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ABSTRACT

DiscoveringRelationshipsn GeneticRegulatoryNetworks. (August2004)
RanadipPal, B. Tech.,IndianInstituteof TechnologyKharagpur

Chairof Advisory Committee:Dr. AniruddhaDatta

The developmentof cDNA microarraytechnologyhasmadeit possibleto simulta-
neouslymonitor the expressionstatusof thousandof genes.A naturalusefor this vast
amountof informationwould beto try andfigure out inter-generelationshipsy studying
the geneexpressionpatternsacrossdifferent experimentalconditionsandto build Gene
RegulatoryNetworksfrom thesedata.In this thesis,we studysomeof theissuesnvolved
in GeneticRegulatory Networks. One of themis to discover and elucidatemultivariate
logical predictive relationsamonggeneexpressionsandto demonstratédhnow theselogi-
cal relationsbasedon coarsequantizationclosely reflect correspondingelationsin the
continuousdata. The otherissueinvolvesconstructionof syntheticProbabilisticBoolean
Networks with particularattractorstructures.Thesesyntheticnetworks helpin testingof
variousalgorithmslik e BayesianConnectvity basedapproachor designof Probabilistic

BooleanNetworks.
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CHAPTERI

INTRODUCTION
Multicellular organismssuchasoursehes,aremadeup of billions of cells,eachof which
mustbehae in accordancevith certainstrict rulesif the organismis to survive andcarry
on the basicfunctionsof life. Eucaryoticcells, suchashumancells, arecharacterizedby
the presenc®f anintra-cellularcompartmentalledthe nucleus The nucleuscontainsthe
instructiongthatarenecessaryor the properfunctioningof thecell. Theseinstructionsare
written in the form of deoxyribonucleicacid (DNA) and mustbe replicatedand handed
down unchangedo its progery whenthe cell divides. The DNA is a long polymeric
molecule(chain-like molecule,comprisingnumerousndividual units, called monomers,
linked togetherin series)with the structureof a doublehelix [1]. Complementanpase
pairingis thefundamentaideaby whichthesequencef a DNA moleculeis copiedduring
replicationof the doublehelix andis vital for expressionof the biologicalinformationin
aform utilizable by a cell. All genesundego the first stageof geneexpressiorwhich is
calledtranscription.During transcriptionthe templatestrandof the genedirectssynthesis
of anRNA molecule.Thesecondstageof thegeneexpressioris translatiorfor somegenes
while for othersthe RNA transcriptis the endproduct.Whateser bethe caseoncethein-
formationhasbeenusedto synthesizeroteins,it cannotbe transmittedbackto the DNA.
This is called the CentralDogmaof Molecular Biology. We try to measurehesegene
expressionsisingcDNA microarrays.cDNA microarraytechnologyhasmadeit possible
to simultaneouslymonitor the expressionstatusof thousand®f genes.A naturalusefor
this vastamountof informationwould be to try andfigure out inter-generelationshipsy

studyingthe geneexpressiorpatternsacrosdifferentexperimentakconditionsandto build

Thejournalmodelis IEEE Transaction®n AutomaticControl.



GeneRegulatoryNetworks from this data.

Therearemary approachet modelinggeneticregulatorynetworks. Somearebased
on Differential Equationmodels[2] while someare basedon Booleanmodels[3]. The
BooleanModel hasreceveda lot of attention. In the Booleanmodel,a geneis modeled
asON or OFF, andits valueat time ¢ + 1 is a function of the value setat time ¢ of a
classof regulatorygenesn the network. Certainlysucha coarsequantizationwill result
in the loss of information and renderthe model unsuitablefor finer analysis,but it will
permitmucheasiemodelidentificationfrom dataandcanalsobe usefulfor predictionin
situationswherethe dominantdiscriminatoryfeaturesarebinary. Researchndicatesthat
mary realisticbiological questionanay be addresseavithin the Booleanformalism,and
Booleannetworks, while structurallysimple, are dynamicallycomplex and have yielded
insightsinto the overall behaior of geneticnetworks [4] [5] [6]. Recently the Boolean
modelhasbeenextendedo probabilisticBooleannetworks (PBN’s), which areessentially
afamily of Booleannetworks[7]. At ary giventime, the systemoccupiesa stategoverned
by the regulatoryfunctionsof one of the networks, andwith small probability it hasthe

possibility of switchingto a differentgoverningnetwork atthe next instantof time.

A. PreviousWork

Correlationcan identify pairwise geneticco-regulative responseso a particularstimu-
lus; however, correlationdoesnot addresshe fundamentaproblemof determiningsetsof
genesvhoseactionsandinteractiongdrive the cell’s decisionto setthetranscriptionalevel
of a particulargene. Transcriptionalcontrol is accomplishedy a complex methodthat
interpretsa variety of inputs[8] [9]. Hence,it is necessaryo apply analyticaltools that
detectmultivariateinfluenceson decisionmaking presentin complex geneticnetworks.

This demanchasmotivatedthe useof the Coeficient of DeterminationCoD) to measure



thestrengthof therelationshipbetweera setof predictorgenesandatargetgene[10] [11]
[12]. In theseapplicationsworking with cDNA microarraydata,the continuoushumerical
expressiordatais usuallyreducedo ternarylogical datavia amethodof internalstandard-
ization[13]. In essencaglativeto agiventargetgeneandasetof predictorgenesthe CoD
measuregherelative increasen predictve capabilityusingthe predictorgeneexpressions
asopposedo predictingthetarget-genexpressiorbasedonly on knowledgeof thetarget

genesisolatedbehaior acrosghedataset. Mathematically

cop — S0 Cont
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wheree, is the error arising when using the bestestimateof the target-geneexpression
level, given only the statisticsrelating to the tarmget geneitself, without using ary infor-
mationconcerningothergenesande,,; is the error arisingusingthe bestestimateof the
target-geneexpressionlevel usingthe expressionlevels of a setof predictorgenes.If a
predictorsetcanperfectlypredictatarget,thene,,, = 0 andCoD = 1; atthe otherextreme,
if apredictorsetprovidesno additionalinformationaboutthetamget,thene,,; = ¢, andCoD
=0. In generalQ < CoD < 1. Reductionto logical dataaccomplisheshekind of extreme
compressiomecessaryo apply predictve analysiswith smallsamplegypical of microar
ray experimentsandfacilitatesthe understandingf predictive relationsbasedessentially
on anup-reggulated/devn-regulatedparadigm.

