems.

e Evolving Control Metabolism for a Rohal. Ziegler and W. Banzhaf, Artificial Life vol.
7(2):171-190, 2001

Abstract This article demonstrates a new method of programming @aiifchemistries.
It uses the emerging capabilities of the system’s dynanaicsyformation-processing pur-
poses. By evolution of metabolisms that act as control pragréor a small robot one
achieves the adaptation of the internal metabolic pathwaysell as the selection of the
most relevant available exteroceptors. The underlyinfaal chemistry evolves efficient
information-processing pathways with most benefit for theikd task, robot navigation.
The results show certain relations to such biological systas motile bacteria.

e Directed evolution of a genetic circuily. Yokobayashi, R. Weiss, F.H. Arnold, PNAS
99(26):16587-16591, 2002

Abstract The construction of artificial networks of transcriptioraintrol elements in liv-
ing cells represents a new frontier for biological engimeger However, biological circuit
engineers will have to confront their inability to predibetprecise behavior of even the
most simple synthetic networks, a serious shortcoming &atlenge for the design and
construction of more sophisticated genetic circuitry ia thture. We propose a combined
rational and evolutionary design strategy for constructgenetic regulatory circuits, an
approach that allows the engineer to fine-tune the bioch@mparameters of the networks
experimentally in vivo. By applying directed evolution torgs comprising a simple ge-
netic circuit, we demonstrate that a nonfunctional circeittaining improperly matched
components can evolve rapidly into a functional one. In tloe@ss, we generated a library
of genetic devices with a range of behaviors that can be wsedrtstruct more complex
circuits.

e Tinkering, and Emergence in Complex Netwof9/. Sole, R.F. Cancho, S. Valverde, and
J.M. Montoya, Complexity 8(1), 2003

Abstract Complex biological networks have very different originsritiachnologic ones.
The latter involve extensive design and, as engineeredtstas, include a high level of
optimization. The former involve (in principle) continggnand structural constraints,
with new structures being incorporated through tinkerinidp\wreviously evolved modules
or units. However, the observation of the topological feadwf different biological nets
suggests that nature can have a limited repertoire of Gtlrs’ that essentially optimize
communication under some basic constraints of cost andtectire or that allow the
biological nets to reach a high degree of homeostasis. Csglyethe topological features
exhibited by some technology graphs indicate that tinkeaind internal constraints play a
key role, in spite of the "designed” nature of these struetuPrevious scenarios suggested
to explain the overall trends of evolution are re-analyzeligiht of topological patterns.
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e Evolution in Complex Systeni3.G. Green, Complexity 2(1), 1995

2.2

Abstract Phase changes play a central role in the adaptation andrgalfiisation of many
complex systems. Specifically | propose that external faatan cause a temporary phase
change in the connectivity of a system. Different procegsekection and variation) pre-
dominate in each phase. The "chaotic edge” associated hetphase change may be an
important source of variety in biological systems. The nagcém outlined here seems
to occur in several kinds of biological systems, includipgaes evolution and landscape
ecology. Applications to evolutionary programming inaugarallel genetic algorithms
that emulate population genetics on a landscape.

Mathematical Analysis of CSNs

Signaling in small subcellular volumes. |. Stochastic aiftugion effects on individual
pathwaysBhalla, U.S., Biophysical journal, 87, 2, 2004, 733-744.

Abstract Many cellular signaling events occur in small subcellulalumes and involve
low-abundance molecular species. This context introdtwesmajor differences from
mass-action analyses of nondiffusive signaling. Firsctiens involving small numbers
of molecules occur in a probabilistic manner which introekiscatter in chemical activ-
ities. Second, the timescale of diffusion of molecules leefvsubcellular compartments
and the rest of the cell is comparable to the timescale of ncheynical reactions, alter-
ing the dynamics and outcomes of signaling reactions. Tiidysexamines both these
effects on information flow through four protein kinase regory pathways. The analysis
uses Monte Carlo simulations in a subcellular volume ditfelsi coupled to a bulk cellular
volume. Diffusion constants and the volume of the subcaillabmpartment are systemat-
ically varied to account for a range of cellular conditio®&ach pathway is characterized
in terms of the probabilistic scatter in active kinase Isvad a measure of "noise” on the
pathway output. Under the conditions reported here, mgatding outcomes in a volume
below one femtoliter are severely degraded. Diffusion artgtellular compartmentaliza-
tion influence the signaling chemistry to give a diversitysajnaling outcomes. These
outcomes may include washout of the signal, reinforcemesigmals, and conversion of
steady responses to transients.

Signaling in small subcellular volumes. Il. Stochastic atiffiusion effects on synapfic
Bhalla, U.S., Biophysical journal, 87, 2, 2004, p745-753

Abstract The synaptic signaling network is capable of sophisticagdldilar computations.
These include the ability to respond selectively to différeatterns of input, and to sus-
tain changes in response over long periods. The small vobfritee synapse complicates
the analysis of signaling because the chemical environisesitongly affected by diffu-
sion and stochasticity. This study is based on an updatesibveof a previously proposed
synaptic signaling circuit (Bhalla and lyengar, 1999) andlgres three network compu-
tation properties in small volumes: bistability, threshog, and pattern selectivity. Sim-
ulations show that although there are diffusive regimes fctv bistability may persist,
chemical noise at small volumes overwhelms bistabilitythie deterministic situation, the
network exhibits a sharp threshold for transition betwemmel and upper stable states.
This transition is broadened and individual runs partiti@ween lower and upper states,
when stochasticity is considered. The third network progpeattern selectivity, is severely
degraded at synaptic volumes. However, there are regimekich a process similar to
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2.2 Mathematical Analysis of CSNs 2 BIBLIOGRAPHY

stochastic resonance operates and amplifies patternigigyecthese results imply that
simple scaling of signaling conditions to femtoliter volesis unlikely, and microenvi-
ronments, such as reaction complex formation, may be e@akttreliable small-volume
signaling.

e Spontaneous separation of bi-stable biochemical systetospatial domains of opposite
phasesElf, J. and Ehrenberg, M., Syst. Biol., 1, 2, 2004, p230-236

Abstract Bi-stable chemical systems are the basic building blockmfoacellular memory
and cell fate decision circuits. These circuits are budtrirmolecules, which are present
at low copy numbers and are slowly diffusing in complex io&lular geometries. The
stochastic reactiondiffusion kinetics of a double-negateedback system and a MAPK
phosphorylationdephosphorylation system is analysetl ibnte-Carlo simulations of
the reaction-diffusion master equation. The results steageometry of intracellular re-
action compartments to be important both for the duratiahthe locality of biochemical
memory. Rules for when the systems lose global hysteresipbgtaneous separation
into spatial domains in opposite phases are formulatedmsef geometrical constraints,
diffusion rates and attractor escape times. The analy&giigated by a new efficient al-
gorithm for exact sampling of the Markov process correspuntb the reaction-diffusion
master equation.

e An amplified sensitivity arising from covalent modificationbiological systemsGold-
beter, A. and Koshland, D. E., Proc. Natl. Acad. Sci. USA,17/8,p6840-6844

Abstract The transient and steady-state behavior of a reversib@&atmodification sys-
tem is examined. When the modifying enzymes operate outs&leegion of first-order
kinetics, small percentage changes in the concentratitmedaéffector controlling either of
the modifying enzymes can give much larger percentage @sandghe amount of modified
protein. This amplification of the response to a stimulusawide additional sensitivity
in biological control, equivalent to that of allosteric pems with high Hill coefficients.

e Cell-signalling dynamics in time and spad¢holodenko, B.N. Nature reviews Molecular
cell biology, vol 7:3, 2006,

Abstract The specificity of cellular responses to receptor stimafais encoded by the
spatial and temporal dynamics of downstream signallingvoids. Temporal dynamics
are coupled to spatial gradients of signalling activitbjch guide pivotal intracellular

processes and tightly regulate signal propagation acrosb.a&Computational models pro-
vide insights into the complex relationships between timdt and the cellular responses,
and reveal the mechanisms that are responsible for signaliferation, noise reduction

and generation of discontinuous bistable dynamics orlasicihs.

e Signaling switches and bistability arising from multisiteggphorylation in protein kinase
cascadesMarkevich, N.I. and Hoek, J.B. and Kholodenko B.N., The Jaudaf cell biol-
ogy, vol 164:3, 2004, p353-359

Abstract Mitogen-activated protein kinase (MAPK) cascades can aipeas bistable
switches residing in either of two different stable statdbAPK cascades are often em-
bedded in positive feedback loops, which are considerec ta prerequisite for bistable
behavior. Here we demonstrate that in the absence of anysmapiedback regulation,
bistability and hysteresis can arise solely from a distiaukinetic mechanism of the
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2.2 Mathematical Analysis of CSNs 2 BIBLIOGRAPHY

two-site MAPK phosphorylation and dephosphorylation. émantly, the reported kinetic
properties of the kinase (MEK) and phosphatase (MKP3) atertlular signal-regulated
kinase (ERK) fulfill the essential requirements for genaat bistable switch at a single
MAPK cascade level. Likewise, a cycle where multisite phrasplations are performed by
different kinases, but dephosphorylation reactions at&\yzed by the same phosphatase,
can also exhibit bistability and hysteresis. Hence, bistalnduced by multisite covalent
modification may be a widespread mechanism of the controtaiem activity.

e The Computational Versatility of Proteomic Signaling NetvgpBauro, Herbert M., Cur-
rent Proteomics, vol 1, 2004, p67-81

Abstract Almost all proteomic signaling networks in prokaryotes an#taryotes are based
on the simple phosphorylation/dephosporylation cyclenfithis simple unit it is possible
to construct a huge variety of control and computationaluis, both analog and digital.
With the characterization of many signaling networks, agskers are turning to address
the question of how a particular physiological responsebmaunnderstood in terms of the
proteins that make up the network; this is one of the centrastjons in Systems Biology .
In this article | wish to summarize the great versatility lné basic protein cycle as a means
to construct complex functional behaviors including thetca role that feedback plays in
determining the properties of protein based networks.

¢ Quantitative analysis of signaling networl&auro, H. M and Kholodenko, B. N., Progress
in biophysics and molecular biology, vol 86:1, 2004, p5-43

Abstract The response of biological cells to environmental changeoisrdinated by
protein-based signaling networks. These networks are tfwined in both prokaryotes
and eukaryotes. In eukaryotes, the signaling networks edmdhly complex, some net-
works comprising of 60 or more proteins. The fundamentalifntioat has been found in
all signaling networks is the protein phosphorylationkiggphorylation cycle—the cascade
cycle. At this time, the computational function of many of gignaling networks is poorly
understood. However, it is clear that it is possible to cartsta huge variety of control and
computational circuits, both analog and digital from conaions of the cascade cycle. In
this review, we will summarize the great versatility of themgle cascade cycle as a com-
putational unit and towards the end give two examples, ookgoyotic chemotaxis circuit
and the other, the eukaryotic MAPK cascade.

e Design principles and control mechanisms of signal trarsion networksB. Binder, Dis-
sertation HU Berlin, 133 pages, 2005

Abstract This work is based on the hypothesis that signal transducteiworks in liv-
ing cells are the result of an evolutionary development Whicgoverned by mutation
mechanisms and natural selection principles. This cosdbeir structural design as well
as kinetic parameters. Therefore, it can be assumed thse fhv@perties have adopted
values which imply certain optimal features with respedh biological function of sig-
nal transduction. Based on this working hypothesis, two @agtes are presented to in-
vestigate the structural design and control mechanismgyoaktransduction networks.
Both strategies have as a common research objective thenextipla of these properties
of signalling networks using certain efficiency criterian the first approach, a model is
developed to analyse the structural design of signallingvoiks. A simplified model is
used to describe signalling systems consisting of recggtorases and phosphatases. This
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description includes important systems like MAP kinasépalys, the PISK pathway, but
also larger networks which exhibit complex crosstalk adtons. Following the hypothesis
mentioned above, optimisation principles have been appdieletermine optimal network
structures regarding certain biological functions. Basedhe effect of small structural
perturbations on the dynamic functions, a quantitativenitedn of the robustness of sig-
nalling networks is provided. Ratios of phosphatase andskigetivities maximising this
robustness are identified. The general validity of theseyde®inciples is supported by the
analysis of a large kinase network containing 86 kinaseshhas been retrieved from the
TRANSPATH database. This network is indeed characteriseal \®ry low connectivity
and a lack of positive feedback cycles. This large signaliatwork is further investigated
regarding several design properties. It is shown that thadds group into two functional
classes. The presented results show that the structunaénpies of signalling networks
drastically differ from those of random networks. Moregwetport characteristic features,
such as the length of signalling cascades can be explainegthyisation principles.

e Interrelations between Dynamical Properties and StrudtuCharacteristics of Signal
Transduction NetworksB. Binder and R. Heinrich, Genome Informatics 15(1):13-23,
2004

Abstract We present a theoretical approach for understanding teeratations between

dynamics and structure of signal transduction pathways.civesider large sets of net-
works with a specific num- ber of kinases and phosphatases.m@thods are based on
nonlinear differential equations and pathway dynamicsharacterised in terms of signal
amplification and signal duration. We show that network$aithigh number of kinases,
high connectivities and low phosphatase activities tenidetainstable and run, therefore,
the risk to display autoactivation. Analysis of signal samluction pathways retrieved
from databases reveals that several structural charstatsnequired for pathway stability
are fulfilled for networks of very large size.

e Mathematical Models of Protein Kinase Signal TransductR®nHeinrich et al., Molecular
Cell, 9:957-970, 2002

Abstract We have developed a mathematical theory that describesgdléation of signal-
ing pathways as a function of a limited number of key pararset®ur analysis includes
linear kinase-phosphatase cascades, as well as systetamoanfeedback interactions,
crosstalk with other signaling pathways, and/or scaffajdand G proteins. We find that
phosphatases have a more pronounced effect than kinasks oaté¢ and duration of sig-
naling, whereas signal amplitude is controlled primarijykinases. The simplest model
pathways allow amplified signaling only at the expense ovgmnal propagation. More
complex and realistic pathways can combine high amplibcaéind signaling rates with
maintenance of a stable off-state. Our models also exptaindifferent agonists can evoke
transient or sustained signaling of the same pathway anddera rationale for signaling
pathway design.

e Network Motifs: Simple Building Blocks of Complex NetwpiRs Milo et al., Science
298(5594):824-827, 2002

Abstract Complex networks are studied across many fields of scienceindover their
structural design principles, we defined "network motifsgtterns of interconnections oc-
curring in complex networks at numbers that are signifigahijher than those in ran-
domized networks. We found such motifs in networks from ba&nistry, neurobiology,
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2.3

ecology, and engineering. The motifs shared by ecologaad fvebs were distinct from
the motifs shared by the genetic networks of Escherichinasal Saccharomyces cere-
visiae or from those found in the World Wide Web. Similar nfetvere found in networks
that perform information processing, even though they riles@lements as different as
biomolecules within a cell and synaptic connections betweseurons in Caenorhabditis
elegans. Motifs may thus define universal classes of nesvdikis approach may uncover
the basic building blocks of most networks.

Bayesian analysis of signaling networks governing embrgyst@m cell fate decisionB.J.
Woolf et al., Bioinformatics 21(6), 2005

Abstract Bayesian networks are statistical tools to extract the daaseections between
different parts of a system. In this paper, data is availahléhe phosphorylation states of
several components of a signalling pathway, and the BN teclenis used to reconstruct
the causal connections. Although a BN gives only a rough ideheostructure of a sig-
nalling network, it nevertheless is a good way to make sehkgge amounts of data. The
approach to find the "right” network used here is basic: g@ekd of starting points and
optimise them locally, then take the best. There is cegtamdm for improvement here.

Modelling CSNs: Concept and Examples

Toward rigorous comprehension of biological complexity:deling, execution, and visu-
alization of thymic t-cell maturationS. Efroni, D. Harel, and I. R. Cohen., Genome Res,
13(11):24852497, November 2003.

Abstract One of the problems biologists face is a data set too largertgpeehend in full.
Experimenters generate data at an ever-growing pace, eauftlieir own niche of inter-
est. Current theories are each able, at best, to capture ashel oy a small part of the
data. We aim to develop a general approach to modeling thigheyp broaden biological
understanding. T-cell maturation in the thymus is a telemgmple of the accumulation of
experimental data into a large disconnected data set. Jhauthis responsible for the mat-
uration of stem cells into mature T cells, and its complegitydes research into different
fields, for example, cell migration, cell differentiatidmnistology, electron microscopy, bio-
chemistry, molecular biology, and more. Each field formsvis viewpoint and its own set
of data. In this study we present the results of a compretendiegration of large parts of
this data set. The integration is performed in a two-tieredal manner. First, we use the
visual language of Statecharts, which makes specificatiecige, legible, and executable
on computers. We then set up a moving graphical interfadedgyreamically animates the
cells, their receptors, the different gradients, and theractions that constitute thymic
maturation. This interface also provides a means for iotar@ with the simulation.

Computational Systems Biology.. You. Toward Cell Biochemistry and Biophysics.
(2004) 40:1-19.

Abstract The development and successful application of high-thmpugtechnologies are
transforming biological research. The large quantitieslata being generated by these
technologies have led to the emergence of systems bioldgghvemphasizes large-scale,
parallel characterization of biological systems and irdégn of fragmentary information
into a coherent whole. Complementing the reductionist aggrdhat has dominated biol-
ogy for the last century, mathematical modeling is becoraipgwerful tool to achieve an
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integrated understanding of complex biological systentstarguide experimental efforts
of engineering biological systems for practical applicas. Here an overview is given
of current mainstream approaches in modeling biologicatesys, highlight specific ap-
plications of modeling in various settings, and point outifa research opportunities and
challenges.

e Signaling Complexes: Biophysical Constraints on IntradeHCommunication.D. Bray,
Annu. Rev. Biophysics. Biomol. Struct. (1998) 27:59-75.

Abstract This review surveys the kinds of protein complex that pgéte in cell commu-
nication and identifies, where possible, general prinsijplg which they form and act. It
also advances the notion that biophysical constraints $egpby macromolecular crowding
and diffusion have had a controlling influence on the evohutf cell signaling pathways.
Complexes associated with the bacterial aspartate receptbreucaryotic tyrosine ki-
nase receptors, with T-cell receptors, and with focal atetare examined together with
proteins that serve as adaptors, anchors, and scaffoldsgioaling complexes. The im-
portance of diffusion in controlling the numbers and logas of signaling complexes is
discussed, as is the special role played by membranes ialsigipathways.

e The Spatial Organization of Cell Signalling PathwaysS. Shimizu., PhD Thesis. Darwin
College, Cambridge. (2002)

¢ Signal Transduction in bacteria: phospho-neural netwoykgsk.Coli,, K.J. Hellingwerf
and P.W. Postma and J. Tommassen and H.V. Westerhoff. FEM&®Mology Reviews
(1995) 309-321

Abstract The molecular basis of many forms of signal transfer in tivarganisms is pro-
vided via the transient phosphorylation of regulatory e by transfer of phosphoryl
groups between these proteins. The dominant form of sigaastiuction in prokaryotic
microorganisms proceeds via so-called two-componentaismy systems. These systems
constitute phosphoryl transfer pathways, consisting af twmore components. Most of
these pathways are linear, but some converge and some argativ. The molecular prop-
erties of some of the well-characterised representativesamcomponent systems comply
with the requirements to be put upon the elements of a neetalank: they function as
logical operators and show the phenomenon of autoampiditaBecause there are many
phosphoryl transfer pathways in parallel and because tileoeappears to be cross-talk
between these pathways, the total of all two-componentlagmy systems in a single
prokaryotic cell may show the typical characteristics opladspho-neural network’. This
may well lead to signal amplification, associative resperas®l memory effects, charac-
teristics which are typical for neural networks. One of th@mchallenges in molecular
microbial physiology is to determine the extent of the cantiwéy of the constituting ele-
ments of this presumed 'phospho-neural network’, and tbreuthe extent of intelligence-
like behaviour this network can generate. Escherichiaisdle organism of choice for
this characterization.

e Computational insights into Caenorhabditis elegans vulvavedlopment.J. Fisher, N.
Piterman, E. J. A. Hubbard, M. J. Stern, and D. Harel. Prdogedof the National
Academy of Science, 102:19511956, February 2005.

