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Abstract
AsstatedbyLeroyHood[11], thedifferencebetweenmanandmonkey is generegulation.

Oneof thegreatprospectsin thepost–genomicera is that thegeneticregulatorynetworksthat
governsuch variedprocessesasdevelopment,differentiation,andneuronal adaptationwill be
uncovered throughtheanalysisof geneexpressionandrelatedperturbationtimecourses. In
previousworkwedevelopeda 10–genegeneticregulatorynetworksimulatorfor thepurposeof
determiningthesuitabilityof geneexpressiondatafor networkidentificationandto benchmark
networkidentificationapproaches. Using this simulator, we havedemonstratedthe valueof
additionaldatasetsthatconstrain possiblegene-geneinteractionsin additiontogeneexpression
datafor thepurposeof identifyinggeneticregulatorynetworks[22].

In thepresentstudyweuseour geneticregulatorynetworksimulatorto explore theimpact
of several experimentaldesignvariableson the ability of identificationmethodsto identify
geneticregulatorynetworksfromgeneexpressiondata.Specifically, weconsiderhowexcitation
in the perturbationsequence(e.g., pulsetrain versussteps)can influencethe resultsof the
identificationmethods.We alsoconsidertheimpactof samplingrateandnumberof samples,
which are especiallyimportant due to the varied time scalespresentin genetic regulatory
networksand the difficulty in obtaining large numbers of gene expressionmeasurements.
Finally, treating individual trajectoriesof the stochastic simulator as individual cells, we
exploretheimpactof cell samplesizeonthesuccessofgeneticregulatorynetworkidentification
methods.Thenetworkidentificationmethodweuseis a continuoustimepower–lawmodelwith
delaycombinedwith a modulatingfunctionapproach for parameterestimation.

1 Intr oduction
Thediscovery of theregulatorynetworksgoverningfundamentalcellularprocesses,suchasdifferentiation,
neuronaladaptation,anddrugresponsiveness,is oneof thegreatpromisesof microarrayandotherfunctional
genomictechnologies.Given this greatpotential,the problemof identifying geneticregulatorynetworks
from microarrayand similar datahasbeenconsideredby many authors(see[16, 4, 20, 22, 9, 21], for
example).

It is oftenthecasethattheinvestigatorsthatgeneratemicroarraydataarenot theinvestigatorsinvolved
in identifying regulatorynetworks from the data. This situationmay not be optimal for the difficult task
of network identification,and it may be expectedthat the groupsthat aremostsuccessfulin identifying
regulatorynetworksarethosethatcandirectly influencethetypeof datathat is collected.In this case,the
designof themicroarrayexperimentsfor network identificationwill beimportant.

In thepresentwork,anin silico geneticregulatorynetwork modelisusedtoexploreaspectsof experimental
designthatarerelevant to geneticregulatorynetwork identificationfrom microarraydata.Themodelis an
updatedversionof a10–gene,55–statemodelsystempresentedpreviously [22] andis a reasonablestarting
point for simulatingthe mechanisticcomplexity and time scalevariationsinherentto geneticregulatory
networks.

Thepresentpaperis structuredasfollows: themodelusedfor in silico experimentationis first described,
followedby aspectsof experimentaldesignthatarerelevanttogeneticregulatorynetwork identification.The
modulatingfunction–basedapproachto network identificationis presented,andfollowedby theresultsfrom
in silico experimentation.

2 Model for in silico experimentation
Themodelusedfor in silico experimentationhasbeenpresentedpreviously [22] andis shown 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 a transcriptionalregulatorymodule,shown in Equation1.
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The overall architectureof the network is shown in Figure 1-a. This nonlineardynamicalsystemmay
be abstractedinto a qualitative matrix that containsthe signsof direct gene–geneand ligand (Q)–gene
interactions,with the inputsinfluencingthetranscriptionratesof theoutputs(Figure1–b). This abstraction
is only apartialrepresentationof thecompletesystem,but in mostgeneticregulatorynetwork identification
studiesthis is whatis sought.

(a) (b)

Figure1: (a)Overallmodelarchitecture.(b)Abstractedgene–geneinteractionmatrix. � = transcriptionalactivation,� = transcriptionalrepression
The model hasbeenmodified since its original presentationto include literature–basedtime scales

representative of mammaliangeneexpression.A typical deterministicexpressionprofile in responseto a
prolongedpulseof ligandis shown in Figure2–a,wherethevariedtime scaleson which thegenesrespond
to the perturbationareapparent.Note that the type of ligand input (step,pulse,etc.) usedto excite the
systemis anaspectof experimentaldesignthatmaybereadilyexploredwith this model. Integrationswere
performedusingthestiff solver ode15s in MATLAB (TheMathworks,Inc.).

