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ABSTRACT

This supplementary material is divided as follows: Section 1 has a
description about how to simulate Genetic Regulatory Networks and
Section 2 explains how to perform these simulations using Netbuilder.

Section 3 presents details about the Graphical Gaussian Models
and Section 4 presents details about Bayesian Networks. In Section
5 we discuss how the data was pre-processed for our analysis.
Section 6 presents the v-structure network, which was used to
create simulated data to give some idea of how the network topology
influences the different inference methods.

In Section 7 we present an overview of all the results. Sections
8 and 9 present tables for comparing the performance between
methods. These sections present comparisons for AUC scores and
TP scores respectively.

Sections 10 and 11 present tables for comparing the performance
between observational and interventional data sets. These sections
present comparisons for AUC scores and TP scores respectively.

Sections 12 and 13 present tables for comparing the performance
between different network topologies. These sections present
comparisons for AUC scores and TP scores respectively.

1 SIMULATING GENE REGULATORY NETWORKS

All cells in an organism carry the sameDNA, but synthesized
protein can be totally different. This is due to genetic
regulation. Protein synthesisis regulatedby control mechanisms
at different stages:transcription, RNA splicing, translationand
post-translationamodifications. Since the adwent of microarray
experiments, a huge amount of data has been produced. In
microarray experiments an organism is exposed to different
conditionsand the expressionlevel of their genesare measured.
One of the main applicationsto this datais to infer the set of
relationshipsbetweerthis genesthe so called GeneticRegulatory
Network (GRN). Thereal GRN normallyis not known, beingvery
difficult to evaluatethe performanceof learningalgorithms. The
adwantageof simulateddatais thatthe network structureis known,
making possibleto accessthe learning algorithm’s performance.
Oftenthe simulateddataare dravn from the multivariateGaussian
distribution while biological datararely is Gaussiandistributed.
Another problemis the intricaciesof the regulation by comple

*to whom correspondencshouldbe addressed

cis-regulatorymoduleswhatmakesthe datafar from beinglinearly
dependen{Pournara2005). A modelto simulateGRNs mustbe
simple,possibleto parametrizeandyet producedatathatresemble
biologicalrealisticdata.

1.1 Genetic Networks Dynamics

The machinery inside the cell is responsiblefor synthesizing
proteinsfrom DNA. In asimplisticview thisinvolves:

1. Beginwith aDNA strand.

2. TranscriptionThe procesf building anRNA copy of aDNA
sequenceThis processstartswhenone or moretranscription
factors(TF) bind to a cis-regulatorydomainof thegene.

3. Translation: The process of matching amino acids to
correspondingetsof threebasegcodons).During translation
messengeRNA (mMRNA) sequencesre usedto manufcture
proteins. Translationoccursat special structuresin the cell
calledribosomes.Ribosomesare the "factories"where RNA
is usedto manufctureproteins.

4. Post-translationamodifications: Theseare modificationsthat
occurin proteinsafterthey arereleasedrom theribosomes.

5. Finisheswith anew protein.

To model these processesnside the cell, it is necessaryto
remembersomeconceptsrom chemicalkinetics. As an example,
considethefirst orderreactionwhereareactantA is corvertedinto
aproductB. It is representedy:

k
A——>B

Thevelocity, or rateof thereactionaccordinglywith thelaw of mass
action,u is givenby:

(© Oxford University Press 2005.
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Applying thelaw of conseration of mass:
[Alo = [A] + [B] )
[A] = [Alo — [B]
1
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dB] _ _d[4]

dt dt
where[A] and[B] areconcentrationstatimet, [A]o is theinitial
concentrationand k is the rate constant.If we have a reversible
reactionlike,

= k[A] = k([Ao] — [B]) ®3)

k1
A——
k_1
wherek; is theforwardrateconstantandk_1 is thebackwardrate
constantthenthereactionrateis expresseds:

_dB] _
w= =21 = ka[A] = k1 [B] 4)

Applying thelaw of conseration mass:

[Alo = [A] + [B] ®)
[A] = [A]o — [B]
d|B]

~i = k(Ao = [B]) — k1 [B]

= k1[AJo — [B](k1 + k—1)

Knowing how to calculate the reactions rate to first order
reactionsa concepthatwasdevelopedto describesmallsubstrate-
enzymesystemsis usedto model the processof a protein (TF)
binding to a TF bhinding site and starting transcription.Note that
asthis conceptwasdevelopedfor smallmoleculesandthe systems
thatwe areinvestigatingaremuchlarger (TF, TF binding sitesand
transcription),the transcriptionaland translationatime delaysare
beingignored.