Abstract Studies of Caenorhabditis elegans vulval development geosi paradigm for
pattern formation during animal development. The fateshefdix vulval precursor cells
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are specified by the combined action of an inductive sigredldbtivates the EGF receptor
mitogen-activated PK signaling pathway (specifying a aiynfate) and a lateral signal

mediated by LIN-12/Notch (specifying a secondary fate)reHee use methods devised for
the engineering of complex reactive systems to model a gicdbsystem. We have chosen
the visual formalism of statecharts and use it to formalitrerg and Horvitz's 1989

model [Sternberg, P. W. & Horvitz, H. R. (1989) Cell 58, 679698hich forms the basis

for our current understanding of the interaction betweeséhwo signaling pathways. The
construction and execution of our model suggest that @iffelevels of the inductive signal

induce a temporally graded response of the EGF receptogenitactivated PK pathway

and make explicit the importance of this temporal respo@#&. model also suggests the
existence of an additional mechanism operating duringdagpecification that prohibits

neighboring vulval precursor cells from assuming the prinfate.

e Combining state-based and scenario-based approaches irlngdiological systems.
Jasmin Fisher, David Harel, E. Jane Albert Hubbard, NirrRiten, Michael J. Stern, and
Naamah Swerdlin. In CMSB, pages 236241, 2004.

Abstract Biological systems have recently been shown to share marnegiroperties of
reactive systems. This observation has led to the idea nf§usethods devised for the con-
struction (engineering) of complex reactive systems taribeeling (reverse-engineering)
of biological systems, in order to enhance biological caghpnsion. Here we suggest to
combine the two formal approaches used in our group the-Btsted formalism of state-
charts and the scenario-based formalism of live sequeramsctl. SCs). We propose that
biological observations are better formalized in the fofmo®Cs, while biological mech-
anistic models would be more natural to specify using skatgs. Combining the two
approaches would enable one to verify the proposed meditamedels against the real
data. The biological observations can be compared to théreggents in an engineered
system, and the mechanistic model would be analogous torpkementation. While
requirements are used to design an implementation, heb#dervations are used to mo-
tivate the invention of the mechanistic model. In both casmssistency of one with the
other must be established, by testing or by formal verifocati

e Computational models of immunological pathwaydike Holcombe and Alex Bell. In
IPCAT97: Proceedings of the second international workshomfmrmation processing in
cell and tissues, pages 213226, New York, NY, USA, 1998. RteRress.

Abstract A computational model of part of the immune system is intth The model
is novel in respect of it representing the populations offtteells and other related com-
ponents of the system as a state-based parallel model. STthien analysed with respect
to possible spatial and temporal interactions with thelted@a number of simulations are
presented and some conclusions drawn. One of the integesdmects of the work is the
attempt to construct an integrative model of a complex dyoagstem such as the immune
system.

e The immune system as a reactive system: modeling t celb#otivwith statechartsN.
Kam, I. Cohen, and D. Harel., 2001.

Abstract The construction of reliable reactive systems is considieyde one of the most
challenging goals in the fields of software and system emging. The definition of a
reactive system suits biological systems at differentlgwa@nging from gene networks,
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developing embryos and the immune system. We report herapiblecation of a tool de-
veloped for constructing computerized systems to the niieglahd analysis of a biological
system, the immune system. We use the language of stateetitlrin the framework of
object-oriented modeling. The results described hereatdithat this modeling strategy
can contribute to the transition of biology from the phasamdlysis to the phase of syn-
thesis.

e Modeling biological reactivity: Statecharts vs. booleagic, N. Kam, D. Harel, and I.
Cohen. 2001.

Abstract Remarkable progress in various fields of biology is leadinthadirection of

a complete map of the building blocks of biological systeniere is broad agreement
among researchers that 21 century biology will focus omgtteng to understand how
component parts collaborate to create a whole. It is alsbageéed that this transition of
biology from identi.ing the building blocks (analysis) ttegrating the parts into a whole
(synthesis) should rely on the language of mathenmtics. riecant publication, we de-
scnged the results of a first attempt at confronting the alotradlenge using the visual
formalism of statecharts. We presented a detailed moddl fm#ll activation using state-
charts within the general framework of object-oriented simdg). In this work, we compare
the statechart-based modeling approach to a Boolean famgliesented by Thomas &
D’Ari. This comparison was done by taking a model for T cetiation and anergy, which
was constructed by Kaufinan et al. using such a Boolean fasmalnd translating it into
the language of statecharts. Comparing these two représestaf the same phenomena
allows us to assess the advantages and disadvantages ahedeling approach. We be-
lieve that the results of this work, together with the resolt our previous modeling work
on T cell activation, should encourage the use of visual &isms such as statecharts for
modeling complex biological systems.

e Application of a stochastic nhame-passing calculus to repn¢ation and simulation of
molecular processe€orrado Priami, Aviv Regev, Ehud Shapiro, and William Silvarnm
Inf. Process. Lett., 80(1):2531, 2001.

Abstract We describe a novel application of a stochastic name passileglus for the
study of biomolecular systems. We specify the structure dymhmics of biochemical
networks in a variant of the stochastic P-calculus, yigdmodel which is mathematically
welldefined and biologically faithful. We adapt the opesatil semantics of the calculus to
account for both the time and probability of biochemicaktems, and present a computer
implementation of the calculus for biochemical simulasion

e Representation and simulation of biochemical processig uke pi-calculus process al-
gebra. Aviv Regev, William Silverman, and Ehud Y. Shapiro. In PacBgmposium on
Biocomputing, pages 459470, 2001.

Abstract Despite the rapidly accumulating body of knowledge abootgin networks,

there is currently no convenient way of sharing and mantmraof such information.

We suggest that a formal computer language for describiagbtbmolecular processes
underlying protein networks is essential for rapid advameet in this field. We propose
to model biomolecular processes by using the pi-Calculuspeaegss algebra, originally
developed for describing computer processes. Our moddbibmhemical processes is
mathematically well-defined, while remaining biologigat&ithful and transparent. It is
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amenable to computer simulation, analysis and formal eatitin. We have developed a
computer simulation system, the PiFCP, for execution anlysisaf pi-calculus programs.
The system allows us to trace, debug and monitor the behafimiochemical networks
under various manipulations. We present a pi-calculus iMfod¢he RTK-MAPK signal
transduction pathway, formally represent detailed mdécand biochemical information,
and study it by various PiFCP simulations.

e Cell cycle control in eukaryotes: a biospi moddPaola Lecca and Corrado Priami, In
Bioconcur 03, 2003.

Abstract This paper presents a stochastic model of the cell cycle@onteukaryotes. The
framework used is based on stochastic process algebramflersystems. The automatic
tool used in the simulation is the BioSpi. We compare our apghowvith classical ODE
specications.

e Intracellular signalling as a parallel distributed proces D. Bray. J. Theor. Biol.,
143(2):21531, 1990.

Abstract Living cells respond to their environment by means of anrocgenected net-
work of receptors, second messengers, protein kinases taed signalling molecules.
This article suggests that the performance of cell sigmglpathways taken as a whole
has similarities to that of the parallel distributed pracestworks (PDP networks) used in
computer-based pattern recognition. Using the responkepdtocytes to glucagon as an
example, a procedure is described by which a PDP networkl smlulate a cell signalling
pathway. This procedure involves the following steps: (&@panded set of molecules is
defined that carry the signals of interest; (b) each of theskecules is represented by a
PDP-type of unit, with input and output functions and conimgcweights corresponding to
specific biochemical parameters; (c) a "learning algoritisrapplied in which small ran-
dom changes are made in the parameters of the cell signahitgand the new network is
then tested by a selection procedure in favour of a specigtioutput relationship. The
analogy with PDP networks shows how living cells can recogmiombinations of envi-
ronmental influences, how cell responses can be stabilizédrade resistant to damage,
and how novel cell signalling pathways might appear durivajigion.

e Bioengineering models of cell signalingsthagiri, A.R.and Lauffenburger, D. A., Annual
review of biomedical engineering, vol 2, 2000, p31-53

Abstract Strategies for rationally manipulating cell behavior inl4xmsed technologies
and molecular therapeutics and understanding effectsvifosrmental agents on physio-
logical systems may be derived from a mechanistic undeistgrof underlying signaling
mechanisms that regulate cell functions. Three crucigibates of signal transduction
necessitate modeling approaches for analyzing thesensystn ever-expanding plethora
of signaling molecules and interactions, a highly interexted biochemical scheme, and
concurrent biophysical regulation. Because signal flowgbtly regulated with positive
and negative feedbacks and is bidirectional with commara&ling both from outside-
in and inside-out, dynamic models that couple biophysiaal liochemical elements are
required to consider information processing both duriagdrent and steady-state condi-
tions. Unique mathematical frameworks will be needed t@ioban integrated perspec-
tive on these complex systems, which operate over wide lieagtl time scales. These
may involve a two-level hierarchical approach wherein tkierall signaling network is
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modeled in terms of effective “circuit” or "algorithm” motks, and then each module is
correspondingly modeled with more detailed incorporatérits actual underlying bio-
chemical/biophysical molecular interactions.

e Elementary Arithmetic Operations by Enzymes: A Model fotaldelic Pathway Based
Computing Baron, R. and Lioubashevski, O. and Katz, E. and Niazov, T.\ditider, I.,
Angew. Chem., vol 118, 2006, p1602-1606

e Computer simulation of the phosphorylation cascade coimiplbacterial chemotaxis
Bray, D. and Bourret, R. B. and Simon M. I., Mol. Biol. of the Cell, vbl p469-482,
1993

Abstract We have developed a computer program that simulates ttae@ilular reactions
mediating the rapid (nonadaptive) chemotactic respong&ssdfierichia coli bacteria to the
attractant aspartate and the repellent Ni2+ ions. The misdalilt from modular units
representing the molecular components involved, whicheash assigned a known value
of intracellular concentration and enzymatic rate cortstdrerever possible. The compo-
nents are linked into a network of coupled biochemical ieastbased on a compilation
of widely accepted mechanisms but incorporating severatlneatures. The computer
motor shows the same pattern of runs, tumbles and pausessaetnal bacteria and re-
sponds in the same way as living bacteria to sudden changesaentration of aspartate
or Ni2+. The simulated network accurately reproduces thenptype of more than 30
mutants in which components of the chemotactic pathway eletet and/or expressed in
excess amounts and shows a rapidity of response to a stegechmaspartate concentra-
tion similar to living bacteria. Discrepancies between simaulation and real bacteria in
the phenotype of certain mutants and in the gain of the chectiotresponse to aspartate
suggest the existence of additional as yet unidentifiedant®mns in the in vivo signal
processing pathway.

e Protein Molecules as Computational Elements in Living Cdisy, D., Nature, vol 376,
2005, p307-312

Abstract Many proteins in living cells appear to have as their primfanction the trans-
fer and processing of information, rather than the chentrealsformation of metabolic
intermediates or the building of cellular structures. Spobteins are functionally linked
through allosteric or other mechanisms into biochemidattits’ that perform a variety of
simple computational tasks including amplification, imgggn and information storage.

e Discovering Genomics, Proteomics, and Bioinformaticampbell, A.M. and Heyer, L.J.,
chapter 8, Benjamin Cummings, 2002

e Exact Stochastic Simulation of Coupled Chemical React@illespie, D. T., Phys. Chem.,
vol 81:25, 1977

e The stability of a stochastic CaMKII switch: dependence on tbelrer of enzyme
molecules and protein turnoveMiller, P and Zhabotinsky, A. M.and Lisman, J. E. and
Wang, X. J., PLoS biology, vol 3:4, 2005

Abstract Molecular switches have been implicated in the storage fofmmation in bio-
logical systems. For small structures such as synapsese #watches are composed of
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only a few molecules and stochastic fluctuations are thexedbimportance. Such fluc-
tuations could potentially lead to spontaneous switchtrideg would limit the lifetime
of information storage. We have analyzed a model of the wal@almodulin-dependent
protein kinase Il (CaMKII) switch implicated in long-term mery in the nervous system.
The bistability of this switch arises from autocatalytic@hosphorylation of CaMKIl, a
reaction that is countered by a saturable phosphatasediateé dephosphorylation. We
sought to understand the factors that control switch stalsihd to determine the func-
tional relationship between stability and the number ofeuoles involved. Using Monte
Carlo simulations, we found that the lifetime of states ofgivitch increase exponentially
with the number of CaMKII holoenzymes. Switch stability regs a balance between the
kinase and phosphatase rates, and the kinase rate mush feigiairelative to the rate of
protein turnover. Thus, a critical limit on switch stalyjlis set by the observed turnover
rate (one per 30 h on average). Our computational results ghat, depending on the
timescale of fluctuations in enzyme numbers, for a switchpmsrd of about 15 CaMKI|
holoenzymes, the stable persistent activation can spandfew years to a human lifetime.

¢ A new method for assembling metabolic networks, with apjicat the Krebs citric acid
cycle Mittenthal J. E. and Clarke, B. and Waddell, T. G. and Faw&ttJ. theor. biol.,
volume 208, p361-382, 2001

Abstract To understand why a molecular network has a particular adivity one can
generate an ensemble of alternative networks, all of whiebtrthe same performance cri-
teria as the real network. We have generated alternativbs t¢rebs cycle, allowing group
transfers and B(12)-mediated shifts that were excludederipus work. Our algorithm
does not use a reaction list, but determines the reactadtgraducts in generic reactions.
It generates networks in order of increasing number of r@asteps. We find that alterna-
tives to the Krebs cycle are very likely to be cycles. Manyhaf alternatives produce toxic
or unstable compounds and use group transfer reactionshwlave unfavorable conse-
guences. Although alternatives are better than the Kretle ay some respects, the Krebs
cycle has the most favorable combination of traits.

e Modeling Cell Signaling Network$l.J. Eungdamrong and R. lyengar, Biology of the Cell
96:355-362, 2004

Abstract Cell signaling pathways interact with one another to formmoeks in mam-
malian systems. Such networks are complex in their orgéaizand exhibit emergent
properties such as bistability and ultrasensitivity. Assaéd of signaling networks requires
a combination of experimental and theoretical approaaingading the development and
analysis of models. This review focuses on theoretical @ggres to understanding cell
signaling networks. Using heterotrimeric G protein patisvan example, we demonstrate
how interactions between two pathways can result in a n&tweat contains a positive
feedback loop and function as a switch. Different matherahfapproaches that are cur-
rently used to model signaling networks are described, atuild challenges including the
need for databases as well as enhanced computing envirtsarerdiscussed.

e Molecular Networks: The Top-Down Viel. Bray, Science 301:1864—65, 2003

Abstract Network theory can give a useful overview of how a biologisgstem works.
But to make testable predictions, we need the details.
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e Protein molecules as computational elements in livingscBll Bray, Nature 376:307-312,
1995

Abstract Many proteins in living cells appear to have as their primfanction the trans-
fer and processing of information, rather than the chentrealsformation of metabolic
intermediates or the building of cellular structures. Spotteins are functionally linked
through allosteric or other mechanisms into biochemidattits’ that perform a variety of
simple computational tasks including amplification, imtgpn and information storage.

e Mechanistic systems models of cell signaling networks: a sagly of myocyte adrenergic
regulation J.J. Saucerman and A.D. McCulloch, Progress in Biophysidshmlecular
Biology 85:261-278, 2004

Abstract Signal transduction networks coordinate a wide varietyediuigar functions, in-
cluding gene expression, metabolism, and cell fate preses¥nderstanding biological
networks quantitatively is a major challenge to post-geicobmlogy, and mechanistic
systems models will be crucial for this task. Here, we revagproaches towards devel-
oping mechanistic systems models of established cell Bignaetworks. The ability of
mechanistic system models to generate testable biologigatheses and experimental
strategies is discussed. As a case study of model devela@ndranalysis, we examined
the functional roles of phospholamban, the L-type calcidvannel, the ryanodine recep-
tor, and troponin | phosphorylation upon beta-adrenergmwdation in the rat ventricular
myocyte. Model analysis revealed that while protein kinasmediated phosphorylation
of the ryanodine receptor greatly increases its calciunsigeity, calcium autoregulation
may adapt quickly by negating potential increases in catilityt. Systematic combinations
of in silico perturbations supported the conclusion thaiggtholamban phosphoregulation
is the primary mechanism for increased sarcoplasmic fleticdoad and calcium relax-
ation rate during beta-adrenergic stimulation, while bgtlospholamban and the L-type
calcium channel contribute to increased systolic calci@ombined with detailed experi-
mental studies, mechanistic systems models will be vadufainldeveloping a quantitative
understanding of cell signaling networks.

e Emergent Properties of Networks of Biological Signaling Ratis U.S. Bhalla and R.
lyengar, Science 283:381-387, 1999

Abstract Many distinct signaling pathways allow the cell to recepmcess, and respond
to information. Often, components of different pathwayteiact, resulting in signaling
networks. Biochemical signaling networks were construetgd experimentally obtained
constants and analyzed by computational methods to uadertheir role in complex bi-
ological processes. These networks exhibit emergent giepesuch as integration of sig-
nals across multiple time scales, generation of distintgiuts depending on input strength
and duration, and self-sustaining feedback loops. Feé&dizcresult in bistable behavior
with discrete steady-state activities, well-defined infiuesholds for transition between
states and prolonged signal output, and signal modulatioesponse to transient stimuli.
These properties of signaling networks raise the postilifiat information for "learned
behavior” of biological systems may be stored within inglddar biochemical reactions
that comprise signaling pathways.

e Sniffers, buzzers, toggles and blinkers: dynamics of e#gn) and signaling pathways in
the cell J.J. Tyson, K.C. Chen, B. Novak, Current Opinion in Cell Biology2P3—-231,
2003
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Abstract The physiological responses of cells to external and ialestimuli are gov-
erned by genes and proteins interacting in complex netwwehase dynamical properties
are impossible to understand by intuitive reasoning alé&texent advances by theoretical
biologists have demonstrated that molecular regulatotyaris can be accurately mod-
eled in mathematical terms. These models shed light on thigrerinciples of biological
control systems and make predictions that have been veeikigerimentally.

e Chemical ComputingP. Dittrich, In J.P. Banatre, P. Fradet, J.L. Giavitto, OcMil, Pro-
ceedings Unconventional Programming Paradigms (UPP2DRKO)S Vol. 3566, Springer,
2005

Abstract All information processing systems found in living organsare based on chem-
ical processes. Harnessing the power of chemistry for ctéimgpumight lead to a new
unifying paradigm coping with the rapidly increasing coeyity and autonomy of compu-
tational systems. Chemical computing refers to computiriy keial molecules as well as to
programming electronic devices using principles takemfohemistry. The paper focuses
on the latter, called artificial chemical computing, andtdsses several aspects of how the
metaphor of chemistry can be employed to build technicarmftion processing systems.
In these systems, computation emerges out of an interplanaaf decentralized relatively
simple components analogized to molecules. Chemical prugiag encompassed then
the definition of molecules, reaction rules, and the topplagd dynamics of the reaction
space. Due to the self-organizing nature of chemical dyesjnmew programming meth-
ods are required. Potential approaches for chemical pmograg are discussed and a road
map for developing chemical computing into a unifying andlvgeounded approach is
sketched.

e Signaling Networks: The Origins of Cellular MultitaskingD. Jordan, E.M. Landau, R.
lyengar, Cell 103:193-200, 2000

Abstract One characteristic common to all organisms is the dynamiityato coordinate
constantly one’s activities with environmental changefe Tunction of communicating
with the environment is achieved through a number of patlswhast receive and process
signals, not only from the external environment but alsonfiifferent regions within the
cell. Individual pathways transmit signals along lineacts resulting in regulation of
discrete cell functions. This type of information transfean important part of the cellu-
lar repertoire of regulatory mechanisms. However, as asirgly larger numbers of cell
signaling components and pathways are being identified taiéesl, it has become appar-
ent that these linear pathways are not free-standing entiiit parts of larger networks.
Several articles in this review series describe in excuiddtail how individual classes of
signaling pathways are organized and function. As we utaieshe details of such func-
tional organization and move to the next level of analyzimggrated cellular functions, it
will become increasingly important to identify and studg @roperties and capabilities of
signaling networks as a whole.

