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ABSTRACT

DiscoveringRelationshipsin GeneticRegulatoryNetworks. (August2004)

RanadipPal, B. Tech.,IndianInstituteof Technology, Kharagpur

Chairof Advisory Committee:Dr. AniruddhaDatta

The developmentof cDNA microarraytechnologyhasmadeit possibleto simulta-

neouslymonitor the expressionstatusof thousandsof genes.A naturalusefor this vast

amountof informationwould beto try andfigureout inter-generelationshipsby studying

the geneexpressionpatternsacrossdifferentexperimentalconditionsand to build Gene

RegulatoryNetworksfrom thesedata.In this thesis,we studysomeof theissuesinvolved

in GeneticRegulatoryNetworks. Oneof them is to discover andelucidatemultivariate

logical predictive relationsamonggeneexpressionsand to demonstratehow theselogi-

cal relationsbasedon coarsequantizationclosely reflect correspondingrelationsin the

continuousdata. Theotherissueinvolvesconstructionof syntheticProbabilisticBoolean

Networkswith particularattractorstructures.Thesesyntheticnetworkshelp in testingof

variousalgorithmslike BayesianConnectivity basedapproachfor designof Probabilistic

BooleanNetworks.



iv

ACKNOWLEDGMENTS

I would like to especiallythankmy advisor, Dr. AniruddhaDatta,for his guidance

andencouragementthroughoutmy research.Healwaysgaveapatienthearingto my ideas

andencouragedmeto look for newerconcepts.

I am also indebtedto Dr. Doughertyfor his invaluablesuggestionsand guidance

throughoutmy research.

I amthankfulto my parentsandmy brotherfor their immensesupport,loveandinspi-

rationthroughoutmy life.



v

TABLE OFCONTENTS

CHAPTER Page

I INTRODUCTION ��������������������������������������������������� 1

A. PreviousWork . . . . . . . . . . . . . . . . . . . . . . . . . . 2
B. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
C. Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

II PREDICTIVERELATIONSHIPSAMONG GENES ��������������� 8

A. Coefficientof DeterminationAnalysis . . . . . . . . . . . . . . 8
B. GeneExpression . . . . . . . . . . . . . . . . . . . . . . . . . 10
C. TheGeneExpressionDataandIts Processing. . . . . . . . . . 11
D. MissingValueEstimationMethods . . . . . . . . . . . . . . . 12
E. Robustnessof Coefficientof Determinationto Threshold . . . . 12
F. Instancesof BooleanRelationships . . . . . . . . . . . . . . . 13

1. Examplesof “OR” Logic . . . . . . . . . . . . . . . . . . 14
2. Exampleof “AND” Logic . . . . . . . . . . . . . . . . . . 18
3. Exampleof “EXOR” Logic . . . . . . . . . . . . . . . . . 19
4. BooleanRelationshipsAmongFour Genes. . . . . . . . . 19

G. Roleof p53Statusin DeterminingInter-GeneRelationships . . 28
H. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

III CONSTRUCTING BOOLEAN NETWORKS ����������������������� 32

A. SearchProblem. . . . . . . . . . . . . . . . . . . . . . . . . . 32
1. Method1 to ApproachThisProblem . . . . . . . . . . . . 32
2. Method2 to Solve theProblem . . . . . . . . . . . . . . . 34

B. Numberof Graphswith Only SingletonAttractors . . . . . . . 38
1. UniqueNumberingof Graphswith SingletonAttractors . . 38

C. Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

IV CONCLUSIONSAND FUTURERESEARCHDIRECTIONS ����� 44

REFERENCES ��������������������������������������������������������������������� 45

VITA ��������������������������������������������������������������������������������� 48



vi

LIST OFTABLES

TABLE Page

I TruthTableShowing OR Relationship������������������������������������� 14

II TruthTableShowing AND Relationship ��������������������������������� 19

III TruthTableShowing EXOR Relationship ������������������������������� 20

IV TruthTablefor RelationshipAmong4 Genes ����������������������������� 26

V FunctionMatrix ����������������������������������������������������������� 34

VI FunctionTable ����������������������������������������������������������� 37

VII Full Connectivity Table ��������������������������������������������������� 40

VIII Low Connectivity Table ��������������������������������������������������� 41



vii

LIST OFFIGURES

FIGURE Page

1 Stagesof geneexpression ������������������������������������������������� 10

2 ORrelationship ����������������������������������������������������������� 15

3 Q(t) around1.8for MRC1 ������������������������������������������������� 16

4 AnotherORrelationship��������������������������������������������������� 17

5 Q(t) for SCYA7 ����������������������������������������������������������� 20

6 AND relationship ��������������������������������������������������������� 21

7 Q(t) for AND function ����������������������������������������������������� 22

8 Q(t1,t2)for EXOR ��������������������������������������������������������� 22

9 EXORrelationship ������������������������������������������������������� 23

10 Relationshipamongfour genes ������������������������������������������� 24

11 Q(t) for four generelationship ��������������������������������������������� 25

12 Anotherrelationshipamongfour genes ����������������������������������� 27

13 Q(t) for secondfour generelationship ������������������������������������� 28

14 Pdfof COD values��������������������������������������������������������� 29

15 CenpaandPPM1D ������������������������������������������������������� 30

16 SyntheticBN with only singletonattractors ������������������������������� 36

17 Exampleof graphwith nocycles ����������������������������������������� 38



1

CHAPTERI

INTRODUCTION

Multicellular organisms,suchasourselves,aremadeup of billions of cells,eachof which

mustbehave in accordancewith certainstrict rulesif theorganismis to survive andcarry

on thebasicfunctionsof life. Eucaryoticcells,suchashumancells,arecharacterizedby

thepresenceof anintra-cellularcompartmentcalledthenucleus. Thenucleuscontainsthe

instructionsthatarenecessaryfor theproperfunctioningof thecell. Theseinstructionsare

written in the form of deoxyribonucleicacid (DNA) andmustbe replicatedandhanded

down unchangedto its progeny when the cell divides. The DNA is a long polymeric

molecule(chain-like molecule,comprisingnumerousindividual units, calledmonomers,

linked togetherin series)with the structureof a doublehelix [1]. Complementarybase

pairingis thefundamentalideaby whichthesequenceof aDNA moleculeis copiedduring

replicationof thedoublehelix andis vital for expressionof thebiological informationin

a form utilizableby a cell. All genesundergo the first stageof geneexpressionwhich is

calledtranscription.During transcription,thetemplatestrandof thegenedirectssynthesis

of anRNA molecule.Thesecondstageof thegeneexpressionis translationfor somegenes

while for others,theRNA transcriptis theendproduct.Whateverbethecase,oncethein-

formationhasbeenusedto synthesizeproteins,it cannotbetransmittedbackto theDNA.

This is called the CentralDogmaof Molecular Biology. We try to measurethesegene

expressionsusingcDNA microarrays.cDNA microarraytechnologyhasmadeit possible

to simultaneouslymonitor the expressionstatusof thousandsof genes.A naturalusefor

this vastamountof informationwould be to try andfigureout inter-generelationshipsby

studyingthegeneexpressionpatternsacrossdifferentexperimentalconditionsandto build

Thejournalmodelis IEEETransactionsonAutomaticControl.
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GeneRegulatoryNetworksfrom this data.

