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Abstract

Asstatedby Leroy Hood[11], thedifferencebetweermanandmonley is generegulation
Oneof thegreatprospectsn the post—gnomicera is that thegeneticregulatory networkshat
governsud variedprocessessdevelopmentdifferentiation,andneuional adaptationwill be
uncorered throughthe analysisof geneexpressionand relatedperturbationtime courses. In
previousworkwedevelopeda 10—gnegeneticregulatorynetworksimulatorfor the purposeof
determininghesuitability of geneexpressiordatafor networkidentificationandto bendimark
networkidentificationappioadies. Using this simulator we havedemonstatedthe value of
additionaldatasetshatconstain possiblegene-gneinteractionsin additionto geneexpression
datafor the purposeof identifyinggeneticregulatory networkg22].

In the presentstudywe useour geneticregulatory networksimulatorto explore theimpact
of several experimentaldesignvariableson the ability of identificationmethodsto identify
geneticregulatorynetworkdromgeneexpressiordata. Specificallyweconsidemowexcitation
in the perturbationsequencde.g., pulsetrain versussteps)can influencethe resultsof the
identificationmethodsWe also considerthe impactof samplingrate and numberof samples,
which are especiallyimportant due to the varied time scalespresentin geneticregulatory
networksand the difficulty in obtaining large numbes of gene expressionmeasuements.
Finally, treating individual trajectoriesof the stodastic simulator as individual cells we
exploretheimpactof cell samplesizeonthesuccessf geneticregulatorynetworkidentification
methodsThenetworkidentificationmethodveuseis a continuougimepowerlaw modelwith
delaycombinedwith a modulatingfunctionapproach for parameterestimation.

1 Intr oduction

Thediscorery of theregulatorynetworks governingfundamentatellular processessuchasdifferentiation,
neuronabdaptationanddrugresponsienessis oneof thegreatpromisesf microarrayandotherfunctional
genomictechnologies.Given this greatpotential,the problemof identifying geneticregulatory networks
from microarrayand similar datahasbeenconsideredby mary authors(see[16, 4, 20, 22, 9, 21], for
example).

It is oftenthe casethattheinvestigatorghatgeneratenicroarraydataarenot the investigatorsnvolved
in identifying regulatory networks from the data. This situationmay not be optimal for the difficult task
of network identification,andit may be expectedthat the groupsthat are most successfuin identifying
regulatorynetworks arethosethat candirectly influencethe type of datathatis collected.In this case the
designof the microarrayexperimentgor network identificationwill beimportant.

In thepresentvork, anin silico genetiaegulatorynetwork modelis usedto exploreaspect®f experimental
designthatarerelevantto geneticregulatorynetwork identificationfrom microarraydata. The modelis an
updatedversionof a 10—geneb5—statenodelsystempresentegbreviously [22] andis areasonablstarting
point for simulatingthe mechanisticcompleity andtime scalevariationsinherentto geneticregulatory
networks.

Thepresenpapetis structuredasfollows: themodelusedfor in silico experimentations first described,
followedby aspect®f experimentabesigrthatarerelevantto geneticregulatorynetwork identification. The
modulatingfunction—basedpproacho network identificationis presentedandfollowedby theresultsfrom
in silico experimentation.

2 Model for in silico experimentation

Themodelusedfor in silico experimentatiorhasbeenpresentegreviously[22] andis shavn schematically
in Figure 1-a. It is a 10—genenetwork with a receptorthat respondsto ligand input. It is described



mathematicallyby 55 couplednonlinearordinary differential equations. The transcriptionof eachgene
is governedby atranscriptionaregulatorymodule,sho/vn in Equationl.

[Pij] = — keij [Pij][j2] + kupij[j2Pij]

il=
[i2Pij] =keij [Pi][j2] — kupij [i2Pi]]
[i] =kri[Mi] — 2Kiali]? + 2Kyizliz] — K ]
li] =kiz[i]2 — kyizliz] — kaizliz] — EPB+ ZPU
[Mi] =krpiPijK] + krjpij2PijK] + kriei[kPijK] + kejkpikkz j2Pi K] — kawi[Mi] (1)
wheee:
ki = rateconstanfor reactioni; [M;] = conc.of transcripti, [i] = conc.of proteini;

[iz] = conc.of active TF iy; [Pij] & [Pijk|] = unboundpromoterconc.;
[i2Pij], [i2PijK], [koPijk], & [j2k2Pijk] = boundpromoterconc.