¢ Signaling Complexes: Biophysical Constraints on IntradaH@CommunicationD. Bray,
Ann. Rev. Biophys. Biomol. Struct. 27:59-75, 1998

Abstract The review surveys the kinds of protein complex that paéte in cell commu-
nication and identifies, where possible, general prinsijplg which they form and act. It
also advances the notion that biophysical constraints segpby macromolecular crowding
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and diffusion have had a controlling influence on the evohubdf cell signaling pathways.
Complexes associated with the bacterial aspartate recemptbreucaryotic tyrosine ki-

nase receptors, with T-cell receptors, and with focal atetare examined together with
proteins that serve as adaptors, anchors, and scaffoldsgioaling complexes. The im-
portance of diffusion in controlling the numbers and logas of signaling complexes is
discussed, as is the special role played by membranes ialsigpathways.

e Reconstruction of cellular signalling networks and anaysd their propertiesJ.A. Papin,
T. Hunter, B.O. Palsson, S. Subramaniam, Nat Rev Mol Cell Bi@):60-111, 2005

Abstract The study of cellular signalling over the past 20 years armdattivent of high-
throughput technologies are enabling the reconstructitarge-scale signalling networks.
After careful reconstruction of signalling networks, thproperties must be described
within an integrative framework that accounts for the caewjty of the cellular signalling
network and that is amenable to quantitative modelling.

e Motifs, modules and games in bacter@urr Opin Microbiol. 6(2):125-34, 2003

Abstract Global explorations of regulatory network dynamics, oigation and evolution
have become tractable thanks to high-throughput sequgacid molecular measurement
of bacterial physiology. From these, a nascent conceptaaldwork is developing, that
views the principles of regulation in term of motifs, moduband games. Motifs are small,
repeated, and conserved biological units ranging from cutde domains to small reac-
tion networks. They are arranged into functional modulesiegically dissectible cellular
functions such as the cell cycle, or different stress respenThe dynamical functioning
of modules defines the organism’s strategy to survive in aeganitting cell against cell,
and cell against environment. Placing pathway structudedgnamics into an evolutionary
context begins to allow discrimination between those pfataand molecular features that
particularize a species to its surroundings, and thoseptioaide core physiological func-
tion. This approach promises to generate a higher levelrstadeding of cellular design,
pathway evolution and cellular bioengineering.

e Signal transduction networks: topology, response and l@otbal processe®©.S. Soyer,
M. Salathe, S. Bonhoeffer, J Theor Biol. 238(2):416-25, 2006

Abstract Conventionally, biological signal transduction networks analysed using ex-
perimental and theoretical methods to describe specifieipraomponents, interactions,
and biochemical processes and to model network behavi@rwadious conditions. While
these studies provide crucial information on specific netwahis information is not easily
converted to a broader understanding of signal transdustistems. Here, using a specific
model of protein interaction we analyse small network toga@s to understand their re-
sponse and general properties. In particular, we cataltgueesponse for all possible
topologies of a given network size to generate a responsdbdison, analyse the effects
of specific biochemical processes on this distribution, amalyse the robustness and di-
versity of responses with respect to internal fluctuatiansotations in the network. The
results show that even three- and four-protein networksapable of creating diverse and
biologically relevant responses, that the distributiomesponse types changes drastically
as a function of biochemical processes at protein leveltlaaidcertain topologies strongly
pre-dispose a specific response type while others allowversk types of responses. This
study sheds light on the response types and propertiesdbkt be expected from signal
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2.4

transduction networks, provides possible explanationshf® role of certain biochemical
processes in signal transduction and suggests novel ap@®#o interfere with signaling
pathways at the molecular level. Furthermore it shows teatork topology plays a key
role on determining response type and properties and tbpeprepresentation of network
topology is crucial to discover and understand so-calleldlimg blocks of large networks.

Reverse Engineering of Biochemical Networks

Reverse Engineering of Biological Complexity.E. Csete and J.C. Doyle. Science (2002)
295:1664

Abstract Advanced technologies and biology have extremely diffgpagsical implemen-
tations, but they are far more alike in systems-level ogtion than is widely appreciated.
Convergent evolution in both domains produces modular gctures that are composed
of elaborate hierarchies of protocols and layers of feeklbagulation, are driven by de-
mand for robustness to uncertain environments, and use ioff@recise components. This
complexity may be largely hidden in idealized laboratorisgs and in normal operation,
becoming conspicuous only when contributing to rare casgailures. These puzzling
and paradoxical features are neither accidental nor alrttmit derive from a deep and nec-
essary interplay between complexity and robustness, raatiylfeedback, and fragility.
This review describes insights from engineering theory pradttice that can shed some
light on biological complexity.

Bayesian network analysis of signaling networks: a pripigrPeer. Sci STKE, 2005(281),
April 2005.

Abstract High-throughput proteomic data can be used to reveal theesivity of signal-
ing networks and the influences between signaling moleciMlespresent a primer on the
use of Bayesian networks for this task. Bayesian networks bega successfully used to
derive causal influences among biological signaling mdésc(for example, in the analy-
sis of intracellular multicolor flow cytometry). We discusgys to automatically derive a
Bayesian network model from proteomic data and to interetésulting model.

Bayesian network approach to cell signaling pathway modelilgmmi Jaakkola Peter
Sorger Karen Sachs, David Gifford and Douglas A. LauffegburSci STKE, 148(EG10),
2002.

Abstract The modeling of cellular signaling pathways is an emergialgifiSachs et al. il-
lustrate the application of Bayesian networks to an exangilalar pathway involving the
activation of focal adhesion kinase (FAK) and extraceligignal-regulated kinase (ERK)
in response to fibronectin binding to an integrin. They déschow to use the analysis
to select from among proposed models, formulate hypothegesding component inter-
actions, and uncover potential dynamic changes in theaatiens between these compo-
nents. Although the data sets currently available for tkengple problem are too small
to definitively point to a particular model, the approach aesllts provide a glimpse into
the power that these methods will achieve once the techpdtwgbtaining the necessary
data becomes readily available.

Causal protein-signaling networks derived from multiparéenesingle-cell data.Karen
Sachs, Omar Perez, Dana Peer, Douglas A. LauffenburgeiGGarrgt P. Nolan. Science,
308(5721):523529, April 2005.
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Abstract Machine learning was applied for the automated derivatiozaasal influences
in cellular signaling networks. This derivation relied ¢ tsimultaneous measurement of
multiple phosphorylated protein and phospholipid compmbsé thousands of individual
primary human immune system cells. Perturbing these céllsmolecular interventions
drove the ordering of connections between pathway compgsne/merein Bayesian net-
work computational methods automatically elucidated nobghe traditionally reported
signaling relationships and predicted novel interpathwatwork causalities, which we
verified experimentally. Reconstruction of network modetsrf physiologically relevant
primary single cells might be applied to understandingueasitate tissue signaling biology,
complex drug actions, and dysfunctional signaling in dsseiecells.

e Parameter Estimation in Biochemical Pathways: A Comparisblobal Optimization
Methods C.G. Moles, P. Mendes and J.R. Banga, Genome Research

Abstract Here we address the problem of parameter estimation (iey@blem)of non-
linear dynamic biochemical pathways. This problem is stae a nonlinear program-
ming (NLP)problem subject to nonlinear differential-adbgaic constraints. These problems
are known to be frequently ill-conditioned and multimoddlhus, traditional (gradient-
based)local optimization methods fail to arrive at satigfey solutions. To surmount this
limitation, the use of several state-of-the-art deterstiaiand stochastic global optimiza-
tion methods is explored. A case study considering the asitm of 36 parameters of a
nonlinear biochemical dynamic model is taken as a benchm@uiy a certain type of
stochastic algorithm, evolution strategies (ES), is abledlve this problem successfully.
Although these stochastic methods cannot guarantee giphidality with certainty, their
robustness, plus the fact that in inverse problems they aa&rewn lower bound for the
cost function, make them the best available candidates.

e Stochastic Ranking for Constrained Evolutionary Optim@atT.P. Runarson and X. Yao,
IEEE Transactions on Evolutionary Computation, 4(3), 2000

Abstract Penalty functions are often used in constrained optinopatHowever, it is very
difficult to strike the right balance between objective amahgdty functions. This paper
introduces a novel approach to balance objective and pefiumictions stochastically, i.e.,
stochastic ranking, and presents a new view on penaltyitmatethods in terms of the
dominance of penalty and objective functions. Some of tHalls of naive penalty meth-
ods are discussed in these terms. The new ranking methades tesing aj{, A) evolution
strategy on 13 benchmark problems. Our results show thi@ideairanking alone (i.e., se-
lection), without the introduction of complicated and Spézed variation operators, is
capable of improving the search performance significantly.

e Reverse engineering of biochemical equations from timeseodata by means of genetic
programming M. Sugimoto et al, BioSystems 80:155-164, 2005

Abstract Increased research aimed at simulating biological systemsres sophisticated
parameter estimation methods. All current approachekjdmyg genetic algorithms, need
pre-existing equations to be functional. A generalised@ggh to predict not only param-
eters but also biochemical equations from only observafre-tourse information must
be developed and a computational method to generate aytamaations without knowl-

edge of biochemical reaction mechanisms must be develdpedoresent a technique to
predict an equation using genetic programming. Our teclenimpn search topology and
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numerical parameters of mathematical expression simediasly. To improve the search
ability of numeric constants, we added numeric mutatiohécconventional procedure. As
case studies, we predicted two equations of enzyme-cathlgactions regarding adeny-
late kinase and phosphofructokinase. Our numerical exgetal results showed that our
approach could obtain correct topology and parameterswat close to the originals. The
mean errors between given and simulation-predicted tiowgses were 1.6 X 10-510-3to
identify metabolic reactions from observable time-cosrse

e Automated Reverse Engineering of Metabolic Pathways frose@bd Data Using Ge-
netic ProgrammingJ.R. Koza, W. Mydlowec, G. Lanza, J. Yu, M.A. Keane, Procegsli
Pacific Symposium on Biocomputing 6, 2001

Abstract Recent work has demonstrated that genetic programming sbtapf auto-
matically creating complex networks (e.g., analog eleatrtircuits, controllers) whose
behavior is modeled by linear and non-linear continuooeetdifferential equations and
whose behavior matches prespecified output values. Thentrations of substances par-
ticipating in networks of chemical reactions are modeledhby-linear continuous-time
differential equations. This chapter demonstrates thigtpossible to automatically cre-
ate (reverse engineer) a network of chemical reactions fstbserved time-domain data.
Genetic programming starts with observed time-domain eotmations of substances and
automatically creates both the topology of the network @&raital reactions and the rates
of each reaction of a network such that the behavior of theraatically created network
matches the observed time-domain data. Specifically, gpapretgramming automatically
created a metabolic pathway involving four chemical reagithat consume glycerol and
fatty acid as input, use ATP as a cofactor, and produce dglggkrol as the final prod-
uct. The metabolic pathway was created from 270 data politits.automatically created
metabolic pathway contain three key topological featureduding an internal feedback
loop, a bifurcation point where one substance is distribbtibetwo different reactions, and
an accumulation point where one substance is accumulaigdtivo sources. The topol-
ogy and sizing of the entire metabolic pathway was autoralijicreated using only the
time-domain concentration values of diacyl-glycerol (timal product).

e Chemical Kinetics is Turing UniversalM.O. Magnasco, Physical Review Letters
78(6):1190-1193, 1997

Abstract We show that digital logic can be implemented in the chenlgattics of ho-
mogeneous solutions: We explicitly construct logic gates show that arbitrarily large
circuits can be made from them. This proves that a subseeafdhstructions available to
life has universal (Turing) computational power.

e Evolutionary optimization with data collocation for reversengineering of biological net-
works K-Y Tsai and F-S Wang, Bioinformatics, 21(7):1180-1188)20

Abstract Modern experimental biology is moving away from analysesinfle elements
to whole-organism measurements. Such measured timeecdata contain a wealth of in-
formation about the structure and dynamic of the pathwayetwork. The dynamic mod-
eling of the whole systems is formulated as a reverse probiatrequires a well-suited
mathematical model and a very efficient computational nethadentify the model struc-
ture and parameters. Numerical integration for diffemnéquations and finding global
parameter values are still two major challenges in this faflthe parameter estimation
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of nonlinear dynamic biological systems. We compare theeériques of parameter es-
timation for nonlinear dynamic biological systems. In thegosed scheme, the modified
collocation method is applied to convert the differentigbations to the system of al-
gebraic equations. The observed time-course data are tistitated into the algebraic

system equations to decouple system interactions in codsbttin the approximate model
profiles. Hybrid differential evolution (HDE) with populah size of five is able to find a

global solution. The method is not only suited for paramegtimation but also can be ap-
plied for structure identification. The solution obtaingdHDE is then used as the starting
point for a local search method to yield the refined estimates

e Extracting Biochemical Reaction Kinetics from Time SeriataDE.J. Crampin et al., 2004

Abstract We consider the problem of inferring kinetic mechanismslmrchemical re-
actions from time series data. Using a priori knowledge altioai structure of chemical
reaction kinetics we develop global nonlinear models whisé elementary reactions as a
basis set, and discuss model construction using top-doaiattom-up approaches.

e Decoupling Dynamical Systems for Pathway Identificatiomfidetabolic ProfilesE.O.
Voit and J. Almeida, Bioinformatics, 2004

Abstract Without preprocessing, the inverse problem of determirstigicture from
metabolic or proteomic profile data is challenging and catapenally expensive. The
combination of system decoupling and data fitting with urgaéfunctions simplifies this
inverse problem very significantly. Examples show sucegsstimations and current lim-
itations of the method.

e Modelling the Nonlinear Dynamics of Cellular Signal Transtioie, J. Timmer, T.G.
Muller, International Journal of Bifurcation and Chaos, )£669-2079, 2004

Abstract During the past decades the components involved in cekiggual transduction
from membrane receptors to gene activation in the nucleus haen studied in detail.
Based on the qualitative biochemical knowledge, signaliathways are drawn as static
graphical schemes. However, the dynamics and control ofnmédition processing through
signalling cascades is not understood. Here we show thatlmastime resolved measure-
ments it is possible to quantitatively model the nonlinearaimics of signal transduction.
To select an appropriate model we performed parameter a&stimby maximum likeli-
hood and statistical testing. We apply this approach to Ae STAT signalling pathway
that was believed to represent a feed-forward cascade. Svelshcomparison of different
models that this hypothesis is insufficient to explain thpegimental data and suggest a
new model including delayed feedback.

e Iterative approach to model identification of biologicaltwerks K.G. Gadkar, R. Gu-
nawan, F.J. Doyle, BMC Bioinformatics. 6:155, 2005

Abstract Recent advances in molecular biology techniques providepportunity for de-

veloping detailed mathematical models of biological pes&s. An iterative scheme is in-
troduced for model identification using available systermvidedge and experimental mea-
surements. The scheme includes a state regulator algatfiginprovides estimates of all
system unknowns (concentrations of the system componedtha reaction rates of their
inter-conversion). The full system information is useddstimation of the model param-
eters. An optimal experiment design using the parametettiicibility and D-optimality
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criteria is formulated to provide "rich” experimental ddta maximizing the accuracy of
the parameter estimates in subsequent iterations. Thetamoe of model identifiability
tests for optimal measurement selection is also considdree iterative scheme is tested
on a model for the caspase function in apoptosis where itnsodstrated that model ac-
curacy improves with each iteration. Optimal experimergigie was determined to be
critical for model identification. The proposed algorithmshgeneral application to mod-
eling a wide range of cellular processes, which include gegalation networks, signal
transduction and metabolic networks.

e Discovery of regulatory interactions through perturbationference and experimental de-
sign T.E. Ideker, V. Thorsson, R.M. Karp, Pac Symp Biocomput. 3@-2000

Abstract We present two methods to be used interactively to infer @tyenetwork from
gene expression measurements. The predictor method die¢srthe set of Boolean net-
works consistent with an observed set of steady-state ggmession profiles, each gen-
erated from a different perturbation to the genetic netwdrke chooser method uses an
entropy-based approach to propose an additional pertanb@xperiment to discriminate
among the set of hypothetical networks determined by thdigi@. These methods may
be used iteratively and interactively to successively eefire genetic network: at each it-
eration, the perturbation selected by the chooser is axaitially performed to generate a
new gene expression profile, and the predictor is used teadanefined set of hypotheti-
cal gene networks using the cumulative expression datéorfeance of the predictor and
chooser is evaluated on simulated networks with varyinglemof genes and number of
interactions per gene.

2.5 Real CSNs

1. Cardiac Calcium Oscillations

e Understanding Calcium Dynamics Experiments and Thedty Falcke, D Malchow,
Springer- Verlag Berlin Heidelberg, 2003

Abstract Calcium is essential for eukaryotic life: from yeast to ptaranimals and hu-
mans; it is required for the heartbeat, muscle contracsitatilising of the bones and brain
functionality. Calcium activates eggs at fertilisationfeefs differentiation and develop-
ment and is essential in central function like mitosis, AJRtkesis, oxidative phosphory-
lation, motility and cellular signalling. Another importaaspect is secretion of hormones
and neurotransmitter release. On the other hand, if Ca 2+eotrations raise too high,
cell death occurs. This may be a desired outcome as in apspteuronal cell death
impairs brain function. Calcium dynamics is the exchange oR€aons between intra-
cellular stores and the cytosol, the interior and exterfa oell or between cells, as well
as the binding of ca to Ca 2+ binding proteins. The active efdsnef the exchange pro-
cess are channels and pumps in the membranes boundingrémeeihtiar stores and the
cell as a whole. Channels have an open and a closed state. lfdwya flux of Ca 2+
down its electro-chemical gradient, when they are open. RBumansport Ca 2+ against
its electro-chemical gradient incurring consumption aérgry. The most important Ca 2+
binding proteins for the dynamics of Ca 2+ itself are buffdrattare located in Ca 2+
stores. They bind most of the Ca 2+ in a concentration depéma@nner and thus affect
time scales of Ca 2+ transients. The cytosol contains mafgrelift Ca-binding proteins.
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There are activated by increasing Ca 2+ concentrations. &alenediator is calmodulin
that regulates many enzymes and channels. The concentdagg@ndent binding of Ca 2+
to buffers serves as an indicator of the concentration & @a 2+ concentration in intra-
cellular measurements. Certain buffers change their floeree wavelength upon binding
of a calcium ion. The intensity of fluorescence on that wawgtle provides information on
the concentration of buffer bound Ca 2+ and hence on the ctmatiem of free Ca 2+ as
well.