Therehave beena numberof approacheso modelinggeneregulatorynetworks—in
particular Bayesiametworks[14], Booleannetworks[3], andProbabilisticBooleanNet-
works (PBNs)[15] [16], the latter providing an integratedview of geneticfunction and
regulation. Theoriginal designstrateyy for PBNsin [15] is basednthe Coeficient of De-

terminationbetweerthetargetandpredictorgenes Althoughthe Booleanframework leads



to computationasimplificationandelegantformulationof relations the modelextendsdi-
rectly to geneshaving morethantwo states A salientareaof investigatiorregardingPBNs
concerngheprospecbf designingnterventionstrategiesbasedntheirlong-rundynamics
[17]. In particular the questionarisesasto whetherthe theoryof automaticcontrolcanbe
appliedin thecontect of PBN dynamicgo prescribeoptimalintervention(treatmentktrate-
gies- to the extent, of course thata treatmenttrategy canbe characterize@ffectively in
an ON-OFFparadigmfor somesetof geneq18] [19]. We definea GeneReyulatory Net-
work (GRN)[20] to consistof a setof n genesg;, ¢s, ..., g,, €achtaking valuesin afinite
setV (containingd values),a family of regulatorysets,R;, R», ..., R,,,whereR;, contains
the genesthat determinethe value of geneg,, anda setof functions, f1, f>, ..., f,, gov-
erningthe statetransitionsof the genes. The value of geneg, attimet¢ + 1 is given by
gt + 1) = filgri(t), gra(t); o, Grn(t)], Where Ry, = {gk1, gka, -, grn }. FOr a Boolean
Network, V' = {0, 1}. A Probabilistic GeneRegulatory Network(PGRN) consistwf a set
of n genesy, ¢, ..., g, €achtaking valuesin a finite setV’ (containingd values),anda
setof vectorvaluednetwork functions,f;, f5, ..., f., governingthe statetransitionsof the
genes.Mathematicallythereis a setof statevectorsS = {xi,Xa, ..., X }, With m = d"
andx; = (xg1, Tge, ---, Tk ), Wherexy; is the value of geneg; in statek. Eachnetwork
function f; is composedf n functions;, v;s, ..., ¥;,, andthe value of geneg; at time
t+ 1isgivenby g;(t + 1) = ¥[01(t), g2(%), ..., 9i—1(t), gi+1(t), --.. gn(t)]. The choice
of which network functionf; to applyis governedby a selectionprocedure.Specifically
at eachtime point a randomdecisionis madeasto whetherto switch the network func-
tion for the next transition,with a probability ¢ of a switch beinga systemparameter If
a decisionis madeto switch the network function, then a new function is chosenfrom
amongfi, f, ..., f., with the probabilityof choosingf; beingtheselectiorprobabilityc;. In
otherwords,eachnetwork functionf; determines GRN andthe PGRNbehaesasafixed

GRN until a randomdecision(with probability ¢) is madeto changethe network func-



tion accordingto the probabilitiesc,, ¢y, ..., ¢, from amongfi, f;. ..., f.. In effecta PGRN
switchesbetweenthe GRNsdefinedby the network functionsaccordingto the switching
probability g. A final aspecbf the systemis thatat eachtime pointthereis a probability p
of any genechangingits valueuniformly randomlyamongthe otherpossiblevaluesin V.
Sincetherearen genesthe probability of therebeinga randomperturbationat any time
pointis 1 — (1 — p)". The statespaceS of the network togetherwith the setof network
functions,in conjunctionwith transitionsbetweernthe statesandnetwork functions,deter
mineaMarkov chain. Therandomperturbatiormakesthe Markov chainergodic,meaning
thatit hasthe possibility of reachingary statefrom anotherstateandthatit possessea

long-run(steady-statedlistribution.

B. Motivation

To modelthe geneticRegulatorynetwork we needto know the connectvity betweergenes
(intergene-relationships)Oneof theissuedn this thesiswill beto figure out multivariate
logical predictive relationshipsamonggeneexpressionsn a datasetarisingfrom radiation
studiesusingthe NCI 60 Anti-CancerDrug Screen(ACDS) cell linesandto demonstrate
how theselogical relationsbasedon coarsequantizationcloselyreflectcorrespondinge-
lationsin the continuousdata. Many of the currentparadigmgor modelinggeneticregu-
latory networks areconditionedon the premisethatgenesnteractwith eachotherthrough
Booleanlogic. This thesiswill try to showv that not only do suchrelationshipsexist but
they canalsobe unearthedsia the coeficient of determinatiortechnique.The otherissue
which this thesiswill addresss the methodto generatesyntheticbooleannetworks with
singletonattractorstructuresThe view mary currentbiologistshold is thatthe statespace
of genesmostly have singletonattractorstructuresandlargecyclesaretransient.Theprob-

lem of generatinghesestructuress quite computationallyintensive andin this thesisa



moderatelylessintensie algorithmfor designingthis type of structureswill be presented
alongwith analyticalandempiricalstudieson the frequeng of suchstructuresn atotally
randomlygenerateahetwork.

Thefirst goal relatesto our generaldesireto discover multivariategeneexpressions
thatgo beyondcorrelatve relationshipsandto our interestin finding candidategenedrom
which to build geneticregulatorynetworks. This thesisalsoseekso addresghe question
asto how andto what extent do logical relationsamongthe quantizedexpressionlevels
reflectnumericalrelationsamongthe analogdata,the latter beingmoredirectly relatedto
theactuaImRNA concentrationgoverningtranscription.

Going beyondthe identificationof multi-genepredictive relations,onewould lik e to
usetheserelationsto modelgeneticregulatorynetworks. Whereasa fine modelwith mary
parametersnay be ableto capturedetailedlow-level phenomenasuchasproteinconcen-
trationsandkineticsof reactionsconstructionof sucha modelrequireslarge amountsof
datafor inference.On the otherhand,a coarsemodelwith few parameterandlow com-
plexity is restrictedto capturinghigh-level phenomenasuchaswhethera geneis ON or
OFF, but requiresfar lessdata. The principle of Occams razor dictatesthat modelcom-
plexity shouldnever exceedwhatis necessaryo faithfully "explain the data’

If binary or ternaryrelationsare sufficient to describea predictive relation between
predictorand tamget genesthen one might expectthat the logical functionsare discern-
ablewithin the continuous pre-quantizediata. After all, the hypothesids that somehav
the ON-OFF model sufiiciently characterizeshe multivariaterelationsbetweenmRNA
concentrationsatleastto the extentthatthoseconcentrationthemselescharacterizéran-
scriptionalcontrol. It will be demonstratedsingthe NCI 60 cell linesthat,in fact, strong
predictve (high CoD) functionsdiscoveredin theternarycontext have counterpart$or the

continuousdata.



C. Organization

Thenext few sectionsareorganizedasfollows. Chapteill dealswith findingoutthepredic-
tiverelationshipgrom geneexpressiordata.In chaptedll, theissueof generatindg3oolean
Networksof particularattractorstructuress discussedChaptenV concludegshethesisby

summarizinghe mainconclusionsandoutlining the directionsfor futureresearch.