The overall architectureof the network is shawvn in Figure 1-a. This nonlineardynamicalsystemmay
be abstractednto a qualitative matrix that containsthe signsof direct gene—genand ligand (Q)—gene
interactionswith theinputsinfluencingthetranscriptionratesof the outputs(Figure1-b). This abstraction
is only a partialrepresentationf the completesystemput in mostgeneticregulatorynetwork identification
studiegthisis whatis sought.
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Figurel: (a)Overallmodelarchitecture (b) Abstractedyene—genateractionmatrix. + = transcriptionahctivation,
— =transcriptionatepression
The model has beenmodified sinceits original presentatiorto include literature—basedime scales

representate of mammaliangeneexpression.A typical deterministicexpressionprofile in responsédo a
prolongedpulseof ligandis shawvn in Figure2—a,wherethe variedtime scaleson which the genesespond
to the perturbationare apparent. Note that the type of ligand input (step, pulse,etc.) usedto excite the
systemis anaspecbf experimentaldesignthat may bereadily exploredwith this model. Integrationswere
performedusingthe stiff solver odel5sin MATLAB (TheMathworks,Inc.).

A novel hybrid stochastic/determinist simulation approachthat stochasticallyintegratestranscripts
(M;) andpromotergR;j) usingGillespies DirectMethod[7] while integratingthe proteinsandtranscription
factorsdeterministicallyhasbeenusedto generatestochasticdatafrom this model. Simulatingaspectof



geneexpressiorn astochastidramevork is importantbecaus¢hereis accumulatingexperimentakvidence
thattranscriptionis astochastigprocesg13, 5]. Stochastisimulationsallow anothermspecbf experimental
designto be explored: Ncejs, the numberof cells collectedper sample. This is importantbecausesingle—
cell expressionprofiling is a reality [10]. It shouldbe notedthat a single stochastidime coursedoesnot
represent single—cellgeneexpressiontime course sincecurrentmethodsfor measuringgeneexpression
aredestructie to cells. A morecorrectapproacto simulatingthe effect of stochasticityin geneexpression
on microarraytime coursess to generatetleastNsanp X Neels Stochastidime courseswhereNsany is the
numberof time points sampled. For eachtime point, Nggs Stochastidime coursesor cells are selected
randomlyfrom thetotal set. Theexpressiorevel at eachtime pointis thenthe sumof the expressiorievels
of therandomlyselectedtell s atthattime point. This proceduras illustratedin Figure2—b,whereNceis = 1
andNsanp = 5. Notethatthe stochasticityof the geneexpressiormay give atime coursethatis qualitatvely
differentfrom ary of thosein the original cells.
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Figure 2: (a) Log(expressionratios) versustime for all genes(coloredlines) and ligand (dashedline) from a
deterministicsimulation(b) example of how multiple stochasticsimulationsare usedto createa microarraytime
coursethatincludesintrinsic stochasticityn geneexpressiongenek, Neeis = 1, Nsanp = 5. Thecompositexpression
profile (MEwgas) is qualitatively differentfrom the profilesof the original cells

3 Experimental design

Following WalterandPronzatq1990),experimentaldesignhasqualitatve andquantitatve aspectg$18].
Qualitati ve experimentaldesign Qualitative aspect®f experimentallesignareconcerneavith selecting

the correct measurementto make the parameterof interestidentifiable. What information has been

collectedprior to the microarrayexperimentmay be considered qualitative aspecbf experimentaldesign

for network identification. Two caseof prior knowledgeareconsideregresently:

e Transcriptdegradation rate constants Thesegovern the time scaleson which genesrespondto
changesdn transcriptior{8]. They areanincreasinglyavailabletypeof data[19, 6], andtheimportance
of regulationof geneexpressiorthroughtranscriptturnover is increasinglyrecognized6].

e Localizationinformation Localizationinformation specifiesa priori which transcriptionfactors
bind to which genesand may be obtainedwithout geneexpressionprofiles. It is alsobecoming
anincreasinglyimportantdatasource[17] andit hasbeenrecognizedhat network identificationis
greatlyimprovedwhenthis informationis usedin conjunctionwith microarraydata[22, 9].