The interplay between the activation of an InsP3-metalnglienzyme ( InsP 3 3-kinase)
by Ca 2+ and Ca 2+-induced Ca 2+ release is a plausible explarfati@at least some
complex Ca 2+ oscillations. This regulation indeed providesechanism for the self-
modulation of the InsP 3 signal, thus leading to a phenomamatogous to the periodic
forcing of an autonomous oscillator (G.Dupont, G.Houad AnGoldbeter)

Calcium signalling often employs calcium oscillations.sltay now a known fact that in-

formation, e.g. about the amount of stimulus that evokedl@uwa response is encoded
in the oscillations. Information can be stored in the fratwye amplitude and shape of the
oscillations. How this information is decoded by the mangyenes which are regulated
by calcium is not thoroughly understood and so far only fewegknents and theoretical
studies have been made in order to elucidate the respomsdateanisms. A.Z. Larsen
and U. Kummer presented both experimental and theoretigdies of calcium signal en-

coding and decoding in non-excitable cells (e.g. hepaésgytind tried to illuminate the

mechanisms by which effective and versatile informatiarcpssing is possible.

e Analysing cardiac excitationcontraction coupling with mmamatical models of local con-
trol, Christian Soeller*, Mark B. Cannell, Progress in Biophysics &I&tular Biology 85
(2004) 141162

Abstract Cardiac excitationcontraction (EC) coupling describes tioegss that links sar-
colemmal Ca2+ influx via L-type Ca2+ channels to Ca2+ releasa fte sarcoplasmic
reticulum via ryanodine receptors (RyRs). This process hageprdifficult to study ex-
perimentally, and complete descriptions of how the cellptesi surface membrane and
intracellular signal transduction proteins to achievehtsiable and sensitive intracellular
calcium release are still lacking. Mathematical models/jpl® a framework to test our
understanding of how this is achieved. While no single moslget capable of describing
all features of cardiac EC coupling, models of increasingglexity are revealing unex-
pected subtlety in the process. In particular, modelling éstablished a general failure
of common-pool models and has emphasized the requiremelaicld control so that mi-
croscopic sub-cellular domains can separate local betnafiom the whole-cell average
(common-pool) behaviour. The micro architecture of themardiadic cleft in which the
local control takes place is a key factor in determining Id€a2+ dynamics. There is
still considerable uncertainty about the number of Ca2+ regsired to open RyRs within
the cleft and various gating models have been proposed, ofamlich are in reasonable
agreement with available experimental data. However, hahadels exhibit a realistic
voltage dependence of EC coupling gain. Furthermore, ihcdaar which model features
are essential to producing reasonable gain propertiess, Taspite the success of local-
control models in explaining many features of cardiac ECpting, more work will be
needed to provide a sound theoretical basis of cardiac Efliogu

e Computational approaches to cellular rhythpAdbert Goldbeter, NATURE, VOL 420, 14,
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NOVEMBER 2002, www.nature.com/nature

Abstract Oscillations arise in genetic and metabolic networks asaltref various modes
of cellular regulation. In view of the large number of vatedbinvolved and of the com-
plexity of feedback processes that generate oscillatimashematical models and numer-
ical simulations are needed to fully grasp the moleculariraeisms and functions of bi-
ological rhythms. Models are also necessary to comprehemdransition from simple
to complex oscillatory behaviour and to delineate the cimras under which they arise.
Examples ranging from calcium oscillations to pulsatileernellular communication and
circadian rhythms illustrate how computational biologytdutes to clarify the molecular
and dynamical bases of cellular rhythms.

e Modeling the Heart from Genes to Cells to the Whole OrgabD. Noble,
www.sciencemag.org SCIENCE, VOL 295, 1 MARCH, 2002

Abstract Successful physiological analysis requires an understgrad the functional in-
teractions between the key components of cells, organssystdms, as well as how these
interactions change in disease states. This informatisides neither in the genome nor
even in the individual proteins that genes code for. It lietha level of protein interactions
within the context of subcellular, cellular, tissue, organd system structures. There is
therefore no alternative to copying nature and computiegehnteractions to determine
the logic of healthy and diseased states. The rapid growbioingical databases; models
of cells, tissues, and organs; and the development of palwesfmputing hardware and
algorithms have made it possible to explore functionalityaiquantitative manner all the
way from the level of genes to the physiological function dfole organs and regulatory
systems. This review illustrates this development in treecd the heart. Systems physiol-
ogy of the 21st century is set to become highly quantitatie ¢herefore, one of the most
computer-intensive disciplines.

e Bcl-2 functionally interacts with inositol 1,4,5-trisphuisate receptors to regulate calcium
release from the ER in response to inositol 1,4,5-trisphagp Rui Chen, Ignacio Valen-
cia, Fei Zhong, Karen S. McColl, H. Llewelyn Roderick, Martin Bootman, Michael J.
Berridge, Stuart J. Conway, Andrew B. Holmes, Gregory A. MignPatricio Velez, and
Clark W. Distelhorst, The Journal of Cell Biology Volume 166,mloer 2, 2004

Abstract Inositol 1,4,5-trisphosphate (InsP3) receptors (InsPaRsghannels responsible
for calcium release from the endoplasmic reticulum (ER). Wansthat the anti-apoptotic
protein Bcl-2 (either wild type or selectively localized toet ER) significantly inhibited
InsP3 -mediated calcium release and elevation of cytosalicum in WEHI7.2 T cells.
This inhibition was due to an effect of Bcl-2 at the level of P3sRs because responses to
both anti-CD3 antibody and a cell-permeant InsP3 ester waaneedsed. Bcl-2 inhibited the
extent of calcium release from the ER of permeabilized WEHMtEIls, even at saturating
concentrations of InsP3, without decreasing luminal catcconcentration. Furthermore,
Bcl-2 reduced the open probability of purified InsP3 Rs redtuist into lipid bilayers.
Bcl-2 and InsP3 Rs were detected together in macromolecuraplexes by coimmuno
precipitation and blue native gel electrophoresis. We satipat this functional interaction
of Bcl-2 with InsP3 Rs inhibits InsP3 R activation and therebgulates InsP3-induced
calcium release from the ER.

e Modelling of simple and complex calcium oscillations framgte-cell responses to inter-
cellular signalling Stefan Schuster, Marko Marhl and Thomas Hofer Eur. J. Bioche
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269, 13331355 (2002) FEBS 2002

Abstract This review provides a comparative overview of recent dgwelents in the mod-
elling of cellular calcium oscillations. A large variety ofathematical models have been
developed for this wide-spread phenomenon in intra- areféstlular signalling. From
these, a general model is extracted that involves six typesrentration variables: inos-
itol 1,4,5-trisphosphate (IP3), cytoplasmic, endoplasraticulum and mitochondrial cal-
cium, the occupied binding sites of calcium buffers, andftaetion of active IP3 receptor
calcium release channels. Using this framework, the maofetglcium oscillations can
be classified into minimal models containing two variabled extended models of three
and more variables. Three types of minimal models are ifiedtthat are all based on
calcium-induced calcium release (CICR), but differ with retge the mechanisms lim-
iting CICR. Extended models include IP3calcium cross-cogploalcium sequestration
by mitochondria, the detailed gating kinetics of the IP3emor, and the dynamics of G-
protein activation. In addition to generating regular atons, such models can describe
bursting and chaotic calcium dynamics. The earlier hym¢hthat information in cal-
cium oscillations is encoded mainly by their frequency isadays modified in that some
effect is attributed to amplitude encoding or temporal eleg. This point is discussed
with reference to the analysis of the local and global b#étions by which calcium os-
cillations can arise. Moreover, the question of how calchinding proteins can sense
and transform oscillatory signals is addressed. Recerdtgnpial mechanisms leading to
the coordination of oscillations in coupled cells have bemestigated by mathematical
modelling. For this, the general modelling framework iseexted to include cytoplasmic
and gap-junctional diffusion of IP3 and calcium, and specifodels are compared. Vari-
ous suggestions concerning the physiological significafoscillatory behaviour in intra-
and intercellular signalling are discussed. The articleoscluded with a discussion of
obstacles and prospects.

e CaM kinase Il as frequency decoder of Ca21 oscillatjdas Dupont* and A. Goldbeter
BioEssays 20:607610, 1998.

Abstract In many cell types, Ca21 signals are organized in the form pétigve spikes.
The frequency of these intracellular Ca21 oscillationseases with the level of stimula-
tion, suggesting the existence of a frequency encodingghenon. The question arises as
to how the frequency of Ca21 oscillations can be decodedarnbkglcell. Ca21/ calmodulin
kinase Il has long been proposed as an attractive candataitas a key target of Ca21 sig-
nals. By immobilizing the Ca21/calmodulin kinase Il and sebjg it to pulses of Ca21 of
variable amplitude, duration, and frequency, De Koninatt S8ohulman(1) have shown for
the first time that the autonomous activity of Ca21/calmaodkinase Il is highly sensitive
to the temporal pattern of Ca21 oscillations.

e Cardiac excitationcontraction couplingdonald M. Bers, NATURE, VOL 415, 10 JAN-
UARY 2002, www.nature.com

Abstract Of the ions involved in the intricate workings of the headlotum is considered
perhaps the most important. It is crucial to the very protieasenables the chambers of
the heart to contract and relax, a process called exci@igraction coupling. It is impor-
tant to understand in quantitative detail exactly how eaicis moved around the various
organelles of the myocyte in order to bring about excitat@riraction coupling if we are
to understand the basic physiology of heart function. Fasrtiore, spatial microdomains
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within the cell are important in localizing the moleculaapérs that orchestrate cardiac
function.

e Modelling of simple and complex calcium oscillations framgte-cell responses to inter-
cellular signalling S.Schuster, M.Marhl, T.Hofer, Eur.J.Biochem. (2002) 2&¥83-1355.

Abstract This review provides a comparative overview of recent dgwelents in the mod-
elling of cellular calcium oscillations. A large variety ofathematical models have been
developed for this wide-spread phenomenon in intra- areféstiular signalling. From
these, a general model is extracted that involves six typesmcentration variables: in-
ositol 1,4,5-trisphosphate (IP3 ), cytoplasmic, endaplaseticulum and mitochondrial
calcium, the occupied binding sites of calcium buffers, #ralfraction of active IP3 re-
ceptor calcium release channels. Using this frameworkiibeels of calcium oscillations
can be classified into minimal models containing two vagaldnd extended models of
three and more variables. Three types of minimal modelsdamtified that are all based
on calcium-induced calcium release (CICR), but differ withpexg to the mechanisms
limiting CICR. Extended models include IP3 calcium cross-¢imgp calcium sequestra-
tion by mitochondria, the detailed gating kinetics of th& ifeceptor, and the dynamics
of G-protein activation. In addition to generating regutecillations, such models can
describe bursting and chaotic calcium dynamics. The ednipothesis that information
in calcium oscillations is encoded mainly by their frequerscnowadays modified in that
some effect is attributed to amplitude encoding or tempenaioding. This point is dis-
cussed with reference to the analysis of the local and glubhaications by which calcium
oscillations can arise. Moreover, the question of how ocafcbinding proteins can sense
and transform oscillatory signals is addressed. Recerdtgnpial mechanisms leading to
the coordination of oscillations in coupled cells have ba®estigated by mathematical
modelling. For this, the general modelling framework iseexted to include cytoplasmic
and gap-junctional diffusion of IP3 and calcium, and specifodels are compared. Vari-
ous suggestions concerning the physiological significafoscillatory behaviour in intra-
and intercellular signalling are discussed. The articleascluded with a discussion of
obstacles and prospects.

¢ Analysing cardiac excitation-contraction coupling with tm@matical models of local con-
trol, C.Soeller, M.B.Cannel, Progress Biophys.and Molec.Biol. {2@%, 141-162.

Abstract Cardiac excitation-contraction (E-C) coupling describes phocess that links
sarcolemmal Ca2+ influx via L-type Ca2+ channels to Ca2+ rel&ase the sarcoplas-
mic reticulum via ryanodine receptors (RyRs). This processgnaven difficult to study
experimentally, and complete descriptions of how the aaliptes surface membrane and
intracellular signal transduction proteins to achievehtxiable and sensitive intracellular
calcium release are still lacking. Mathematical models/jpl® a framework to test our
understanding of how this is achieved. While no single moslget capable of describing
all features of cardiac E-C coupling, models of increasiognplexity are revealing unex-
pected subtlety in the process. In particular, modelling éstablished a general failure
of ‘common-pool’ models and has emphasized the requireffoeribcal control’ so that
microscopic sub-cellular domains can separate local betafrom the whole-cell aver-
age (common-pool) behaviour. The micro-architecture efrtarrow diadic cleft in which
the local control takes place is a key factor in determinowpl Ca2+ dynamics. There is
still considerable uncertainty about the number of Ca2+ regsired to open RyRs within
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the cleft and various gating models have been proposed, ofamiich are in reasonable
agreement with available experimental data. However, hahadels exhibit a realistic
voltage dependence of E-C coupling gain. Furthermore uhdear which model features
are essential to producing reasonable gain propertiess, Taspite the success of local-
control models in explaining many features of cardiac E-Gptiog, more work will be
needed to provide a sound theoretical basis of cardiac Ei@liog.

e Cardiac Calcium SignallingM.J.Berridge, Biochem. Soc. Trans. (2003) 31(5), 930-933.

Abstract Calcium regulates three different aspects of cardiac ccindra It drives pace-
maker activity, excitation-contraction coupling and tremscriptional events that remodel
the Ca(2+) signalling system in both health and disease.

e Computational approaches to cellular rythiws Goldbeter, Nature (2002) 420, 238-245.

Abstract Oscillations arise in genetic and metabolic networks asaltref various modes
of cellular regulation. In view of the large number of vatedbinvolved and of the com-
plexity of feedback processes that generate oscillatimashematical models and numer-
ical simulations are needed to fully grasp the moleculariraeisms and functions of bi-
ological rhythms. Models are also necessary to compreheadransition from simple
to complex oscillatory behaviour and to delineate the cionaé under which they arise.
Examples ranging from calcium oscillations to pulsatileernellular communication and
circadian rhythms illustrate how computational biologytdutes to clarify the molecular
and dynamical bases of cellular rhythms.

¢ Cardiac excitation-contraction coupling.M.Bers, Nature (2002) 415, 198-205.

Abstract Of the ions involved in the intricate workings of the headlotum is considered
perhaps the most important. It is crucial to the very protieasenables the chambers of
the heart to contract and relax, a process called excitatotraction coupling. Itis impor-
tant to understand in quantitative detail exactly how ecaitis moved around the various
organelles of the myocyte in order to bring about excitatontraction coupling if we are
to understand the basic physiology of heart function. Furttore, spatial microdomains
within the cell are important in localizing the moleculaapérs that orchestrate cardiac
function.

e Modelling the heart - from genes to cells to the whole orgarNoble, Science (2002)
295, 1678-1682.

Abstract Successful physiological analysis requires an understgrad the functional in-
teractions between the key components of cells, organssystdms, as well as how these
interactions change in disease states. This informatisides neither in the genome nor
even in the individual proteins that genes code for. It ligha level of protein interactions
within the context of subcellular, cellular, tissue, organd system structures. There is
therefore no alternative to copying nature and computiegdhnteractions to determine
the logic of healthy and diseased states. The rapid growbioingical databases; models
of cells, tissues, and organs; and the development of palvesfmputing hardware and
algorithms have made it possible to explore functionalityaiquantitative manner all the
way from the level of genes to the physiological function dfale organs and regulatory
systems. This review illustrates this development in tree cd the heart. Systems physiol-
ogy of the 21st century is set to become highly quantitatha ¢herefore, one of the most
computer-intensive disciplines.
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e Oscillation and waves of intracellular calciyumA.Goldbeter, In: Biochemical oscillations
and cellular rhythms. The molecular bases of periodic aratit behaviour, Cambridge
University Press (1996) pp.351-406.

Book summary This book addresses the molecular bases of some of the mpsttant
biochemical rhythms known at the cellular level. The apphoeests on the analysis of
theoretical models closely related to experimental olzers. Among the main rhythms
considered are glycolytic oscillations observed in yeast muscle, oscillations of cyclic
AMP in Dictyostelium amoebae, intracellular calcium olgtibn observed in a variety of
cell types, the mitotic oscillator that drives the cell diain cycle in eukaryotes, pulsatile
hormone signaling, and circadian rhythms in DrosophilaisTdook will be of interest
to life scientists such as biochemists, cell biologistspnbbiologists, medical scientists
and pharmacologists. In addition, it will appeal to sciststistudying nonlinear phenom-
ena, including oscillations and chaos, in chemistry, ptsjsmathematics and theoretical
biology.

e Mechanisms of cardiac fibrillatignR.A. Gray, J. Jalife, A.V. Panfilov, W.T. Baxter, C.
Cabo, J.M. Davidenko, A.M. Pertsov, P. Hogeweg, A.T. Winf(2895) Science, New
Series, vol. 270, N0.5239, 1222-1225.

2. Bacterial (Prokaryotic) Chemotaxis

e Design and Diversity in Bacterial Chemotaxis: A Comparativedg in E.Coli and B.
Subtilis, C.V. Rao and J.R. Kirby and A.P. Arkin., PloS Biology (2004) 202B39-

Abstract Comparable processes in different species often involveolagous genes. One
guestion is whether the network structure, in particularféedback control structure, is
also conserved. The bacterial chemotaxis pathways in EardIB. subtilis both regulate
the same task, namely, excitation and adaptation to envieortal signals. Both pathways
employ many orthologous genes. Yet how these orthologsibate to network func-
tion in each organism is different. To investigate this eoly we propose what is to our
knowledge the first computational model for B. subtilis chéamis and compare it to previ-
ously published models for chemotaxis in E. coli. The modelgal that the core control
strategy for signal processing is the same in both organimsigh in B. subtilis there
are two additional feedback loops that provide an addititayer of regulation and robust-
ness. Furthermore, the network structures are differesgitéethe similarity of the proteins
in each organism. These results demonstrate the limigbdpathway inferences based
solely on homology and suggest that the control strategy isvalutionarily conserved

property.

e Perfect and near-perfect adaptation in a model of bactecf@motaxis.B.A. Melloi And
Y Tu., Biophysical Journal (2003) 84:2943-2956.

Abstract The signaling apparatus mediating bacterial chemotaxisidapt to a wide range
of persistent external stimuli. In many cases, the badtactavity returns to its prestimulus
level exactly, and this perfect adaptability is robust agavariations in various chemotaxis
protein concentrations. We model the bacterial chemotagigaling pathway, from ligand
binding to CheY phosphorylation. By solving the steady-stafeations of the model an-
alytically, we derive a full set of conditions for the systémachieve perfect adaptation.
The conditions related to the phosphorylation part of thiaway are discovered for the
first time, while other conditions are generalizations @& times found in previous works.
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Sensitivity of the perfect adaptation is evaluated by pbig these conditions. We find
that, even in the absence of some of the perfect adaptatiwiitmns, adaptation can be
achieved with near-perfect precision as a result of theraéipa of scales in both chemo-
taxis protein concentrations and reaction rates, or spgmifiperties of the receptor distri-
bution in different methylation states. Since near-pérée@aptation can be found in much
larger regions of the parameter space than that defined Ipetfect adaptation conditions,
their existence is essential to understand robustnessieriz chemotaxis.

e Bacterial chemotaxis and the question of ga. Bray. PNAS (2002) 99:7-9.

e Chemotactic-like response of E.Coli cells lacking the knowernadtaxis mechinery but
containing overexpressed CheRR. Barak and M. Eisenbach. Molecular Microbiology
(1999) 31(4): 1125-1137. Download pdf. [Even without thetpms of the chemotaxis
pathway, poor quality chemotaxis is still observed by aeraktive mechanism. Could this
be due to cross-talk?]

Abstract We describe a chemotactic-like response of Escherichiairalns lacking most
of the known chemotaxis machinery but containing high kel the response regula-
tor CheY. The bacteria accumulated in aspartate-contacapglaries, they formed rings
on tryptone-containing semisolid agar, and the probabdit counterclockwise flagellar
rotation transiently increased in response to stimulatiith aspartate (1010105 M; the re-
sponse was inverted at ¢, 104 M). The temporal response wésd pad delayed, as was the
response of a control wild-type strain having a high CheY lleaeMethyl-DL-aspartate,
a non-metabolizable analogue of aspartate as well as ottmsvrkattractants of E. Coli,
glucose and, to a lesser extent, galactose, maltose ame sEised a similar response.
So did low concentrations of acetate and benzoate (whidfigher concentrations, act as
repellents for wild-type E. coli ). Other tested repellesiieh as indole, Ni2 and Co2 in-
creased the clockwise bias. These observations raise fsgépiby that, at least when the
conventional signal transduction components are missimgn-conventional chemotactic
signal transduction pathwaymight be functional inE. cBbtential molecular mechanisms
are discussed.

e A Model of excitation and adaptation in bacterial chemasa@®.A. Spiro and J.S. Parkin-
son and H.G. Othmer., PNAS (1997) 94:7263-7268.

Abstract Bacterial chemotaxis is widely studied because of its aduziégsand because it
incorporates processes that are important in a number sbsesystems: signal transduc-
tion, excitation, adaptation, and a change in behaviomaksponse to stimuli. Quantita-
tive data on the change in behavior are available for thitegysand the major biochemical
steps in the signal transductionyprocessing pathway heea lentified. We have incor-
porated recent biochemical data into a mathematical mbdetan reproduce many of the
major features of the intracellular response, includirg ¢hange in the level of chemo-
tactic proteins to step and ramp stimuli such as those usexii@rimental protocols. The
interaction of the chemotactic proteins with the motor ismodeled, but we can estimate
the degree of cooperativity needed to produce the obsewriadigder the assumption that
the chemotactic proteins interact directly with the motateins

o Robustness in bacterial chemotaxit). Alon and M.G. Surrette and N. Batkai and S
Leibler., Nature (1999) 397:168
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Abstract Networks of interacting proteins orchestrate the respooséving cells to a va-

riety of external stimulil, but how sensitive is the fundiing of these protein networks
to variations in their biochemical parameters? One pdggiis that to achieve appropri-

ate function, the reaction rate constants and enzyme ctratiens need to be adjusted
in a precise manner, and any deviation from these ‘ne-tunades ruins the network’s

performance. An alternative possibility is that key pragsrof biochemical networks are
robust2; that is, they are insensitive to the precise vatdiese biochemical parameters.
Here we address this issue in experiments using chemotifsamerichia coli, one of

the best-characterized sensory systems3,4. We focus omdsponse and adaptation to
attractant signals vary with systematic changes in theaeffular concentration of the
components of the chemotaxis network. We nd that some grepesuch as steady-state
behaviour and adaptation time, show strong variationsspagse to varying protein con-
centrations. In contrast, the precision of adaptation lmsb and does not vary with the
protein concentrations. This is consistent with a recemttyposed molecular mechanism
for exact adaptation, where robustness is a direct consegué the network’s architecture

e Bacterial Patterns and Chemotaxis. Background and experiaheesults J.D.Murray, In:
Mathematical Biology, 3d Ed. Springer (2003) vol.2, pp.Z840.

