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1.1 Intr oduction

Complex multicellularorganismscontainlargegenomesin whicheachstructuralgeneis asso-
ciatedwith at leastoneregulatoryelementandeachregulatoryelementintegratestheactivity
of at leasttwo othergenes.Thenatureof suchregulationstartedto beunderstoodfrom the
analysisof smallprokaryoticregulationsubsystemsandthecurrentpictureindicatesthat the
websthat shapecellular behavior are very complex. Actually, integration of extracellular
signalsofteninvolvesthecrosstalkbetweensignalcascadesthathasbeensuggestedto share
somecommontraitswith neuralnetworks[1]. In arelatedcontext, detailedanalysesof subsets
of interactinggenesreveal thatcell biology is highly modular[2]. Here“modules”aremade
up of many speciesof interactingmoleculesandthe functionalrelevanceof thesesubnetsis
highlightedby theobservationthatthey areconservedthroughevolution.

In many cases,proteinscomposedby multiple subunits behave asswitch-like elements
thatcan¤ip, for example,from anactiveto aninactivestateandback.Theswitchingbehavior
of thesecomplexes,togetherwith the underlyinginformationprocessingthat takesplaceat
the network level, allows for a computationaldescriptionof intracellularsignaling. In this
context, onemightconsidersomekey featuresof standardcomputationalsystemsthatshould
applyhere.Oneparticularlyimportantaspectis theresilienceof thesignalingnetwork under
differentsourcesof perturbation.Theanalysisof mutationalrobustnessin differentorganisms
revealedanextraordinarylevel of homeostasis:in many casesthetotal suppressionof agiven
genein agivenorganismleadsto asmallphenotypiceffector evento noeffectatall [3, 4].

Following the analogywith engineeredsystems,the immediateexplanationfor suchro-
bustnesswould comefrom the presenceof a high degreeof redundancy. Undermutation,
additionalcopiesof a given genemight compensatethe failureof theothercopy. However,
theanalysisof redundancy in genomedataindicatesthatredundantgenesarerapidly lostand
thatredundancy is not theleadingmechanismresponsiblefor mutationalrobustness[4].

Theoriginsof robustnessagainstmutationsis particularlywell highlightedby theanalysis
of genome-widescaledataof thebuddingyeastSaccharomycescerevisiae[4]. Themaincon-
clusionof this studyis thatthemajorcauseof robustnesscomesfrom theinteractionsamong
unrelatedgenes. This mechanismwould be illustratedby the following example: given a
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Figure 1.1: Thedomainof molecularinteractionamongp53andMDM2 is shown in this 3D
reconstruction[5]. MDM2 (herein cyan)bindsaspeci£cdomainof p53in aregion(hereshown
in yellow) importantfor theinteractionof p53with componentsof thetranscriptionmachinery.

metabolicnetwork, completelyunrelatedenzymescancatalysedifferent reactionsbut con-
tribute to a pathway whosegoal is to sustainan optimal ¤ux of metabolites.Under these
conditions,mutationsin genesencodingthoseenzymeswill have little or mild effects.Addi-
tionally, it is interestingto seethatmany examplesof experimentalbiotechnologymanipula-
tionsinvolving thetinkeringof oneor two genesfail to reachtheexpectedgoals:very often,
counterintuitive outcomesareobtained.

On the otherhand,mutationsinvolving somekey genescanhave very importantconse-
quences.This is thecase,in particular, of thep53tumorsuppressorgene,Figure1.1,which is
known to play a critical role in genomestability andintegratesmany differentsignalsrelated
to cell-cycle or apoptosis(cell death)[6]. This andothertumor-suppressorgenespreventcell
proliferation(thuskeepingcell numbersundercontrol)but canalsopromoteapoptosis.The
exampleof p53is particularlyimportantbecauseit is mutatedor thereis afunctionaldefectin
thep53pathway in approximatelyhalf of humancancers.Thep53network (partially shown
in Figure1.2) is quitewell-known in mammalsandinvolvesgenesthatcontrol,for example,
apoptosis,the developmentof blood vessels,or cell differentiation. The coreof this net is
de£nedby thefeedbackloop existing betweenp53andits negative regulator, theMDM2 on-
coprotein. In invertebrates(suchasDrosophila) homologuesof p53 areknown to be active
throughoutearlydevelopment[7].

Thefactthatmany mutationshave little or no effect seemsto beconsistentwith thepres-
enceof genesthateithercannotpropagatetheir failureor whosefunctioncanbereplacedby
otherpartsof thenet.Thepresenceof somegenesthatintegratemultiplesignalsandcantrig-
gerwidespreadchangesundertheir failureshows that theunderlyingnetwork includessome
highly-connectedhubs. It seemsto be a compromisebetweenintegrationandhomeostasis
thatshouldbeobservablewhenlookingat themapof interactionswithin thecellularnet.

Althoughacompletedescriptionof cellularnetworkswould requiretheexplicit consider-
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Figure 1.2: Schematicarchitectureof the p53 network. The p53 nodeintegratesinformation
from very differentpartsof the system. Only part of the cell circuitry is shown here. For a
detailedpresentation,seeRef. [8].

ationof dynamics,topologicalapproaches—inwhich only thestaticarchitectureof thenetis
considered—areoftensuccessfulin providing insight into biologicalcomplexity. This is the
case,for example,of somemodelsof ecologicalnetworks: in spitethatpopulations¤uctuate
in timeandchangesin biomassor productivity takeplaceatdifferentscales,someof thefun-
damentalregularitiesexhibitedby food webscanbefairly well explainedby meansof static
approaches[9]. Besides,thecomparisonof a wide rangeof complex networks(bothnatural
andarti£cial) revealsthat strongregularitiesaresharedby them,in spitethat their underly-
ing components,the natureof their interactions,andtheir time scalesarevery different. In
this chapterthetopologicalpatternsdisplayedby thesenetworkswill beexplored.As will be
shown, thecompromisebetweenstability andintegrationcanbemadeexplicit by looking at
thelarge-scaleorganizationof cellularnetworks.
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1.2 Cellular networks

Themolecularbasisof geneticcontrolin cells,particularlyin eukaryoticcells(i. e. cellswith
nucleus)is oneof themostbasicactiveareasof molecularcell biology. Of particularinterestis
theunderstandingof theregulationmechanismsinvolvedin thedevelopmentof multicellular
organisms.In mostwell-known casestudies,suchasin thefruit ¤y Drosophilamelanogaster,
it hasbeenshown that regulationamongthe genesthat control early development(suchas
fushi tarazu,Figure1.3) takesplaceat the transcriptionlevel [10]. The web of interactions
canbeverycomplex, andanexampleof asub-webof thegeneticnetassociatedto Drosophila
early developmentis shown in Figure1.3(b). Mutationsin genesassociatedto early stages
of developmenthave typically a strongeffect andsometimes,asit occurswith theso-called
homeoticgenes[11], they resultin importantmorphologicalchanges.