Therearemany approachesto modelinggeneticregulatorynetworks.Somearebased

on DifferentialEquationmodels[2] while somearebasedon Booleanmodels[3]. The

BooleanModel hasreceiveda lot of attention. In the Booleanmodel,a geneis modeled

as ON or OFF, and its valueat time
�����

is a function of the value set at time
�

of a

classof regulatorygenesin thenetwork. Certainlysucha coarsequantizationwill result

in the lossof informationandrenderthe modelunsuitablefor finer analysis,but it will

permitmucheasiermodelidentificationfrom dataandcanalsobeusefulfor predictionin

situationswherethedominantdiscriminatoryfeaturesarebinary. Researchindicatesthat

many realisticbiologicalquestionsmay be addressedwithin the Booleanformalism,and

Booleannetworks, while structurallysimple,aredynamicallycomplex andhave yielded

insightsinto the overall behavior of geneticnetworks [4] [5] [6]. Recently, the Boolean

modelhasbeenextendedto probabilisticBooleannetworks(PBN’s),whichareessentially

a family of Booleannetworks[7]. At any giventime, thesystemoccupiesastategoverned

by the regulatoryfunctionsof oneof the networks, andwith small probability it hasthe

possibilityof switchingto adifferentgoverningnetwork at thenext instantof time.

A. PreviousWork

Correlationcan identify pair-wise geneticco-regulative responsesto a particularstimu-

lus; however, correlationdoesnot addressthefundamentalproblemof determiningsetsof

geneswhoseactionsandinteractionsdrivethecell’sdecisionto setthetranscriptionallevel

of a particulargene. Transcriptionalcontrol is accomplishedby a complex methodthat

interpretsa variety of inputs[8] [9]. Hence,it is necessaryto apply analyticaltools that

detectmultivariateinfluenceson decisionmakingpresentin complex geneticnetworks.

This demandhasmotivatedtheuseof theCoefficient of Determination(CoD) to measure
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thestrengthof therelationshipbetweenasetof predictorgenesanda targetgene[10] [11]

[12]. In theseapplications,workingwith cDNA microarraydata,thecontinuousnumerical

expressiondatais usuallyreducedto ternarylogicaldatavia amethodof internalstandard-

ization[13]. In essence,relativeto agiventargetgeneandasetof predictorgenes,theCoD

measurestherelative increasein predictivecapabilityusingthepredictor-geneexpressions

asopposedto predictingthetarget-geneexpressionbasedonly on knowledgeof thetarget

gene’s isolatedbehavior acrossthedataset.Mathematically,

	�
�� � 
�����
������
��

where 
�� is the error arisingwhenusing the bestestimateof the target-geneexpression

level, given only the statisticsrelating to the target geneitself, without usingany infor-

mationconcerningothergenes,and 
������ is theerrorarisingusingthebestestimateof the

target-geneexpressionlevel using the expressionlevels of a setof predictorgenes. If a

predictorsetcanperfectlypredicta target,then 
������ = 0 andCoD= 1; at theotherextreme,

if apredictorsetprovidesnoadditionalinformationaboutthetarget,then 
������ = 
�� andCoD

= 0. In general,0 � CoD � 1. Reductionto logicaldataaccomplishesthekind of extreme

compressionnecessaryto applypredictiveanalysiswith smallsamplestypical of microar-

ray experimentsandfacilitatestheunderstandingof predictive relationsbasedessentially

on anup-regulated/down-regulatedparadigm.

Therehave beena numberof approachesto modelinggeneregulatorynetworks– in

particular, Bayesiannetworks[14], Booleannetworks[3], andProbabilisticBooleanNet-

works (PBNs)[15] [16], the latter providing an integratedview of geneticfunction and

regulation.Theoriginaldesignstrategy for PBNsin [15] is basedontheCoefficientof De-

terminationbetweenthetargetandpredictorgenes.AlthoughtheBooleanframework leads
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to computationalsimplificationandelegantformulationof relations,themodelextendsdi-

rectly to geneshaving morethantwo states.A salientareaof investigationregardingPBNs

concernstheprospectof designinginterventionstrategiesbasedontheir long-rundynamics

[17]. In particular, thequestionarisesasto whetherthetheoryof automaticcontrolcanbe

appliedin thecontext of PBNdynamicsto prescribeoptimalintervention(treatment)strate-

gies- to theextent,of course,thata treatmentstrategy canbecharacterizedeffectively in

anON-OFFparadigmfor somesetof genes[18] [19]. We definea GeneRegulatoryNet-

work (GRN)[20] to consistof a setof � genes,�������! "� �#�#� ���%$ , eachtakingvaluesin a finite

set & (containing' values),a family of regulatorysets,()�*�+(, "� �#�-� �.(/$ ,where (/0 contains

the genesthat determinethe valueof gene�%0 , anda setof functions, 12�*�+13 "� �#�#� �.13$ , gov-

erningthe statetransitionsof the genes.The valueof gene�20 at time
�4�5�

is given by

�%076 �8�9�3: � 130�; �20.�.6 �<: ���20� =6 �<: � �#�-� ���%0*$>6 �<:�? , where (/0 �A@ �20"�B���%0� .� �#�#� ���%0*$DC . For a Boolean

Network, & �E@2F � � C . A ProbabilisticGeneRegulatoryNetwork(PGRN) consistsof aset

of � genes,�������! "� �#�#� ���%$ , eachtaking valuesin a finite set & (containing' values),anda

setof vector-valuednetwork functions, G��*�HGI .� �-�#� �HGKJ , governingthe statetransitionsof the

genes.Mathematically, thereis a setof statevectorsL ��@!M �*� M  "� �#�-� � M>N C , with O � ' $
and

M 0 � 6QP>0"���BP>0� "� �#�-� ��P>0*$ : , where P>0*R is the valueof gene�2R in state S . Eachnetwork

function GKT is composedof � functions UVT*���BUWTX .� �-�#� ��UWTX$ , andthe valueof gene�2R at time�Y�Z�
is given by �%R*6 �Y�Z�3: � UWT�R�; ���.6 �<: ���! D6 �<: � �#�-� ���%R\[]�.6 �<: ���%R\^]�.6 �<: � �#�-� ���%$_6 �<:�? . The choice

of which network function GIT to apply is 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

amongG����HGI a� �#�-� �HGKJ , with theprobabilityof choosingGKT beingtheselectionprobability bBT . In

otherwords,eachnetwork function GKT determinesaGRNandthePGRNbehavesasafixed

GRN until a randomdecision(with probability ` ) is madeto changethe network func-
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tion accordingto theprobabilitiesb3���.b� "� �#�-� �.bBJ from amongG��*�HGI .� �-�#� �HGKJ . In effect a PGRN

switchesbetweentheGRNsdefinedby thenetwork functionsaccordingto theswitching

probability ` . A final aspectof thesystemis thatat eachtimepoint thereis aprobability c
of any genechangingits valueuniformly randomlyamongtheotherpossiblevaluesin & .

Sincethereare � genes,theprobability of therebeinga randomperturbationat any time

point is
� � 6 � � c : $ . The statespaceL of thenetwork togetherwith thesetof network

functions,in conjunctionwith transitionsbetweenthestatesandnetwork functions,deter-

mineaMarkov chain.TherandomperturbationmakestheMarkov chainergodic,meaning

that it hasthe possibility of reachingany statefrom anotherstateandthat it possessesa

long-run(steady-state)distribution.