¢ Robust perfect adaptation in bacterial chemotaxis throungégral feedback contrglT.M.
Yi. Y. Huang, M.l. Simon, J. Doyle., PNAS (2000) 97(9): 464653.

Abstract Integral feedback control is a basic engineering strateggrisuring that the out-
put of a system robustly tracks its desired value indeperaferoise or variations in system
parameters. In biological systems, it is common for theaasp to an extracellular stimu-
lus to return to its prestimulus value even in the continueg@nce of the signala process
termed adaptation or desensitization. Barkai, Alon, Serettd Leibler have provided both
theoretical and experimental evidence that the precisi@daptation in bacterial chemo-
taxis is robust to dramatic changes in the levels and kimateconstants of the constituent
proteins in this signaling network [Alon, U., Surette, M, Barkai, N. & Leibler, S. (1998)
Nature (London) 397, 168171]. Here we propose that the tobas of perfect adaptation
is the result of this system possessing the property ofiatégedback control. Using tech-
niques from control and dynamical systems theory, we detreteghat integral control is
structurally inherent in the Barkai Leibler model and idBnéind characterize the key as-
sumptions of the model. Most importantly, we argue thatgraecontrol in some form
is necessary for a robust implementation of perfect adaptatMore generally, integral
control may underlie the robustness of many homeostatitharesms.

e Hydrodynamics of bacterial colonies: a mogdé&lLega and T.Passot, Phys. Rev. E (2003)
67 (1-18).

Abstract We propose a hydrodynamic model for the evolution of bagkenlonies grow-

ing on soft agar plates. This model consists of reactiofusidn equations for the concen-
trations of nutrients, water, and bacteria, coupled to glsihydrodynamic equation for
the velocity field of the bacteria-water mixture. It capsutlke dynamics inside the colony
as well as on its boundary and allows us to identify a mechafis collective motion to-

wards fresh nutrients, which, in its modeling aspects slar to classical chemotaxis. As
shown in numerical simulations, our model reproduces bstlalicolony shapes and typi-
cal hydrodynamic motions, such as the whirls and jets récebserved in wet colonies of
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Bacillus subtilis. The approach presented here could bandztkto different experimen-
tal situations and provides a general framework for the fisel\gection-reaction-diffusion
eqguations in modeling bacterial colonies.

e A computational model of the collective fluid dynamics of ilmaticroorganisms
M.Hopkins and L.J.Fauci, J. Fluid Mech. (2002) 455, 149-174

Abstract A mathematical model and numerical method for studying tikective dynam-
ics of geotactic, gyrotactic and chemotactic micro-orgars immersed in a viscous fluid
is presented. The Navier Stokes equations of fluid dynamesalved in the presence
of a discrete collection of micro-organisms. These micsodet as point sources of grav-
itational force in the fluid equations, and thus affect theffiow. Physical factors, e.g.
vorticity and gravity, as well as sensory factors affectraming speed and direction. In the
case of chemotactic microbes, the swimming orientatiorfisiation of a molecular field.
In the model considered here, the molecules are a nutriease@vbonsumption results in
an upward gradient of concentration that drives its downvelifusion. The resultant up-
ward chemotactically induced accumulation of cells resul{Rayleigh Taylor) instability
and eventually in steady or chaotic convection that trarispoolecules and affects the
translocation of organisms. Computational results thatnéxa the long-time behaviour of
the full nonlinear system are presented. The actual dyremystem consisting of fluid
and suspended swimming organisms is obviously three-diioeal, as are the basic mod-
elling equations. While the computations presented in thpepare two-dimensional, they
provide results that match remarkably well the spatialguagt and long-time temporal
dynamics of actual experiments; various physically apglie assumptions yield steady
states, chaotic states, and bottom-standing plumes. Ti@ised representation of mi-
crobes as point particles allows the variation of input peters and modelling details,
while performing calculations with very large numbers oftjzdes (1¢t — 10°), enough so
that realistic cell concentrations and macroscopic fluidat$ can be modelled with one
particle representing one microbe, rather than some c¢mlieof microbes. It is demon-
strated that this modelling framework can be used to tesbttngses concerning the cou-
pled effects of microbial behaviour, fluid dynamics and malar mixing. Thus, not only
are insights provided into the differing dynamics concegmpurely geotactic and gyrotac-
tic microbes, the dynamics of competing strategies for ataris, but it is demonstrated
that relatively economical explorations in two dimensicasa deliver striking insights and
distinguish among hypotheses.

e Cooperative self-organization of microorganisrgsBen-Jacob, I.Cohen, H.Levine (2000)
49 (4) 395-554.

Abstract In nature, microorganisms must often cope with hostile remvhental condi-
tions. To do so they have developed sophisticated coopetaghaviour andintricate com-
munication capabilities, such as: direct cell-cell phgkioteractions via extra-membrane
polymers, collective production of extracellular 'wetirfluid for movement on hard sur-
faces, long range chemical signalling such as quorum sgrasid chemotactic (bias of
movement according to gradient of chemical agent) sigmglicollective activation and
deactivation of genes and even exchange of genetic matehigizing these capabilities,
the colonies develop complex spatio-temporal patternespanseto adverse growth con-
ditions. We present a wealth of beautiful patterns formednducolony development of
various microorganisms and for different environmentaidibons. Invoking ideas from

ESIGNET-WP3-D3.1: State of the art report Security: PUBLIC
Contract: FP6-NEST-2003-1-12789 Page: 35/ 65



2.5 Real CSNs 2 BIBLIOGRAPHY

pattern formation in non-living systems and using 'geriariodelling we are able to re-
veal novel survival strategies which account for the safiestures of the evolved patterns.
Using the models, we demonstrate how communication leadsltarganization via co-
operative behaviour of the cells. In this regard, pattermfdion in microorganisms can be
viewed as the result of the exchange of information betwkemticro-level (the individual
cells) and the macro-level (the colony). As such, a full ustiding of bacterial behaviour
must focus simultaneously on individual cell responsesauedall colony organization.

3. Eukaryotic Chemotaxis

e A modeling framework describing the enzyme regulation of onene lipids underlying
gradient perception in Dictyostelium cell&Krishnan and P.A.Iglesias, J Theoretical Biol-
ogy (2004) 229, 85-99.

Abstract Spatial sensing in Dictyostelium involves localizationtbé phosphoinositide

lipids PI1(3,4,5)P3 and PI(3,4)P2 at the leading edge of &leirt response to an external
gradient. We have previously proposed a modelling framkwlescribing the regulation

of these lipids by the enzymes PI3K and PTEN. In this paper madyae this regulation

from an input-output perspective. When the inputs are homeges, we obtain explicit

analytical expressions for the lipid concentrations asmation of enzyme concentrations
and model parameters. We also show that the system can bescastopen-loop bilinear
control system, and employ control engineering tools towdihat a local three-dimensional
region in the four-dimensional phase space can be accegsenhporally varying either or

both enzyme concentrations. For spatially graded enzyoidgs, we show that diffusion

limits the extent to which lipid profiles can be manipulatgteimzymes. However, we also
demonstrate that for certain ranges of network paramdtersgasing lipid diffusion can

lead to an increase in steady-state leading-edge contiensraf PI(3,4,5)P3 or PI(3,4)P2,
even though all lipid diffusion coefficients are equal. Hian order to determine the

extent to which lipid profiles can be regulated by the enzymesformulate and solve

inverse problems, where we determine the enzyme profilagresfjto realize particular

lipid profiles at steady state.

e Modeling the cell guidance systeA.Iglesias and A.Levchenko, Sci. STKE (2002) 148,
RE12.

Abstract Cell locomotion can be directed by external gradients ofudiffle substances
leading to chemotaxis. Recently, the mechanisms of gradiemsing, the cell guidance
system, came under scrutiny both in experimental analygiscamputational modeling.
Here, we review several recent computational models ofignadensing in eukaryotic
cells, demonstrating why some of them predict little sévigitto changes in the gradient
and response locking, whereas others predict high gradeamitivity at the expense of
signal gain. We also propose a way to view chemotaxis regulas a highly coupled
combination of semiindependent control modules, leadingrhplifying modeling of this
complex cellular behavior.

e Temporal and spatial regulation of chemotaxi4.lijima, Y.E.Huang, P.N.Devreotes, Dev.
Cell (2002) 3, 469-478.

Abstract The ability to sense and respond to shallow gradients ofegtiular signals
is remarkably similar in Dictyostelium discoideum amoebad mammalian leukocytes.
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Chemoattractant receptors and G proteins are fairly evanstyilwuited along the cell sur-
face. Receptor occupancy generates local excitatory atwhlgiohibitory processes that
balance to control the chemotactic response. Uniform dititmansiently recruit PI3Ks to,
and release PTEN from, the plasma membrane, while gradi¢etsemoattractant cause
the two enzymes to bind to the membrane at the front and bathkeatell, respectively.
Interference with PI13Ks alters chemotaxis, and disruptbRTEN broadens PI localiza-
tion and actin polymerization in parallel. Thus, countéragsignals from the upstream
elements of the pathway converge to regulate the key enzgfrfeélsmetabolism, localize
these lipids, and direct pseudopod formation.

e Models of eukaryotic gradient sensing: application to cb&amwis of amoebae and neu-
trophils, A.Levchenko and P.A.Iglesias, Biophysic J. (2002) 82, 80-6

Abstract Eukaryotic cells can detect shallow gradients of chemaetiints with exquisite
precision and respond quickly to changes in the gradieapsiess and direction. Here, we
describe a set of models explaining both adaptation to tmifocreases in chemoattractant
and persistent signaling in response to gradients. We dstinad@ that one of these mod-
els can be mapped directly onto the biochemical signakttaction pathways underlying
gradient sensing in amoebae and neutrophils. Accordinbisostheme, a locally acting
activator (PI3-kinase) and a globally acting inactivat®f EN or a similar phosphatase) are
coordinately controlled by the G-protein activation. Téignaling system adapts perfectly
to spatially homogeneous changes in the chemoattractanthdmoattractant gradients,
an imbalance between the action of the activator and theiwasar results in a spatially
oriented persistent signaling, amplified by a substratglstipased positive feedback act-
ing through small G-proteins. The amplification is actidadaly in a continuous presence
of the external signal gradient, thus providing the mecranior sensitivity to gradient
alterations. Finally, based on this mapping, we make ptiedie concerning the dynamics
of signaling. We propose that the underlying principles@ffgct adaptation and substrate
supply-based positive feedback will be found in the sensgsgems of other chemotactic
cell types.

¢ A diffusion translocation model for gradient sensing byasyktic cells M.Postma, P.J.M.
Van Haastert, Biophys. J. (2001) 81, 1314-1323.

Abstract Small chemotactic cells like Dictyostelium and neutrophitansduce shallow
spatial chemoattractant gradients into strongly locdlirgracellular responses. We show
that the capacity of a second messenger to establish andainaiacalized signals, is
mainly determined by its dispersion ranges= \/Dm/K_1, which must be small compared
to the cell’s length. Therefore, short-living second megses K_1) with diffusion coef-
ficientsDyy, in the range of 8- 5un?s™1 are most suitable. Additional to short dispersion
ranges, gradient sensing may include positive feedbackamems that lead to local ac-
tivation and global inhibition of second-messenger prdidac To introduce the essential
nonlinear amplification, we have investigated models inclwtone or more components
of the signal transduction cascade translocate from thesoyto the second messenger
in the plasma membrane. A one-component model is able toifgnapll.5-fold differ-
ence of receptor activity over the cell length into a 15-fdiifierence of second-messenger
concentration. Amplification can be improved considerdihjintroducing an additional
activating component that translocates to the membranbotimmodels, communication
between the front and the back of the cell is mediated by glasepletion of cytosolic
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components, which leads to both local activation and glotfabition. The results suggest
that a biochemically simple and general mechanism may expéious signal localiza-

tion phenomena not only in chemotactic cells but also th@seiming in morphogenesis
and cell differentiation.

e Interplay of cell-cell signalling and multicellular morplyenesis during Dictyostelium ag-
gregation T.Hfer and P.K. Maini, In: Computation in Cellular and MoléauBiological
Systems (1995) (Eds: R.Cuthbertson, M.Holcombe, R.Paton)dVEwmientific, IPCAT95,
3-28.

e A model based on receptor Desensitization for cyclic-AMihailing in Dictyostelium
cells J.L.Martiel and A.Goldbeter, Biophys J (1987) 52, 807-828.

Abstract We analyze a model based on receptor modification for the cAidiRaling sys-
tem that controls aggregation of the slime mold Dictyostelidiscoideum after starvation.
The model takes into account both the desensitization ofAMP receptor by reversible
phosphorylation and the activation of adenylate cyclaagfdtiows binding of extracellular
cAMP to the unmodified receptor. The dynamics of the sigigadiystem is studied in terms
of three variables, namely, intracellular and extracall@glAMP, and the fraction of recep-
tor in active state. Using parameter values collected fregpeemental studies on cAMP
signaling and receptor phosphorylation, we show that théetaccounts qualitatively and,
in a large measure, quantitatively for the various modesyahchic behavior observed in
the experiments: (a) autonomous oscillations of CAMP, éligyr of suprathreshold cAMP
pulses, i.e., excitability, characterized by both an altechnd a relative refractory period,
and (c) adaptation to constant CAMP stimuli. A two-variabéesion of the model is used
to demonstrate the link between excitability and oscilasi by phase plane analysis. The
response of the model to repetitive stimulation allows caghpnsion, in terms of receptor
desensitization, of the role of periodic signaling in Dasyelium and, more generally, the
function of pulsatile patterns of hormone secretion.

4. The Cell Cycle

e Modeling the fission yeast cell cycle: Quantized cycle time&gel2 cdc25D mutant cells
Akos Sveiczer*, Attila Csikasz-Nagy*, Bela Gyorffy*, JohnTyson, and Bela Novak*
PNAS u July 5, 2000 u vol. 97 u no. 14 u 78657870

Abstract A detailed mathematical model for the fission yeast mitoyicle is developed
based on positive and negative feedback loops by which C@id& kinase activates
and inactivates itself. Positive feedbacks are created A& dc2-dependent phos-
phorylation of specific substrates: inactivating its nagategulators (Ruml, Ste9 and
WeelyMik1) and activating its positive regulator (Cdc25)sléw negative feedback loop
is turned on during mitosis by activation of Slplyanaphassmoting complex (APC),
which indirectly re-activates the negative regulatoradiag to a drop in Cdc13yCdc2 ac-
tivity and exit from mitosis. The model explains how fissiomagt cells can exit mitosis
in the absence of Ste9 (Cdcl13 degradation) and Rum1 (an imhdfitCdc13yCdc2).We
also show that, if the positive feedback loops acceleratiegG2yM transition (through
Weel and Cdc25) are weak, then cells can reset back to G2 frbyrstsges of mitosis by
premature activation of the negative feedback loop. Thestteng can happen more than
once, resulting in a quantized distribution of cycle timas,observed experimentally in
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weel2 cdc25D mutant cells. Our quantitative descriptiathe$e quantized cycles demon-
strates the utility of mathematical modelling, becausedhwycles cannot be understood by
intuitive arguments alone.

e A minimal cascade model for the mitotic oscillator invotyicyclin and cdc2 kinaseAL-
BERT GOLDBETER, Proc. Nati. Acad. Sci. USA Vol. 88, pp. 9107-910ctober 1991
Cell Biology

Abstract A minimal model for the mitotic oscillator is presented. Timedel, built on
recent experimental advances, is based on the cascadetdfgusational modification
that modulates the activity of cdc2 kinase during the cetleyThe model pertains to the
situation encountered in early amphibian embryos, whezeattumulation of cyclin suf-
fices to trigger the onset of mitosis. In the first cycle of tieyblic cascade model, cyclin
promotes the activation of cdc2 kinase through reversiblghdsphorylation, and in the
second cycle, cdc2 kinase activates a cyclin protease leysible phosphorylation. That
cyclin activates cdc2 kinase while the kinase triggers thgradation of cyclin has sug-
gested that oscillations may originate from such a negé¢igdback loop [FMIix, M. A.,
LabbWw, J. C., Doree, M., Hunt, T. & Karsenti, E. (1990) Naturer(don) 346, 379-3821.
This conjecture is corroborated by the model, which indisghat sustained oscillations
of the limit cycle type can arise in the cascade, providetdhareshold exists in the acti-
vation of cdc2 kinase by cyclin and in the activation of cygdroteolysis by cdc2 kinase.
The analysis shows how mitotic oscillations may readilg@from time lags associated
with these thresholds and from the delayed negative fe&dtawvided by cdc2-induced
cyclin degradation. A mechanism for the origin of the thiddh is proposed in terms of
the phenomenon of zero-order ultrasensitivity previowsgcribed for biochemical sys-
tems regulated by covalent modification. Recent advanceseircharacterization of the
biochemical

e Selected biological processds.Klipp, R.Herwig, A.Kowald, C.Wierling, H.Lehrach, In:
Systems Biology in Practice. Concepts, Implementation anpliégtion (2005) Wiley-
VCH Verlag GmbH&Co.KGaA, Weinheim, pp. 234-240.

e Modelling the fission yeast cell cycle: Quantized cycle simme’weel- cdc25?” mutant
cells A. Sveiczer, A. Csikasz-Nagy, B. Gyorffy, J.J. Tyson, B. No{2®00) PNAS, vol.97,
No.14, 7865-7870.

Abstract A detailed mathematical model for the fission yeast mitoyicle is developed
based on positive and negative feedback loops by which Cd&d@&¥ kinase activates
and inactivates itself. Positive feedbacks are created A8« dc2-dependent phos-
phorylation of specific substrates: inactivating its negategulators (Ruml, Ste9 and
WeelyMik1) and activating its positive regulator (Cdc25)sléw negative feedback loop
is turned on during mitosis by activation of Slplyanaphasmnoting complex (APC),
which indirectly re-activates the negative regulatoradiag to a drop in Cdc13yCdc2 ac-
tivity and exit from mitosis. The model explains how fissiagagt cells can exit mitosis in
the absence of Ste9 (Cdc13 degradation) and Rum1 (an inhithi@dc13yCdc2).Wealso
show that, if the positive feedback loops accelerating tBgNGtransition (through Weel
and Cdc25) are weak, then cells can reset back to G2 from d¢aggsof mitosis by pre-
mature activation of the negative feedback loop. This tegetan happen more than once,
resulting in a quantized distribution of cycle times, asestisd experimentally in weel2
cdc25D mutant cells. Our quantitative description of thgisantized cycles demonstrates
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the utility of mathematical modeling, because these cycémot be understood by intu-
itive arguments alone.

e Modelling the mitotic oscillator driving the cell divisiazycle, A.Goldbeter, In: Biochem-
ical oscillations and cellular rhythmsThe molecular bases of periodic and chaotic be-
haviour, Cambridge University Press (1996) pp.409-456.

e The Cell Cycle: An IntroductigrA.W.Murray & T.Hunt (1993) Oxford Univ. Press, Ox-
ford.

¢ A minimal cascade model for the mitotic oscillator involyioyclin and cdc2 kinaseéA.
Goldbeter (1991) Proc. Natl. Acad. Sci. USA, vol. 88, 9102-%.

Abstract Better understanding of the molecular mechanisms undertyia cell cycle has
given rise to the theory that there may be one universal, hmgoas mechanism control-
ling the onset of mitosis. Studies with yeast and embryoelts suggest that mitosis is
triggered by the periodic activation of cdc2 kinase. Usimig experimental data, Albert
Goldbeter developed a minimal mathematical model whiclkeritess the mitotic oscillator
involving cyclin and cdc2 kinase (see Figure 1 below). Thaglel is based on the situation
in amphibian embryos. As cyclin, a protein signalling male¢ accumulates and exceeds
a certain threshold concentration, mitosis is triggereal.thie first cycle of the bicyclic
cascade model, cyclin promotes the activation of cdc2 kinhsough reversible dephos-
phorylation. In the second cycle, cdc2 kinase activatesdhircyprotease by reversible
phosphorylation. Since cyclin activates cdc2 kinase, artdrin, active cdc2 kinase indi-
rectly triggers the degradation of cyclin, cyclin oscikeis may originate from a negative
feedback loop. Model simulations support this theory. {®@ns can arise as long as
thresholds exist in the activation of cdc2 kinase by cyding in the activation of cyclin
protease by cdc2 kinase. Time lags associated with theeshibids, together with the
delayed negative feedback from the cdc2-induced cyclimadtgion, can readily lead to
sustained mitotic oscillations.

e Discontinuities and singularities in the timing of nucledivision, A.T.Winfree (1984) In:
Cell Cycle Clocks. L.N.Edmunds Jr, Ed. Marcel Dekker, New Yankl 8asel, pp.63-80.