Modelsof generegulationhavea longhistoryin theoreticalbiology [12, 13]. Thediscov-
ery of themechanismsof transcriptionregulationin theLac operonof E. coli wasfollowed
by the formulationof somesimplemathematicalmodels[14]. Inspiredin early modelsof
neuralnetworks,a standardformulationof generegulationcanbe introducedby meansof a
dynamicalsystem:

dgi (t)
dt

= ©i
¹ [g] ¡ ° i gi ; i = 1; :::; n; (1.1)

wherea setof n differentgenesis de£ned.Hereg = (g1; :::; gn ) givesthe activity stateof
eachgene.Degradationis introducedby thelastterm° i gi . Thefunction©i

¹ [g] introducethe
natureandextentof the interactionsamongcomponents.An exampleof suchtypeof model
is:

dgi (t)
dt

= ©i
¹

0

@
nX

j =1

Wij gj (t) ¡ µi

1

A ¡ ° i gi (t); (1.2)

where©i
¹ (x) is a sigmoidalfunction of the local £eld h i =

P
j Wij gj , µi is a threshold,

andtheweightsWij give thesignandstrengthof thegene-geneinteractions.Usuallytheset
W = f Wij g is generatedfrom agivendistribution½(W ) thatis assumedto besymmetricand
with zeromean.This typeof netcandisplaya hugevarietyof dynamicalpatterns,including
oscillationsandchaos[15]. But the really interestingbehavior (seebelow) comesfrom the
statisticalpropertiesderivedfrom thepresenceof phasetransitions[16] whentheconnectivity
is tuned.

Why to considerthis type of mathematicalapproximations?Someattemptsof building
large-scalemodelsof cellular netsbasedon near-realisticdescriptionshave failed to repro-
ducethewholespectrumof dynamicalpatternsdisplayedby evensimplecontrolledsystems.
On the otherhand,somekey questionscan£nd powerful answersin the genericproperties
exhibited by simple representationsof real nets[16]. As an example,a striking featureof
multicellulardiversity is thesurprisinglysmall repertoireof cell types,given thepotentially
astronomicdiversity of cell statesthat would be obtainedfrom the combinatoricsof gene
states[17]. Assumingthat thenumberof genesin a multicellularorganismis N ¼ 104, 2N

differentpossiblestatesareavailable. Yet, if cell typesareconsideredasindicatorsof gene
expressionstates,only 200¡ 300statesareactuallyrealized.
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Figure 1.3: (a) Spatialpatternof activity of a givengeneinvolved in Drosophiladevelopment
(the so-calledfushi tarazugene(FTZ); seealsoFigure1.2). The darker areascorrespondto
higherlevelsof activity of FTZ, indicatingwhatcellsareexpressingit. Cell-to-cell interactions
generatethissetof stripeswith acharacteristiclength.In (b) anexampleof a realgenenetwork
is shown. It includessomepart (i.e. a directedsubgraph)of thegeneticnet involvedin thede-
velopmentof Drosophila¤y. Thenamesof thegenesinvolvedareindicated,suchasFTZ=fushi
tarazu.Only theconnectionsareshown, not their sign.

In thissectionwewill summarizesomekey featuresof this typeof dynamicalsystemsby
consideringtherichnessof their attractorswhenlow-dimensionalnetsareused.Afterwards,
thegeneralscenarioinvolvingalargenumberof genes(i.e. largenetworks)will beconsidered.

1.2.1 Two-genenetworks

Theminimalnumberof genesneededin orderto obtainarich spectrumof behavioral patterns
is given by two elementsin interaction,althoughsingle-genemodelswith the appropriate
nonlinearitiescanalsodisplaycomplex dynamicbehavior [18]. Two-genemodelsallow to
understandparticularlyimportantproblems,suchasthedynamicsof virus-cellinteractionsin
bacteria[19]. An exampleis thefollowing two-genesystemwith noself-interaction,described
by theequations:

dg1

dt
= ±

W21g2

1 + W21g2
¡ g1 (1.3)

dg2

dt
= ±

W12g1

1 + W12g1
¡ g2: (1.4)

The£xedpointsareeasilyfound; togetherwith the trivial £xedpoint, P ¤
0 = (0; 0) we geta

secondnontrivial pointP ¤
1 = (g¤

1 ; g¤
2 ) givenby:

g¤
1 =

®
W12 + ­

g¤
2 =

®
W21 + ­

; (1.5)
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whosestabilitycanbeeasilydetermined.Here­ = ±W21W12 and® = ±2W21W12 ¡ 1. The
eigenvaluesassociatedto theJacobimatrix for thissystemfor P ¤

0 = (0; 0) are

¸ § = ¡ 1 § ±
p

W12W21; (1.6)

andthusthis point will be stableif ±
p

W12W21 < 1. Thereis an exchangeof stability and
P¤

1 becomesstablewhenthepreviousconditiondoesnothold (i. e. a transcriticalbifurcation
takesplace)[22].

Whenself-interactionsarealsoconsidered(i. e. Wii 6= 0) severalattractorscanbepresent
asa consequenceof thecompetitionbetweenpositive feedbacksandmutualinhibition. One
particularcaseis givenby networkssuchthat thematrix of connectionsW is symmetric,of
theform:

W =
µ

° ¯
¯ °

¶
; (1.7)

with ¯ 2 IR and° > 0. In otherwords,whenthereis self-activation by both genesplus
crossinteractionswhich canbepositive or negative. Thelater is a very commonsituationin
realmorphogeneticprocessesandis stronglyrelatedwith theprocessof competitionbetween
speciesin ecosystems.