CHAPTERII

PREDICTIVERELATIONSHIPSAMONG GENES

A. Coeficientof DeterminationAnalysis

In this section,we provide an intuitive discussionof the Coeficient of Determination
(COD) analysiswhichis the maindataanalysisool usedin this analysis.As alreadymen-
tioned,the Coeficient of Determinatiormeasurethedegreeto which the bestestimatefor
the transcriptionalactivity of a target genecanbe improved usingthe knowledgeof the
transcriptionalactivity of someother predictorgenesyelative to the bestestimatein the

absencef any knowledgeof thetranscriptionahctiity of the predictors Mathematically

coOD — S0 Cont

€o

wheree, is the error arising when using the bestestimateof the target-geneexpression
level given only statisticsrelatingto the target geneitself, without usingary information
concerningothergenesande,, is the error arisingusingthe bestestimateof the target-
geneexpressionevel usingthe expressiorievelsof a setof predictorgenes.If apredictor
setcan perfectly predicta tamget, thene,,, = 0 and CoD = 1; at the other extreme, if a
predictorset provides no information aboutthe tamget, thene,,: = ¢, andCoD = 0. In

general0 < CoD < 1.

Let usnow considera concreteexampleto demonstratéhe COD for quantizedgene
expressiordatameasure@crossseveralcell lines. Supposeave areinterestedn two genes
GlandG2andtheirternary-quantizedxpressiorpatternsaacrosssevencell linesaregiven
byG1:(1-100001)andG2:(-1111100). If wewantto predicttheexpressiorpattern

of G1, thena reasonableneasureof predictionerror would be the numberof incorrectly



predictedvaluesfor G1 divided by the total numberof cell lines. First supposehatwe
areattemptingto predictG1 without observingthe expressionpatternof G2 or ary other
gene. Thenwe would probablyassignthe value 0 to geneG1 basedon the factthatthis
valuefor G1 occursin the largestnumberof cell lines. Thene, = (2+1)/7. Now suppose
that we would like to usethe knowledgeof the expressionpatternof G2 to predictG1.
Fora-1in G2we will assigna 1 for G1 becausehereis only onevalueof -1 in G2 and
the correspondingaluefor G1lis 1; for alin G2,wewill assigna O for G1 because¢he
correspondings1 valuesarethreeO’s andone-1; andfor a0 in G2, we will arbitrarily
decideto assigna 1 for G1, sincethe corresponding/aluesin G1 areone 1 andoneO.
Using theseassignmentules andthe given expressionpatternfor G2, we would predict
the expressiorpatternof G1 as(1,0,0,0,0,1,1) Comparingthis with the actualexpression
patternfor G1, therearetwo mismatches,sthatepsilon,,, = 2/7. Hencethe COD for G2
predictingG1lis CoD=(1/7)/(3/7)= 1/3.

The CoD techniquehasat leastthreeadvantagesver standardcorrelationanalysis.
First, the CoD canbeappliedto multiple predictorstherebygiving it the ability to discern
multivariateinter-generelationships.Secondthe CoD candiscover both linearandnon-
linearrelationshipswhereaghe correlationcoeficientonly addressebnearrelationships.
For instance,f geneG1 hasthe expressionpattern(0, 0, 0, 1, 1, 0) acrosssix cell lines
andgeneG2 hasthe correspondingxpressionpattern(1, 1, 1, 0, 0, -1), thenthereis the
relationG1 = G22 - 1, whichis picked up by the CoD, with CoD = 1 but not picked up by
thecorrelationcoeficient,with Corr= 0. A third advantageof the CoD is that,whereaghe
correlationcoeficientis independentf the order the CODsfor G1 predictingG2 andG2
predictingG1 canbe quite different. For instancethe examplejust given, the CoD of G2
predictingG1lis 1, whereaghe CoD for G1 predictingG2 is only 2/3. It maybethatG1

senesasaregulatoryswitchfor G2.
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B. GeneExpression

Heredityor the procesdy which characteristicare passedrom parentsto offspringsso
thatall organismgesembleheir ancestorss controlledby a vastnumberof factorscalled
genes. Genesare madeof deoxyribonucleicacid (DNA) and carriedby chromosomes
which aremadeof proteinandDNA. The DNA is a long polymericmolecule(chain-like
molecule,comprisingnumerousindividual units, called monomersJinked togetherin a
series)with a structureof a doublehelix. Complementarypasepairingis the fundamental
ideaby which the sequencef a DNA moleculeis copiedduringreplicationof the double
helix andis vital for expressiorof the biologicalinformationin aform utilizable by a cell.
All genesundego the first stageof geneexpressionwhich is called transcription
(Fig 1). During transcriptionthe templatestrandof the genedirectssynthesisof an RNA
molecule.Thesecondstageof the geneexpressionis translationfor somegeneswhile for
othersRNA transcriptis the endproduct. We try to measurghesegeneexpressionsising

DNA microarray

X

DN
J,’

/ Reverse
franscription

RNﬁ\r » Protein

' ¢

= RN A replication

Fig. 1. Stagef geneexpression
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C. TheGeneExpressiorDataandlts Processing

The datafor the currentstudywasobtainedfrom radiationexperimentsconductecbn cell
lines from the National Cancerlnstitute(NCI) 60 AntiCancerDrug Screen(A£DS). The
NCI 60 ACDS is a setof about60 humancancercell lines maintainedat the National
Cancerlinstitute. Thesecell lines have beenderived from cancersof the colon, breast,
ovary, lung, kidney, prostate centralnenoussystem,skin andbonemarrav andsene as
a screenfor determiningthe efficacy of variouscompoundswvhich are proposedas anti-
canceragentfrom timeto time.

Sixty four cell lines from the NCI 60 ACDS wereirradiatedwith high dosesof ion-
izing radiationandhanestedabout4 hourslater. Microarrayswererun with un-irradiated
controlandirradiatedsampledrom the samecell line in eacharray The geneswvhich had
responsrenessn atleast6 cell lineswereselectedIn this way, we identifiedaboutathou-
sandgenesfor further analysis. However, amongthis set,therewere mary geneswith a
large percentagef missingvalues(quality factor[13] lessthan.3) correspondingo differ-
entcell lines. If we attemptedo usea missingvalueestimationalgorithmfor thesegenes,
thentheresultswould not have beenvery accurate Accordingly, from the setof onethou-
sandgeneswe removedall the geneshaving poorquality datain morethan20 percentof
thecell lines. Thenwe rana missingvalueestimationalgorithm(kNN impute[21]) onthe
remaininggeneexpressiomratiosandternarizedheestimatedlatausingathresholdyreater
than 1.8 for inductionandlessthan0.5 for repression.The COD analysig[10] wasthen
appliedto theternarizeddatato identify relationshipsetweenseveralgenesesponsie to
ionizingradiation.Sincetheintergenerelationshipgendto benonlinearandmultivariatein

nature the COD techniquds moreappropriatéhanstandardivariatecorrelationanalysis.
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D. MissingValueEstimationMethods