B. Motivation

To modelthegeneticRegulatorynetwork weneedto know theconnectivity betweengenes

(intergene-relationships).Oneof the issuesin this thesiswill beto figureout multivariate

logicalpredictiverelationshipsamonggeneexpressionsin adatasetarisingfrom radiation

studiesusingtheNCI 60 Anti-CancerDrug Screen(ACDS)cell linesandto demonstrate

how theselogical relationsbasedon coarsequantizationcloselyreflectcorrespondingre-

lationsin thecontinuousdata.Many of thecurrentparadigmsfor modelinggeneticregu-

latorynetworksareconditionedon thepremisethatgenesinteractwith eachotherthrough

Booleanlogic. This thesiswill try to show that not only do suchrelationshipsexist but

they canalsobeunearthedvia thecoefficient of determinationtechnique.Theotherissue

which this thesiswill addressis the methodto generatesyntheticbooleannetworks with

singletonattractorstructures.Theview many currentbiologistshold is thatthestatespace

of genesmostlyhavesingletonattractorstructuresandlargecyclesaretransient.Theprob-

lem of generatingthesestructuresis quite computationallyintensive and in this thesisa
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moderatelylessintensive algorithmfor designingthis typeof structureswill bepresented

alongwith analyticalandempiricalstudieson thefrequency of suchstructuresin a totally

randomlygeneratednetwork.

The first goal relatesto our generaldesireto discover multivariategeneexpressions

thatgobeyondcorrelative relationshipsandto our interestin findingcandidategenesfrom

which to build geneticregulatorynetworks. This thesisalsoseeksto addressthequestion

asto how andto what extent do logical relationsamongthe quantizedexpressionlevels

reflectnumericalrelationsamongtheanalogdata,thelatterbeingmoredirectly relatedto

theactualmRNA concentrationsgoverningtranscription.

Goingbeyondthe identificationof multi-genepredictive relations,onewould like to

usetheserelationsto modelgeneticregulatorynetworks.Whereasafinemodelwith many

parametersmaybeableto capturedetailedlow-level phenomena,suchasproteinconcen-

trationsandkineticsof reactions,constructionof sucha modelrequireslarge amountsof

datafor inference.On theotherhand,a coarsemodelwith few parametersandlow com-

plexity is restrictedto capturinghigh-level phenomena,suchaswhethera geneis ON or

OFF, but requiresfar lessdata. Theprinciple of Occam’s razordictatesthatmodelcom-

plexity shouldneverexceedwhatis necessaryto faithfully ”explain thedata.”

If binary or ternaryrelationsaresufficient to describea predictive relationbetween

predictorand target genes,thenonemight expect that the logical functionsarediscern-

ablewithin thecontinuous,pre-quantizeddata. After all, thehypothesisis that somehow

the ON-OFF model sufficiently characterizesthe multivariaterelationsbetweenmRNA

concentrations,at leastto theextentthatthoseconcentrationsthemselvescharacterizetran-

scriptionalcontrol. It will bedemonstratedusingtheNCI 60 cell linesthat,in fact,strong

predictive(highCoD) functionsdiscoveredin theternarycontext havecounterpartsfor the

continuousdata.
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C. Organization

Thenext few sectionsareorganizedasfollows. ChapterII dealswith findingoutthepredic-

tiverelationshipsfrom geneexpressiondata.In chapterIII, theissueof generatingBoolean

Networksof particularattractorstructuresis discussed.ChapterIV concludesthethesisby

summarizingthemainconclusionsandoutlining thedirectionsfor futureresearch.
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CHAPTERII

PREDICTIVERELATIONSHIPSAMONG GENES

A. Coefficient of DeterminationAnalysis

In this section,we provide an intuitive discussionof the Coefficient of Determination

(COD)analysiswhich is themaindataanalysistool usedin thisanalysis.As alreadymen-

tioned,theCoefficientof Determinationmeasuresthedegreeto whichthebestestimatefor

the transcriptionalactivity of a target genecanbe improved using the knowledgeof the

transcriptionalactivity of someotherpredictorgenes,relative to the bestestimatein the

absenceof any knowledgeof thetranscriptionalactivity of thepredictors.Mathematically,

	�
�� � 
�����
������
��

where 
�� is the error arisingwhenusing the bestestimateof the target-geneexpression

level givenonly statisticsrelatingto the targetgeneitself, without usingany information

concerningothergenes,and 
������ is the error arisingusingthe bestestimateof the target-

geneexpressionlevel usingtheexpressionlevelsof a setof predictorgenes.If a predictor

set canperfectlypredict a target, then 
������ = 0 andCoD = 1; at the other extreme,if a

predictorset provides no information aboutthe target, then 
������ = 
�� and CoD = 0. In

general,0 � CoD � 1.

Let usnow considera concreteexampleto demonstratetheCOD for quantizedgene

expressiondatameasuredacrossseveralcell lines.Supposeweareinterestedin two genes

G1andG2andtheir ternary-quantizedexpressionpatternsacrosssevencell linesaregiven

by G1: (1 -1 0 0 0 0 1) andG2: ( -1 1 1 1 1 0 0). If wewantto predicttheexpressionpattern

of G1, thena reasonablemeasureof predictionerrorwould be thenumberof incorrectly



9

predictedvaluesfor G1 divided by the total numberof cell lines. First supposethat we

areattemptingto predictG1 without observingtheexpressionpatternof G2 or any other

gene.Thenwe would probablyassignthe value0 to geneG1 basedon the fact that this

valuefor G1 occursin the largestnumberof cell lines. Then 
�� = (2+1)/7. Now suppose

that we would like to usethe knowledgeof the expressionpatternof G2 to predictG1.

For a -1 in G2 we will assigna 1 for G1 becausethereis only onevalueof -1 in G2 and

the correspondingvaluefor G1 is 1; for a 1 in G2,wewill assigna 0 for G1 becausethe

correspondingG1 valuesarethree0’s andone-1; andfor a 0 in G2, we will arbitrarily

decideto assigna 1 for G1, sincethe correspondingvaluesin G1 areone1 andone0.

Using theseassignmentrulesandthe given expressionpatternfor G2, we would predict

theexpressionpatternof G1 as(1,0,0,0,0,1,1).Comparingthis with theactualexpression

patternfor G1, therearetwo mismatches,sothat d�cfe*g*hKij� ���B� = 2/7. HencetheCOD for G2

predictingG1 is CoD=(1/7)/(3/7)= 1/3.

The CoD techniquehasat leastthreeadvantagesover standardcorrelationanalysis.

First, theCoDcanbeappliedto multiplepredictors,therebygiving it theability to discern

multivariateinter-generelationships.Second,the CoD candiscover both linear andnon-

linearrelationships,whereasthecorrelationcoefficientonly addresseslinearrelationships.

For instance,if geneG1 hasthe expressionpattern(0, 0, 0, 1, 1, 0) acrosssix cell lines

andgeneG2 hasthecorrespondingexpressionpattern(1, 1, 1, 0, 0, -1), thenthereis the

relationG1 = G2 - 1, which is pickedup by theCoD,with CoD = 1 but not pickedup by

thecorrelationcoefficient,with Corr= 0. A third advantageof theCoDis that,whereasthe

correlationcoefficient is independentof theorder, theCODsfor G1 predictingG2 andG2

predictingG1 canbequitedifferent.For instance,theexamplejust given,theCoD of G2

predictingG1 is 1, whereastheCoD for G1 predictingG2 is only 2/3. It maybethatG1

servesasa regulatoryswitchfor G2.
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B. GeneExpression

Heredityor theprocessby which characteristicsarepassedfrom parentsto offspringsso

thatall organismsresembletheir ancestorsis controlledby a vastnumberof factorscalled

genes. Genesare madeof deoxyribonucleicacid (DNA) and carriedby chromosomes

which aremadeof proteinandDNA. TheDNA is a long polymericmolecule(chain-like

molecule,comprisingnumerousindividual units, calledmonomers,linked togetherin a

series)with a structureof a doublehelix. Complementarybasepairingis thefundamental

ideaby which thesequenceof a DNA moleculeis copiedduringreplicationof thedouble

helix andis vital for expressionof thebiologicalinformationin a form utilizableby acell.