Thestabilityanalysisof thisgeneralproblemcanbeperformedby usingthegeneralJacobi
matrix:

L =
µ

®±=²2
12 ¡ 1 ®¯ =²2

12
®¯ =²2

21 ®±=²2
21 ¡ 1

¶
(1.8)

where² ij ´ 1 + ®g¤
i + ¯ g¤

j . For ¯ > 0, themutualreinforcementbetweenbothgenesleads
to the samestate(indicatedashomogeneousin Figure1.4). Hereg¤

1 = g¤
2 = [±(® + ¯ ) ¡

1]=(® + ¯ ) and it is stable(this point disappearsat ¯ = (1 ¡ ±° )=±). For ¯ < ¡ 1, the
self-interactionis unableto sustaingeneactivity andit decaysto zero.Finally, aninteresting
domainis observedfor (1 ¡ ±° )=±> ¯ > 0, wherethreeattractorsarepresent(theprevious
one,wherebothcoexist, andtwo exclusionpoints). In Figure1.4(b)we show anexampleof
the¤ow £eld for the3-attractordomain. We canseethat therearethreebasinsof attraction
associatedto eachpossible£nalstate(£xedpoint).

Theseresults,in particularthepresenceof multiple attractorsfor someparameterranges,
arespeciallyimportantwithin thecontext of development[20,21]. In many casesthebehavior
of cellsthatbecomedifferentiatedis very similar to thatof a switch. By dependingon initial
conditionsor externalperturbations,which might emerge from someothergenesin thenet-
works,thesystemcanreachoneor anotherbasinof attractionandthusa different£nalstate.
More importantly, it hasbeenshown that somewell-de£ned,small setsof interactinggenes
(so-calledmodules),areresponsiblefor speci£cspatialpatternsemerging in morphogenetic
processes[20, 21]. As aconsequence,notonly singlegenes,but modules,canbethetargetof
selection.

1.2.2 Randomnetworks

Beyond the speci£cwiring diagramsthat canbe consideredin small-sizedgeneticnets,the
studyof large-N netshasbeendominatedby randomly-wiredsystems[16]. Heregenesare
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Figure 1.4: Multistability in genenetwork models: (a) bifurcationdiagramfor the two-gene
network modelwith a symmetricmatrix. Here± = 2 and° = 1. Threebasicdomainsare
involved(seetext); (b) ¤ow diagramof themodelfor ¯ = ¡ 0:15, in thethree-attractordomain,
indicatedas3stablein (a).

connectedat random,with anaveragenumberof z connectionspergene.An extensive litera-
tureon randomBooleannetworkshasshown thata numberof genericfeaturesarecharacter-
istic of thesenetsasa consequenceof thepresenceof phasetransitionphenomenain random
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graphs[23].
In orderto illustratethis idea,let usconsidera graph­ n;p thatconsistsof n nodesjoined

by links with someprobability p. Speci£cally, eachpossiblelink betweentwo given nodes
occurswith a probabilityp. Theaveragenumberof links (alsocalledtheaveragedegree) of
a givennodewill bez = np, andit canbeeasilyshown thattheprobabilityP(k) thata node
hasadegreek (it is connectedto k othernodes)followsaPoissondistribution,

P(k) = e¡ z zk

k!
: (1.9)

This so-calledErdÈos-Renyi (ER) randomgraph[24] will be fairly well characterizedby an
averagedegree

hki =
X

k

kP(k) = z; (1.10)

whereP(k) shows a peak.Thedistribution P(k) is in this sensea single-scaleddistribution
[25] andanexampleis shown in Figure1.5(a).

TheERmodeldisplaysaphasetransitionatagivencritical averagedegreezc = 1 [23, 26].
At this critical point, a giant componentforms: for z > zc a large fractionof thenodesare
connectedin asinglecluster, whereasfor z < zc thesystemis fragmentedinto smallsubwebs.
This typeof randommodelhasbeenusedin differentcontexts, includingecological,genetic,
metabolic,andneuralnetworks [26]. The importanceof this phasetransitionis obvious in
termsof the collective propertiesthat ariseat the critical point: communicationamongthe
whole systembecomespossible,andthusinformationcan¤ow from the units to the whole
systemandback.Besides,thetransitionoccurssuddenlyandimpliesaninnovation. No less
important,it takesplaceata low costin termsof thenumberof requiredlinks (» N ).

The ER modelcanbe extendedto directedgraphsandhasbeenanalyzedby Kauffman
within the context of geneticregulatory networks [16]. In the languagepresentedin sec-
tion 1.2, this will correspondto a network in which genesarerandomlyconnected,andreg-
ulatedby anaverageof z othergenes.This meansthat theN £ N matrix W = f Wij g will
have zN 2 nonzeroelements,distributedat random.Theprobability thata geneis regulated
by exactlyk othergeneswill bethengivenby thedistribution(1.9).Beyondthespeci£ctime-
dependentfeaturesassociatedto theparticularmodelchosen,oneimportantcharacteristicof
thesesystemsis thepresenceof thepercolationthreshold:onceacritical averageconnectivity
zc = 1 (the ratio of directedlinks to genes)is reached,the systembecomessuddenlycon-
nected.Below thecritical thresholdthesystemis essentiallydisconnectedandthuschanges
in a given genecannotpropagateto the restof the system.The presenceof the percolation
thresholdallows thesystemto exhibit acomplex dynamicalbehavior, includingdeterministic
chaos,Figure1.5(b).

Oneconsequenceof thesemodels(but stronglytied to thetopologicalpropertiesof sparse
randomgraphs)is thata high diversityof attractorscompatiblewith a high degreeof home-
ostasisseemsto naturallyemergecloseto thepercolationthreshold.However, earlyevidence
indicatedthat thedegreedistributionsthatcharacterizereal geneticnetsarefar from Poisso-
nian. Actually, aswe will seein section1.4, the topologyof real networks stronglydeparts
from theErdÈos-Renyi scenario.
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Figure1.5: (a)An exampleof adirectedrandomnetwork with Poissonianstructure.Hereeach
nodeis a genein a modelgenenetwork andarrows indicatethe regulatoryconnections.This
typeof graphis characterizedby anaveragedegreez; togetherwith theappropriatenonlinear
couplingamonggenes,it cangeneratedifferent typesof dynamicalpatterns,including deter-
ministic chaos.An exampleof thestrangeattractorsobtainedfrom thesenetsis shown in (b) in
two differentviews.

1.3 Thr eeinterconnectedlevelsof cellular nets

Generegulationtakesplaceat differentlevelsandinvolvestheparticipationof proteins.The
wholecellularnetwork includesthreelevelsof integration:

² Thegenome,andtheregulationpathwaysde£nedby interactionsamonggenes;

² Theproteome,de£nedby thesetof proteinsandtheir interactions;and

² Themetabolicnetwork, alsounderthecontrolof proteinsthatoperateasenzymes.