A novel hybrid stochastic/deterministic simulationapproachthat stochasticallyintegratestranscripts
(Mi) andpromoters(Pi j ) usingGillespie’s DirectMethod[7] while integratingtheproteinsandtranscription
factorsdeterministicallyhasbeenusedto generatestochasticdatafrom this model. Simulatingaspectsof



geneexpressionin astochasticframework is importantbecausethereis accumulatingexperimentalevidence
thattranscriptionis astochasticprocess[13, 5]. Stochasticsimulationsallow anotheraspectof experimental
designto be explored: Ncells, thenumberof cells collectedpersample.This is importantbecausesingle–
cell expressionprofiling is a reality [10]. It shouldbe notedthat a singlestochastictime coursedoesnot
representa single–cellgeneexpressiontime course,sincecurrentmethodsfor measuringgeneexpression
aredestructive to cells.A morecorrectapproachto simulatingtheeffectof stochasticityin geneexpression
on microarraytime coursesis to generateat leastNsamp � Ncells stochastictime courses,whereNsamp is the
numberof time pointssampled. For eachtime point, Ncells stochastictime coursesor cells areselected
randomlyfrom thetotal set.Theexpressionlevel ateachtimepoint is thenthesumof theexpressionlevels
of therandomlyselectedcellsatthattimepoint. Thisprocedureis illustratedin Figure2–b,whereNcells � 1
andNsamp � 5. Notethatthestochasticityof thegeneexpressionmaygiveatimecoursethatis qualitatively
differentfrom any of thosein theoriginal cells.

(a) (b)

0 2 4 6 8 10
0

5

10

M
E

1

0 2 4 6 8 10
0

5

10

M
E

2
0 2 4 6 8 10

0

5

10

M
E

3

0 2 4 6 8 10
0

5

10
M

E
4

0 2 4 6 8 10
0

5

10

M
E

5

0 2 4 6 8 10
0

5

10

M
E

M
E

A
S

Hours

Figure 2: (a) Log(expressionratios) versustime for all genes(colored lines) and ligand (dashedline) from a
deterministicsimulation,(b) exampleof how multiple stochasticsimulationsare usedto createa microarraytime
coursethatincludesintrinsicstochasticityin geneexpression,geneE,Ncells � 1, Nsamp � 5. Thecompositeexpression
profile (MEMEAS) is qualitatively differentfrom theprofilesof theoriginal cells

3 Experimental design
Following WalterandPronzato(1990),experimentaldesignhasqualitative andquantitative aspects[18].

Qualitati veexperimentaldesign: Qualitativeaspectsof experimentaldesignareconcernedwith selecting
the correct measurementsto make the parametersof interest identifiable. What information has been
collectedprior to themicroarrayexperimentmaybeconsidereda qualitative aspectof experimentaldesign
for network identification.Two casesof prior knowledgeareconsideredpresently:

� Transcript degradation rate constants: Thesegovern the time scaleson which genesrespondto
changesin transcription[8]. They areanincreasinglyavailabletypeof data[19, 6], andtheimportance
of regulationof geneexpressionthroughtranscriptturnover is increasinglyrecognized[6].� Localization information: Localization information specifiesa priori which transcriptionfactors
bind to which genesand may be obtainedwithout geneexpressionprofiles. It is also becoming
an increasinglyimportantdatasource[17] andit hasbeenrecognizedthatnetwork identificationis
greatlyimprovedwhenthis informationis usedin conjunctionwith microarraydata[22, 9].



Quantitati ve experimental design: Quantitative aspectsof experimentaldesignconcernoptimizing
the informationextractedfrom theexperimentaldataby adjustingkey experimentaldesignvariables.The
experimentaldesignvariablesconsideredpresentlyare:� Richnessof perturbation: For the presentmodel, this is the dynamicstructureof the ligand input.

Singlestep,a prolongedpulse(2 step),singlepulse,andpulse+ stepligand inputsareconsidered
presently. Thedefault input is thesinglepulse(time0–28hrsin Figure2–a).� Samplingrange: For thepulseandstep–chaseexperimentsconsideredpresently, thisinvolvesselecting
t f in, thefinal timeat whichsamplesaretaken.Thedefault valueof t f in is 28hrs.� Samplingprotocol: For fixedinterval sampling,samplesmustbetakenat a frequency at leasttwice
thehighestfrequency in thesystemto avoid aliasing[2]. In nonlinearsystems,this frequency may
changeover time andis difficult to define.KalogerakisandLuus[12] suggesta log–linearsampling
protocolto capturemultiple time scales.Both the fixed interval andlog–linearsamplingprotocols
areconsideredin thepresentwork.� Nsamp: This is thenumberof samplestaken.Thenominalvalueof Nsamp is 10 samples.� Ncells: This is thenumberof cellsthataresampledpertimepoint (seeprevioussection).Thenominal
valueof Ncells is 20cells.