All genesundergo the first stageof geneexpressionwhich is called transcription

(Fig 1). During transcriptionthe templatestrandof thegenedirectssynthesisof anRNA

molecule.Thesecondstageof thegeneexpressionis translationfor somegeneswhile for

othersRNA transcriptis theendproduct.We try to measurethesegeneexpressionsusing

DNA microarray.

Fig. 1. Stagesof geneexpression
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C. TheGeneExpressionDataandIts Processing

Thedatafor thecurrentstudywasobtainedfrom radiationexperimentsconductedon cell

lines from the NationalCancerInstitute(NCI) 60 AntiCancerDrug Screen(ACDS). The

NCI 60 ACDS is a set of about k F humancancercell lines maintainedat the National

CancerInstitute. Thesecell lines have beenderived from cancersof the colon, breast,

ovary, lung, kidney, prostate,centralnervoussystem,skin andbonemarrow andserve as

a screenfor determiningthe efficacy of variouscompoundswhich areproposedasanti-

canceragentsfrom time to time.

Sixty four cell lines from theNCI 60 ACDSwereirradiatedwith high dosesof ion-

izing radiationandharvestedabout4 hourslater. Microarrayswererun with un-irradiated

controlandirradiatedsamplesfrom thesamecell line in eacharray. Thegeneswhich had

responsivenessin at least6 cell lineswereselected.In thisway, weidentifiedabouta thou-

sandgenesfor further analysis.However, amongthis set,thereweremany geneswith a

largepercentageof missingvalues(quality factor[13] lessthan.3) correspondingto differ-

entcell lines. If we attemptedto usea missingvalueestimationalgorithmfor thesegenes,

thentheresultswould nothavebeenveryaccurate.Accordingly, from thesetof onethou-

sandgenes,we removedall thegeneshaving poorquality datain morethan l F percentof

thecell lines.Thenweranamissingvalueestimationalgorithm(kNN impute[21]) on the

remaininggeneexpressionratiosandternarizedtheestimateddatausingathresholdgreater

than1.8 for inductionandlessthan0.5 for repression.The COD analysis[10] wasthen

appliedto theternarizeddatato identify relationshipsbetweenseveralgenesresponsive to

ionizingradiation.Sincetheintergenerelationshipstendto benonlinearandmultivariatein

nature,theCODtechniqueis moreappropriatethanstandardbivariatecorrelationanalysis.
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D. MissingValueEstimationMethods

Datafrom microarrayexperimentscontainsexpressionlevelsof genesunderdifferentex-

perimentalconditions.Due to thevariousreasonslike noiseandsmall samplespotsizes

of themicroarray( 200microns)therearefrequentlymany missingvalues.Downstream

analysislike clustering,classificationandgeneticnetwork designis very muchaffected

dueto thesemissingvalues.Hencewe needa methodto estimatetheseabsentdata.There

aremany methodsin theliteratureregardingmissingvalueestimationbut eachhasit’ sad-

vantagesanddisadvantages.ThekNN imputeis oneof thesimplestof themandis quite

robust. As explainedin [21] this methodselectsgeneswith expressionprofilessimilar to

thegeneof interestto imputemissingvalues.If we considergeneA thathasonemissing

valuein experiment1, this methodwould find K othergenes,which have a valuepresent

in experiment1, with expressionmostsimilar to A in experimentsl �-�#�#m (whereN is the

total numberof experiments).A weightedaverageof valuesin experiment1 from the K

closestgenesis thenusedasanestimatefor themissingvaluein geneA. In theweighted

average,thecontribution of eachgeneis weightedby similarity of its expressionto thatof

geneA. Herewe usethe EuclideanMetric asthe measureof genesimilarity. Testingon

othermetricslike correlationcoefficient, anglebetweengeneexpressionvectorsgivesus

betterresultssometimesbut overallperformanceis betterfor EuclideanMetric. Only other

methodwhich givesslightly betterresultsis Missing-valueestimationusingnon-linearre-

gressionwith Bayesiangeneselection[22]. But this methodis computationallyintensive

andhencewesettlefor thekNN method.

E. Robustnessof Coefficientof Determinationto Threshold

Sincewe aretrying to figureout functionsbetweengenesfrom ternarizeddata,we would

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



13

terms,basedonthegiventhresholdwefind theoptimalpredictor, n � 1W6oPp��qsr � � : where
� � is

thethreshold.Theerrorof thisbestpredictordeterminestheCoD,say, C(x, y; z;
� � ). Now,

if wechangethethreshold,two thingsmighthappen.First, theerrormightchange,thereby

changingthe CoD. Secondly, a differentpredictormay be optimal, therebychangingnot

only theCoD but thepredictorfunction. If we focuson thefirst thenuponfinding 1 based

on
� � , 1 is fixed.Now let uschangethethreshold,sowearenow consideringthefunctiont 6 �<: definedby

t 6 �<: � 
�� 6 �<: ��
�u 6 �<:
�� 6 �<:

Where
�� 6 �<: is theerrorfor thebestpredictorof z at thresholdt givennoobservations

and 
�u 6 �<: is theerrorof predictingz usingx andy at thresholdt. Therelationshipis Robust

relative to thresholdwhenQ(t) is stablefor smallchangesin
�

. Along with thegraphsfor

expressionvaluesof geneswe alsoplot Q(t) aroundtheneighborhoodof
� � to find out the

relevanceof thelogic functionrelative to thecontinuousdata.

F. Instancesof BooleanRelationships

We examinedall genesthat have a low COD whenpredictinga target individually but a

highCOD whenthey predictin conjunctionwith othergenes.Specifically, we requirethat

geneG1 predictinggeneG3 andgeneG2 predictinggeneG3 have COD valuesat least

0.25lower thantheCOD of genesG1 andG2 togetherpredictinggeneG3. This helpsus

to identify genesthat in combinationcansignificantlymorestronglypredicta particular

targetgenethanindividually. In thefollowing sectionswe give someparticularexamples

from suchanalysiswhile many otherinstancesof strongrelationshipis maintainedat the
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websitehttp://gsp.tamu.edu/Publications/supplement.htm .

1. Examplesof “OR” Logic

If weconsiderthegenemannosereceptor, C type1(MRC1)asatargetandthegenesvisinin-

like1(VSNL1) and5-hydroxytryptamine(serotonin)receptor2C(HTR2C)aspredictorsfor

MRC1, thenthe individual CODsfor predictingAPC by theothertwo genesis 0.417for

each;however, usedtogetherto predictMRC1, theCODis 0.75.

Thebooleanrelationshipis asshown in TableI which definestheOR relation.Sym-

bolically, MRC1= VSNL1 v HTR2C

TableI. TruthTableShowing ORRelationship

VSNL1 HTR2C MRC1

0 0 0

0 1 1

1 0 1

1 1 1

To further investigatethe relationshipbetweenthe threegenes,we producedthe ex-

pressionplots in Fig. 2 , wherethe blue barsrepresentthe expressionlevels for MRC1,

the greenbarsrepresentthe expressionlevels for HTR2C,andthe red barsrepresentthe

expressionlevelsfor VSNL1. TheblackHorizontallinesdenotesthethresholdfor ternar-

izing which is 1.8 for +1 and.5 for -1. Theplot demonstratestheOR relationbetweenthe

targetandthepredictorsin mostof thecell lines.

This suggestsif eitherof the predictorsis high thenthe target geneexpressionlevel

is alsohigh,andthatwhile theindividualpredictionby a singlepredictormaynot bevery
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reliable,a combinedsum-typeof predictionis quite accurate.This relationshipis quite

robust to changesin thresholdas shown in Figure 3. Here we have plotted aroundthe

thresholdfor inductiononly asthereareno repressedcell linesfor thesegenes.