Unlike the relatively unchanginggenome,the dynamicproteomechangesthroughtime
in responseto intra- andextracellularenvironmentalsignals. The proteomeis particularly
important. Proteinsunify genomestructureon the onehandandfunctionalbiology on the
other:they areboththeproductsof genesandregulatereactionsor pathways.

Complicatingthestudyof genefunctionis thefactthatmultiple proteinscanarisefrom a
singlegene.In eukaryoticorganisms,genesappearfragmentedinto pieces(exons)separated
by non-codingdomains(introns).After transcription,theresultingmessengerRNA (mRNA)
is generatedby theexcisionandeliminationof intronsfollowedby thejoining of exons.This
processis calledsplicing. OncethemRNA is formed,it will be translatedinto a proteinby
thetranslationmachinery.
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A very importantfeatureis thatsplicingcanoccurin differentwayssothatdifferentsets
of exonsarejoined together. In this way, differentmRNA's (andthusdifferentproteins)are
produced. The combinatorialpotentialof this so-calledalternativesplicing is obvious. In
somecases,thousandsof differentproteinsarepotentiallyavailablefor agivengene.

Alternative splicingexpandsgenomecomplexity in anextraordinaryfashion.In this con-
text, althoughthegenomesof complex organismsmight not stronglydiffer in termsof their
numberof genes,theunderlyingproteomecomplexity canbevery different. As will bedis-
cussedin the next sections,the actualstructureof proteinnetworks is shown to be strongly
heterogeneousandsharesseveralpreviouslyunsuspectedtraitswith many differentsystems.

1.4 Small world graphsand scale-freenets

Theanalysisof thetopologicalstructureof proteininteractionmaps(in thebuddingyeastSac-
charomycescerevisiaeandothersimpleorganisms)revealeda surprisingresult: theprotein-
protein interactionnet sharessomeuniversal featureswith the topologicalorganizationof
othercomplex nets,bothnaturalandarti£cial, rangingform technologicalnetworks [27, 25,
28, 29], neuralnetworks[30], metabolicpathways[31, 32, 33], andfoodwebs[34, 35] to the
humanlanguagegraph[36]. Thesestudiesactuallyoffer the£rstglobalview of theproteome
mapandshow thatit stronglydepartsfrom thesimpleErdÈos-Renyi scenario.

The£rstfeaturecharacteristicof theproteomemapis thattheprobabilityP(k) thatagiven
proteininteractswith otherk proteinshasascale-free(SF)nature,i.e. it followsapower law,
P(k) » k¡ ° , with a sharpexponentialcut-off for largek. Thusmostproteinshave a small
numberof links with otherproteinsandafew of themarehighly connected(hubs). Thoselast
onesarelikely to bevery importantto cell function[37, 38, 6].

Thesecondfeatureis thepresenceof theso-calledsmallworld (SW)property[30,39, 40].
Smallworld graphshaveanumberof surprisingfeaturesthatmake themspeciallyrelevantto
understandhow interactionsamongindividuals,metabolites,or speciesleadto therobustness
andhomeostasisobservedin nature.TheSWpatterncanbedetectedfrom theanalysisof two
basicstatisticalpropertiesof thenetwork1: (a) theclusteringcoef£cientC and(b) theaverage
pathlength ¹̀.

Theproteomegraph(seeFigure1.6) is de£nedby a pair ­ p = (Wp; Ep), whereWp =
f pi g; (i = 1; :::; N ) is the set of N proteins(nodes)and Ep = ff pi ; pj gg is the set of
edges/connectionsbetweenproteins. The adjacencymatrix »ij indicatesthat an interaction
existsbetweenproteinspi ; pj 2 Wp (»ij = 1) or thattheinteractionis absent(»ij = 0). Two
connectedproteinsarethuscalledadjacentandthedegreeki of agivenproteinis thenumber
of edgesthatconnectit with otherproteins.Let usconsidertheadjacency matrixandindicate
by ¡ i = f pj j »ij = 1g the setof nearestneighborsof a proteinpi 2 Wp. The clustering
coef£cient for this proteinis de£nedasthe ratio betweenthe actualnumberof connections
betweentheproteinspj 2 ¡ i , andthetotalpossiblenumberof connections,ki (ki ¡ 1)=2 [30]

1Sincetheproteomemapis adisconnectednetwork, thesequantitiesareactuallyde£nedon thegiantcomponent,
de£nedasthelargestclusterof connectednodesin thenetwork [23].



1.4 Smallworld graphsandscale-freenets 13

p
i

G

p

p

p

p
i4

i1

i2

i

i3 (i2,i3)x

x (i1,i3)

pW

Figure1.6: Measuringtheclusteringfrom aproteomegraph­ p . Hereeachnode(blackcircles)
is aproteinandphysicalinteractionsareindicatedby meansof edgesconnectingnodes.

(seeFigure.1.6). Denoting

L i =
NX

j =1

»ij

"
X

k2 ¡ i

»j k

#

; (1.11)

wede£netheclusteringcoef£cientof thei -th proteinas

C(i ) =
2L i

ki (ki ¡ 1)
; (1.12)

whereki is thedegreeof thei -th protein.Theclusteringcoef£cientis de£nedastheaverage
of C(i ) over all theproteins,

C =
1
N

NX

i =1

C(i ): (1.13)

The averagepathlength ¹̀ is de£nedasfollows: Given two proteinspi ; pj 2 Wp, let ` ij be
thelengthof theshortestpathconnectingthesetwo proteins,following thelinks presentin the
network. Theaveragepathlength ¹̀ is de£nedas:

¹̀ =
2

N (N ¡ 1)

NX

i<j

` ij : (1.14)

For theER graph,we have a clusteringcoef£cientinverselyproportionalto thenetwork
size,CER ¼ z=N ; this is a very small quantity, that tendsto zerofor large networks. The
averagepathlength,on the otherhand,is proportionalto the logarithm of the network size
¹̀
E R ¼ log(N )=log(z). At the other extreme,regular latticeswith only nearest-neighbor

connectionsamongunitsaretypically clusteredandexhibit alongaveragepathlength.Graphs
with SW structurearecharacterizedby a high clustering,C À CER , while possessingan
averagepathcomparableto anER graphwith thesameaverageconnectivity andnumberof
nodes,¹̀ ¼ ¹̀

ER .
Theexperimentalobservationson theproteomemapcanbesummarizedasfollows:
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Figure 1.7: (b) Cumulateddegreedistribution for theyeastproteomemapfrom Ref. [37]. The
degreedistribution hasbeen£ttedto thescalingbehavior P (k) ¼ (k 0 + k) ¡ ° e¡ k =k c , with an
exponent° ' 2:6 andasharpcut-off kc ' 15.