Quantitati ve experimental design Quantitatve aspectf experimentaldesignconcernoptimizing
the informationextractedfrom the experimentaldataby adjustingkey experimentaldesignvariables.The
experimentaldesignvariablesconsideregresentlyare:

e Richnessof perturbation For the presentmodel, this is the dynamicstructureof the ligand input.
Single step,a prolongedpulse (2 step),single pulse,andpulse+ stepligand inputsare considered
presently Thedefaultinputis the singlepulse(time 0—28hrsin Figure2—a).

e Samplingange: Forthepulseandstep—chasexperimentonsideregresentlythisinvolvesselecting
ttin, thefinal time at which samplesaretaken. Thedefault valueof ti, is 28hrs.

e Samplingprotocot For fixedintenal sampling,samplesnustbetaken at a frequeny atleasttwice
the highestfrequeng in the systemto avoid aliasing[2]. In nonlinearsystemsthis frequeng may
changeover time andis difficult to define.KalogerakisandLuus[12] suggestlog—linearsampling
protocolto capturemultiple time scales.Both the fixed interval andlog—linearsamplingprotocols
areconsideredn the presentvork.

e Nsanp: Thisis thenumberof samplegaken. The nominalvalueof Nsanp is 10 samples.

e Nces: Thisis thenumberof cellsthataresampledpertime point(seeprevioussection). Thenominal
valueof Ngejs is 20 cells.

4 Modulating function approachto network identification

A modulating function approachis employed for the identification of the gene—geneand ligand—gene
interactionparametersTheadwantage®f themodulatingfunctionapproactarethatit removesary needfor
approximatingderivativesfrom data,thereis no needto estimatdnitial conditions,andthereis aninherent
datafiltering characteristicallowing modelsto befit usingnoisydata[3]. Thedravbackis thattheapproach
requiregshemodelsto belinearin theparametersin the presentvork, theregressiorfor eachgeneis carried
outindividually. Thisleadsto N MISO (multiple input, singleoutput)problemswhereN is the numberof
genesn thesystem.

In asimilar mannerto D’haeseleeetal. [4], thegene—genandligand—genénteractionparameteror
eachgenearedesired.Thesemay berepresentedly a;; andby, for genei in:

J K
X = Z aj fl{Xj (t—11)}+ Z bik f2{0k(t — T2)} + ¢ — KpiX; @
=1 k=1

wherex(t) areexpressiorievelsfor all genesovertime obtainedrom themicroarraydata,q(t) arelevelsfor
all ligandsover time, and f1{.} and f,{.} areknown functionsthatapproximatehow transcriptandligand
levelsinfluencethe transcriptionof eachgene. Treatingthe nonlineartermsinvolving f; and f, asinputs
[3] andchangingndicessothatL = J+ K gives:
L
X = giu(t—1)+c —kpix 3)
=1

The parametersn Equation3, [gi1,Gi2, - -, diL.C, —Kkpi] ", may beidentifiedfrom a time seriesof x(t)
andu(t) by linearregressiorof:

A, B, B2, ... By G, Dy Oi1
A, Bi, B2, ... B, G, Dj Gi2
A, Bii, Bz ... B, Gy Dj :
s T o
AiM—l BilM—l Bi2M71 B“—M—l CiM—l DiM—l Ci
| AiM i L Bi].M Bi2M BiLM CiM DiM 1 L _kDI i

(4)
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andwherethe @, arelinearly independendifferentiablemodulatingfunctionswith the property: ¢,(0) =
@,(T) = 0. Following Co andYdstie [3] andPearsorandLee[14], trigonometricfunctionsareusedin the
presenstudy Two specificclassesireused: @, = sin(nwt/2) andg,, = cognwt) — cog(n— 1)ut), where
w = 21/tin. A total of 12 modulatingfunctionswere usedfor all cases(n = 1: 8 for ¢, andn=1:4
for @,). Notethatto arrive at Equation5 from the propertiesof ¢, andEquation3, a one—stefrapezoidal
approximatiorwasusedfor someintegralsinvolving thedelayednputs.