Datafrom microarrayexperimentscontainsexpressionevels of genesunderdifferentex-
perimentalconditions. Due to the variousreasondik e noiseandsmall samplespotsizes
of the microarray( 200 microns)thereare frequentlymary missingvalues. Downstream
analysislik e clustering,classificationand geneticnetwork designis very much affected
dueto thesemissingvalues.Hencewe needa methodto estimateheseabsentata. There
aremary methodsdn theliteratureregardingmissingvalueestimationbut eachhasit’ s ad-
vantagesanddisadwantages.The KNN imputeis oneof the simplestof themandis quite
robust. As explainedin [21] this methodselectsgeneswith expressionprofilessimilar to
the geneof interestto imputemissingvalues.If we considergeneA thathasonemissing
valuein experimentl, this methodwould find K othergeneswhich have a value present
in experimentl, with expressiormostsimilarto A in experiment2...N (whereN is the
total numberof experiments).A weightedaverageof valuesin experimentl from the K
closestgeneds thenusedasan estimatefor the missingvaluein geneA. In the weighted
averagethe contritution of eachgeneis weightedby similarity of its expressiorto thatof
geneA. Herewe usethe EuclideanMetric asthe measureof genesimilarity. Testingon
othermetricslik e correlationcoeficient, anglebetweengeneexpressiorvectorsgivesus
betterresultssometimedut overall performances betterfor EuclideanMetric. Only other
methodwhich givesslightly betterresultsis Missing-valueestimationusingnon-linearre-
gressionwith Bayesiangeneselection[22]. But this methodis computationallyintensve

andhencewe settlefor the kNN method.

E. Rolustnes®f Coeficientof Determinatiorto Threshold

Sincewe aretrying to figure out functionsbetweengenesrom ternarizeddata,we would

like to have the ternarizedrelationshiphold for small changesn the threshold. In other



13

terms basednthegiventhresholdvefind theoptimalpredictor z = f(x, y; ty) wheret, is
thethreshold.Theerrorof this bestpredictordetermineshe CoD, say C(X, Y; z; to ). Now,
if we changeahethresholdfwo thingsmighthappenFirst,theerrormightchangethereby
changingthe CoD. Secondly a differentpredictormay be optimal, therebychangingnot
only the CoD but the predictorfunction. If we focuson thefirst thenuponfinding f based
onty , fisfixed. Now let uschangehethreshold sowe arenow consideringhefunction

Q(t) definedby

Wheree, (t) is theerrorfor the bestpredictorof z atthreshold givenno obsenations
ande(t) is theerrorof predictingz usingx andy atthreshold. Therelationshigs Rolust
relative to thresholdwhenQ(t) is stablefor smallchangesn ¢ . Along with the graphsfor
expressiornvaluesof geneswe alsoplot Q(t) aroundthe neighborhoof ¢, to find out the

relevanceof thelogic functionrelative to the continuouslata.

F. Instance®f BooleanRelationships

We examinedall genesthat have a low COD whenpredictinga target individually but a
high COD whenthey predictin conjunctionwith othergenes Specifically we requirethat
geneGl predictinggeneG3 and geneG2 predictinggeneG3 have COD valuesat least
0.25lower thanthe COD of genesG1 andG2 togethermredictinggeneG3. This helpsus
to identify genesthatin combinationcan significantly more strongly predicta particular
targetgenethanindividually. In the following sectionswe give someparticularexamples

from suchanalysiswhile mary otherinstance®f strongrelationshipis maintainedat the
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websitehttp://gsp.tamu.edu/Publications/suppkmhtn .

1. Examplesof “OR” Logic

If we considethegenemannoseeceptoyCtypel(MRC1)asatargetandthegenesyisinin-
like 1(VSNL1) and5-hydioxytryptamingseiotonin)receptor C(HTR2C)aspredictorsor
MRC1, thentheindividual CODsfor predictingAPC by the othertwo geness 0.417for
each;however, usedtogetherto predictMRC1,the CODis 0.75.

The booleanrelationshipis asshown in Tablel which definesthe OR relation. Sym-

bolically, MRC1=VSNL1V HTR2C

Tablel. Truth TableShaving OR Relationship

VSNL1 | HTR2C | MRC1
0 0 0
0 1 1
1 0 1
1 1 1

To furtherinvestigatethe relationshipbetweenthe threegeneswe producedhe ex-
pressionplotsin Fig. 2 , wherethe blue barsrepresenthe expressionlevels for MRC1,
the greenbarsrepresenthe expressionlevels for HTR2C, andthe red barsrepresenthe
expressionlevelsfor VSNL1. TheblackHorizontallines denoteghe thresholdfor ternar
izing whichis 1.8 for +1 and.5for -1. The plot demonstratethe OR relationbetweerthe
targetandthepredictorsn mostof thecell lines.

This suggestsf eitherof the predictorsis high thenthe target geneexpressionevel

is alsohigh, andthatwhile theindividual predictionby a singlepredictormay notbevery
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reliable, a combinedsum-typeof predictionis quite accurate. This relationshipis quite
robust to changesn thresholdas shovn in Figure 3. Here we have plotted aroundthe

thresholdfor inductiononly astherearenorepressedell linesfor thesegenes.

Q(t) vs Threshold
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Fig. 3. Q(t) aroundl.8 for MRC1

Anotherapparentnstanceof OR logic appeaif we considerthegenesmallinducible
cytokineA7 (monocytechemotacticprotein 3)(SCYA7) asthe target andthe genespros-
aposin(variant Gauder diseaseand variant metaciromaticleukodystophyPSAP)and
ribosomalprotein L3(RPL3) asthe predictors. TheCOD for the predictorcombinationis
0.875while theindividual CODsarelessthan0.65. Figure4 shovsthe’OR’ relationship
on the data. Herethe blue barsrepresenthetarget SCYA7, thered barsrepresenPSAR
andthegreenbarsrepresenRPL3.

Thegraphof Q(t) vst is shavn in Figure5. The curve suggestshatthe relationship
is robustto changesn threshold.

Someotherinstanceof OR logic is visible whenwe considerthe geneadenomatosis

polyposioli(APC)asatargetandthegenesntegrin, alphal antigenCD11Ap18QITGAL)
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andHomosapiensmRM for TL132aspredictorsfor APC,thenthe individual CODsfor
predictingAPC by the othertwo geness 0.4 for each;however, usedtogetherto predict
APC, the COD is 0.8. Theindividual correlationcoeficientsare0.63and0.51. Owing
to the OR relationabove, we have evaluatedthe correlationcoeficient of the sumof the
geneexpressionprofiles of the two predictorgenesandthe target gene,thatis the corre-
lation coeficientbetweenTGAL + mRNA andAPC. This correlationcoeficientis equal
to 0.79. Thesenumbersconfirm that even without ternarizingthe data,the two geneso-
getherseento displaya strongerelationshipwith thetargetthaneitherof themconsidered

individually.