Michaelis and Menten (1913) proposeda way to model how
enzymesactascatalyserspeedingup the conversionof a substrate
into a product. They shaved thatasa concentratiorof a substrate
increasesthe rate of the reactionincreasesonly up to a certain
extent. They proposedthe following mechanismfor an enzyme
substracteaction:

ky

k_1

ko
ES—>FE + P

S+ E

whereFE is theenzyme,S is the substrate P is the productand k¢
andk. arethe associatiorratesfor the enzyme-substrateomplex,
ES, andthe productrespectiely and k_; is the dissociationrate
constanfor theenzymesubstractomple«. Assumingthata steady-
statewill bereachedandthenconcentratiorof £.S will beconstant,
Briggs and Haldane (1925) derived the Michaelis and Mentem
equationasfollows:

dlES

% — KL[E][S] = k1 [ES] — ko[ ES] ©)
applyingthelaw of conserationmass:

[Elo = [ES] + [E] )
[E] = [E]o — [ES]
then,

W) — ka(110] — [BSDIS] — k-11128] ~ kalES] =0 (8)

andit follows that:

k1[Eo][S]

ES|=———1— 9
[25] k-1 + ko + k1[S] ©
so,therateof reactionis givenby,
kak1[Eo][S] ka[Eo][S]
= ko|ES] = = 10
u=kelBS] = e T RS Ftks (] (10)
1

Making V' = ka[Eo], whereV is the limiting rate constantand
Ky = k*}q—“” where K is the Michaelisconstantthe equation

01
canberewritten as:

__ VISl
u_K]bI+[S]

The above derivations are for one enzymeand one substrate.
Whenwe usethis conceptsto modela TF and a TF binding site
we shouldremembetthat TFs canactin variousdifferentformsto
starttranscription.Only asan examplelet’s considerthatthereare
threeTFsT,, T, andT.. Somehypotheticapossibilitiesare:

(1)

1. T, alonegivesrise to a transcriptionrate of a certainfraction
of themaximum.

2. T, alonedoesnt initiate ary transcription.
3. T, andT} togethergive riseto transcriptionatthe maximum.
4. T, andT} andT. represghegenetranscription.

In thesefew examplesabove we canseethatthe combinedeffect of
different TFsis not necessarilyjthe sumof their individual effects.
We take anexamplefrom Pournarg2005)wheretwo transcription
factorsare consideredpneactivating, T,,, andotherinhibiting, 7;,
controllingthetranscriptionof geneG. The systemis describeds:

ks1 k12

Ty G

k1a ko1

T

Thentheconcentratiorof themRNA of geneG is givenby:

_ k12[Ta)ks1
ko1k31 + ki2[Ta)kar + ki3[1i]kar

[G] (12)
Anotherpossibility is the existenceof more thanone binding site,
giving origin to whatis calledenzymecooperattity. In this casethe
rateof reactiondoesnotfollow theMichaelisMentenequation(11),
but insteadfollows the equationproposedby Hill (1910), the so
calledHill equationwherethe sigmoidalcharacteristi¢s evident:

V[s]h

U R, + 57 )

whereK/ - is theMichaelisconstanonly whenh = 1 andh is the
Hill coeficientwhichgivesanupperlimit for thenumberof binding
sites.

1.2 Simulation Methods

To model this dynamic processof protein productionthere are
variousapproachesA very refinedmodelis the descriptionof the
biophysicalprocessesasa systemof coupleddifferentialequations
assuminghe systemis in a steadystate While this modelkeepsthe
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realismof the true network it is very difficult to parametrizelueto
thelargenumberof parametersf which only few areknown.

Noting similaritiesbetweenlGRNsandelectroniccircuits,several
authorstried to designGRNsusingtechniqueghatwereoriginally
developed for electronic circuits. The first attemptsusing this
approachusedbooleannetworks. The booleannetwork consistof
digital switchesthat can either assumevaluesO or 1 and these
switchescanbecombinedo form logical operationss,for example
AND and OR. However the pure booleannetworks have low
predictionpower becausen real GRNsthe valuesof transcription
rangefrom 0 to maximum, and theseratesinfluencethe ratesof
otherstranscriptionsandhencethe network dynamics.