1. Theproteomemapis asparsegraph,with asmallaveragenumberof links perprotein.In
Ref. [41] anaverageconnectivity z » 1:9 ¡ 2:3 wasreportedfor theproteomemapof S.
cerevisiae. This observation is alsoconsistentwith thestudyof theglobalorganization
of theE. coli genenetwork from availableinformationontranscriptionalregulation[42].

2. It exhibits a SW pattern,differentfrom thepropertiesdisplayedby purelyrandom(ER)
graphs.In particular, Ref. [41] reportedthe valuesC = 2:2 £ 10¡ 2 and ¹̀ = 7:14, to
becomparedwith thevaluescorrespondingto anER network with comparablesizeand
averageconnectivity, CER = 1 £ 10¡ 3 and¹̀

E R = 8:0.

3. Thedegreedistribution of links follows a power-law with a well-de£nedcut-off. To be
moreprecise,Jeonget al. [37] reporteda functionalform for thedegreedistribution of
S.cerevisiae

P(k) ' (k0 + k)¡ ° e¡ k=k c : (1.15)

Parametersreportedin Ref.[37] arek0 ' 1, ° ¼ 2:4 andacut-off kc ¼ 20. In Figure1.7
we checkthis functionaldependenceon thecumulateddegreedistribution of theprotein
map2 usedin Ref. [37]. A £t to the form (1.15)yields the valuesk0 ' 1:1, kc ' 15,
and° = 2:6 § 0:2, compatiblewith theresultsfoundin [37, 41]. Thisparticularform of
thedegreedistributioncouldhaveadaptivesigni£canceasasourceof robustnessagainst
mutations.

Thehighly heterogeneouscharacterof thesemapshasimportantconsequenceswithin the
context of molecularcell biology [32, 6]. It indicatesthat theevolution of proteome/genome

2Dataavailableat thewebsitehttp://www.nd.edu/ » networks/database/index.html .
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complexity hasbeendriventowardsa well-de£nedtopologicalpatternthatprovidesthesub-
stratefor anextraordinaryhomeostaticstabilityagainstrandommutationalevents.

1.5 Scale-freeproteomes:geneduplication models

Severalmodelshave beenproposedin orderto explain theregularitiesdisplayedby thepro-
teomemap[44, 45, 46]. Thesemodelsof proteomeevolutionarebasedonageneduplication
plus rewiring processthat includesthe basicingredientsof proteomegrowth andintendsto
reproducetheprevioussetof observations.The£rstcomponentof themodelsallows thesys-
temto grow by meansof thecopy processof previousunits(togetherwith their wiring). The
secondintroducesnovelty by meansof changesin thewiring pattern,usuallyconstrainedto
thenewly createdgenes.This constraintis requiredif we assumethat conservation of gene
(protein)interactionsis dueto functionalrestrictionsandthatfurtherchangesin theregulation
maparelimited. Suchconstraintwould bestronglyrelaxedwheninvolving a newly created
(and redundant)unit. The modelsproposedso far are intendedto capturethe topological
propertiesof theproteomemap.No explicit functionalityis includedin thedescriptionof the
proteinsandthis is certainlya drawback.But by ignoringthespeci£cfeaturesof theprotein-
proteininteractionsandtheunderlyingregulationdynamics,onecanexplore thequestionof
how muchthenetwork topologyis dueto theduplicationanddiversi£cationprocesses.

In this chapterwe will focusin particularin themodeldescribedin Refs.[45, 46]. This
modelconsiderssingle-geneduplications,whichoccurin mostcasesdueto unequalcrossover
[47], plusre-wiring. Multiple duplicationsshouldbeconsideredin futureextensionsof these
models: molecularevidenceshows that even whole-genomeduplicationshave actuallyoc-
curredin S.cerevisiae[48] (seealsoRef. [49]). Re-wiringhasalsobeenusedin dynamical
modelsof theevolutionof robustnessin complex organisms[50].

Theproteomegraphatany givenstept (i.e. aftert duplications)will beindicatedas­ p(t).
Therulesof themodel,summarizedin Figure1.8,areimplementedasfollows. Eachtimestep:
(a) onenodein thegraphis randomlychosenandduplicated;(b) thelinks emerging from the
new generatednodeare removed with probability ±; (c) £nally, new links (not previously
present)canbecreatedbetweenthenew nodeandall therestof thenodeswith probability®.
Step(a) implementsgeneduplication,in which both theoriginal andthe replicatedproteins
retain the samestructuralpropertiesand, consequently, the sameset of interactions. The
rewiring steps(b) and (c) implementthe possiblemutationsof the replicatedgene,which
translateinto thedeletionandadditionof interactions,with differentprobabilities.

1.5.1 Mean-£eldrate equation for the averageconnectivity

Sincethemodeljustpresentedhastwo freeparameters,namelythedeletionprobability±and
theadditionprobability®, onepreliminarytaskis to constraintheir possiblevaluesby using
theavailableempiricaldata.Oneaveragepropertythatcanbedeterminedis theevolution of
theaveragenumberof interactionsperprotein/genethroughtime,whichcanbecomparedwith
theevidencefromrealproteomes[37, 41], aswell asrecentanalysisof large-scaleperturbation
experiments[51].
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(b)

(a)

d

a
(c)

Figure 1.8: Growing network by duplicationof nodes.First (a) duplicationoccursafter ran-
domly selectinga node(arrow). Thelinks from thenewly creatednode(white) now canexpe-
riencedeletion(b) andnew links canbecreated(c); theseeventsoccurwith probabilities± and
®, respectively.