2. Exampleof “AND” Logic

A caseof AND logic is exhibitedwhenwe considerthe genesmallinducible cytokineA7
-monocytechemotacticprotein 3(SCYA7) asthe target andthe genesmucin5, subtypes
A and C, tracheobondial/gastrigMUC5AC) and calcium-sensingeceptor(hypocalci-
uric hypercalcemial, severe neonatahyperpaathymidism)CASR)asthepredictors.The
COD for combinedpredictionis 0.75while the COD for eachof the individual predictor
geness 0. Thegeneexpressiorlevelsfor thesethreegenesareplottedin Figure6, where
the blue barsrepresenthe geneexpressionlevel for the SCYA7, andthe greenandred
barsrepresenthe expressionlevels of the genesCASR andMUCS5AC, respectrely. The
tamgetclearlyresemblesn’AND’ functionof thetwo predictors:whenbothpredictorsare
high, thenandonly thenis thetargethigh. The booleanrelationships SCYA7 = CASR A
MUCS5AC andis shavnin Tablell. In termsof correlationcoeficientsthecorrelationcoef-
ficientbetweerSCYA7 andMUC5AC is 0.61andthatbetweerCASRandSCYA7 is 0.75,
whereaghe correlationcoeficient betweerthe productof the predictorsandthe targetis
0.81. Therohustnes®f this Booleanrelationships not thatstrongasdepictedn Figure?.

Thereasormight bethe optimumthresholdfor individual genesmay be different.
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Tablell. Truth TableShoving AND Relationship

MUCSAC | CASR | SCYA7
0 0 0
0 1 0
1 0 0
1 1 1

3. Exampleof “EXOR” Logic

WhenthegenesnannoseeceptoyCtypel (MRC1)andinterleukinl8 (interferon-gamma-
inducingfactor)jointly predictthetargetgeneenoyl-Coenzym&, hydratase/3-hydoxyacyl
CoenzymeA dehydogenas¢EHHADH), the outputbehaesasan XOR (exclusive OR)
function of the inputs. This is clearfrom the plot shavn in Figure9, wheretheblue, red
and greenbarsrepresengeneexpressionlevels for the tamget geneEHHADH, the gene
interleukinandthe geneMRC1, respectrely.Whenboth predictorsareupregulatedor both
are 0, thenthe tametis also0. Moreover it appearghat interleukin can be a suppres-
sor for EHHADH: whenerer MRC1 is upregulated. The booleanrelation, EHHADH =
XOR(MRC1, Interleukin18),is shavn in Tablelll. The plot for robustnesss shawvn in

Figure8.

4. BooleanRelationshipsAmongFour Genes

Thus far we have consideredwo genespredictinga target; now we treata situationin

whichtherearethreepredictorgenes.



Q(t) vs Threshold

Vai

1.7 1.75 1.8 1.85 1.9

Fig. 5. Q(t) aroundl.8 for SCYA7

Tablelll. Truth TableShaving EXOR Relationship
MRC1 | InL | EHHADH

0 0

0
0 1 1
1 0 1
1 1 0
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Q(t) vs Threshold
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Q(t) vs Threshold
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Fig. 11. Q(t) for four generelationship

Figure 10 shaws the relationshipamongthreepredictorsanda target gene. Thered,
green,gray andblue barsrepresenthe genesHomosapiensclone TCCCTR00151mRMN
sequencgdmRNA), plateletfactor 4 (PF4)pradykininreceptorB2 (BDKRB2), andthe
target,mannoseeceptorC typel (MRC1). Therelationshipshavs thatthe predictorsup-
regulatethetargetgenewhenoneor two of themareupregulatedout whenall the predictor
genesareupregulatedthenthetargetis notinduced.Theapproximatéoolearrelationship,
MRC1 = (XOR(MRNA,PF4)v XOR(mRNA,BDKRB2) v XOR(PF4,BDKRB2))

is shavn in TablelV. To verify that the samefunction holdsfor small changesn the

inductionthreshold,we plot the COD vs Induction Thresholdfor thresholdrangingfrom
1.65t0 1.9. Figure 11 suggestshat the relationshipas depictedby cod analysisis quite
stableto smallchangesn inductionthreshold We didn’t considertherepressiorthreshold
for this caseasalmostall of the valueswereeitheronesor zeros.

By examining other CoD values,we find that the genesinterleukin 1, alpha(lL1A)
and distal-lesshomeobox4(DLX4) seemsto be repressordor adenomatosigpolyposis

coli(APC),whereaghegenezincfinger protein, X-linked(ZFX) appeardo induceAPC.
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TablelV. Truth Tablefor RelationshipAmong4 Genes
MRNA | PF4| BDKRB2 | MRC1

B P P P O O O O
P B O O kB KB O O
O B B R B B B O

0
1
0
1
0
1
0
1

For anotherinstanceof a Booleanrelationshipbetweenfour geneswe considerthe
genesalbumin(ALB), EHHADH andthyroid hormonereceptorassociategbrotein( TRAP
150) predictingthe geneAPC. From the data,they predict APC with a CoD of 1. The
dataalsosuggesthatwhengeneTRAP150is repressedAPC cannotbe induced.APC is
inducedwheneitherALB or EHHADH is inducedandTrap150is notrepressed.

Anotherstrongrelationshipamonggeness depictedn Fig. 12, wherethered,green,
grey andblue barsrepresentislet cell autoantigen 1 (69kD)ICA1),syndecar? (hepa@an
sulfateproteqylycanl,cellsurface-associatediproglycanSDC2),hetengeneousuclear
ribonucleopotein L(HNRPL) and mannosereceptoy C type 1(MRC1) (tamet), respec-
tively. This relationshipis quite robustwith changesn thresholdfor both repressiorand
inductionasshavnin Fig. 13. The X axisshavsthethresholdor inductionandthe Y axis
the thresholdfor repressiorwhile Z axis shaws the Q(t) which alwaysstaysabove .75 for

smallchangesn thresholdvalues.
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Fig. 13. Q(t1,t2)for secondour generelationship

G. Roleof p53Statusn Determininginter-GeneRelationships

In our data,thereare 20 cell lines with functionalp53 and44 cell lines with mutantp53.

To studythe role of p53 statusin determininginter-generelationshipswe have divided

the expressiondatainto two sets: onein which p53is functionalandthe otherin which

it is mutant,andwe have analyzedboth setsseparatelyWe have concludedhatthereare
strongelinter-genepredictiverelationshipsvhenp53is functionalthatwhenp53is mutant.
Figure 14 shows the probability distribution function of the CoD values.Theredandblue

curvesgive the probability distribution functionsof the CoD valuesfor the wild type p53

andthe mutantp53 cell lines, respectiely. We obsenre thatfor wild type p53the average
andmaximumcodvaluesexceedthe correspondingaluesfor mutantp53cell lines.

We next present few specificinstance®f genesvhosebehaior seemgo dependn
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thep53status.