1.65 1.7 1.75 1.8 1.85 1.9
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Q(t) vs Threshold

Fig. 3. Q(t) around1.8 for MRC1

Anotherapparentinstanceof ORlogic appearif weconsiderthegenesmallinducible

cytokineA7 (monocytechemotacticprotein 3)(SCYA7) asthe target andthe genespros-

aposin(variant Gaucher diseaseand variant metachromaticleukodystrophy)(PSAP)and

ribosomalprotein L3(RPL3) asthe predictors.TheCOD for the predictorcombinationis

0.875while theindividual CODsarelessthan0.65. Figure4 shows the’OR’ relationship

on thedata. Herethebluebarsrepresentthe targetSCYA7, the redbarsrepresentPSAP,

andthegreenbarsrepresentRPL3.

Thegraphof Q(t) vs t is shown in Figure5. Thecurve suggeststhat the relationship

is robustto changesin threshold.

Someotherinstanceof OR logic is visible whenwe considerthegeneadenomatosis

polyposiscoli(APC)asatargetandthegenesintegrin, alphaL antigenCD11Ap180(ITGAL)
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andHomosapiensmRNA for TL132aspredictorsfor APC,thenthe individual CODsfor

predictingAPC by theothertwo genesis 0.4 for each;however, usedtogetherto predict

APC, the COD is 0.8. The individual correlationcoefficientsare0.63and0.51. Owing

to the OR relationabove, we have evaluatedthe correlationcoefficient of the sumof the

geneexpressionprofilesof the two predictorgenesandthe target gene,that is the corre-

lation coefficient betweenITGAL + mRNA andAPC.This correlationcoefficient is equal

to 0.79. Thesenumbersconfirmthatevenwithout ternarizingthedata,the two genesto-

getherseemto displayastrongerrelationshipwith thetargetthaneitherof themconsidered

individually.

2. Exampleof “AND” Logic

A caseof AND logic is exhibitedwhenwe considerthegenesmall induciblecytokineA7

-monocytechemotacticprotein 3(SCYA7) as the target and the genesmucin5, subtypes

A and C, tracheobronchial/gastric(MUC5AC) andcalcium-sensingreceptor(hypocalci-

uric hypercalcemia1, severeneonatalhyperparathyroidism)(CASR)asthepredictors.The

COD for combinedpredictionis 0.75while theCOD for eachof the individual predictor

genesis 0. Thegeneexpressionlevelsfor thesethreegenesareplottedin Figure6, where

the blue barsrepresentthe geneexpressionlevel for the SCYA7, and the greenandred

barsrepresenttheexpressionlevelsof thegenesCASRandMUC5AC, respectively. The

targetclearlyresemblesan’AND’ functionof thetwo predictors:whenbothpredictorsare

high, thenandonly thenis thetargethigh. Thebooleanrelationshipis SCYA7 = CASR w
MUC5AC andis shown in TableII. In termsof correlationcoefficientsthecorrelationcoef-

ficientbetweenSCYA7 andMUC5AC is 0.61andthatbetweenCASRandSCYA7 is 0.75,

whereasthecorrelationcoefficient betweentheproductof thepredictorsandthe target is

0.81.Therobustnessof thisBooleanrelationshipis not thatstrongasdepictedin Figure7.

Thereasonmightbetheoptimumthresholdfor individualgenesmaybedifferent.
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TableII. TruthTableShowing AND Relationship

MUC5AC CASR SCYA7

0 0 0

0 1 0

1 0 0

1 1 1

3. Exampleof “EXOR” Logic

Whenthegenesmannosereceptor, C type1 (MRC1)andinterleukin18(interferon-gamma-

inducingfactor) jointly predictthetargetgeneenoyl-CoenzymeA,hydratase/3-hydroxyacyl

CoenzymeA dehydrogenase(EHHADH), the output behavesas an XOR (exclusive OR)

functionof the inputs. This is clearfrom theplot shown in Figure9, wheretheblue, red

andgreenbarsrepresentgeneexpressionlevels for the target geneEHHADH, the gene

interleukinandthegeneMRC1,respectively.Whenbothpredictorsareupregulatedor both

are 0, then the target is also 0. Moreover it appearsthat interleukin can be a suppres-

sor for EHHADH: whenever MRC1 is upregulated. The booleanrelation,EHHADH =

XOR(MRC1, Interleukin18),is shown in Table III. The plot for robustnessis shown in

Figure8.

4. BooleanRelationshipsAmongFour Genes

Thus far we have consideredtwo genespredictinga target; now we treat a situationin

which therearethreepredictorgenes.
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Fig. 5. Q(t) around1.8 for SCYA7

TableIII. TruthTableShowing EXORRelationship

MRC1 InL EHHADH

0 0 0

0 1 1

1 0 1

1 1 0
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Fig. 7. Q(t) for AND function

Fig. 8. Q(t1,t2)for EXORfunction
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Fig. 11. Q(t) for four generelationship

Figure10 shows the relationshipamongthreepredictorsanda targetgene.The red,

green,grayandbluebarsrepresentthegenesHomosapienscloneTCCCTA00151mRNA

sequence(mRNA), platelet factor 4 (PF4),bradykinin receptorB2 (BDKRB2), and the

target,mannosereceptor, C type1 (MRC1). Therelationshipshowsthatthepredictorsup-

regulatethetargetgenewhenoneor two of themareupregulatedbut whenall thepredictor

genesareupregulatedthenthetargetis not induced.Theapproximatebooleanrelationship,

MRC1= (XOR(mRNA,PF4) v XOR(mRNA,BDKRB2) v XOR(PF4,BDKRB2))

is shown in Table IV. To verify that the samefunction holds for small changesin the

inductionthreshold,we plot theCOD vs InductionThresholdfor thresholdrangingfrom

1.65 to 1.9. Figure11 suggeststhat the relationshipasdepictedby cod analysisis quite

stableto smallchangesin inductionthreshold.Wedidn’t considertherepressionthreshold

for this caseasalmostall of thevalueswereeitheronesor zeros.

By examiningotherCoD values,we find that the genesinterleukin1, alpha(IL1A)

and distal-lesshomeobox4(DLX4) seemsto be repressorsfor adenomatosispolyposis

coli(APC),whereasthegenezincfinger protein,X-linked(ZFX) appearsto induceAPC.
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TableIV. TruthTablefor RelationshipAmong4 Genes

mRNA PF4 BDKRB2 MRC1

0 0 0 0

0 0 1 1

0 1 0 1

0 1 1 1

1 0 0 1

1 0 1 1

1 1 0 1

1 1 1 0

For anotherinstanceof a Booleanrelationshipbetweenfour genes,we considerthe

genesalbumin(ALB), EHHADH andthyroid hormonereceptor-associatedprotein( TRAP

150 ) predictingthe geneAPC. From the data,they predictAPC with a CoD of 1. The

dataalsosuggestthatwhengeneTRAP150is repressed,APC cannotbe induced.APC is

inducedwheneitherALB or EHHADH is inducedandTrap150is not repressed.