Anotherapproactwastriedin Vohradsk Vohradsk (2001)using
neuralnetworks, wherethe genesarethenodesandthe connections
betweerthegeneshave weightsexpressingherelationshigbetween
them.,if theweightis zerothereis no connectionFurthermorewith
this approachit is possibleto have positive or negative weights
meaningactivation or inhibition of a generespectrely, and the
valuesof the transcriptionrate are continuous.The problemwith
thisapproachs relatedto thewaythe TFscanacttogetheto initiate
thetranscription. As mentionedbeforethe actionof morethanone
TF is not necessarilfhe sumof their individual action.

In orderto combinethe positive aspect®of the booleannetworks
andthe neuralnetworks representationg combinationof bothwas
proposedn Yuhetal. (1998)andYuhetal. (2001).In thisapproach
genesare modeledas sigma-pi units, which were introducedby
RumelhartRummelhart(1987) as nodesin higher order neural
networks to avoid linear separability constraintsassociatedvith
first-orderneuralnetworks. Booleanfunctionsandlogic gatescan
beexpressedn asigma-piformalism,andtheirinputandoutputare
not restrictedto booleanvalues.Sigma-piunits are combinatorial,
sosimplerunitsconnectedanleadto avery complex module.

We rememberthen, from the discussionin section1.1, that
following a simplemodelof enzyme-substratateraction(ignoring
time delays)andusingchemicalkineticsleadsusto a setof ODEs
describingthe biophysicalsystem.Assuminga steadystateof this
systemi,it is possibleto derive a setof equationghat describethe
concentrationof productsas non-linearfunctionsof combination
of substrates. The resulting equationsare a combination of
multiplicationsand sumsof sigmoidals.So insteadof solving the
steady-stateapproximationto ODEs explicitly, it is possibleto
model the systemusing the sigma-piformalism, what males the
modelingmuchsimplerwith lessparametersThis is the approach
implementedn Nethuilder.

2 GENERATING DATA WITH NETBUILDER

NetBuilder (Yuh et al., 1998, 2001) is an interactve graphical
tool for representingand simulating genetic regulatory networks
in multicellular organisms.Someconceptsusedto creategenetic
networks diagramsin NetBuilder are borraved from electronic
engineering.

Corventional modelsare basedon detaileddescriptionsof the
individual chemicalreactionghatform a biochemicalpathway but
thenumberof parametersecessaryo specifyit is extremelylarge.
Simplifying modelswhile maintainingtheir main characteristicss
oftenextremelydifficult.

The main idea of Nethuilder is insteadof solving the steady-
stateapproximationto ODEsexplicitly we approximatehemwith

a qualitatively equivalentcombinationof multiplicationsandsums
of sigmoidaltransferfunctions.

In NetBuilder as in mary electronic circuit design packages
pathways are representedas series of linked modules. Each
module has specific input-output characteristics. As long as
these characteristicsconform to experimental obserations, the
exact transformations occurring inside the modules can be
safely ngglected. The result is a significant reduction in the
number of parameters. Thus, NetBuilder aims to provide a
way of quantifying intuitively dravn diagrams, and making
experimentalisthiypothesesestable.

There are four possible types of network nodes: Genes,
ComponentdrunctionsandReceptorsTheinteractionbetweerthis
nodesarerepresentetly links which canbeactivatorsor repressors.
Compl« interactionghataredifficult to modeljustwith links make
useof functionsto representhem.lt follows a brief explanationof
eachoneof the possiblenetwork nodes:

e Functions. Functionsare objects used to combine inputs,
thereareseveralfunctionsimplementedn Nethuilder but with
particularinterestfor us are the logical functions AND and
OR Thesecanhave multiple entriesandtheir outputscanbe
combinedn orderto performotherlogical operationsTheuse
of thesdogicalfunctionsarenotrestrictedo binaryvaluesit is
alsopossibleto usecontinuousraluesasinputs.As anexample
whentwo inputsz; andx, arecombinedusingan AND or OR
portsthe outputscanbe obtainedwith thefollowing equations:

(14)
(15)

YAND = T1 X T2

Yor = T1 + z2 X (1 — 1)

e Genes. Eachgenehasa userspecifiednumberof inputs and
one output. The inputs representghe cis-regulatory domain
whereoneor moreTFscanbindto initiate thetranscriptiorand
theoutputrepresentgroteinproduction A genetransformsts
inputsinto an outputthroughsomefunction, thereare genes
with pre-huilt functionsAND or OR, andit is alsopossibleto
modeltheinteractionwithin theinputsin amorecomples way
using a combinationof functions. A genewith AND portsis
usedto modelaprocessvhereif ary of the TFsis low thenthe
proteinproductionis alsolow. Corverselya genewith an OR
portis highly expressedf ary of the TFs presentn theinput
are high. Supposeve have a TF1 connectedo onegene,the
expressiorof this geneis calculatedoy:

T
r1+1

YL = (16)
wherey; is theaverageoccupatiorof the binding site of TF1,
andzx; is the concentratiorof TF1 relative to its equilibrium
dissociationconstant.If a TF2 is connectedo a genevia a
negatedlink, the expressions:

€2
xro+1

y2=1—( ) (17)
where y» is the TF2 binding site occupation,and z» is the
concentratioof TF2 relative to thedissociatiorconstanbf the
gene-TFZompl.

e Components. Componentsan be used,amongotherthings,
to specifyexternalinputsto the network.
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(b)

Fig. 1. Network structure. Panel(a) shavs the original RAF network. Panel(b) shavs the modifiedRAF network wherethe edgesPKC — RAF, PKC —
PKA, PKA — MEK andPLCg— PIP2wereremovedto increasehe numberof v-structuresn the network.
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Fig. 2. GGMsand BNs versus RNs. This figurecompareshe performancef GGMsandBNs (vertical axis) with RNs (horizontalaxis). The columnsrefer
to differentdatasets.Left column: Gaussiardata.Cente column: Datageneratedvith Nettuilder, subjectto additve Gaussiamoisewith & = 0.1. Right
column:Cytometrydata.Thetwo rows referto differentscoringcriteria, discussednh Section5 of themainpaperTop row: AUC score Bottomrow: TP count.
The symbolsof the six scatterplotsare explainedin the captionof Figure 3 of the main paperThe coloursrefer to differentcomparisonsRed: BNs versus
RNs.Blue: GGMsversuskRNs.
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Fig. 3. GGMsvs BNs on Gaussian V-structure data. Scattemplots comparingthe performanceof GGMs (vertical axis) with BNs (horizontalaxis). The
diagonalline represent®qualperformance Symbolsabore the line indicatethat GGMs outperformBNs. Corversely symbolsbelov that line point to a
betterperformanceof BNs over GGMs. Eachsubfigurecompareghe resultsobtainedfrom two differentdatatypes,usingonly passie obserations(empty
symbols)andincludingactive interventions(filled symbols).Two differentevaluationcriteriahave beenapplied,basedn directedgraphs(DGE, represented
by triangles)andtheir undirectedskeletons(UGE, representedly circles). Thetwo panelsreferto two differentscoringcriteria. Left: AUC scoresRigth: TP

counts.

e Receptors. Receptorsaare usedto transferdatabetweencells.
In principle, NetBuilder Receptorscan be usedto represent
ary processin which signals get exchangedbetweencells,
eventhosethat do not actuallyinvolve biological cell surface
receptors.

2.1 Simulating the RAF network

In order to simulatethe Raf network we linked 11 geneswith
the samestructureas we have in the network presentedn Sachs
etal. (2005),seefigure 1(a). All thelinks betweengenesepresent
activations and all the interactionsbetweenTFs were setto OR
regulation. A genewith an OR port is highly expressedf ary of
the TFspresentin theinput arehigh. The eleven geneswe have in
our network are: RAF, MEK, PLCg PIP2, PIP3, ERK, AKT, PKA,
PKC,P38andJNK.

For datageneratiorwe samplevaluesfrom a uniformdistribution,
Uniform ~ (0, 1), for all root nodes Rootnodesarenodeswithout
ary parentsThesevaluesarethenpropagatedo the childrennodes
wherethey will be processedand then propagatedurther down
in the network hierarchyuntil they reachthe leave nodes.Leave
nodesarenodeswithoutary children.Every nodethatis notaroot
nodehasa sum function addedto its output. This sumrepresents
that the output of a nodeis subjectto someadditive noise. The
valuesto be addedasnoiseare sampledrom a normaldistribution
N ~ (0,¢?). Having this way of addingdynamicalnoisewe then
generatedlatasetswith threedifferentnoiselevels, low, medium
and high correspondingo, o = 0.01, ¢ = 0.1 ando = 0.3.
Using this procedurewe generatedbsenational data. In total we
generated datasetswith 100datapointfor eachnoiselevel; these
arecalledthe Nethuilder obserationaldata.