4 Modulating function approachto network identification
A modulatingfunction approachis employed for the identification of the gene–geneand ligand–gene
interactionparameters.Theadvantagesof themodulatingfunctionapproacharethatit removesany needfor
approximatingderivativesfrom data,thereis no needto estimateinitial conditions,andthereis aninherent
datafiltering characteristic,allowing modelsto befit usingnoisydata[3]. Thedrawbackis thattheapproach
requiresthemodelsto belinearin theparameters.In thepresentwork, theregressionfor eachgeneis carried
out individually. This leadsto N MISO (multiple input, singleoutput)problems,whereN is thenumberof
genesin thesystem.

In asimilar mannerto D’haeseleeret al. [4], thegene–geneandligand–geneinteractionparametersfor
eachgenearedesired.Thesemayberepresentedby ai j andbik for genei in:

ẋi �
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∑
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K

∑
k� 1

bik f2 � qk � t � τ2 ��� � ci � kDixi (2)

wherex(t) areexpressionlevelsfor all genesover timeobtainedfrom themicroarraydata,q(t) arelevelsfor
all ligandsover time, and f1 ����� and f2 ����� areknown functionsthatapproximatehow transcriptandligand
levels influencethe transcriptionof eachgene.Treatingthenonlineartermsinvolving f1 and f2 asinputs
[3] andchangingindicessothatL � J � K gives:

ẋi �
L

∑
l � 1

gil ul � t � τl � � ci � kDixi (3)

The parametersin Equation3,
�
gi1 � gi2 ��������� giL � ci � � kDi � T , may be identifiedfrom a time seriesof x(t)

andu(t) by linearregressionof:

�

Ai1
Ai2
Ai3
...

AiM � 1

AiM

�

Bi11 Bi21 ����� BiL1 Ci1 Di1
Bi12 Bi22 ����� BiL2 Ci2 Di2
Bi13 Bi23 ����� BiL3 Ci3 Di3

...
...

...
...

...
...

Bi1M� 1 Bi2M� 1 ����� BiLM� 1 CiM� 1 DiM � 1

Bi1M Bi2M ����� BiLM CiM DiM

gi1

gi2
...

giL

ci

� kDi

(4)



where:
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andwherethe φz arelinearly independentdifferentiablemodulatingfunctionswith the property: φz � 0� �
φz� T � � 0. Following Co andYdstie[3] andPearsonandLee[14], trigonometricfunctionsareusedin the
presentstudy. Two specificclassesareused:φz1 � sin� nωt ! 2� andφz2 � cos� nωt � � cos��� n � 1� ωt � , where
ω  2π ! t f in. A total of 12 modulatingfunctionswereusedfor all cases(n � 1 : 8 for φz1 andn � 1 : 4
for φz2). Notethat to arrive at Equation5 from thepropertiesof φz andEquation3, a one–steptrapezoidal
approximationwasusedfor someintegralsinvolving thedelayedinputs.

To allow for non–uniformsamplingwithout significantintegrationerror, theintegrationsin Equation5
wereperformedby first linearly interpolatingbetweendatapoints,analytically integrating the productof
themodulatingfunctionsandtheinterpolatedlines,andthensummingover all time points:

t f in

0
φ � t � x� t � dt "

Nsamp # 1

∑
j � 1

1
t j $ 1 � t j

t j % 1

t j

φ � t ��� x j $ 1 � t � t j � � x j � t j $ 1 � t ��� dt (6)

In thepresentstudy, asimplifiedversionof Equation2 is usedfor network identification:

ẋi �
2

∑
j � 1

ai jx j � t � τ � 0 & 5 � bi1q1 � t � τ � 0 & 5 � ci � kDixi (7)

where three casesare considered:(1) eachgeneis influencedby one gene(ligand), (2) eachgeneis
influencedby atmosttwo genes(ligand),or (3) thegene–geneinteractionsareknown a priori (localization
information). Fractionalexponentsare usedto approximatesaturatingkinetics, in a similar manneras
Savageau’s approximationof complex mechanismswith power–law kinetics[15]. It hasbeenassumedthat
thegene–geneandligand–genedelaysareequalfor all genes,takento be0.5hrs.Allowing gene–dependent
timedelaysandidentifying thedelaysfrom data[1] will bepursuedin futurework.