Anotherstrongrelationshipamonggenesis depictedin Fig. 12,wherethered,green,

grey andblue barsrepresentislet cell autoantigen 1 (69kD)(ICA1),syndecan2 (heparan

sulfateproteoglycan1,cellsurface-associated,fibroglycan)(SDC2),heterogeneousnuclear

ribonucleoprotein L(HNRPL) and mannosereceptor, C type 1(MRC1) (target), respec-

tively. This relationshipis quite robustwith changesin thresholdfor both repressionand

inductionasshown in Fig. 13. TheX axisshowsthethresholdfor inductionandtheY axis

thethresholdfor repressionwhile Z axisshows theQ(t) which alwaysstaysabove .75 for

smallchangesin thresholdvalues.
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Fig. 13. Q(t1,t2)for secondfour generelationship

G. Roleof p53Statusin DeterminingInter-GeneRelationships

In our data,thereare20 cell lineswith functionalp53and44 cell lineswith mutantp53.

To study the role of p53 statusin determininginter-generelationships,we have divided

the expressiondatainto two sets:onein which p53 is functionalandthe other in which

it is mutant,andwe have analyzedbothsetsseparately. We have concludedthat thereare

strongerinter-genepredictiverelationshipswhenp53is functionalthatwhenp53is mutant.

Figure14 shows theprobabilitydistribution functionof theCoD values.Theredandblue

curvesgive theprobabilitydistribution functionsof theCoD valuesfor thewild typep53

andthemutantp53cell lines,respectively. We observe that for wild typep53theaverage

andmaximumcodvaluesexceedthecorrespondingvaluesfor mutantp53cell lines.

Wenext presenta few specificinstancesof geneswhosebehavior seemsto dependon
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thep53status.

GenesTATA elementmodulatoryfactor 1(TMF1),cyclin T2(CCNT2),polymerase (

DNA directed),delta 3(POLD3) and guanylatebinding protein 1, interferon-inducible,

67kD(GBP1)areinducedwhenp53is notactivebut they staydormantwhenp53is active.

Thesegenesmight playanimportantrole whenthetumorsuppressor(p53)is inactive. On

theotherhand,somegenesshow little responsivenesswhenp53is mutantanddisplaycon-

siderablevariability whenp53 is wild type. Instancesof suchgenesareserum-inducible

kinase(SNK), tumor necrosis factor receptorsuperfamily(TNFRSF10C),UDP glycosyl-

transferase2 family, polypeptideB10(UGT2B10),properdin P factor, complement(PFC),

ST14,PHLDA3,damage-specificDNA bindingprotein2(DDB2), XPC andKiller/DR5.

GeneRAD52 homologis predictedwith a COD of 1 by anEST(Moderatelysimilar

to LCP2HumanLymphocyteCytosolicprotein2) whenp53is active but theCOD falls to

zerowhenp53 is mutant. Similar relationshipsexist in theun-quantizedgeneexpression

data.

GenePPM1Dis mostlyzerowhenp53 is mutant;however whenp53 is active it has

large variations.Othergenescanpredictthosevariationsquite well. The CoD for genes

centromere protein A(CENPA) and4-hydroxyphenylpyruvatedioxygenase(HPD) predict-

ing PPM1Dis 0.85whenp53is active. Thestrengthof this relationshipis borneoutby the
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Fig. 14. Pdfof CODvalues
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plot in Figure15,whereredandgreencurvesrepresentPPM1DandCENPA, respectively.

Clearly, thereappearsto beaninverserelationshipbetweenthesetwo genes.
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Fig. 15. CenpaandPPM1D

Our datafurnishesmany otherexampleswherep53statusis crucial for goodpredic-

tion. For thegeneCENPA, therearemany variationswhenp53is mutantbut thesearenot

predictedstronglyby othergenes.Thebest2-genepredictorgivesa CoD of 0.545when

p53is mutantbut whenp53is activethebest2-genepredictorgivesaCODof 0.83.Similar

relationshipshold for genePPP2R5Awherefor p53mutant,thebestvalueof CODis 0.35

whereasthebestCOD increasesto 0.75whenp53is functional.

H. Conclusion

In this thesis,we have usedexperimentaldatato show thatBooleanrelationshipsbetween

genesdo exist. Many of thecurrentparadigmsfor modelinggeneticregulatorynetworks
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areconditionedon thepremisethatgenesinteractwith eachotherthroughBooleanlogic.

The resultsof the currentstudyusingcancercell line datashows that not only do such

relationshipsexist but they canalsobeunearthedvia therecentlydevelopedcoefficient of

determinationtechnique.Anotherimportantobservationthat follows from thedatais that

severalof therelationshipsunearthedbetweenthedifferentgenesseemto beconsiderably

strongerwhenp53 is functionalas comparedto when it is not. This is consistentwith

earlierfindingsin theliterature.
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CHAPTERIII

CONSTRUCTING BOOLEAN NETWORKS

RandomsyntheticPBNscanpossessa varietyof attractorstructures.Theassumptionthat

biologicalsystemsbeingmodeleddoesnot possesscyclic attractorsrequiresusto find out

syntheticnetworkswith only singletonattractors.

A. SearchProblem

Thus,wearepresentedwith thefollowing searchproblem:givenasetof statesearmarked

to be singletonattractorsandanupperboundon thenumberof predictorsfor eachgene,

find a Booleannetwork satisfyingtheseconditionsthatcontainsno othersingletonattrac-

torsandno cyclic attractors.Thereis an implicit consistency requirementfor this search:

if 1 predictsthe value of gene� and hasessentialvariablesPx����Pf a� �-�#� �BP N (which with-

out lossof generalitywe take to be first O variables)out of the full cohort Px����Pf a� �#�#� ��P>$ ,
Ozy{� , andif 1W6X|}�*�.|" "� �#�#� �.|a$ : � �

for someparticularsetof valuesof Px�*��Pf "� �#�#� ��P>$ , then

1W6K|~���.|" a� �-�#� �.| N �BP N ^]�*� �#�#� ��P>$ : � �
for any valuesof P N ^]�*� �-�#� ��P>$ . An analogousstatement

holdsfor 1W6X|}���.|" a� �#�#� �.|a$ : ��F
. Here O denotesthenumberof predictorsfor gene� . This

is acomputationallyintensivesearch.

1. Method1 to ApproachThisProblem

Considerthetaskof randomlygeneratingaBooleanNetwork (BN) of � genes,whereeach

of thegenescannot have morethan O predictorgenes.Furthermore,we assumethat the

BN to begeneratedhasexactly S singletonattractors,i.e. thereareexactly S statesin the

statespaceof theBN suchthat,eachoneof thosestatestransitionsinto itself. Thesearch

problemis equivalentto finding a consistentBN in thespaceof BNs satisfyingtheabove
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conditions. Hereconsistency is understoodin the senseof finding a BN that hasa state

transitiondiagramwhich is compatiblewith a givenpredictorsetof theBN. ThePredictor

setfor theBN is thecollectionof all of thepredictorsetsfor eachindividual genein the

BN. If we assumethat a genehasexactly c predictors,then for eachgenethereareP=$2[]�� possiblepredictorsetsanda totalof � $ possiblepredictorssetsfor theBN. Herewe

assumea genecannotpredictitself. For thecasewherethenumberof predictorscanvary

between1 andp, P=
�R\�]� $2[]�R . As thegeneexpressionsareassumedto bebinary, i.e. 0

or 1, thenumberof non-attractorstatesare � = l $ � S . Wecanthink of thesenon-attractor

statesto be situatedin levels wherethe � -th level signifiesthat the statereachesoneof

thesingletonattractorsin exactly � transitions.Let m � l $ bethetotal numberof states.

Thepossiblenumberof suchstructuresare �,�0 � N�� ��� � N��  H� ������� N���� � � O�6Kh � �3:
N���� � O�6Xh � l : N,��� []���

....S N�� ��� wherethe summationis over all the differentchoicesof O�6 �3: �#�#� O�6Kh : satisfying�R��]� O�6og : = M. This is becauseif we considerthelevel h , thenit hasO�6Xh : statesin it and

thelevel justabovehasO�6Xh � �3: states.Eachstatefrom level h hasto goto oneof thestates

of level h � � andthereareO�6Kh � �3: N���� � differentwaysto dothat.Similarly for otherlevels.