To allow for non—uniformsamplingwithout significantintegrationerror, theintegrationsin Equation5
were performedby first linearly interpolatingbetweendatapoints, analytically integrating the productof
the modulatingfunctionsandtheinterpolatedines,andthensummingover all time points:

Nsamp—1 1 tjv1

tfin
| woxdt = S i n ) 0Pl X (6)
= j

In the presenstudy a simplified versionof Equation2 is usedfor network identification:

2
X = Z ajjX; (t —T)0'5—|— bilql(t - T)O_5+Ci — KoiX; (7)
=1

wherethree casesare considered: (1) eachgeneis influencedby one gene(ligand), (2) eachgeneis
influencedby at mosttwo genegligand),or (3) the gene—geniteractionsareknown a priori (localization
information). Fractionalexponentsare usedto approximatesaturatingkinetics, in a similar manneras
Savageaus approximatiorof complex mechanismsvith powerlaw kinetics[15]. It hasbeenassumedhat
thegene—genandligand—genelelaysareequalfor all genestakento be0.5hrs. Allowing gene—dependent
time delaysandidentifying the delaysfrom data[1] will be pursuedn futurework.

5 Validation of network identification: correctnessand fitting

To validatethe network identificationresultsit is convenientto introducea measurgA) thatquantifiesthe
succes®f theidentification.For geng:

2 ) |sign(sign(gs™™ ) — sign(gf*?))| (8)

wheregi”" arethesignsof the“correct” interactiongex: Figure1l-b),in thesensehatthey aresignsof the

gene—genandligand—gendranscriptionainteractionghat areknown to exist in the model. g-pred

. arethe
bestfit parametersbtainedusingthemodulatingfunctionapproachdescribedbore. FortheentilgenetV\ork,
Aoverall = Yili. An identificationmethodthat gives a small A successfullyidentifiesthe transcriptional
interactionsin the network. In otherwords,A is inverselyproportionalto the “correctness’of the network
identification.

A canbecomparedagainsta measuref the goodnes®f fit. Goodnes®f fit canbe quantifiedby I', the
sumof the sumof squarecerrors(SSE)of the bestfits for all genes:I” £ ¥, i, wherey; is the SSEof the
bestfit inputfor genei. In otherwords,I" is inverselyproportionalto the goodnessf fit of theidentification
model.



6 In silico experiments

In the following, resultsfrom in silico experimentsare presented Several aspectof experimentaldesign
relevantto network identificationwereexplored,includingtheimpactof prior knowledge(transcriptdegradation
rateconstantsndlocalizationinformation),thetime rangeoverwhich samplesveretaken(tsi,), thenumber

of samplegNsanp), the numberof cells collectedper sample(Neeis), andthe perturbatiorrichnesgligand
single step,two steps,single pulse,and pulse+ step). The nominal datasetusedwasthe stepresponse
shawvn in Figure2—a,0-28hrs.Both deterministic(without noise)andstochastiq20 cells) simulationdata
wasused.Thesamplingprotocol(fixedinterval or log—linear[12]) wasfoundto have a negligible effecton

the network identificationresults(not shavn).
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Figure 3: Effect of samplingrange(trin) on correctnes¢A) andfit (I') of identification. (a) Deterministic data,
(i) The optimalrangeof tsi, for correctnesgmin A) for caseswithout localizationinformationis small andnarrow,
while it is wider for caseswith localizationinformation. (i) The optimal rangeof tsi, for fitting (min I') roughly
correspondso the rangefor optimal correctness.(b) Stochasticdata, (i) the correctnesss muchlesssensitve to
tfin thanfor deterministicdata. (i) thefit decreasemonotonicallywith increasingrin. Notethatfor all casesprior
localizationinformationdrasticallyimprovedtheidentification.Prior transcriptdegradationinformationimprovedthe
identificationonly for caseswith prior localizationinformation.