5 Validation of network identification: correctnessand fitting
To validatethenetwork identificationresultsit is convenientto introducea measure(∆) thatquantifiesthe
successof theidentification.For genei :

∆i  ∑
j

'
sign� sign� gcorr

i j � � sign� gpred
i j ��� ' (8)

wheregcorr
i j arethesignsof the“correct” interactions(ex: Figure1–b),in thesensethatthey aresignsof the

gene–geneandligand–genetranscriptionalinteractionsthatareknown to exist in themodel. gpred
i j arethe

bestfit parametersobtainedusingthemodulatingfunctionapproachdescribedabove. For theentirenetwork,
∆overall  ∑i ∆i. An identificationmethodthat gives a small ∆ successfullyidentifiesthe transcriptional
interactionsin thenetwork. In otherwords,∆ is inverselyproportionalto the“correctness”of thenetwork
identification.

∆ canbecomparedagainstameasureof thegoodnessof fit. Goodnessof fit canbequantifiedby Γ, the
sumof thesumof squarederrors(SSE)of thebestfits for all genes:Γ  ∑i γi , whereγi is theSSEof the
bestfit input for genei. In otherwords,Γ is inverselyproportionalto thegoodnessof fit of theidentification
model.



6 In silico experiments
In the following, resultsfrom in silico experimentsarepresented.Severalaspectsof experimentaldesign
relevanttonetwork identificationwereexplored,includingtheimpactof prior knowledge(transcriptdegradation
rateconstantsandlocalizationinformation),thetimerangeoverwhichsamplesweretaken(t f in), thenumber
of samples(Nsamp), thenumberof cellscollectedpersample(Ncells), andtheperturbationrichness(ligand
singlestep,two steps,singlepulse,andpulse+ step). The nominaldatasetusedwasthe stepresponse
shown in Figure2–a,0–28hrs.Both deterministic(without noise)andstochastic(20 cells)simulationdata
wasused.Thesamplingprotocol(fixedinterval or log–linear[12]) wasfoundto have anegligible effecton
thenetwork identificationresults(not shown).

(a)
0 20 40 60

0

2

4

6

8

10

12

14

16

18

20

1 input

1 input, deg.

2 inputs

2 inputs, deg.

Localization

Localization, deg.

N
um

be
r 

of
 in

co
rr

ec
t i

nt
er

ac
tio

ns
, ∆

Sampling end time, t
fin

(i)

0 20 40 60
10

1

10
2

10
3

10
4

10
5

10
6

1 input

1 input, deg.

2 inputs

2 inputs, deg.
Localization

Localization, deg.

S
um

 o
f s

qu
ar

ed
 e

rr
or

s,
 Γ

Sampling end time, t
fin

(ii)

(b)
0 20 40 60

0

2

4

6

8

10

12

14

16

18

20

1 input

1 input, deg.

2 inputs

2 inputs, deg.

Localization

Localization, deg.

N
um

be
r 

of
 in

co
rr

ec
t i

nt
er

ac
tio

ns
, ∆

Sampling end time, t
fin

(i)

0 20 40 60
10

5

10
6

10
7

10
8

10
9

1 input

1 input, deg.

2 inputs

2 inputs, deg.

Localization

Localization, deg.

S
um

 o
f s

qu
ar

ed
 e

rr
or

s,
 Γ

Sampling end time, t
fin

(ii)

Figure3: Effect of samplingrange(t f in) on correctness(∆) andfit (Γ) of identification. (a) Deterministic data,
(i) The optimal rangeof t f in for correctness(min ∆) for caseswithout localizationinformationis small andnarrow,
while it is wider for caseswith localizationinformation. (ii) The optimal rangeof t f in for fitting (min Γ) roughly
correspondsto the rangefor optimal correctness.(b) Stochasticdata, (i) the correctnessis much lesssensitive to
t f in thanfor deterministicdata. (ii) thefit decreasesmonotonicallywith increasingt f in. Note that for all cases,prior
localizationinformationdrasticallyimprovedtheidentification.Prior transcriptdegradationinformationimprovedthe
identificationonly for caseswith prior localizationinformation.