Oncea sequenceof O�6 �3: ...O�6Kh : hasbeenfoundsatisfyingthesummationproperty, then,

thereare �/�0 � N,� ��� � N��  H� ������� N���� � � waysto fill the levels. Thesearchspaceof suchstructureswith

this method,evenfor small � is prettyhuge.If we consider� ���
, S ���

andnumberof

levels h ���
, wehavethesearchspacein therangeof

� F ��� . For h ���
andfor everypossible

numberof attractors,the searchspaceis around24* �3�D��� . In the following sections,we

will show that for all possiblenumberof levels, the searchspaceis �������,� � which is

�3�D��  = ¡%¢¤£¥�3�D��¦ for §E¨ª© . All thesehasto be multiplied by «­¬ to get the actualsearch

space.For all possiblelevels,searchspaceis equalto the numberof graphsof � nodes

with no cycle of lengthmorethanoneandeachnodehaving a singledirectededgegoing

out from it.
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2. Method2 to Solve theProblem

This methodmodifiesthe truth tableof the predictorfunctionsandthencheckswhether

the generatedBN hasonly singletonattractorsanda reasonablelevel structure.First, let

usselecta setof predictorsgenes« ��® , «_¯ ® .....«_° ® for eachtargetgene± ® . Thenwe try to fill

up thefunctionmatrix (matrix containingtheBooleanfunctions ²W³X« ��®�´ «>¯ ®�´.µ#µ-µ#´ «_° ®I¶ ). If we

areaimingfor afixedsingletonattractorset,thensomeof theentriesof thefunctionmatrix

is filled beforehand.Therestarefilled randomly. Example:Let usconsidera casewhere

we have threegenes(· � , ·8¯ , ·8¸ ) andtwo predictorsfor eachtargetgene.As we have only

threegenes,thepredictorsaretheothertwo genes.Thusif we want001and100to bethe

attractorsthenthestartingpointof thefunctionmatrix is asshown in TableV.

TableV. FunctionMatrix

GeneValues f1 f2 f3

0 0 1 1

0 1 0 0

1 0 0 0

1 1

As the attractorsaregiven to be �2�]� and �3�%� , the first gene · � will be � whenthe

othertwo genes·8¯ and ·Y¸ are � and � respectively. Similarly from the secondattractor

�3�2� , we get thatgene· � is � whentheothergenesare � . Hencetheentry in thefirst row

(correspondingto �2� for theothertwo genes)andthefirst column( correspondingto gene

· � ) is � while the entry in the secondrow ( correspondingto �f� ) andfirst columnis � .
Similarly for theothertwo genes.

While filling thetruth tables,somecasesmayarisewhich arenot feasible.For exam-
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ple if we considertheattractorsetto be �2�%� and �H�2� . Thenfor thefirst attractor�2�2� , we

have thefunction ²W³K� ´ � ¶ ¨�� , while from thesecondattractor, we have ²W³I� ´ � ¶ ¨¹� which

is a contradiction.This arisesaswe have constrainedtheconnectivity. For full connectiv-

ity, any structureis feasible.If wehadfull connectivity thentheequationswouldhavebeen

²W³I� ´ � ´ � ¶ ¨E� and ²W³�� ´ � ´ � ¶ ¨¹� . We randomlypick anothersetof attractorsif thecurrent

setis not feasible.Oncea feasiblesetof attractorsis selected,thecorrespondingentriesin

thetruth tableis filled up. Theremainingentriesarefilled randomlywith equalprobability

of picking � or � . After filling up the truth table,we find out the statetransitions. The

statetransitionsis an array �»º of � ¨¼¡"¬ elementswhereeachentry containsthe next

transitionstate.This arrayis usedto find out whetherany cyclesexist in thegraphor not

andwhat is themaximumlevel of thegraph.To find out if any cycle of lengthmorethan

oneexist, we needto startfrom thefirst stateandtraverseto thenext statestill we reacha

statealreadytraversed.If thatstateis not a singletonattractor, thenwe have a cycle. Oth-

erwisewe move on to thenext statewhich hasn’t 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 randomfunction tableis tried. As anexampleif we have §{¨½¡ andthereare

four states0,1,2and3. Let NSbeNS(0)=1,NS(1)=3,NS(2)=1andNS(3)=3.Thenby our

algorithmwe will startfrom 0 andgo to 1 andfrom oneto 3 andas3 is a singleattractor

(NS(3)=3)we move on to thenext nontraversedstate2 andstarta new path. Thestate2

transitionto state1 and1 goesto 3 which is a singletonattractor. Hencethis transitionset

is apossiblestructurecontainingonly singletonattractors.

A network generatedby this methodis shown in Fig. 16. This network contains¾
Genesandhence¡.�¿¨À¾2© states. The numberof predictorsfor eachgeneis ¡ and the

maximumlevel for thenetwork is © .
In this methodthesearchspaceis muchsmallerif theconnectivity (i.e. the number
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36 56 63

4 6 20 22 38 40 42 45 47 52 54 58 61

1 3 8 9 10 11 13 15 17 19 24 25 26 27 29 31 33 35 41 43 49 51 57 59

12 14 28 30 44 46 60 62

0 2 5 7 16 18 21 23 32 34 37 39 48 50 53 55

Attractor Level

Level 1

Level 2

Level 3

Level 4

Fig. 16. SyntheticBN with only singletonattractors
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of predictorsfor eachgene)is small. In thepreviousmethodevenif theconnectivity was

low, the searchspacewill remainalmostthe sameandmany non feasiblestructureswill

besearched.As anexample,if thefirst gene· � is not presentin any of thepredictorsets

of theothergenesthenthestates� ´�Á ¯ ´.µ#µ#µ-´�Á>¬ and � ´�Á ¯ ´.µ#µ-µ#´�Á>¬ shouldtransitionto thesame

stateandhenceshouldbe at the samelevel. Here it is assumedthat the othergenesare

equalfor thetwo cases.In thefirst method,eventhecaseswherethey belongto different

levelsmaycomeupandincreasethenumberof computationsunnecessarily. In thesecond

method,this scenariowon’t comeinto pictureaswe generatethetransitiondiagramfrom

feasibletruth tables.

Thesearchspacein thesecondmethodis «Y¬}¡"¬%Â ¯�Ã . Thefunctiontablehas§ columns

for the § genesand ¡ ° rowsfor thedifferentpredictorcombinations�2�2� µ#µ#µ �/�%� µ-µ#µ#µ � .... �2� µ#µ-µ �
asshown in TableVI. This §Ä£)¡ ° entries(markedx in TableVI) canbefilled by 0 or 1.

Hencethepossiblecombinationsare ¡"¬2Â ¯ Ã .

TableVI. FunctionTable

GeneValues f1 f2 ..... fn

0 0..0 x x x x

0 0..1 x x x x

... .. .. .. ..

1 1...1 x x x x

If p=2andn=4then «­¬)¡"¬%Â ¯�Ã is aroundÅ µQÆ £��3�.� which is muchlessthantheprevious

method.
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B. Numberof Graphswith Only SingletonAttractors

To studyanalyticallythepercentageof networkswith only singletonattractorsandnoother

cycles,we considera network build from § Genes( · � , ·8¯ ,..... · ¬ ). The total numberof

statesin suchnetworks is � ¨�¡"¬ . Let usassumethatwe have full connectivity i.e. the

predictorsfor aGene· ® areall theavailablegenes( · � , ·8¯ ,..... · ¬ ) includingitself. There-

fore a transitioncanoccurfrom any stateto any otherstate.If we reducetheconnectivity

thenall thetransitionsmaynotbefeasible.Totalnumberof suchgraphspossibleis � � as

astatehas� choicesandthereare � states.