Let us indicateby zN and L N the averageconnectivity of the systemand its number
links, respectively, whenit is composedby N proteins.Thesemagnitudessatisfytherelation
L N = zN N=2. It is easyto check(seealsoRef. [44]) that,at a mean-£eldlevel, thatnumber
of links L N ful£ll thefollowing rateequation

L N +1 = L N + zN + ®(N ¡ zN ) ¡ ±zN ; (1.16)

wherethe last two termscorrespondto the additionof links to a fraction ® to the N ¡ zN

unitsnot connectedto theduplicatednode,plusthedeletionof any of thenew zN links, with
probability±. Usingthecontinuousapproximation

dzN

dN
' zN +1 ¡ zN ; (1.17)

Eq.(1.16)canbewritten

dzN

dN
=

1
N

[zN + 2®(N ¡ zN ) ¡ 2±zN ] ; (1.18)

whosesolutionis

zN =
®

®+ ±
N +

µ
z1 ¡

®
®+ ±

¶
N ¡ ; (1.19)

where¡ = 1¡ 2(®+ ±) andz1 is theinitial connectivity atN = 1. For any constantvalueof
®and± thismodelleadsto anincreasingconnectivity throughtime. In orderto havea£nitez
in thelimit of largeN , onepossiblesolutionis to imposeanadditionrate® thatis a function
of thesizeof thenetwork, with theform

®(N ) =
¯
N

; (1.20)
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where¯ is a constant.That is, the rateof additionof new links (the establishmentof new
viable interactionsbetweenproteins)is inverselyproportionalto the network size,andthus
muchsmallerthanthe deletionrate±, in agreementwith the ratesobserved in [41]. In this
case,for largeN , thedifferentialrateequation(1.18)equationtakestheform

dzN

dN
=

1
N

(1 ¡ 2±)zN +
2¯
N

: (1.21)

Thesolutionof thisequationis

zN =
2¯

2±¡ 1
+

µ
z1 ¡

2¯
2±¡ 1

¶
N 1¡ 2±: (1.22)

For ± > 1=2 a£niteconnectivity is reachedin thelimit of a largenetwork,

z ´ lim
N !1

zN =
2¯

2±¡ 1
: (1.23)

In order to reducethe numberof independentparametersof the model,Ref. [45] used
theavailableexperimentaldatato estimatetheaveragedegreez andtheratio of additionand
deletionratesin the yeastproteome,®=± [41] to £nd a relation between¯ and ±, which,
togetherwith Eq. (1.23), yields a numericalestimateof ¯ and±. Sinceit is clear that this
estimateis stronglydependentontheassumedvalue®=±, Ref.[46] followedamorepragmat-
ical approach,consideringa±-dependentmodeland£xing theactualvalueof ±by comparing
numericalsimulationswith experimentaldata.

1.5.2 Rateequation for the nodedistrib ution nk

Therateequationapproachto evolving networks[52] canbefruitfully appliedto theproteome
modelunderconsideration[46]. This approachfocuseson the time evolution of thenumber
nk (t) of nodesin thenetwork with exactly k links at time t. De£ningour network by means
of thesetof numbersnk (t), wehave thatthetotal numberof nodesN is givenby

N =
X

k

nk ; (1.24)

while thetotal numberof links is givenby

L =
1
2

X

k

knk : (1.25)

Time is dividedinto periods.In eachperiod,t ! t + 1, onenodeis duplicatedat random,
so that N ! N + 1. If, after eachduplication,thereis a probability ± to deleteeachlink
from thejust-duplicatednode,theprobabilityof increasingthenumberof nodesat degreek,
by directduplicationwithout link deletion,is givenby

Prself ;dup [nk ! nk + 1] =
nk

N
(1 ¡ k±): (1.26)
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Ontheotherhand,anodeof degreek canbecreatedfrom theduplicationof anodeof degree
k + 1 in whicha link is deleted,contributingwith aprobability

Prabove;dup [nk ! nk + 1] =
nk+1

N
(k + 1)±: (1.27)

Theprobabilityof degreechange,from duplicationof a nodeconnectedto a degree-k node,
is givenby:

Prother ;dup [(nk ¡ 1; nk ) ! (nk ¡ 1 ¡ 1; nk + 1)] =
nk ¡ 1

N
(k ¡ 1)(1 ¡ ±): (1.28)

Finally, in thesameperiod,weproceedto addN ¡ kd links with probability® = ¯ =N , where
kd is theconnectivity of thejustduplicatednode.In thelimit N À kd, wecansimplyconsider
the additionof N ® = ¯ new links to the graph. Whenthis last stepis performedwith the
correlatedprescriptiongivenfor themodel(i.e. addinglinks from theduplicatednodeto the
restof thenodesin thegraph),it leadsto a nonlocalrateequationfor the functionsnk [46].
For thesake of simplicity, we will considernow thesimplercaseof a uncorrelatedaddition
of links (new links createdbetweenany two nodesin thegraph).However, it canbeproved
thatbothprescriptionsleadqualitatively to similar results[46].

Thecaseof uncorrelatedadditionof links canberepresentedasthedistribution of 2®N
new link endsamongtheN nodesin thenetwork. Thiseventcontributeswith aprobability

Pradd [(nk ; nk+1 ) ! (nk ¡ 1; nk+1 + 1)] =
nk

N
2®N =

nk

N
2¯ ; (1.29)

Theprobabilities(1.26),(1.27),(1.28),and(1.29)de£netherateequationfor theconnectivity
distribution

dnk (t)
dt

=
nk

N
+

±
N

[(k + 1)nk+1 ¡ knk ] +
1 ¡ ±

N
[(k ¡ 1)nk ¡ 1 ¡ knk ]

+
2¯
N

[nk ¡ 1 ¡ nk ] : (1.30)

Sinceeachtimestepanew nodeis added,Eq.(1.30)satis£esthecondition

dN
dt

=
X

k

dnk (t)
dt

= 1; (1.31)

thatyieldstheexpectedresultN (t) = N0 + t, whereN0 is theinitial numberof nodesin the
network. In ordertosolveEq.(1.30),weimposethehomogeneousconditiononthepopulation
number

nk (t) = N (t)pk ' tpk ; (1.32)

wherepk is theprobabilityof £ndinga nodeof connectivity k, which we assumeto beinde-
pendentof time. With thisapproximation,therateequationreads

(k + 1)±pk+1 ¡ (k + 2¯ )pk + [(k ¡ 1)(1 ¡ ±) + 2¯ ]pk ¡ 1 = 0: (1.33)



1.5 Scale-freeproteomes:geneduplicationmodels 19

Eq. (1.33)canbe solved usingthe generatingfunctionalmethod[53]. Let us de£nethe the
generatingfunctional

Á(x) =
X

k

xk pk : (1.34)

Introducingthisde£nitioninto Eq.(1.33),weobtainanequationfor Á(x), whosesolutionis

Á(x) =
µ

±¡ x(1 ¡ ±)
2±¡ 1

¶ ¡ 2¯ =(1 ¡ ±)

: (1.35)