GenesTATA elementmodulatoryfactor 1(TMF1),cyclin T2(CCNT2)polymease (
DNA directed),delta 3(POLD3) and guanylatebinding protein 1, interferon-inducible
67kD(GBP1)areinducedwhenp53is notactive but they staydormantwhenp53is actie.
Thesegeneganight play animportantrole whenthetumorsuppressofp53)is inactive. On
theotherhand,somegenesshaow little responsienessvhenp53is mutantanddisplaycon-
siderablevariability whenp53is wild type. Instancef suchgenesare serum-inducible
kinas€SNK), tumor neciosis factor receptorsuperfamilfTNFRSF10C),UDP glycosyl-
transfease?2 family, polypeptideB1O(UGT2B10),propedin P factor, complemer{PFC),
ST14,PHLDA3,damaye-specifidNA binding protein2(DDB2), XPC andKiller/DR5.

GeneRAD52 homologis predictedwith a COD of 1 by anEST (Moderatelysimilar
to LCP2HumanLymphocyteCytosolicprotein2) whenp53is active but the COD falls to
zerowhenp53is mutant. Similar relationshipsexist in the un-quantizedyeneexpression
data.

GenePPM1Dis mostly zerowhenp53is mutant;however whenp53is active it has
large variations. Othergenescan predictthosevariationsquite well. The CoD for genes
centomee protein A(CENFA) and4-hydioxyphenylpyruvatdioxygenaséHPD) predict-
ing PPM1Dis 0.85whenp53is active. Thestrengthof this relationships borneout by the

Pdf of cod values

0.4 )
0.3 ‘“\—> Wild Type p53
0.2 —>r‘{1\ytant p53

1

Fig. 14. Pdf of COD values
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plotin Figurel5, whereredandgreencurvesrepresenPPM1DandCENFA, respectiely.

Clearly, thereappeardo beaninverserelationshipbetweerthesetwo genes.
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Fig. 15. CenpaandPPM1D

Our datafurnishesmary otherexampleswherep53 statusis crucialfor goodpredic-
tion. For thegeneCENRA, therearemary variationswhenp53is mutantbut thesearenot
predictedstrongly by othergenes.The best2-genepredictorgivesa CoD of 0.545when
p53is mutantbut whenp53is active thebest2-genepredictorgivesa COD of 0.83. Similar
relationshipshold for genePPP2R5Avherefor p53mutant.thebestvalueof CODis 0.35

whereaghe bestCOD increaseso 0.75whenp53is functional.

H. Conclusion

In this thesis,we have usedexperimentaldatato shav thatBooleanrelationshipdbetween

genesdo exist. Many of the currentparadigmgor modelinggeneticregulatory networks
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areconditionedon the premisethatgenesnteractwith eachotherthroughBooleanlogic.
The resultsof the currentstudy using cancercell line datashows that not only do such
relationshipsexist but they canalsobe unearthedia therecentlydevelopedcoeficient of
determinatiortechnique.Anotherimportantobsenationthatfollows from the datais that
several of therelationshipsuneartheetweerthe differentgenesseemto be considerably
strongerwhen p53 is functional as comparedto whenit is not. This is consistentwith

earlierfindingsin theliterature.
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CHAPTERIII

CONSTRJCTING BOOLEAN NETWORKS
RandomsyntheticPBNscanpossess variety of attractorstructures. Thassumptiorthat
biological systemdeingmodeleddoesnot possessyclic attractorgequiresusto find out

syntheticnetworkswith only singletonattractors.

A. SearchHProblem

Thus,we arepresenteavith thefollowing searchproblem:givena setof statesearmarled
to be singletonattractorsandan upperboundon the numberof predictorsfor eachgene,
find a Booleannetwork satisfyingtheseconditionsthat containsno othersingletonattrac-
torsandno cyclic attractors.Thereis animplicit consisteng requiremenfor this search:
if f predictsthe value of geneg and hasessentialvariableszy, xs, ..., z,, (which with-
out loss of generalitywe take to be first m variables)out of the full cohortzx, z-, ..., z,,
m < n, andif f(ai,as,...,a,) = 1 for someparticularsetof valuesof x1, zs, ..., z,,, then
flay,ag, ..., amy Tyt ..., ©,) = 1 for ary valuesof z,,1, ..., z,. An analogoustatement
holdsfor f(ay, as,...,a,) = 0. Herem denoteghe numberof predictorsfor geneg. This

is acomputationallyintensive search.

1. Method1 to ApproachThis Problem

Considetthetaskof randomlygeneratinga BooleanNetwork (BN) of n» geneswhereeach
of the genescannot have morethanm predictorgenes.Furthermorewe assumehatthe
BN to be generatedhasexactly k singletonattractorsj.e. thereareexactly k£ statesn the
statespaceof the BN suchthat,eachoneof thosestatedransitionsinto itself. The search

problemis equivalentto finding a consistenBN in the spaceof BNs satisfyingthe above
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conditions. Here consisteng is understoodn the senseof finding a BN that hasa state
transitiondiagramwhich is compatiblewith a givenpredictorsetof the BN. The Predictor
setfor the BN is the collectionof all of the predictorsetsfor eachindividual genein the
BN. If we assumehat a genehasexactly p predictors,thenfor eachgenethereare P=
(”;1) possiblepredictorsetsandatotal of P" possiblepredictorssetsfor theBN. Herewe
assume genecannotpredictitself. For the casewherethe numberof predictorscanvary
betweenl andp,P=3"_, ( Zfl). As thegeneexpressionareassumedo bebinary; i.e. 0
or 1, the numberof non-attractostatesare M/=2" — k. We canthink of thesenon-attractor

statesto be situatedin levels wherethe j-th level signifiesthat the statereachesone of

the singletonattractorsn exactly j transitions.Let N = 2™ be the total numberof states.

Thepossiblenumberof suchstructuresarey” ygs—r m(l —1)™" m(l —2)m=Y

...k™1) wherethe summationis over all the differentchoicesof m(1)...m(l) satisfying
St m(i) = M. Thisis becauséf we considerthelevel I, thenit hasm(l) statesn it and
thelevel justabore hasm(l — 1) states Eachstatefrom level [ hasto goto oneof thestates

of level l — 1 andtherearem(l — 1)™( differentwaysto dothat. Similarly for otherlevels.

Oncea sequencef m(1)...m(l) hasbeenfound satisfyingthe summationproperty then,

N!

thereare K (D)Im(2)L...m

o7 waysto fill thelevels. The searchspaceof suchstructureswith
this method,evenfor smalln is prettyhuge.If we considem = 4 , £ = 4 andnumberof
levels! = 4, we havethesearchspacen therangeof 10*°. For [ = 4 andfor every possible
numberof attractors the searchspaceis around24*10'°. In the following sections,we
will shaw that for all possiblenumberof levels, the searchspaceis N + 1V~! which is
171%=28 % 107 for n = 4. All thesehasto be multiplied by P" to getthe actualsearch
space.For all possiblelevels, searchspaceis equalto the numberof graphsof N nodes
with no cycle of lengthmorethanoneandeachnodehaving a singledirectededgegoing

outfrom it.
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2. Method2 to Solvethe Problem

This methodmodifiesthe truth table of the predictorfunctionsandthencheckswhether
the generatedN hasonly singletonattractorsanda reasonabldevel structure.First, let
usselecta setof predictorsgenespPy;,P;.....P,; for eachtargetgene’;. Thenwetry to fill

up thefunctionmatrix (matrix containingthe Booleanfunctions f (Py;, Pa;, ..., P,;)). If we
areaimingfor afixedsingletonattractorset,thensomeof theentriesof thefunctionmatrix
is filled beforehand.Theestarefilled randomly Example:Let us considera casewhere
we have threegenes(r,,(G2,(G3) andtwo predictorsfor eachtargetgene.As we have only
threegenesthe predictorsarethe othertwo genes.Thusif we want001and100to bethe

attractorghenthe startingpoint of the functionmatrixis asshovn in TableV.