1. UniqueNumberingof Graphswith SingletonAttractors

Let us considerthe graphin Figure17 which hasonly onesingletonattractor. We can

generatea uniquesequencefrom this graphif we enumerateit asgiven in [23]. Remove

thependantvertex (andtheedgeincidenton it) having thesmallestlabel,say Ç � . Let the

stateto which Ç � wasincidentbe È � . Now wedothesamethingwith theremainingvertices

, remove thevertex with thesmallestlabel Ç}¯ andlet Ç}¯ beincidenton È�¯ . This processis

continuedfor �ÊÉ5� stepstill we areleft with only thesingletonattractor. For the given

figurethesequenceof È � , ÈB¯ ,..... È �/� � is �3Å]�3Å2Å .

Fig. 17. Exampleof graphwith no cycles
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To constructbackfrom a sequenceof È � , ÈB¯ ,..... È �/� � we considerthefirst numberin

thesequence� ,¡ ,..... � thatdoesnot appearin the È sequence.Thatnumberis Ç � . Thus

we getan edgefrom Ç � to È � . Thenwe remove Ç � from the Ç sequenceand È � from the

È sequence.Now we do the samething with the remainingsequencesÈ and Ç . For the

exampleconsideredwe will get theedges¡=É9ËÌ� , Æ É½Ë�Å , ©=É9ËÌ� , �+É9Ë�Å ,¾=É9Ë�Å
andthelastremainingone Å asthesingletonattractor.

Thenumberof differentsuchsequencespossibleis � �,� � aswe have � choicesfor

��ÉÍ� places.Now weconsiderthecaseswheretherearetwo singletonattractors.Thenif

weenumeratethemasdonepreviously, wewill get ��É¿¡ numbersin thesequenceinstead

of �{ÉÎ� . For aparticularchoiceof singletonatrractorsÏ � and ÏÐ¯ wehaveother �{ÉÑ¡pÉÎ�
placesto befilled. Sodifferentwaysin which we canselecta graphwith only 2 singleton

attractorsandno cyclesis � ¯ * 2 * � �,� ¸ . The first numberis the numberof different

waysto selecttwo singletonatrractorsfrom N states.Thesecond¡ is dueto thenumberof

singletonattractors.The third numberis thenumberof differentwaysthesequencescan

beformedwith eitheroneof thesingletonattractorsat theend. It is � �,� ¸ andnot � �/� ¯
becauseif we fix a singletonattractoras the last numberin the sequencethenthereare

��É Æ positionsleft to befilled. A point to noticeis that the lastnumberof thesequence

hasto beasingletonattractor.

For threesingletonattractorsthenumberbecomes � ¸ * 3 * � �/�%Ò .
Sothetotal numberof graphswith nocyclesof lengthmorethanoneis

�Ó*Ô � � Ó Õ � �/� Ó � � .
As � Ó Õ � �/� Ó � � = � �,� � �/� �Ó � � � �]Ö Ó � ��×
Thesumbecomes� �/� � �,� �Ó*Ô%Ø �/� �Ó � � Ó = � �,� � ³��Ù� �� ¶ �,� � which is equalto

³X����� ¶ �,� � ³�� ¶
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Thereforetheratio of non-cyclic graphsto theoverall numberof graphsis

³X����� ¶ �,� �� � ³K¡ ¶
which is asymtoticallyequalto Ú� .

The point to observe is thatwith the increasein numberof genes,the percentageof

graphswithout any cyclic attractorsetgoeson decreasingexponentiallyon thenumberof

genes§ .

TableVII. Full Connectivity Table

Numberof Genes Numberof States Analytical ratio SimulationRatio

1 2 .75 .75

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 theratio obtainedfrom simulations.Thesimulationweredone

by randomlypicking1000statetransitionsandfindingouthow many of themcontainonly

singletonattractorsandno cycles. The ratiosobtainedfrom theanalyticformulaandthe
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simulationsarenearlythesame.

TableVIII containsthe resultsof simulationsdonewith differentnumberof genes

§ anddifferentnumberof PredictorsÛ . The ratio of structurescontainingonly singleton

attractorsamongall feasiblerandomnetworksincreaseswhenconnectivity decreases.It’ s

very difficult to find the exact numberof suchstructuresandthereis no mentionof any

suchanalyticratio in theliterature.

TableVIII.: Low Connectivity Table

n p SimulationRatio Actual count Numberof Simulations

2 1 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
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TableVIII Continued

n p SimulationRatio Actual count Numberof Simulations

7 2 0.388000 5820 15000

7 3 0.132467 1987 15000

7 4 0.051867 778 15000

7 5 0.026400 396 15000

7 6 0.023133 347 15000

8 1 0.814067 12211 15000

8 2 0.382067 5731 15000

8 3 0.117400 1761 15000

8 4 0.040267 604 15000

8 5 0.018067 271 15000

8 6 0.012133 182 15000

8 7 0.009267 139 15000

9 1 0.812067 12181 15000

9 2 0.362600 5439 15000

9 3 0.107800 1617 15000

9 4 0.028133 422 15000

9 5 0.011600 174 15000

9 6 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
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TableVIII Continued

n p SimulationRatio Actual count 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 singletonattractorstructuresarerarewhenconnectivity is high asshown in (2) but

they becomecommonwhentheconnectivity is decreased.Theanalyticratio of thesekind

of structuresfor low connectivity is yet to bedeterminedandis a futuretopic for research.

Thesecondmethodof finding thesestructureshasasearchspacemuchlower thanthefirst

methodandcanbeusedto generatesingletonattractorstructureswith reasonablecomplex-

ity for lessthan20 genes.But thefunctiontablemethodcannotgiveusfull controlon the

maximumandminimumlevelsof thegeneratednetwork asthefirst method.A combina-

tion of thesetwo methodswhich canwork efficiently for high numberof genesandhave

morecontrolon thelevel structureis a topic for furtherresearch.
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CHAPTERIV

CONCLUSIONSAND FUTURERESEARCHDIRECTIONS

We have usedexperimentalcancercell linesdatain this thesisto show thatBooleanrela-

tionshipsbetweengenesdo exist andcanbediscoveredby usingCoefficient of Determi-

nationTechnique.Many of thecurrentmodelsof GeneticregulatoryNetworksarebased

on the ideaof GenesinteractingbetweenthemselvesthroughBooleanLogic. Theresults

reportedin thisthesishavelaid thegroundwork for furtherstudiesusingtheNCI 60ACDS.

A promisingresearchdirectionseemsto beto usethegeneexpressiondatato constructa

ProbabilisticBooleanNetwork which could thenbe usedto designandevaluatepossible

interventionstrategiesfor cancertreatment.

The otherissuewhich this thesiscoversis the generationof syntheticBooleanNet-

workswith singletonattractors.Thelessintensivemethodgivesusawayto constructsuch

singletonattractorstructuresandusethemin testingof algorithmsfor finding out connec-

tivity of networks.Theanalyticalandempericalstudieson thefrequency of suchnetworks

shows the scarcityof suchnetworks for high connectivity. The analyticalresultsfor low

connectivity is yet to be discoveredandis a future researchtopic. The otherareawhich

needsto be researchedis the efficient generationof suchnetworks with large numberof

genes.
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