Knowing Á(x) wecancomputeimmediatelytheaverageconnectivity

z =
X

k

kpk ´ x
dÁ(x)

dx

¯
¯
¯
¯
x =1

=
2¯

2±¡ 1
; (1.36)

in agreementwith the mean-£eldpredictionof Eq. (1.23). On the otherhand,performinga
Taylorexpansionof Á(x) aroundx = 0 wecanobtainpk as

pk =
1
k!

dÁ(x)
dx

¯
¯
¯
¯
x =0

: (1.37)

Applying this formula to the function(1.35),andusingStirling's approximationfor largek,
wecanobtaintheasymptoticbehavior of pk , givenby:

pk » (k0 + k)¡ ° e¡ k=k c ; (1.38)

with

° = ¡ k0 = 1 ¡
2¯

1 ¡ ±
; kc =

1

ln
³

±
±¡ 1

´ : (1.39)

As we canobserve from thepreviousresult,we recover thesamefunctionalform experi-
mentallyobservedin [37]. However, it is importantto noticethatfor all theparameterrangein
which theexponentialcut-off kc is well-de£ned,weobtainavalueof thedegreeexponent,as
givenby Eq. (1.39),that is ° · 1. Thesameresultholdswhenconsideringtherateequation
for thecorrelatedmodel,in which thelink additionis fully correlatedwith thenew duplicated
node[46]. This resultis unsatisfactory, becauseit doesnot correspondwith theresultsfrom
numericalsimulationsof the model[46]. This discrepancy is explainedby the fact that the
N ! 1 solutionpresentedhasonly meaningfor ± > 1=2 (seeEq. (1.36)). Yet themaster
equationwas de£nedon the basisof an independent-event approximationthat only makes
sensefor ± ¿ 1. The masterequationitself shouldbecomevalid for ± ! 0, but thenthe
convergenceresultsassumedat N ! 1 seemquestionable,asindicatedby thefact thatwe
getananalytic,but negative,z.

Thereis, however, somethingqualitative still to be learnedfrom theseequations,in the
neighborhoodof ± » 1=2, small ¯ . This is a neighborhoodwheretheconvergenceresultsat
largeN still give sensibleanswers,evenif they arenot quantitatively correctdueto marginal
approximationsin the underlyingmasterequation. Yet at the sametime, sincethis is the
smallestvalueof ±wherewecangetanswers,it is theonewherethemasterequationwehave
constructedis likely to bethebestapproximationto themuchmorecomplicatedtrueequation
(onewith frequentcoupledevents).
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Figure1.9: a)Degreeexponent° asafunctionof thedeletionrate± from computersimulations
of theproteomemodelwith averageconnectivity z = 2:5. Network sizeN = 2 £ 103 . The
degreedistributionsis averagedover1000differentnetwork realizations.b) Degreedistribution
for thesamemodel,± = 0:562, averagedover10000differentnetwork realizations.Thedistri-
bution canbe£ttedto theform P(k) ¼ (k0 + k) ¡ ° e¡ k =k c , with anexponent° = 2:5 § 0:1
andasharpcut-off kc ' 37.

1.5.3 Numerical simulations

Theproteomemodelde£nedin section1.5 dependseffectively on two independentparame-
ters: the averageconnectivity of the network z andthe deletionrateof newly createdlinks
±, beingtheadditionrate¯ computedfrom Eq. (1.23). Theaverageconnectivity canbeesti-
matedfrom theexperimentalresultsfrom realproteomemaps.Thedataanalyzedin Ref. [37]
yields a valuez ' 2:40. As a safeestimate,onecan imposethe valuez = 2:5 [46], and
considervalues± > 1=2, in accordancewith Eq. (1.23). In spiteof the drawbacksof the
analyticalstudyof the model,section1.5.2,oneshouldexpectthe modelto yield, for each
valueof ±, thefunctionalform Eq. (1.38)for thedegreedistribution, with a degreeexponent
° which is a functionof ± (for a £xedaverageconnectivity z = 2:5). Fromnumericalsim-
ulationsof the modelonecanthencomputethe function ° (±) andselectthe valueof ± that
yieldsa degreeexponentin agreementwith theexperimentalobservations.Fig 1.9(a)shows
valuesof ° estimatedfrom thefunctionalform (1.38)for thedegreedistributionobtainedfrom
computersimulationsof model,averagingover 1000network of sizeN = 2 £ 103 nodes,of
thesameorderof thosefoundin themapsanalyzedin Ref. [37]. Apart form aconcaveregion
for ± very closeto 1=2, ° is an increasingfunctionof ±. Thevalueof ± yielding thedegree
exponentclosestto theexperimentallyobservedoneis then

± = 0:562: (1.40)

In Figure1.10(a)we show thetopologyof thegiantcomponentof a typical realizationof
thenetwork modelof sizeN = 2 £ 103. This Figureclearlyresemblesthegiantcomponent
of a realyeastnetworks,aswecanseecomparingwith Figure1.10(b)3; wecanappreciatethe

3Figurekindly providedby W. Basalaj(seehttp://www.cl.cam.uk/ » wb204/GD99/#Mewes ).



1.5 Scale-freeproteomes:geneduplicationmodels 21

a)