7 Resultsand conclusions

Fromtheresultsin Figures3, 4, 5, and6, severalconclusionsanbe dravn:

e For the network identification approachconsideredthe sampling protocol was not an important
aspecbf experimentaldesign.

e Theoptimaltime window wasfoundto besmallfor thedeterministicsimulationspossiblyindicating
aregionwherethe powerlaw approximatiorwasmostvalid.

¢ Increasingsamplesor cells improves the identification only when few samplesare taken or few
cells/samplarecollected.

e Ligand inputs that are more dynamically rich do not necessarilylead to a close correspondence
betweerthe signsof interactiongn the bestfit modelandthe signsof transcriptionainteractionsn
theunderlyingsystem.In somecaseghelessrich inputs(singlepulseandsinglestep)outperformed
thericherinputs.

e For all caseswhenlocalizationinformationwas available, the signsof interactionsin the bestfit
modelscorrespondeatlosely with the “correct” signs of the interactions. For this reason,prior
localizationinformation combinedwith geneexpressionprofilesallows rohust identificationof the
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network. It mustbe noted,however, thatthe caseswith localizationinformationgave significantly
worsefits (higherSSE)thancaseswithout.

e Onlyfor casesvith priorlocalizationinformationdid prior knowledgeof thedegradatiorrateconstants
significantlyimprove theidentificationresult. For mostcasesthe subsequeninprovementwasnot
assignificantasthe originalimprovementfrom includinglocalizationinformation.

In the presentwork, experimentaldesignfor geneticregulatory network identificationhasbeenexplored
usingtheten—gendiologicalnetwork simulator Similarto otherstudieq22, 9], it wasfoundthatlocalization
informationimprovesgeneticregulatory network identificationfrom microarraydata. Including transcript
degradationrate constantsmprovedtheidentificationevenfurther Theseresultsareimportantbecausein
the presentime frame,only afew microarraydatasetsvith significantnoisearelik ely to becollectedin ary
particularexperiment.ldentifying which additionaldatasetshatmay combinedwith thelimited microarray
datato make network identificationtractableis animportantstep.

Therewerealsocounterintuitive resultsconcerningherelationshipbetweerthe bestfit (smallestsum
of squarederrors)and mostcorrect(smallestnumberof incorrectsigns)networks. The caseswith prior
localizationinformation always had significantly worse fits than caseswithout, even thoughthey most
correctlyidentifiedthe underlyingnetwork. This is importantbecauseaseswith localizationinformation
automaticallyhave the correctstructureandonly the parametersieedto befit. It is expectedthatnetworks
with correctstructureswould fit the databetterthan caseswith incorrectstructures;it is surprisingthat
they did not. This result may be due to the significant differencesbetweenthe systemthat generated
the dataand the systemsthat were identified from the data. It may be that the simple poverlaw with
delay modelsare not flexible enoughto accuratelycapturethe dynamicsof the true system. Another
possibility is that the parameterghat determinethe network architecture(transcriptionfactorpromoter
interactionsaandtranscriptiorrateswith bound/unboungromotersmaynotbeidentifiablefrom microarray
dataalone.Usinga smallgeneticregulatorynetwork model,it hasbeenobseredthatthis maybethecase
(unpublishedesulty. This may alsoexplain why increasinghe datarichnessdid not necessarilymprove



theidentificationresults,sinceit maybe a priori impossibleto determinea uniquenetwork structurefrom
microarraydataalone. Rigorousidentifiability analysesare necessaryo verify this hypothesis. If it is
disproved, finding modelsthat aresimpleenoughthatthey may be identifiedwith confidencdrom limited
datawhile still beingableto capturethe compleities underlyingreal geneticnetworks will be a challenge
thatmustbe metfor successfutjeneticregulatorynetwork identificationfrom microarraydataalone.
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