5. Intracellular Calcium Oscillations

e Decoding of intracellular calcium spike train&. Prank, L. Laer, A. von zur Muhlen, G.
Brabant, C. Schofl (1998) Europhys. Lett. 42 (2), 143-147.

Abstract Cells respond to external signals, such as hormonal stilmutienerating repet-
itive spikes in the intracellular free-calcium conceritrat[C&f*);). TheseC&"]; spikes,
which can be modulated in their frequency and amplitudeyletg diverse cellular pro-
cesses. ExperimentallyCa’*]; can be assessed continuously in contrast to cellular re-
sponses represented by the activation of proteins. We peopanathematical model that
allows for the on-line decoding ¢€&*]; spike trains into cellular responses represented
by the activation of proteins.

e CaM kinase Il as frequency decoder of Ca2+ oscillatio®s Dupont and A. Goldbeter
(1998) BioEssays 20.8, 607-610.
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Abstract In many cell types, Ca2+ signals are organized in the form pétigve spikes.
The frequency of these intracellular Ca2+ oscillationseases with the level of stimula-
tion, suggesting the existence of a frequency encodinggrhenon. The question arises as
to how the frequency of Ca2+ oscillations can be decodedaribielcell. Ca2+/calmodulin
kinase Il has long been proposed as an attractive candataitas a key target of Ca2+ sig-
nals. By immobilizing the Ca2+/calmodulin kinase Il and sehjgy it to pulses of Ca2+
of variable amplitude, duration, and frequency, De Koniank Schulman have shown for
the first time that the autonomous activity of Ca2+/calmadlinase Il is highly sensitive
to the temporal pattern of Ca2+ oscillations.

Verification of CSN behaviour

Model Building and Model Checking for Processkk Antoniotti and A. Policriti and N.
Ugel B. Mishra, Cell Biochemistry and Biophysics, vol 38:3, 20p371-286

Abstract A central claim of computational systems biology is that,dogwing on math-
ematical approaches developed in the context of dynamtermsgs kinetic analysis, com-
putational theory and logic, it is possible to create powlesimulation, analysis, and rea-
soning tools for working biologists to decipher existindajalevise new experiments, and
ultimately to understand functional properties of genonpesteomes, cells, organs, and
organisms. In this article, a novel computational tool isatded that achieves many of
the goals of this new discipline. The novelty of this systewolves an automaton-based
semantics of the temporal evolution of complex biochemieaktions starting from the
representation given as a set of differential equation® réhated tools also provide abil-
ity to qualitatively reason about the systems using a pritipoal temporal logic that can
express an ordered sequence of events succinctly and umpaoaily. The implementa-
tion of mathematical and computational models in the Simpatand XSSYS systems
is described briefly. Several example applications of trsgstems to cellular and bio-
chemical processes are presented: the two most promireehednler et al.’s repressilator
(an artificial synthesized oscillatory network), and Culo#-Sorribas-Cascante’s purine
metabolism reaction model.

Symbolic Model Checking for Biochemical NetwoiksChabrier and F. Fages, Computa-
tional Methods in Systems Biology: First International Wsitkp, CMSB 2003, Rovereto,
Italy, February 24-26, 2003. Proceedings, Lecture Note€amputer Science 2602,
Springer, 2003, p149-162

Abstract Model checking is an automatic method for deciding if a diron a program,
expressed as a concurrent transition system, satisfieobmeperties expressed in a tem-
poral logic such as CTL. In this paper we argue that symbolidehohecking is feasible
in systems biology and that it shows some advantages ovetdaion for querying and
validating formal models of biological processes. We répar experiments on using the
symbolic model checker NUSMV and the constraint-based hatecker DMC, for the
modeling and querying of two biological processes: a qai@e model of the mammalian
cell cycle control after Kohn’s diagrams, and a quantigativodel of gene expression reg-
ulation.

Model Checking Genetic Regulatory Networks Using GNA and C&DBatt and D.
Bergamini, H. de Jong and H. Garavel and R., Model Checking So&wl1th Interna-
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tional SPIN Workshop, Barcelona, Spain, April 1-3, 2004. deexdings, Lecture Notes in
Computer Science 2989, Springer, 2004, p158-163

Abstract The study of genetic regulatory networks, which underlie thnctioning of
living organisms, has received a major impetus from the medevelopment of high-
throughput genomic techniques. This experimental pragealis for the development of
appropriate computer tools supporting the analysis of yenegulatory processes. We
have developed a modeling and simulation method [5,7],dbaesegiecewise-linear differ-
ential equations, that is well-adapted to the qualitat&ire of most available biological
data. The method has been implemented in the tool GenetwddeAnalyzer (GNA) [6],
which produces a graph of qualitative states and transiti@tween qualitative states. The
graph provides a discrete abstraction of the dynamics ofyeem.

¢ Representation and Simulation of Biochemical Processes) uke Pi-Calculus Process
Algebra A. Regev and W Silverman and E. Shapiro, Pacific Symposium oocdBaputing,
2000, p459-470

Abstract Despite the rapidly accumulating body of knowledge abootgin networks,
there is currently no convenient way of sharing and mantmnaof such information.
We suggest that a formal computer language for describiagbtbmolecular processes
underlying protein networks is essential for rapid advameat in this field. We propose
to model biomolecular processes by using the pi-Calculugpeegs algebra, originally
developed for describing computer processes. Our moddbibmhemical processes is
mathematically well-defined, while remaining biologigatiithful and transparent. It is
amenable to computer simulation, analysis and formal eatibn. We have developed a
computer simulation system, the PiFCP, for execution anlysisaf pi-calculus programs.
The system allows us to trace, debug and monitor the beha¥isiochemical networks
under various manipulations. We present a pi-calculus ifode¢he RTK-MAPK signal
transduction pathway, formally represent detailed mdécand biochemical information,
and study it by various PiFCP simulations.

e Qualitative Modelling of Genetic Networks: From Logical Regary Graphs to Standard
Petri, C. Chaouiya and E. Remy and P. Ruet and D. Thieffry, Applicatams Theory of
Petri Nets 2004: 25th International Conference, ICATPN 2@®lpgna, Italy, June 21,
2004. Proceedings, Lecture Notes in Computer Science 3@@@ger, 2004, p137-156

Abstract In this paper, a systematic rewriting of logical geneticuagpry graphs in terms
of standard Petri net models is proposed. We show that, iBtltdean case, the combi-
nation of the logical approach with the standard Petri rienhgwork enables the analysis
of isolated regulatory circuits, confirming their most famdental dynamical properties.
Furthermore, two more realistic applications are alsogresl, the first dealing with the
control of the early cell cycles in the developing fly, the®t dealing with flower mor-
phogenesis. The combination of logical and Petri net foisnmed open new prospects for
the delineation of specific relationships between the faekilstructure and the dynamical
properties of complex regulatory systems. Moreover, thg@ach should ease the defini-
tion of integrated models of networks encompassing vatkigs of interactions: genetic
or metabolic regulations, signal transduction cascades.
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2.7 Miscellaneous

e Investigation of in vivo cross-talk between key two-composystems in E.ColiD.T. Ver-
hamme, J.C. Arents, P.W. Postma, W. Crielaard, K.J. Hellimgwe&licrobiology (2002)
148:69-78

Abstract Intracellular signal transfer in bacteria is dominated bpgphoryl transfer be-

tween conserved transmitter and receiver domains in regylaroteins of so-called two-

component systems. Escherichia coli contains 30 suchragstehich allow it to modulate

gene expression, enzyme activity and the direction of flagedtation. The authors have
investigated whether, and to what extent, these separstiensy form (an) interacting net-
work(s) in vivo, focussing on interactions between four engystems, involved in the re-
sponses to the availability of phosphorylated sugars (Ust)sphate (Pho), nitrogen (Ntr)
and oxygen (Arc). Significant cross-talk was not detectableild-type cells. Decreasing
expression levels of succinate dehydrogenase (reportingaétivation), upon activation
of the Pho system, appeared to be independent of signatinggh PhoR. Cross-talk to-
wards NtrC did occur, however, in a ntrB deletion strain, mpmnt activation of Pho, Ntr

and Uhp. UhpT expression was demonstrated when cells wewengin pyruvate, through
non-cognate phosphorylation of UhpA by acetyl phosphate.

e Two-component signal transduction pathways regulating gi@mtd cell cycle progression
in a bacterium: A System-Level AnalysisM. Skerket and M.S. Prasol and B.S. Perchuk
and E.G. Biondi and M.T. Laub., PLoS Biology. 3(10): 1770-

Abstract Two-component signal transduction systems, comprisedstitime kinases and
their response regulator substrates, are the predomirearisiby which bacteria sense and
respond to extracellular signals. These systems allows teladapt to prevailing condi-
tions by modifying cellular physiology, including initiay programs of gene expression,
catalyzing reactions, or modifying proteinprotein int#rans. These signaling pathways
have also been demonstrated to play a role in coordinatiogehal cell cycle progression
and development. Here we report a system-level invesbigati two-component pathways
in the model organism Caulobacter crescentus. First, by gmnsive deletion anal-
ysis we show that at least 39 of the 106 two-component gemeseguired for cell cycle
progression, growth, or morphogenesis. These includegenes essential for growth or
viability of the organism. We then use a systematic biocleaimapproach, called phos-
photransfer profiling, to map the connectivity of histidkirases and response regulators.
Combining these genetic and biochemical approaches, wifidamew, highly conserved
essential signaling pathway from the histidine kinase Certikie response regulator CenR,
which plays a critical role in controlling cell envelope genesis and structure. Depletion
of either cenK or cenR leads to an unusual, severe blebbirgglofenvelope material,
whereas constitutive activation of the pathway comprosmesd envelope integrity, result-
ing in cell lysis and death. We propose that the CenKCenR patmaay be a suitable
target for new antibiotic development, given previous ggses in targeting the bacterial
cell wall. Finally, the ability of our in vitro phosphotraies profiling method to identify
signaling pathways that operate in vivo takes advantagen afservation that histidine
kinases are endowed with a global kinetic preference far tognate response regulators.
We propose that this system-wide selectivity insulates¢amponent pathways from one
another, preventing unwanted cross-talk.

e The Computational Versatility of Proetomic Signaling NetvggHk M. Sauro, Current Pro-
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teomics (2004) 1:67-81

Abstract Almost all proteomic signaling networks in prokaryotes an#taryotes are based
on the simple phosphorylation/dephosporylation cycleniithis simple unit it is possible
to construct a huge variety of control and computationaluis, both analog and digital.
With the characterization of many signaling networks, agskeers are turning to address
the question of how a particular physiological responsebmaunnderstood in terms of the
proteins that make up the network; this is one of the centrastions in Systems Biology.
In this article | wish to summarize the great versatility lné basic protein cycle as a means
to construct complex functional behaviors including thetca role that feedback plays in
determining the properties of protein based networks.

¢ Cell signaling pathways as control modules: Complexity forpdicity?, D.A. Lauffen-
burger., PNAS (2000) 97(10) 5031-5033

¢ Biological RobustnessH. Kitano., Nature Reviews. (2004). 5:826

Abstract Robustness is a ubiquitously observed property of bioldgigstems. It is con-
sidered to be a fundamental feature of complex evolvablesys It is attained by several
underlying principles that are universal to both biologmaanisms and sophisticated en-
gineering systems. Robustness facilitates evolvability rfust traits are often selected
by evolution. Such a mutually beneficial process is madeilplessy specific architectural
features observed in robust systems. But there are traddefffveen robustness, fragility,
performance and resource demands, which explain systeavioeln including the pat-
terns of failure. Insights into inherent properties of rstsystems will provide us with a
better understanding of complex diseases and a guidingipléfor therapy design

e The systems biology markup language (SBML): a medium foeseptation and exchange
of biochemical network modelducka, M. et al, Bioinformatics, volume 19:4, 2003, pages
524-531

Abstract MOTIVATION: Molecular biotechnology now makes it possikie build elab-
orate systems models, but the systems biology communitysneéormation standards if
models are to be shared, evaluated and developed coopgralRESULTS: We summa-
rize the Systems Biology Markup Language (SBML) Level 1, a,fgeen, XML-based
format for representing biochemical reaction networks. $B#a software-independent
language for describing models common to research in maegsaof computational
biology, including cell signaling pathways, metabolic paays, gene regulation, and
others. AVAILABILITY: The specification of SBML Level 1 is frdg available from
http://www.sbml.org/

e Formation of regulatory patterns during signal propagatim a Mammalian cellular net-
work, Ma’ayan, Avi and Jenkins, Sherry L and Neves, Susana anddithse, Anthony
and Grace, Elizabeth and Dubin-Thaler, Benjamin and Eungaiagn Narat J and Weng,
Gehzi and Ram, Prahlad T and Rice, J Jeremy and Kershenbauon &ad Stolovitzky,
Gustavo A and Blitzer, Robert D and yengar, Ravi, Science, \@8.5737, 2005, p1078-
1083

Abstract We developed a model of 545 components (nodes) and 1258atitars repre-
senting signaling pathways and cellular machines in thpddpmpal CA1 neuron. Using
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graph theory methods, we analyzed ligand-induced signaltfioough the system. Spec-
ification of input and output nodes allowed us to identifydtional modules. Networking
resulted in the emergence of regulatory motifs, such agip@sind negative feedback
and feedforward loops, that process information. Key ragus of plasticity were highly
connected nodes required for the formation of regulatoryifsydndicating the potential
importance of such motifs in determining cellular choicesAeen homeostasis and plas-
ticity.

e Reaction kinetics in intracellular environments with maaalecular crowding: simula-
tions and rate lawsSchnell, S and Turner, T.E., Progress in biophysics andcutdr
biology, volume 85:2-3, 2004, p235-260

Abstract We review recent evidence illustrating the fundamentdéd#hce between cyto-
plasmic and test tube biochemical kinetics and thermodyegrand showing the break-
down of the law of mass action and power-law approximation wivo conditions. Simu-
lations of biochemical reactions in non-homogeneous m&thay that as a result of anoma-
lous diffusion and mixing of the biochemical species, remd follow a fractal-like kinet-
ics. Consequently, the conventional equations for biocbahgathways fail to describe
the reactions in in vivo conditions. We present a modificatio fractal-like kinetics fol-
lowing the Zipf-Mandelbrot distribution which will enabte modelling and analysis of
biochemical reactions occurring in crowded intracell@avironments.

e Thermodynamic Theory of Structure, Stability and Fludtureg Glansdorff, P. and Pri-
gogine, |., Wiley Interscience, 1971

e EnzymesDixon, Malcolm and Webb, Edwin C., Longman Group Limited729

e Nonlinear Differential Equations of Chemically Reacting t8yss Gavalas, George R.,
Springer, 1968

e Robustness of Cellular Functionk Stelling et al., Cell, 118:675-685, 2004

Abstract Robustness, the ability to maintain performance in the fdgedurbations and
uncertainty, is a long-recognized key property of livingt®mns. Owing to intimate links to
cellular complexity, however, its molecular and cellulasis has only recently begun to be
understood. Theoretical approaches to complex enginsgsteims can provide guidelines
for investigating cellular robustness because biologyegineering employ a common set
of basic mechanisms in different combinations. Robustnessha a key to understanding
cellular complexity, elucidating design principles, andtering closer interactions between
experimentation and theory.

¢ Evolving InventionsJ.R.Koza, M.A. Keane, M.J. Streeter, Scientific America8(2852,
2003

Abstract Evolution is an immensely powerful creative process. Fromintricate bio-
chemistry of individual cells to the elaborate structuréhaf human brain, it has produced
wonders of unimaginable complexity. Evolution achievessthfeats with a few simple
processes-mutation, sexual recombination and natuedtssh-which it iterates for many
generations. Now computer programmers are harnessingaseftersions of these same
processes to achieve machine intelligence. Called germeigraganming, this technique has
designed computer programs and electronic circuits thébipe specified functions.
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3 Online Databases and Tools

1. An extensive list of databases can be found at
http://www.mpiem.gwdg.de/Forschung/Biol/biol_index_en.html
Modelling

e W.I.S. - Home Pagéttp://www.weizmann.ac.il/

e Cambridge Structural Database at W.1.S.

e Computational Molecular Modelling at NIH

e Molecular Modelling Database (MMDB) at NCBI

Scientific literature

e Max-Planck-Society: Access to Literature Databases

e Baylor College of Medicine Human Genome Center - Libraries atetéture
e BioMedNet Literature

e Deutsches Institut fr medizinische Dokumentation und rimiation
e Medline Search at NCBI

o National Institute of Health (NIH) Library and Literature 8®irces
e National Library of Medicine (NLM)

e Ovid Home-Page at GWDG (NLM)

e Ovid-Entrance at GWDG (NLM)

e Association for Computing Machinery (ACMyww.acm.org )
Server for bio- and medical technology

e Antibody Resource Page

Baylor College of Medicine Human Genome Center - Link collettio

Biotech Europe

Columbia University -The Human Genome Project - Link coil@tt

UTHSCSA Genome Center - Link collection

2. Databases and services of the EU Bioinformatics Institute

http://www.ebi.ac.uk/Databases

http://www.ebi.ac.uk/services/

3. Databases of the National Centre for Biotechnology
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e http://www.ncbi.nlm.nih.gov/
4. Literature databases

e ThroughPubMed, anyone can access MEDLINE’s 15,000,000 biomedical jduita-
tions to research biomedical questions. Clicking the "Rélaicles” link for each ab-
stract can expand your search.

e PubMed Central is a digital archive of life sciences journal literaturetegrated into the
Entrez retrieval system, PMC provides free and unresttiateess to the full text of over
160 life sciences journals, with more to come.

e BookshelfLook for background information or research new topics Virgely accessible,
online biomedical textbooks. The growing NCBI Bookshelf cansbarched directly or
accessed via PubMed abstracts by clicking the "Books” linke Batabase can also be
searched by choosing "Books” from the Entrez pull-down menu.

e Online Mendelian Inheritance in Man (OMIM), With over 15,000 entries, OMIM, main-
tained by Dr. Victor A. McKusick and his colleagues at Johropkins University, repre-
sents a comprehensive and constantly updated catalogesftedhdiseases.