0

3

1

2

4

810

37

70

75

80
82

94

128

138

164

186

200

212

258

306

317

341

400

428

461

489

562

19

88

163

192
362

146

439

5

6

13

23

43

73

139

218

246

254

278

337

411

419433

482

514

549

616

634

16

40

42

98

194
335

445

456

519

129

154

172

191

249

408

427

48850

441

322

378

97

385

507

618

345

267

157

227

259

268

415 555

595

603

610

81

326

69

381

79

31

584

135

168

211

344

399

572

518

499

491

339

581

607

624

57

224

318

304

413

448

377

405

537

27

580

612

29

44

87

109

175

449

530

565

583

627

33

202

250 293

404

457

39

41

49

89

162

357

512

520

65

291

340

458

516

414

594

373

601

325

474

559

216

239

316

336

475

547

68

394

161

169

613

546

638

171

14 17

78

93

156

237

386

460

522

541

622 632

74

120

166

476

593

608

110

422

108

56

111

240

91

131

170

187

220

264

284

592

600

334

3729

375

379

589

106

115

182

234

275

329

571

390

615

20

197

7
185

213

352

470

147

331

214

596

294

479

236

241

12

606

483

11

21

215

247

468

34

48

86

158

173

207

269

279

371

417

436

465

469

282

473

540

637

513

28

32

53

54

67

141

438

550

85

266

47

346

370

184

217

343

504

15

22

92

253

263

30

179

307

410

590

144

203

321

355

374

477

26

66

123

209

384

437

556

198

140

393

429

453

493

531

450

155

165

167

195

440

579

578

543

18

145

36

46

500

528

274

302

623

629

71

310

466

324

148

312

347

424

366

464

330

369

391

554

153201

262

271

295

535

24

90

114

298

59

101

505

102

112

136

221

561

116

406

523 566

183

447

25

76

189

382

515

61

498

597

320

490

60

72 280

327

333

380
103

105

133

151

231

288

296

536

548

585

104

51

228

257

277

558

633

188

454

62

311

35

176

219

308

480

568

494

38

557

487

233

260

265

412

511

544

630

602

204

338

532

45

64

290

455

222

368

376

426

444

620

332

117

150

180

242

303

495

564

83

285

365

174

63

126

130

272

52

134

243

292

420

432

506

551

229

107

210

611

235

525

55

588

631

95

122

251

538

573

388

524

132

492

58

283

305

281

527

570

287

462

398

244

353

423

496

625

350

435

232

323

617

425

127

190

364

177

599

348

472

113

421

569

270

409

149

539

567

315

77

196

387

199

223

226

314

361

401

485

526

301

256

205

252

395

363

481

463

84

443

328

418

349

501

96

534

99

640

575

100

517

553248

367

402

299

503

193

586

124

206

621

118

392

407

434

471

119

137

225

451

452

619

508

121

497

545

576

609

178

181

300

509

125

605

356

533

574

358

552

521

238

442

142

342

478

582

626

143

152

403

261

286

159

160

208

430

389

245

446

484

351

563

273

383

309

598

510

354

467

591

230

560

416

431

587

459

636

255

289

297

542

397

396639

319

628

313

276

604

360

359

502

614

577

529

486

635

b)

Figure1.10: a)Topologyof thegiantcomponentof themapobtainedwith theproteomemodel
with parametershki = 2:5 and± = 0:565. Network sizeN = 2 £ 103 . b) Topologyof a real
yeastproteomemapobtainedfrom theMIPSdatabase[43].

Table 1.1: Comparisonbetweenthe observed regularitiesin the yeastproteomereportedby
Wagner[41], thosecalculatedfrom the proteomemapusedby Jeonget al. [37], the model
predictionswith N = 2000, ± = 0:562 andz = 2:50, anda ER network with thesamesize
andconnectivity asthemodel.

Wagner's data Jeong's data Proteomemodel ERmodel

z 1:83 2:40 2:4 § 0:6 2:50§ 0:05
° 2:5 2:4 2:5 § 0:1 —
C 2:2 £ 10¡ 2 7:1 £ 10¡ 2 1:0 £ 10¡ 2 1 £ 10¡ 3

¹̀ 7:14 6:81 5:5 § 0:7 8:0 § 0:2

presenceof a few highly connectedhubsplusmany nodeswith a relatively smallnumberof
connections,in closeresemblanceof therealproteomemap.Ontheotherhand,Figure1.9(b)
shows theconnectivity P(k) obtainedfor networksof sizeN = 2 £ 103, averagedof 10000
realizations,for ± = 0:562. In this Figurewe observe thattheresultingconnectivity distribu-
tion canbe£ttedto a power-law with anexponentialcut-off, of theform givenby Eq. (1.38),
with parameters° = 2:5§ 0:1 andkc ' 37, in fair agreementwith themeasurementsreported
by [41] and[37].

Finally, Table1.1 reportsthe valuesof z, ° , C, and ¹̀ obtainedfor the proteomemodel,
comparedwith the valuesreportedfor the yeastS.cerevisiaeby Ref. [41], thosecalculated
for the map usedin Ref. [37], and thosecorrespondingto an ER randomgraphwith size
andaverageconnectivity comparablewith both the modelandthe realdata. All themagni-
tudesdisplayedby themodelcomparequitewell with thevaluesmeasuredfor theyeast,and
representa furthercon£rmationof theSW conjecturefor the proteinnetworks advancedby
[41].



22 1 Complex Networksin GenomicsandProteomics

1.6 Discussion

Simplemodelsof complex biologicalinteractionshave beenusedthroughthelastdecadesas
powerful metaphorsof naturalcomplexity. Networkspervadebiologyandthereis little doubt
that the untanglingbiological complexity demandsa considerabledegreeof simpli£cation.
This view workswell whengenericmechanismsareat work: percolationcloseto criticiality
in randomgraphswouldbeaperfectexamplein thiscontext. Sinceinformationtransfer(net-
work communication)is akey propertyto all biosystems,reachingathresholdin connectivity
allows informationto propagatein averyeffective wayundera low wiring cost.

Similarprinciplesmightbeoperatingin technologygraphs[28, 54] andthestrikingsimi-
laritiesbetweenman-madenetworks(suchaselectroniccircuitsor softwaregraphs)andnat-
uralwebssuggeststhatanorganizingprincipleinvolving optimalcommunicationmightbeat
work in both typesof systems.This seemsa reasonablepossibility, sincethecostof wiring
is animportantconstraintin bothcases.For technologygraphs,however, randomfailuretipi-
cally leadsto collapseandthusthereis norobustnessassociatedto thescale-freearchitecture.
Biologicalsystemsmighthavetakenadvantageof theSFpatternsthatarisefrom optimization
of pathlengthunderlow cost[55] andmakeuseof thesourceof robustnessfor freethatmight
begenerated.

As it occurswith many otheraspectsof biologicalcomplexity, historicconstraintsplayan
importantrole in shapingnetwork topology. Not surprisingly, someof theoldestactorsin the
metabolicsceneseemto be highly connected,thussuggestinga leadingrole of preferential
attachment[26] at leastat early stagesof the evolution of metabolism. But the proteome
mapis avery largewebincorporatinga largeamountof plasticitythatmighthavebeentuned
throughevolution in order to reachoptimaly wired pathways. Futureresearchwill provide
a new perspective on how biological netsget organizedthroughevolution andwhat arethe
contributionsof emergence,selection,andtinkeringto network biocomplexity.

Acknowledgements

We thankthe membersof the Complex SystemsLab for usefuldiscussions.This work has
beenpartially supportedby theEuropeanNetwork ContractNo. ERBFMRXCT980183and
by theEuropeanCommission- FetOpenprojectCOSINIST-2001-33555.R.P.-S.acknowl-
edges£nancialsupportfrom theMinisteriodeCienciay Tecnoloǵ�a (Spain).
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SantaFeworkingpaper02-04-019.
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