TableV. FunctionMatrix

GeneValues| f1 | f2 | 3
00 1 1
01 00
10 0|0
11

As the attractorsaregivento be 001 and 100 , the first geneG; will be 0 whenthe
othertwo genes(z, and(5 are( and1 respectrely. Similarly from the secondattractor
100, we getthatgene( is 1 whenthe othergenesare(. Hencetheentryin thefirst row
(correspondingo 00 for the othertwo genes)andthefirst column( correspondingo gene
(z1) is 1 while the entry in the secondrow ( correspondingo 01) andfirst columnis 0.
Similarly for the othertwo genes.

While filling thetruth tables,somecasesnayarisewhich arenotfeasible.For exam-
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ple if we considerthe attractorsetto be 000 and100. Thenfor the first attractor000, we
have thefunction f(0,0) = 0, while from the secondattractor we have f(0,0) = 1 which
is a contradiction.This arisesaswe have constrainedhe connectvity. For full connectv-
ity, any structures feasible.If we hadfull connectvity thentheequationsvould have been
f£(0,0,0) =0andf(1,0,0) = 1. We randomlypick anothersetof attractorsf the current
setis notfeasible.Oncea feasiblesetof attractords selectedthe correspondingntriesin
thetruthtableis filled up. Theremainingentriesarefilled randomlywith equalprobability
of picking 1 or 0. After filling up the truth table,we find out the statetransitions. The
statetransitionsis anarray NS of N = 2" elementsvhereeachentry containsthe next
transitionstate. This arrayis usedto find out whetherary cyclesexist in the graphor not
andwhatis the maximumlevel of the graph. To find outif any cycle of lengthmorethan
oneexist, we needto startfrom thefirst stateandtraverseto the next statedill we reacha
statealreadytraversed.If thatstateis not a singletonattractor thenwe have a cycle. Oth-
erwisewe move on to the next statewhich hasnt beentraversedyet andstarta new path.
If the stateto which the new pathreturnsis a singletonattractor thenwe go to the next
non traversedstateotherwisewe have a cycle. Oncea cycle is found the loop is broken
anda new randomfunctiontableis tried. As anexampleif we have n = 2 andthereare
four state9),1,2and3. Let NSbeNS(0)=1,NS(1)=3,NS(2)=1andNS(3)=3.Thenby our
algorithmwe will startfrom 0 andgoto 1 andfrom oneto 3 andas3 is a singleattractor
(NS(3)=3)we move on to the next nontraversedstate2 andstarta new path. The state2
transitionto statel and1 goesto 3 which s a singletonattractor Hencethis transitionset
is apossiblestructurecontainingonly singletonattractors.

A network generatedy this methodis shavn in Fig. 16. This network containst
Genesand hence2® = 64 states. The numberof predictorsfor eachgeneis 2 andthe
maximumlevel for thenetwork is 4.

In this methodthe searchspaceis muchsmallerif the connectity (i.e. the number
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of predictorsfor eachgene)is small. In the previous methodevenif the connectvity was
low, the searchspacewill remainalmostthe sameand mary non feasiblestructureswill
be searchedAs anexample,if thefirst gene, is not presenin ary of the predictorsets
of theothergeneghenthestated), x, ..., z,, andl, z», ..., z,, shouldtransitionto thesame
stateand henceshouldbe at the samelevel. Hereit is assumedhatthe othergenesare
equalfor thetwo cases.In thefirst method,eventhe casesvherethey belongto different
levelsmay comeup andincreaseghe numberof computationsinnecessarilyin thesecond
methodthis scenariovon’t comeinto pictureaswe generatehe transitiondiagramfrom
feasibletruth tables.

Thesearchspacdn the secondnethodis P"2"*?". Thefunctiontablehasn columns
for then genesand2? rowsfor thedifferentpredictorcombination$)00...0 00....1 .... 11...1
asshown in TableVI. Thisn x 2P entries(marked x in TableVI) canbefilled by O or 1.

Hencethe possiblecombinationsare2m".

TableVI. FunctionTable

GeneValues| f1 | f2 | ..... fn

00..0 X | X | X | X

00..1 X | X | X | X

11...1 X | X | X | X

If p=2andn=4thenP" 2" is around5.3 * 10¢ whichis muchlessthantheprevious

method.
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B. Numberof Graphswith Only SingletonAttractors

To studyanalyticallythe percentagef networkswith only singletonattractorsandno other
cycles,we considera network build from n GeneqG1,Gs,..... G,). Thetotal numberof
statesin suchnetworksis N = 2". Let usassumeahatwe have full connectity i.e. the
predictordor a Gene(; areall theavailablegeneqG,,Gs,..... G,,) includingitself. There-
fore atransitioncanoccurfrom ary stateto ary otherstate.If we reducethe connectvity
thenall thetransitionsmay not befeasible. Total numberof suchgraphspossibleis NV as

astatehas/NV choicesandthereare N states.

1. UnigueNumberingof Graphswith SingletonAttractors

Let us considerthe graphin Figure 17 which hasonly one singletonattractor We can
generatea uniquesequencdrom this graphif we enumeratet asgivenin [23]. Remaore
the pendantvertex (andthe edgeincidenton it) having the smallestiabel,sayV;. Let the
stateto which V; wasincidentbe ;. Now we dothesamethingwith theremainingvertices
, remove thevertex with the smallestiabel V; andlet V; beincidenton I,. This processs
continuedfor N — 1 stepstill we areleft with only the singletonattractor For the given

figurethesequencef I,1s,..... Iy_1 iS 15155.