7 Resultsand conclusions
Fromtheresultsin Figures3, 4, 5, and6, severalconclusionscanbedrawn:

� For the network identificationapproachconsidered,the samplingprotocol was not an important
aspectof experimentaldesign.� Theoptimaltimewindow wasfoundto besmallfor thedeterministicsimulations,possiblyindicating
a regionwherethepower–law approximationwasmostvalid.� Increasingsamplesor cells improves the identificationonly when few samplesare taken or few
cells/samplearecollected.� Ligand inputs that are more dynamically rich do not necessarilylead to a closecorrespondence
betweenthesignsof interactionsin thebestfit modelandthesignsof transcriptionalinteractionsin
theunderlyingsystem.In somecasesthelessrich inputs(singlepulseandsinglestep)outperformed
thericherinputs.� For all cases,when localizationinformationwasavailable, the signsof interactionsin the bestfit
modelscorrespondedclosely with the “correct” signsof the interactions. For this reason,prior
localizationinformationcombinedwith geneexpressionprofilesallows robust identificationof the
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Figure 4: (a) Corr ectness(∆) versus Nsamp, for deterministic(i) and stochastic(ii) data. For both cases,the
successof the identificationis not very sensitive to Nsamp, while Nsamp is importantat low valuesfor the caseswith
localization. (b) Corr ectness(∆) and fit (Γ/Ncells) versusNcells, averageof 20 runs. (i) Successof identification
is dependenton Ncells only for low values. (ii) As morecells arecollectedper sample,the stochasticfluctuations
becomelesssignificant,andthesumof squarederrors/celldecreases.Notethatthedecreaseis not monotonic,asthe
improvementin fit levelsoff around20 cells/sample.
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Figure5: Successof network identificationversusNsamp for multiple ligandinputs,transcriptdegradationratesnot
known,deterministicdata.(i) Singleinput/gene,(ii) 2 inputs/gene,(iii) localizationinformation.Thesinglestepgives
thebestnetwork identification(min ∆) for (i), while thesinglepulseis bestfor (ii) and(iii).
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Figure6: Successof network identificationversusNsamp for multiple ligand inputs, transcriptdegradationrates
known, deterministicdata. (i) Singleinput/gene,(ii) 2 inputs/gene,(iii) localizationinformation. The single–pulse
andpulse+stepgive the bestnetwork identification(min ∆) for A, single–pulseand two–stepsarebestfor B, and
pulse+stepis bestfor C.

network. It mustbe noted,however, that the caseswith localizationinformationgave significantly
worsefits (higherSSE)thancaseswithout.� Only for caseswith prior localizationinformationdidprior knowledgeof thedegradationrateconstants
significantlyimprove the identificationresult. For mostcases,thesubsequentimprovementwasnot
assignificantastheoriginal improvementfrom includinglocalizationinformation.

In the presentwork, experimentaldesignfor geneticregulatorynetwork identificationhasbeenexplored
usingtheten–genebiologicalnetwork simulator. Similartootherstudies[22, 9], it wasfoundthatlocalization
informationimprovesgeneticregulatorynetwork identificationfrom microarraydata. Including transcript
degradationrateconstantsimprovedtheidentificationevenfurther. Theseresultsareimportantbecause,in
thepresenttimeframe,only afew microarraydatasetswith significantnoisearelikely to becollectedin any
particularexperiment.Identifyingwhichadditionaldatasetsthatmaycombinedwith thelimited microarray
datato make network identificationtractableis animportantstep.

Therewerealsocounter–intuitive resultsconcerningtherelationshipbetweenthebestfit (smallestsum
of squarederrors)andmostcorrect(smallestnumberof incorrectsigns)networks. The caseswith prior
localization information always had significantly worsefits than caseswithout, even though they most
correctlyidentifiedtheunderlyingnetwork. This is importantbecausecaseswith localizationinformation
automaticallyhave thecorrectstructureandonly theparametersneedto 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 power–law with
delay modelsare not flexible enoughto accuratelycapturethe dynamicsof the true system. Another
possibility is that the parametersthat determinethe network architecture(transcriptionfactor–promoter
interactionsandtranscriptionrateswith bound/unboundpromoters)maynotbeidentifiablefrom microarray
dataalone.Usinga smallgeneticregulatorynetwork model,it hasbeenobservedthat this maybethecase
(unpublishedresults). This mayalsoexplain why increasingthedatarichnessdid not necessarilyimprove



theidentificationresults,sinceit maybea priori impossibleto determinea uniquenetwork structurefrom
microarraydataalone. Rigorousidentifiability analysesare necessaryto verify this hypothesis. If it is
disproved,finding modelsthataresimpleenoughthat they maybeidentifiedwith confidencefrom limited
datawhile still beingableto capturethecomplexities underlyingrealgeneticnetworkswill bea challenge
thatmustbemetfor successfulgeneticregulatorynetwork identificationfrom microarraydataalone.
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