4 Software

e Genomic Object Net

Genomic Object Net is an enviroment for simulating and repnéing biological systems.
It is an integrated tool consisting of several kinds of safttools for describing biopath-
ways, visualizing simulation results, evaluating a hypsth, biopathways recreation from
biopathway databases, and so on.

http://www.genomicobject.net

e Gepasi

Gepasi is a software package for modeling biochemical Bystdt simulates the kinetics
of systems of biochemical reactions and provides a numbgrad$ to fit models to data,
optimize any function of the model, perform metabolic coh#inalysis and linear stability
analysis. Gepasi simplifies the task of model building bystisg the user in translating
the language of chemistry (reactions) to mathematics (cestand differential equations)
in atransparent way. This is combined with a set of soplastanumerical algorithms that
assure the results are obtained fast and accurate. Gepasinded primarily for research
purposes but because of its user-friendly interface it isalg good for education. Latest
version is 3.30, released on September 2002, added SBML guppbother features

http://lwww.gepasi.org/

e Cellware

Cellware has not only been designed to conduct modeling amadlaiion of gene regula-
tory and metabolic pathways but also offer an integratedremmnent for diverse mathe-
matical representations, parameter estimation and ggatron. In addition, a user-friendly
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graphical display and capability to run large and complexiei®would be provided by de-
fault. A very special feature of Cellware is that it would be first grid based modeling
and simulation tool in the field of Systems Biology, to our Hestwledge.

http://www.bii.a-star.edu.sg/achievements/applications/
cellware/index.asp

o Virtual Cell

The Virtual Cell has been specifically designed to be a toohfatide range of scientists,
from experimental cell biologists to theoretical biopltysis. Likewise the creation of
models can range from the simple, to evaluate hypotheses imtdrpret experimental
data, to complex multi-layered models used to probe theigemtibehavior of complex,
highly non-linear systems. Such models can be based on k¢nimental data and purely
theoretical assumptions.

http://www.nrcam.uchc.edu/login/login.html

e CellML

The CellML language is an open standard based on the XML mddaguage. CellML
is being developed by the Bioengineering Institute at thevéhsity of Auckland and af-
filiated research groups. The purpose of CellML is to storeexathange computer-based
mathematical models. CellML allows scientists to share rsoeleen if they are using dif-
ferent model-building software. It also enables them t@estomponents from one model
in another, thus accelerating model building.

http://www.cellml.org/

e CellDesigner

CellDesigner is a structured diagram editor for drawing gegilatory and biochemi-
cal networks. Networks are drawn based on the process diagvih graphical notation
system proposed by Kitano, and are stored using the SystestegBiMarkup Language
(SBML), a standard for representing models of biochemicdlgane-regulatory networks.
Networks are able to link with simulation and other analysaskages through Systems
Biology Workbench (SBW).

http://www.celldesigner.org

e StochSim, a Stochastic Simulation Modeling System

The computer program StochSim was written by Carl Firth (fedlgnCarl Morton-Firth)
as part of his PhD work at the University of Cambridge (Mortarth, 1998). It was de-
veloped as part of a study of bacterial chemotaxis as a matistie way to represent the
stochastic features of this signalling pathway and alsorasans to handle the large num-
bers of individual reactions encountered (Morton-Firtld &ray, 1998; Morton-Firth et
al., 1999). The program now provides a general purpose biaaal simulator in which
individual molecules or molecular complexes are repregkns individual software ob-
jects. Reactions between molecules occur stochasticalgrding to probabilities derived
from known rate constants. An important feature of the paogrs its ability to represent
multiple post-translational modifications and conforroatéil states of protein molecules.

http://www.anat.cam.ac.uk/pages/comp-cell/StochSim.html
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e E-Cell: A Multi-Algorithm, Multi-Timescale Simulation Softw are Environment

E-Cell System is an object-oriented software suite for madeksimulation, and analysis of
large scale complex systems such as biological cells,tastbd by Kouichi Takahashi and
written by a team of developers. Core part of the system, E&iglulation Environment
version 3, allows many components driven by multiple alipons with different timescales
to coexist. E-Cell System consists of the following threeanggrts:

E-Cell Simulation Environment (or E-Cell SE) E-Cell Modelingironment (or E-Cell
ME) E-Cell Analysis Toolkit

http://ecell.sourceforge.net/

e COPASI (Complex Pathway Simulator)

Based on a precursor project, Gepasi, COPASI incorporatesdalrgenerator, different
simulation techniques, optimization routines, methodsfnonlinear dynamics and user-
friendly visualization platforms. This new software wilh&ble experimental biochemists
around the world to simulate complex metabolic processeslia without having to mas-
ter complex mathematical and computer skills. COPASI safwall greatly expand our
knowledge of cellular processes, merging the future ofdgplwith computational model-
ing and simulation.

http://www.vbi.vt.edu/research/projects/resproj_mendes__
copasi.htm

e Systems Biology Software Project

Researchers in quantitative systems biology make use ofj@ rarmber of different soft-
ware packages for modeling, analysis, visualization, akegal data manipulation. The
Systems Biology Workbench (SBW), is a software framework tHatva heterogeneous
application components-written in diverse programmingglaages and running on differ-
ent platforms-to communicate and use each others capadbnia a fast binary encoded-
message system. Our goal was to create a simple, high paricenopen-source software
infrastructure which is easy to implement and understaByV &nables applications (po-
tentially running on separate, distributed computersptomunicate via a simple network
protocol. The interfaces to the system are encapsulatdeémt-side libraries that we pro-
vide for different programming languages.

http://sbw.kgi.edu/research/sbwintro.htm

e MCell and DReAMM (A General Monte Carlo Simulator of Cellular Mic rophysiol-
0gy)

Cells are tightly packed with structures and molecules thatycout the day-to-day op-
erations of living. Understanding how cellular design dies function is essential to un-
derstanding life and disease, in the brain, heart, or eleesvhMCell (Monte Carlo cell)
is a program that uses spatially realistic 3-D cellular m®dad specialized Monte Carlo
algorithms to simulate the movements and reactions of mt#savithin and between cells-
cellular microphysiology.

http://www.mcell.psc.edu/

e SigPath
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SigPath is a prototype of an information system for cell algyy pathways and networks.
A primary emphasis of SigPath is that biochemical inforottan be stored both at the
qual- itative and quantitative levels. When information tiered quantitatively, SigPath
can assist users in generating quantitative models thabeamsed to simulate how the
concentrations of the molecules involved in a model chanvge time.

http://icb.med.cornell.edu/services/sp-prod/sigpath/
mainMenu.action

BioSigNet-RRH

BioSigNet-RRH is a knowledge-based system for RepresentingsoReey and Hy-
pothesizing about signal networks. It consists of two congmis: BioSigNet-RR and
BioSigNet-H. BioSigNet-H

BioSigNet-H takes input including a knowledge base (KB) anskobations. The observa-
tions are assumed not to be explained by the KB. BioSigNet-ldigees hypotheses which
are modifications to the KB to account for the observationsldo provides the ranking
of hypotheses. The KB and observations are encoded usinBRheomponent. Both

the reasoning engines of the H and the RR component are imptechesing Smodels
(AnsProlog).

http://www.public.asu.edu/ ~ nhtran/signet/

Mathematica

Mathematica and Matlab are two extensive general-purpmses for computation and vi-
sualisation of any type of mathematical models. Mathermaascproduced by Wolfram
Research (http://www.wolfram.com) and exists currentlyession 5 for the operating
systems Microsoft Windows, Macintosh, Linux, and severalxUariants. A valuable
source of help is the newsgroup

news://comp.soft-sys.math.mathematica.

Matlab

Matlab is produced by MathWorks (http://mathworks.com)athb is available for the
same platforms as Mathematica. A repository exists for-asatributed files Ifttp:

IlIwww.mathworks.com/matlabcentral/fileexchange andhttp://www.
mathtools.net/MATLAB/toolboxes.html ) as well as a newsgrouméws://
comp.soft-sys.matlab ) for getting help.
5 Publication
5.1 Journals
¢ Bioinformatics
The leading journal in its field, Bioinformatics publisheg thighest quality scientific pa-
pers and review articles of interest to academic and indlisesearchers. Its main focus
is on new developments in genome bioinformatics and contipnt biology. Two dis-
tinct sections within the journal - Discovery Notes and Apglion Notes- focus on shorter
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papers; the former reporting biologically interestingodigeries using computational meth-
ods, the latter exploring the applications used for expenits.

http://bioinformatics.oxfordjournals.org/

e Molecular Biology and Evolution

Molecular Biology and Evolution (MBE) publishes research la interface between
molecular and evolutionary biology. The journal publishegestigations of molecular
evolutionary patterns and processes, tests of evolurdmgrotheses that use molecular
data, and studies that use molecular evolutionary infaomab address questions about
biological function at all levels of organization. Reporfsamrk on comparative and evo-
lutionary genomics and the evolution of molecular struetaind function are particularly
welcome.

http://mbe.oxfordjournals.org/

¢ Journal of Computational Biology

A peer-reviewed journal providing a forum for the commutima of technical issues as-
sociated with the analysis, management, and visualizatiarellular information at the
molecular level. Includes papers on genomics, mathenhaticdeling and simulation, dis-
tributed and parallel biological computing, designinglbgical databases, pattern match-
ing and pattern detection, linking disparate databasesdaitag new tools for computational
biology, relational and object-oriented database teayyofor bioinformatics, biological
expert system design and use, reasoning by analogy, hyg®fleemation and testing by
machine, and management of biological databases.

http://www.liebertpub.com/publication.aspx?pub_id=31

e The Journal of Cell Biology

The Journal of Cell Biology publishes papers on all aspectglidlar structure and func-
tion. Areas of interest include, but are not restricted tal@ar organization and structure,
protein and membrane trafficking, signal transductiomsileton and molecular motors,
cell cycle and division, cell growth, survival and death|udar adhesion and motility, and
intercellular communication. The Editors also encourdgedubmission of manuscripts
that define the interfaces between cell biology and othaldjedspecially those elucidat-
ing the cell biological basis of problems in immunology, reaiology, microbial pathol-
ogy, developmental biology, and disease. As the methogabgell biology has come to
encompass everything from structural biology to molecblatogy, biochemistry to im-
munocytochemistry, genetics to live cell imaging, subiniss are welcome regardless of
experimental approach.

http://lwww.jcb.org/

e ComPlexUs, Modelling and Understanding Functional Interat¢ions in the Life Sci-
ences

ComPlexUs publishes original articles offering significaeiv insights into the functioning
of complex systems of all kinds, that is systems in which ingott properties and functions
arise from non-trivial collective organization, and whitdnnot be understood by analysis
of the parts of the system alone. The formidable complexXiguch systems ranging from
genetic regulatory networks to marine ecosystems, humamemities and organizations
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to ecologies of interacting technologies demands new expetal and theoretical tools.
Hence, ComPlexUs aims to facilitate communication betwesearchers in a variety of
fields such as medicine, neuroscience, biology, sociolegylogy and bioinformatics, as
well as physics, mathematics and economics, following thaviction that complexity
science can only thrive on the basis of fruitful cross-gliboary exchange.

http://www.complexus.karger.com/

¢ In Silico Biology

The major focus of this journal shall be on the data acqoisjtievelopment, and applica-
tions of theoretical / mathematical / computational toaitodiological systems rather than
on the description of new algorithms. Thus, the journal feitlus on publication of: results

of applied computational biology algorithms provided tlaeg presented together with an
application program systematic compilations of biolobasawell as computational results
from various sources evaluation of original experimengadvith biocomputational tools

WWW:-online resources for experimental scientists

http://lwww.bioinfo.de/isb/

e Genetic and Molecular Research

GMR is a peer-reviewed, all-electronic journal availablena charge to readers via the
Internet on the FUNPEC (Ribeiro Preto foundation for red@aveebsite. The overall
aim of GMR is to publish original, outstanding research pape the areas of Genetics,
Molecular Biology and Evolution.

http://www.funpecrp.com.br/

¢ Signal Transduction Knowledge Environment (STKE)

The overarching goal of Sciences STKE is to identify and tigva mix of tools and ap-
proaches (algorithms, schemas, programs, and human pagjanial structures) that are
stable, scalable, interoperable, and cost effective fovidng access to information on
cell signaling. All aspects of Sciences STKE are designdddititate the sites main pur-
pose, which is to maximize the efficiency with which the reaglthers, assimilates, and
understands information about cell regulatory proces¥és strive to increase the likeli-
hood of the scientist making new connections between faots fiscrete sources, and to
support educational, collaborative, and community bogdefforts. An additional goal of
the site is to better understand and provide the tools arahargtional structures scien-
tific authorities need when they attempt to systematize keage of cell signaling into the
Connections Map database. As we meet our goals of incredsrspeed and effectiveness
of information transfer, we expect all STKE users to benefit.

http://stke.sciencemag.org/

¢ Biology of the cell

Biology of the Cell publishes original research articles agdaws on all aspects of cel-
lular and molecular biology and cell physiology, e.g. stowe-function relationships with
respect to basic cell and tissue functions, developmenirobelogy, immunology, mi-
crobiology and protistology, and plant biology. The Joliadao publishes a new specific
discussion and general interest section called Scientaga

http://www.biolcell.org/
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e Cell Biology International

Cell Biology International is the official publication of theternational Federation for Cell
Biology. Each month, the journal publishes easy-to-asaimjilup-to-the-minute reports of
experimental findings by researchers using a wide rangedéitbst techniques. Promoting
the aims of cell biologists world-wide, papers relatingtroisture and function - especially
where the findings are seen in a whole cell (physiologicaljtext - are very welcome.
In covering all areas of the cell, the journal is both appeptnd accessible to a broad
audience.

http://lwww.elsevier.com/wps/find/journaldescription.cws__
home/622803/description#description

e Cell Calcium

Cell Calcium covers all fields of calcium metabolism and sitymgiin living systems, pub-

lishing works from all branches of life science and medicimbis includes all aspects of
calcium in biological systems from inorganic chemistry tyygiology, molecular biology

and pathology.

http://lwww.elsevier.com/wps/find/journaldescription.cws__
home/623014/description#description

o Cell Metabolism

Cell Metabolism publishes reports of novel results in anyaaremetabolic biology, from
molecular and cellular biology to translational studieke Tinifying theme is homeostatic
mechanisms in health and disease, from simpler model sgsdirthe way to the clinic.
Published work should not only be of exceptional signifieandthin its field, but also of
interest to researchers outside the immediate area. Cedllddiidm also provides expert
analysis and commentary on key findings in the field. The jalsrmission is to provide a
forum for the exchange of ideas and concepts across the emtitabolic research commu-
nity, cultivating new areas and fostering cross-discguyncollaborations in basic research
and clinical investigation.

http://www.elsevier.com/wps/find/journaldescription.cws__
home/704292/description#description

e Cellular Signalling

This journal publishes full-length, original papers comgrall aspects of mechanisms, ac-
tions and structural components of cellular signallingtesys. The emphasis is on ef-
fector systems, such as protein kinases, lipid signalliapways, cyclic nucleotide sig-
nalling processes, NO signalling and ion channels; theymtoh, regulation, degradation
and action of second messengers; the structure, regyla@gnadation and action of re-
ceptors; guanine nucleotide regulatory proteins; biosimiatic studies related to cell sig-
nalling mechanisms; compartmentalisation/compartmiemtaf signalling systems; an-
chor/scaffold signalling proteins; the effect of cellukgnalling events on the function-
ing, growth and differentiation of cells in normal and pddgical states and also cellu-
lar oncogenes. Within the scope of the journal, manuscdpting with biochemistry,
protein structure, cell biology, molecular biology, phacuology, neurobiology, molecular
endocrinology and molecular oncology are welcomed. Thenglalso publishes original
reviews on topical subjects.
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5.2

http://lwww.elsevier.com/wps/find/journaldescription.cws__
home/525462/description#description

Current advances in cell & developmental biology

Contents: Major subject areas covered include: Cell surfae#;unctions and cell adhe-
sion; Endocytosis, phagocytosis, exocytosis; Secretignal transduction mechanisms;
Cytoplas- mic membranes; Intracellular transport and pglaCell growth and division;
Growth factors and inhibitors; Cellular senescence andh¢éaytoskeleton; Cell motil-
ity; Extracellular ma- trix; Tumor cell biology; Differefsttion; Culture studies; Gamete
biology and fertilization; Development of tissues and oigyaDetermination, pattern for-
mation and morphogenesis; Re- generation; Developmentatigs; Molecular biology
of development; Embryonic development; Post-embryomeld@ment; Techniques.

http://lwww.elsevier.com/wps/find/journaldescription.cws__
home/733/description#description

Trends in Cell Biology

Trends in Cell Biology is among the leading review journals iolecular and cell biol-
ogy (Impact Factor 19.6; ISI 2003). Review articles publéleach month monitor the
breath and depth of current research in cell biology, répgdn new developments as they
happen and integrating methods, disciplines and pringipgd articles are commissioned
from leading scientists and then subjected to stringent-pgew, ensuring balance and
accuracy. In addition to Reviews, Trends in Cell Biology puidis Opinion and Research
Focus articles. Opinion articles follow trends and innaxatdeas whilst the Update sec-
tion is designed to highlight recent advances in a partiaelsearch field providing insight
on the implications of the new developments as well as fyterspectives and directions.

http://lwww.elsevier.com/wps/find/journaldescription.cws__
home/422552/description#description

Conferences

The Pacific Symposium on Biocomputing (PSB)

The Pacific Symposium on Biocomputing (PSB) 2006 is an inteynak, multidisciplinary
conference for the presentation and discussion of curesetarch in the theory and appli-
cation of computational methods in problems of biologioghgicance. Papers and presen-
tations are rigorously peer reviewed and are published i@reahmval proceedings volume.
PSB 2006 will be held January 3-7, 2006 at the Grand Waileaaitled, Maui. Tutorials
will be offered prior to the start of the conference.

PSB 2006 will bring together top researchers from the USAian Pacific nations, and
around the world to exchange research results and addressisgues in all aspects of
computational biology. PSB is a forum for the presentatibwork in databases, algo-
rithms, interfaces, visualization, modeling, and othenpatational methods, as applied to
biological problems, with emphasis on applications in gath areas of molecular biology.

The PSB has been designed to be responsive to the need iimalgrifiss in sub-disciplines
within biocomputing. For that reason, it is the only meetwlgose sessions are defined
dynamically each year in response to specific proposals. $€SBions are organized by
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leaders in the emerging areas and targeted to provide a flonpublication and discussion
of research in biocomputing’s "hot topics.” In this way, PB®vides an early forum for
serious examination of emerging methods and approachbksirapidly changing field.

http://psb.stanford.edu/

e Computational Methods in Systems Biology

Molecular biology has traditionally considered biolodio®@lecules as isolated entities or
as components of simple systems. However these molecutgsipate in very complex
networks in living systems, including: regulatory netweflar gene expression; intracellu-
lar metabolic networks; and both intra- and intercellulamenunication networks. Recent
progress in biology in high-throughput data-productiaht®logies has given the prospect
of a new approach, focussing on how components work togatharsystem. The CMSB
workshop is intended to catalyze the convergence betweeeliecs (theoretical computer
scientists from fields such as language design, concurtéeoyy or program verification,
mathematicians and physicists) and biologists interestesiich a systems-level under-
standing of cellular processes.

http://homepages.inf.ed.ac.uk/v1bklin/cmsb05/
http://www.biopathways.org/CMSB04/
http://www.unitn.it/convegni/cmsb.htm

e 2nd International Symposium on Computational Cell Biology0@0

The Symposium for Computational Cell Biology provides a unigpeortunity for cell
biologists who are interested in computational approatbesteract with theoreticians
and computer scientists who are developing computationaletmg applications for cell
biological processes. The scientific focus of the meetingnisareas of cell biology for
which modeling approaches are currently being developedhai are ripe for compu-
tational modeling approaches. Topics at the meetings widbempass a range of cellular
mechanisms including regulation of the cytoskeleton antkowar motors, membrane and
protein trafficking, regulation of calcium dynamics, sigtransduction pathways, and cell
cycle control.

http://www.nrcam.uchc.edu/2ndsymposium/main.html

¢ International Conference on Systems Biology (ICSB)

The International Conference on Systems Biology (ICSB) aimsiaging together re-
searchers working in the field of Systems Biology and related fo present the current
status of there research and to discuss future directiotieeaiesearch. The important of
the system-level understanding of biological systems dgivng increasing recognition
recently. Nevertheless, the efforts are still sporadicthede is no conference specifically
focused on this topic. While there are conferences on biomméddics, the threads of the con-
ferences are the use of computers in various aspects ofjyi@ad not necessarily viewed
from the systems-level perspectives. Thus, these cordeserover broadly from sequence
database, protein structures to gene networks, and ledssiswn the system-level under-
standing. Therefore, the goal of the conference is to cieefdeum of discussion for those
who are interested in system-level understanding fronouarapproaches for various bi-
ological sytems, so that such efforts can form a coherenlsizape. Systems Biology that
focuses on sytsem-level understanding can be a major ihrbgilogy in the 21st century.
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http://www.symbio.jst.go.jp/systemsbiology/news/icsb/
http://www.icsb2001.org/
http://icsb2003.molecool.wustl.edu/
http://www.icsb2004.org/

http://csbi.mit.edu/icsb-2005

¢ SIAM Conference on the Life Sciences 2004

The SIAM Activity Group on Life Sciences brings togetheregaschers who seek to de-
velop and apply mathematical and computational methodl areas of the life sciences.
This conference of the activity group will provide a crossetplinary forum for catalyzing
mathematical research relevant to the life sciences. Ifadllitate rapid diffusion of new
mathematical and computational methods in the life scieremed may stimulate more re-
searchers to work in these important areas. Mathematidiéascientists, computational
biologists, bioengineers and others interested in matheahand computational analysis
of biological systems are encouraged to attend.

http://www.siam.org/meetings/Is04/

e European Conference on Artificial Life (ECAL)
http://kal-el.ugr.es/ecal95.html
http://diwww.epfl.ch/lami/ecal99/
http://www.comdig2.de/Conf/ECAL2003/
http://www.ecal2005.org/

¢ International Conference on the Simulation and SynthesisfdLiving Systems (ALIFE)
http://alife6.alife.org/
http://alife7.alife.org/
http://www.alife.org/alife8/
http://www.alife9.org/
http://www.alifex.org/

e Foundations of Systems Biology in Engineering (FOSBE)

FOSBE 2005 (Foundations of Systems Biology in Engineeringfesfirst in a series of
a con- ferences offered by the CACHE organization to addresenmerging challenges
in the field of Systems Biology. The conference is unique in thaddresses not only
current research problems, but also the curricular devedmps and industrial needs and
challenges in this important intersection of biology andieeering. FOSBE brings to-
gether researchers from biochemical engineering, syséeigimeering, complex systems
research, computational biolo- gists, computer scienog experimental biologists. Fur-
thermore, the audience will include academic researcbepgrts from industry (including
pharmaceutical, biotech, and biomedical products), gowent laboratories (DOE, and
Department of Defense), and federal funding agenciestusésthe advances, challenges,
and emerging opportunities in systems biology.