Fig. 17. Exampleof graphwith no cycles
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To constructbackfrom a sequencef I,1,,..... Iy_; we considerthefirst numberin
thesequencd,2,..... N thatdoesnot appearin the I sequenceThatnumberis V;. Thus
we getanedgefrom V; to I;. Thenwe remove V; from the V' sequencand ; from the
1 sequenceNow we do the samething with the remainingsequenceg andV'. For the
exampleconsideredve will gettheedge2— > 1,3— >5,4—>1,1—>5,6—>5
andthelastremainingone5 asthe singletonattractor

The numberof differentsuchsequencepossibleis NV~ aswe have N choicesfor
N — 1 places.Now we considerthe casesvheretherearetwo singletonattractors.Thenif
we enumeratéhemasdonepreviously, we will get N — 2 numbersn thesequencénstead
of V— 1. Foraparticularchoiceof singletonatrractorsA; and A, we have otherN —2—1
placesto befilled. Sodifferentwaysin which we canselecta graphwith only 2 singleton
attractorsandno cyclesis (ng) * 2* NN=3_ Thefirst numberis the numberof different
waysto selecttwo singletonatrractordrom N states.Thesecond is dueto the numberof
singletonattractors.The third numberis the numberof differentwaysthe sequencesan
beformedwith eitheroneof the singletonattractorsattheend. It is NV =3 andnot NV —2
becauseaf we fix a singletonattractorasthe last numberin the sequencehenthereare
N — 3 positionsleft to befilled. A pointto noticeis thatthe lastnumberof the sequence
hasto bea singletonattractor

ForthreesingIetonattractorsthenumberbecomes(fgV ) *3x NN,

Sothetotal numberof graphswith no cyclesof lengthmorethanoneis
i\le (N) r NN-r—1

r

As <]7Y) r NN-7-1 = NN-1 <N—1> N1

r—1

ThesumbecomesVV -1 SNV 1 (Nr‘l) N~ =NN=1(1+ %) whichis equalto

(N + 17 (1)
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Thereforetheratio of non-g/clic graphsto the overall numberof graphss

(N J;V}V)N—l )

whichis asymtoticallyequalto .
The point to obsere is thatwith the increasen numberof genesthe percentagef
graphswithout any cyclic attractorsetgoeson decreasingxponentiallyon the numberof

genes:.

TableVIl. Full Connectvity Table

Numberof Genes| Numberof States| Analyticalratio | SimulationRatio
1 2 A5 A5
2 4 48 5
3 8 .285 .28
4 16 15 14
5 32 .08 .097
6 64 .041 .035
7 128 .02 .023
8 256 .0105 .013
9 512 .00529 .0051

10 1024 .00265 .0023

Table VII containsthe analytic ratio of thesekind of structuresobtainedfrom the
statedformulaalongwith the ratio obtainedfrom simulations.The simulationweredone
by randomlypicking 1000statetransitionsandfinding outhow mary of themcontainonly

singletonattractorsandno cycles. The ratiosobtainedfrom the analyticformulaandthe



simulationsarenearlythesame.

Table VIII containsthe resultsof simulationsdonewith differentnumberof genes
n anddifferentnumberof Predictorsp. Theratio of structurescontainingonly singleton
attractorsamongall feasiblerandomnetworksincreasesvhenconnectvity decreasedt’s

very difficult to find the exact numberof suchstructuresandthereis no mentionof any

suchanalyticratioin theliterature.

TableVIll.: Low Connectvity Table

n | p | SimulationRatio | Actualcount| Numberof Simulations
2 |11 0.753800 11307 15000
3 | 1]0.778867 11683 15000
3 |2]0.433933 6509 15000
4 |1|0.802800 12042 15000
4 |2)0.439733 6596 15000
4 | 3]0.222333 3335 15000
5 | 1| 0.800200 12003 15000
5 | 2]0.425400 6381 15000
5 | 3] 0.192200 2883 15000
5 | 4| 0.105800 1587 15000
6 | 1] 0.803600 12054 15000
6 | 2]0.410400 6156 15000
6 |3|0.161867 2428 15000
6 | 4|0.072067 1081 15000
6 | 5| 0.050400 756 15000
7 | 1]0.811533 12173 15000




TableVIll Continued

n | p | SimulationRatio | Actualcount| Numberof Simulations
7 | 2]0.388000 5820 15000
7 | 3] 0.132467 1987 15000
7 | 4] 0.051867 778 15000
7 | 51]0.026400 396 15000
7 | 61]0.023133 347 15000
8 |11 0.814067 12211 15000
8 | 2| 0.382067 5731 15000
8 | 31]0.117400 1761 15000
8 | 4| 0.040267 604 15000
8 | 5| 0.018067 271 15000
8 | 610.012133 182 15000
8 | 7| 0.009267 139 15000
9 |11 0.812067 12181 15000
9 | 2|0.362600 5439 15000
9 | 31]0.107800 1617 15000
9 |40.028133 422 15000
9 |5/ 0.011600 174 15000
9 | 61|0.007267 109 15000
9 | 7| 0.006000 90 15000
9 |8/ 0.005733 86 15000
10| 1 | 0.809400 12141 15000
10| 2 | 0.361800 5427 15000
10 | 3 | 0.092067 1381 15000

42
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TableVIll Continued

n | p | SimulationRatio | Actualcount| Numberof Simulations
10| 4 | 0.018867 283 15000
10 | 5| 0.009067 136 15000
10 | 6 | 0.003400 51 15000
10| 7 | 0.003133 47 15000

C. Conclusion

The singletonattractorstructuresare rare whenconnectwity is high asshown in (2) but
they becomecommonwhenthe connectvity is decreasedTheanalyticratio of thesekind
of structuredor low connectity is yetto be determinedandis afuturetopic for research.
The secondnethodof finding thesestructuresasa searchspacemuchlower thanthefirst
methodandcanbeusedto generatesingletonattractorstructuresith reasonableomple-
ity for lessthan20 genes But the functiontablemethodcannotgive usfull controlonthe
maximumandminimum levels of the generatedhetwork asthefirst method.A combina-
tion of thesetwo methodswhich canwork efficiently for high numberof genesandhave

morecontrolonthelevel structureis a topic for furtherresearch.



44

CHAPTERIV

CONCLUSIONSAND FUTURERESEARCHDIRECTIONS

We have usedexperimentalcancercell lines datain this thesisto shav that Booleanrela-
tionshipsbetweengenesdo exist and canbe discoveredby using Coeficient of Determi-
nation Technique.Many of the currentmodelsof Geneticregulatory Networks arebased
on theideaof GenesnteractingbetweenthemselesthroughBooleanLogic. Theresults
reportedn thisthesishavelaid thegroundwvork for furtherstudiesusingtheNCI 60 ACDS.
A promisingresearchdirectionseemdo be to usethe geneexpressiondatato constructa
ProbabilisticBooleanNetwork which could thenbe usedto designand evaluatepossible
interventionstratgiesfor cancetreatment.

The otherissuewhich this thesiscoversis the generatiornof syntheticBooleanNet-
workswith singletonattractors.Thelessintensve methodgivesusaway to constructsuch
singletonattractorstructuresandusethemin testingof algorithmsfor finding out connec-
tivity of networks. Theanalyticalandempericaktudieson thefrequeny of suchnetworks
shows the scarcityof suchnetworks for high connectvity. The analyticalresultsfor low
connecity is yet to be discoveredandis a future researchopic. The otherareawhich
needsto be researcheds the efficient generatiorof suchnetworks with large numberof

genes.
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