http://www.fosbe.org/
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e Genetic and Evolutionary Computation Conference (GECCO)

The Genetic and Evolutionary Computation Conference (GECCOpvasent the latest
high-quality results in the growing field of genetic and exmnary computation. Top-
ics include: genetic algorithms, genetic programming,lgi@n strategies, evolutionary
programming, real-world applications, learning classsigstems and other genetics-based
machine learning, evolvable hardware, artificial life, ptilee behavior, ant colony opti-
mization, swarm intelligence, biological applicationgpkeitionary robotics, evolutionary
combinatorial optimization, coevolution, artificial imme systems, and more.

http://www.sigevo.org

e Workshops on Membrane Computing - At the Crossroads of Cell Bitogy and Com-
putation (WMC)

To bring together researchers working in membrane comguatind related areas (such as
DNA computing, artificial life, computational biology, they of computation) in a friendly
atmosphere enhancing communication and cooperation.efsutbtitle suggests, the focus
will be on bringing membrane systems back to biology.

http://psystems.disco.unimib.it

¢ International Meetings on DNA Computing (DNA)

Biomolecular computing has emerged as an interdisciplifigig that draws together
chemistry, computer science, mathematics, moleculaogyoland physics. Our knowl-
edge of DNA nanotechnology and biomolecular computingaases dramatically with
every passing year. The international meeting on DNA Comgutas been a forum where
scientists with different backgrounds, yet sharing a commterest in biomolecular com-
puting, meet and present their latest results.

http://hagi.is.s.u-tokyo.ac.jp/dna/

e Synthetic Biology
http://web.mit.edu/synbio/release/conference/speakers.htmi
http://lopenwetware.org/wiki/BioBricks_abstraction_hierarchy
http://syntheticbiology.org/

6 Selected Research Groups

e MIT, Doug Lauffenburgers Research Group

Cell Signaling and Regulatory Networks: In this area we amengtting to understand, in
terms of quantitative systems dynamics, regulation andedysation of cell phenotypic
behavioral responses (e.g., death, proliferation, diffeation, migration) as governed by
signaling networks activated by growth factors, cytokjresd extracellular matrix. We
have a major focus on the EGF receptor family, which is stisongplicated in cancer
progression, and on the TNF receptor family, which is inedlin cell death/survival deci-
sions in response to tissue. Our goal is to develop predictwnputational models for cell
phenotypic decisions in terms of underlying signaling reetproperties, with application
to drug discovery and development.
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http://web.mit.edu/dallab/researcha.htm

e Stanford University, Nolan Lab

The laboratory focuses on signaling in the immune systemsamdly of host processes
that HIV-1 exploits. Control of apoptosis, autoimmunitygégenesis, retrovirology, and
blockade of HIV-1 infection are prominent in our studies. W advanced Flow Cyto-
metric analysis (FACS) of phosphoproteins in single celld daminant effector genetics
to achieve many of our goals. For this we have developed a&rahBACS assays, cDNA
and peptide expression systems using viruses, and sialjlgenetic selections, to study
pathways of interest to us.

http://www.stanford.edu/group/nolan/

e University of New Mexico, Center for the Spatiotemporal Modeing of Cell Signaling
Networks

The STMC is a NIH/NIGMS Center of Excellence in Complex Biometliystems Re-
search located in the Health Sciences Center (HSC) at the tditivef New Mexico, and
with co- leaders and members in the College of EngineeringCoilgége of Arts and Sci-
ences and at Sandia National Laboratory. Its goals are:tégriate mathematical, statisti-
cal and computational modeling into ongoing research orpdexcell signaling networks;
to provide students with the biological, mathematicaltistiaal and computational tools
needed to conduct complex biomedical systems researchisserdinate modeling soft-
ware and cell signaling knowledge to the biomedical and qmumational communities.

http://cellpath.health.unm.edu/stmc/

¢ University of Connecticut Health Center, the National Resarce for Cell Analysis and
Modeling (NRCAM)

NRCAM is developing a unique software modeling environmdra Mirtual Cell, for quan-
titative cell biological research. NRCAM is currently fundidough the NCRR, National
Center for Research Resources, a component of the Nationéiesof Health (NIH).

http://www.nrcam.uchc.edu/

e Keck Graduate Institute, Computational Systems Biology

This site is devoted to computational aspects of biochdnmetwvorks, their dynamics,
function and evolution, be they metabolic, signal or gentsvaeks. Various labels have
been used to describe the study of such networks, includysge®s Biology, 'Compu-
tational Biology or even perhaps Molecular Physiology. W# use the label Computa-
tional Systems Biology to cover an area of research concavitedhow chemical networks
within living systems behave.

http://sbw.kgi.edu/
e Carnegie Mellon University, The Center for Quantitative Biological Simulation
(CQBS)

Research efforts encompass large scale, high performangeptming development, pre-
dominantly MCell, PSC DX, and DReAMM, and their applicatiorgtmantitative modeling
and simulation in a variety of biological settings. Educatefforts encompass workshops
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on spatially realistic cell modeling conducted with the NRB&E€ well as extensive web-
based technical and scientific tutorials and referencenmdtion on in-house software and
computational microphysiology applications.

http://www.mcell.psc.edu/index.html

e Cornell University, Institute for Computational Biomedici ne (ICB)

ICB realizes potential of mathematics and computation t@eoé the study of medicine.
Employing the tools of applied mathematics and computsetidgechnologies to enable
physicianscientists to attack complex medical problemsésly beyond their reach.

http://icb.med.cornell.edu

¢ University of Toronto, Attisano and Wrana Lab

Study of molecular mechanism underlying TGF superfamdyaling. Use of biochemical
and molecular genetic approaches.

http://ana30.med.utoronto.ca/attisano.htm

e Columbia University, National Center for the Multiscale Analysis of Genomic and
Cellular Networks

Center activities will involve a significant, multidiscipkry effort that will forge new re-
lationships between the biological and computationalrs®e at the interface between
several disciplines including biochemistry and molecbliaphysics, biomedical informat-
ics, computer science, engineering, biology, and appligaips. As such, the Center will
encompass and integrate diverse research areas at vaegregd of granularity.

http://magnet.c2b2.columbia.edu

e University of Helsinki, Institute of Biotechnology and Institute of Biomedicine,
DevSignal-Net

The DevSignalNet has specialised in elucidating the mddeqoathways that regulate
organo- genesis in both vertebrate and invertebrate mgdetms. The focus is in sig-
nalling networks that mediate the communication betwed#la daring morphogenesis and
guide the differentiation of progenitor cells. Speciaknest are the following topics: In-
ductive interactions in organogenesis Regulation of stelinbedaviour Evolutionary
developmental biology Regulation of gene expression atetved bf RNA processing

http://www.biocenter.helsinki.fi/devsignalnet/

e Facult de Mdecine Toulouse, Laboratoire dinteractions et Sigalisation Cellulaire :
relations hte-pathogne

Thmes de recherche: Analyse de la rponse du pneumocoquenda dellulaire, la con-
centration loxygne, la disponibilit en sources de carbdra galeur du pH Pathognie,
pidmiologie et taxonomie des bactries tropisme respiratoPseudomonas aeruginosa et
Burkholderia cepacia

http://www.ups-tlse.ffRECHERCHE/le_laboratoire.php3?
codelLabo=1936
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7 Conclusion

This report surveys aspects of the state of the art with detgaworkpackage 3. Considering a
bibliography, online databases and tools, software, quai$ for publication, and selected exter-
nal research groups, it serves as a basic document for figtindies.
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A Glossary

Allostery In biochemistry, an enzyme or other protein is allosterigsfactivity or efficiency
changes in response to the binding of an effector molecldesatcalled allosteric site. Changes
that enhance activity are referred to as allosteric aatimatvhile the opposite is called allosteric
inhibition. "Allostery” is derived from the Greek "othertsi’, referring to the typical scenario in
which an enzyme’s allosteric and active sites are distinct.

Anabolism the energy-requiring building phase of metabolism in whighpler substances are
combined to form more complex substances.

ApoptosisA normal series of events in a cell that leads to its death.

ATP (Adenosine TriPhosphate) A molecule consisting of adenosine (adenine plus a ri-
bose sugar) and three phosphate groups. The last two phespra joined by high energy
bonds which provide energy used in chemical reactions ssakespiration and glycolysis. In
plants, ATP is formed in the chlorplasts during photosysihe

Autocatalysis A single chemical reaction is said to have undergone awdbysas, or be
autocatalytic, if the reaction product is itself the casalpr that reaction.

Autopoiesis Autopoiesis literally means “self-production” (from therggk: auto for self-
and poiesis for creation or production) and expresses aafuedtal complementarity between
structure and function. The term was originally introdudsd Chilean biologists Francisco
Varela and Humberto Maturana in the early 1970s: The caabeixample of an autopoietic
system, and one of the entities that motivated Varela andifdag to define autopoiesis, is the
biological cell.

CAS/Crk signalling Molecular coupling of p130CAS and Crk occurs in response te-int
grin activation and plays a pivotal role in signalling pa#tys, culminating in cell proliferation,
survival and migration [Chodniewicz and Klemke 2004].

Deregulated CAS/Crk signalling mechanisms are involved & ghthogenesis of malignant
metasases [Chodniewicz and Klemke 2004]. The Abl proteimisgative regulator of CAS/Crk
coupling, serving to suppress the CAS/Crk-mediated sigiiptiascade. CAS/Crk-mediated cell
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invasion and survival requires activation of the small G§&°Rac, while uncoupling CAS from
Crk prevents migration and induces apoptosis of the invdaaiveur cells.

Catabolism The metabolic breakdown of large molecules in living orgami with accom-
panying release of energy.

Catalysis An increase in the velocity of a chemical reaction or procpssduced by the
presence of a substance that is not consumed in the net clee®ction or process; negative
catalysis denotes the slowing down or inhibition of a re@attr process by the presence of such
a substance.

Catalyst A chemical substance that increases the rate of a reactitmouwti being con-
sumed; after the reaction it can potentially be recoverethfthe reaction mixture chemically
unchanged. The catalyst lowers the activation energy reduallowing the reaction to proceed
more quickly or at a lower temperature. In a fuel cell, thealyest facilitates the reaction of
oxygen and hydrogen. It is usually made of platinum powdey ¥einly coated onto carbon
paper or cloth.

Cell Smallest unit of life (single cell organism or bacteria) amituof higher organisms,
i.e., multicellular organisms. Cells are surrounded by &ronembrane (and cell wall in bacteria
and plants = a membrane plus some chemically more stabletgtes, often mixtures of
proteins and polysaccharides) and contain all necessamegits to sustain life; proteins, nucleic
acids, lipids, minerals, and a diverse class of metabolitéslls of higher organisms (known
as eukaryotes) are subdivided into subcellular compatisnealled organelles such as the
mitochondrion, the cell nucleus, the endoplasmatic retroy the Golgi apparatus and many
smaller organelles with highly specialized functions. \Whall these organelles are found in
animal cells, plant cells in addition contain a central \@euhat controls pressure to stabilize
the cell and chloroplasts, the site of photosynthesis dit ldgpended biosynthesis of sugars
(carbohydrates).

Cell-cell signaling Any process that mediates the transfer of information frame cell to
another.

cell-cell signaling involved in cell fate commitmentSignaling between cells that results
in the commitment of a cell to a certain fate. This is often@lby secretion of proteins by one
cell which affects the neighboring cells and causes thendopiza certain fate.

Chemotaxis Directional movement (migration) of biological cells organisms in response to
concentration gradients of chemicals, whereby the celisatiracted or repelled by substances
exhibiting chemical properties.

Chemoton The chemoton model was introduced by Gnti in 1971 (see rewsaw 2002)
as a fundamental unit model of living systems. It consistshiee functionally dependent
autocatalytic subsystems: the metabolic chemical netwhektemplate polymerization and the
membrane subsystem enclosing them all. The correct furingoof the chemoton lies in the
precise stoichiometric coupling of the three subunits. nduges that both the surface and the
inner components evolve into doubling their initial vallegding to the subsequent division into
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two identical chemotons. Besides the detailed introdugbapers of G nti, only a few studies of

this model exist in the literature, presentinh however i@ictory conlusions. The present study
aims toward a thorough survey of the chemoton’s charatitarjssuch as replication period or

optimal template length, in the parameters’ space. Addliiy, a comparative study between
the deterministic approach and the stochastic one is peefdr

CSNDB (Cell Signaling Networks Database)A database for cell signaling networks.
http://geo.nihs.go.jp/csndb.html . Doesnt seem to be running anymore

Crosstalk The undesirable addition of one signal to another in a diragually caused by
coupling through parasitic elements. An example would lmRigtive or capacitive coupling
between adjacent conductors.

Cytokine Proteins manufactured by cells of various lineages thatenwbecreted, drive
specific responses (eg, proliferation, growth, or matargtin other susceptible cells.

Cytoplasm the protoplasm of a cell excluding the nucleus, The matdretiveen the nu-
clear and cell membranes; includes fluid (cytosol) orgasetnd various membranes.

Cytosolic The cytosol (as opposed to cytoplasm, which also includes diganelles) is
the internal fluid of the cell, and a large part of cell metaal occurs here. Proteins within
the cytosol play an important role in signal transductiothpays, glycolysis, and they act as
intracellular receptors and form part of the ribosomesbkng@ further protein synthesis. In
prokaryotes, all chemical reactions take place in the ojtos

Dimerization Dimerization is the formation of a polymer from two simildremical structures.

Eukaryote Living organism composed of one or more cells with a distinocleus and
cytoplasm. Includes all forms of life except viruses andieaa (prokaryotes).

G protein
Synonym:GTP binding protein

A heterotrimeric guanine nucleotide binding protein tha@nsduces a signal derived from
a transmembrane receptor; also, small cytoplasmic potbat regulate intracellular process.

Gap junction A specialized area of apposed plasma membranes contaimingexons,
proteins that bridge the extracellular space and that ah@xytoplasm of one cell to communi-
cate with that of the other cell.

Genetic regulatory network A gene regulatory network (also called a GRN or genetic
regulatory network) is a collection of DNA segments in a edlich interact with each other and
with other substances in the cell, thereby governing thesrat which genes in the network are
transcribed into mMRNA.

HomeostasisIn biology used to describe a condition where an organismntaigis a sta-
ble structure where in fact a constant flux of molecules acuhlthough many organisms
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can live for years, all cellular components like proteingmranes, sugars, and nucleic acids
are constantly recycled while never compromising the megf the organism as a whole.
This turnover processes can be characterized by specifilifealalues that for most proteins,
membranes, and RNA (but not DNA structures) are measuredurshén a more narrow sense
homeostasis refers to the maintenance of water and sakotraton in cells

Kinase
Synonyms:Phosphokinase, Phosphotransferases, Transphosphesylas

An enzyme that catalyzes the transfer of phosphate groups & high-energy phosphate-
containing molecule (as ATP or ADP) to a substrate.

Ligand A small molecule that binds specifically to a larger one; fgarmaple, a hormone
is the ligand for its specific protein receptor.

Lysis In biology, lysis refers to the breakdown of a cell caused lbyndge to its plasma
(outer) membrane. Lysis can be caused by chemical or physieans (for example, strong
detergents or high-energy sound waves) or by an infection.

Mesoscopicln physics and chemistry, the mesoscopic scale refers tolethgth scale at
which one can reasonably discuss the properties of a materghenomenon without having
to discuss the behavior of individual atoms. For solids aqdids this is typically a few to
ten nanometers, and involves averaging over a few thous@amasaor molecules. Hence, the
mesoscopic scale is roughly identical to the nanoscopi@notechnology scale for most solids.

Metabolism Sum of the physical and chemical changes that take placeviimgliorgan-
isms. These changes include both synthesis (anabolismbraadédown (catabolism) of body
constituents. In a narrower sense, the physical and chéofiaages that take place in a given
chemical substance within an organism. It includes thekepgand distribution within the body
of chemical compounds, the changes (biotransformationdgngone by such substances, and
the elimination of the compounds and their metabolites.

Metabolic control analysis (MCA)
Synonym:Metabolic control theory

Metabolic control analysis is a phenomenological quatn#asensitivity analysis of fluxes
and metabolite concentrations. In MCA one studies the welatontrol exerted by each step
(enzyme) on the system’s variables (fluxes and metaboliteardrations). This control is
measured by applying a perturbation to the step being stuatid measuring the effect on the
variable of interest after the system has settled to a nexdgistate.

Monomer (Chemistry) Any molecule that can be chemically bound as a ahia poly-
mer. Neutron Star: A collapsed star of extremely high dgndizenerally these objects have
slightly more mass than the Sun, but are only about 10 km ilusad\ neutron star has intense
gravity, and may also have an intense magnetic field anddéastional component. Oort Cloud:
The spherical region around the Sun thought to contain & lawgnber of cometary bodies.
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Osmosis Osmosis is the diffusion of a solvent through a semiperngeeabémbrane from
a region of low solute concentration to a region of high solidncentration. The semipermeable
membrane is permeable to the solvent, but not to the soleseltmg in a chemical potential
difference across the membrane which drives the diffusion.

Organelle A subcellular structure having a specialized function foaraple the mito-
chondrion, the chloroplast, or the spindle apparatus.

Phosphorylation The addition of a phosphate group to a compound by an enzyme (e
thymidine kinase, tyrosine kinase). Phosphorylation iseasential step in many cellular
processes.

Polymer Large organic molecule formed by combining many smalleretgles (monomers) in
a regular pattern.

Polymerization A chemical reaction in which two or more small molecules comabto
form larger molecules that contain repeating structuratsuaf the original molecules. A
hazardous polymerization is the above reaction with an ninclbed release of energy.

Prokaryote Organism made of simple cells that lack a well-defined, maméenclosed
nucleus: a bacterium.

Protein A molecule made up of amino acids that are needed for the bodfuriction
properly. Proteins are the basis of body structures suckiased hair and of substances such
as enzymes, cytokines, and antibodies.

Regulatory sequences
Synonyms:Genetic regulatory element, Regulator regions, nucleid,a@gegulatory regions

Nucleic acid sequences involved in regulating the expoessi genes.

Ribozyme A ribozyme, or RNA enzyme, is an RNA molecule that can catalyzehemi-
cal reaction. Many natural ribozymes catalyze either tbem cleavage or the cleavage of other
RNAs, but they have also been found to catalyze the amind&naas® activity of the ribosome.
Investigators studying the origin of life have producedompmes in the laboratory that are
capable of catalyzing their own synthesis under very smeotfinditions.

Second messengeldn biology, second messengers are low-weight diffusiblelecudes
that are used in signal transduction to relay a signal wiéhaell. They are synthesized or re-
leased by specific enzymatic reactions, usually as a refsait external signal that was received
by a transmembrane receptor and pre-processed by othernamsenéissociated proteins. There
are three basic types of second messenger molecules:

e Hydrophobic molecules like diacylglycerol and phosphdiitbsitols are membrane-
associated and diffuse from the plasma membrane into tiiamembrane space where
they can reach and regulate membrane-associated effeotems.

e Hydrophilic molecules are water-soluble molecules, liké&/F, cGMP, and Ca2+, that are
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located within the cytosol.

e gases, nitric oxide (NO) and carbon monoxide (CO), that ctinsdi both through cytosol
and across cellular membranes.

These intracellular messengers have some properties imoam
e They can be synthesized/released and broken down agaiadgifispeactions by enzymes.
e Some (like Ca2+) can be stored in special organelles andlguieleased when needed.

e Their production/release and destruction can be locglizedbling the cell to limit space
and time of signal activity.

http://www.nationmaster.com/encyclopedia/Second-messenger

SPAD (Signaling Pathway Database)The Signaling PAthway Database is an integrated
database for genetic information and signal transductstess.
http://www.grt.kyushu-u.ac.jp/spad/

Signal transduction The cascade of processes by which an extracellular sigypicélly

a hormone or neurotransmitter) interacts with a receptahatell surface, causing a change
in the level of a second messenger (for example calcium diccad1P) and ultimately effects

a change in the cell’s functioning (for example, triggerigigcose uptake, or initiating cell
division). Can also be applied to sensory signal transdagcég. of light at photoreceptors.

Stoichiometric Calculation of the quantities of chemical elements or compisuinvolved
in a chemical reaction.
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