When generatingnterventionaldatasetssomemaodificationsof
the network are needed.When an inhibition is simulated, the
inhibited genehasits outputforcedto be zeroindependendf its
inputs. So the output of suchan inhibited nodewill be only the

Data Points | Interventions
1~ 16 No Intervention
17 ~ 30 AKT inhibited
31 ~ 44 PKC inhibited
45 ~ 58 PIP2inhibited
59 ~ T2 MEK inhibited
73 ~ 86 PKC actvated

87 ~ 100 PKA activated

Table 1. Interventional data set. Table shaving howv one interventional
datasetis built.

addednoise. In the casewhere we want to activate an genewe
setits value to one, againindependenbf its input. The outputof
an activatedgenewill be 1 plusthe noise.The addednoisein the
nodessubjectto inhibitionsor activationswasalwayssampledrom
N ~ (0,07) with o = 0.01.

For this study we generated interventional datasetsfor each
noiselevel. Theseare called Nethuilder interventionaldata. Each
interventionaldatasetis composedby a total of 100 datapoints
wheresomeof the geneswere intervened, seethe table 2.1 for a
detailedexplanationof how theinterventionaldatasetis built. Our
interventionstry to mimic the onesthat were usedin Sachset al.
(2005).

3 DETAILS ON THE GAUSSIAN GRAPHICAL
MODEL APPROACH

Gaussiargraphicalmodels(GGMs) are basedon the assumption
that the obsered dataare distributed accordingto a multivariate
Gaussiandistribution N(u, X). The (i,j)-th elementX;; in the
covariancematrix X is proportionalto the correlationcoeficient
betweemodeX; andX;. Butahighcorrelationcoeficientbetween
two nodesmustnot necessarilyndicatea directcausalassociation.
Not rarelya high correlationcoeficientis simply dueto anindirect
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Fig. 4. GGMs vs BNs on Netbuilder V-structure data. This figure compareghe performanceof GGMs and BNs on the syntheticdatageneratedvith
Nettuilder, for the topology with someedgesremored. The columnsrefer to different standarddeviations of the additve Gaussiamoise. Left column
o = 0.01, Cente columne = 0.1, Rightcolumno = 0.3. Thetwo rows referto differentscoringcriteria. Top row: AUC score Bottomrow: TP counts.A

detailedexplanationof the symbolsis givenin thecaptionof figure 3

association,e.g. both variablesjust dependon anothernetwork
variable.Consequentlya high correlationcoeficient betweentwo

variablesprovidesonly weakevidencefor a directassociationAnd

actuallyonly thedirectdependencielsetweervariables(nodes)are
of interestfor the constructionof regulatory networks. To avoid

this shortcomingof Relevancenetwork (RN) methodology partial
correlationsare consideredn Gaussiargraphicalmodels(GGMs)
instead.That s, the strengthof a direct associatiorbetweentwo
nodesX; andX; is measuredy the partial correlationcoeficient
pi; whichdescribeshecorrelationbetweerthesenodesconditional
on all the other network nodes. From the theory of normal
distributionsit is known thatthe partial correlationcoeficients p;;

canbeeasilycomputedrom theinverseQ2 = X! of thecovariance
matrix X. More preciselyit holds:

—wij
wherebyw;; arethe elementsf thematrix 2 = £ 71,

Hence,in orderto reconstruce Gaussiargraphicalmodel (GGM)
from a given data set D, one typically emplg/s the following

Pij =

procedureFromthe dataset D, the empiricalcovariancematrix is
estimatedandinvertedto obtain(2, subsequentlyhe entriesp;; of
the partial correlationmatrix IT canbe computedusingthe formula
for p;; given abore. Afterwardsthe interpretationis as follows:
Small elementsp;; in the resulting partial correlation matrix IT
correspondto weak partial correlations, and the corresponding
nodesbecomenot connectedy an edge.On the otherhand, high
entriescorrespondto strong partial correlations,so that thereis
reasorto believe thattheremustbe directassociationbetweerthe
correspondingpodes.

In Schafer and Strimmer (2005b) the authorspresenta novel
regularizedshrinkagecovarianceestimatorwhich is basedon the
conceptof shrinkageand exploits the Ledoit Wolf lemma for
analyticcalculationof the optimal shrinkage This novel shrinkage
estimatorX for the covariancematrix X is guaranteedo be non-
singular sothatit canbe invertedto obtaina new estimator{) —
(5)~! for thematrix €.

The new shrinkageestimatoris basedon the following theoretical
idea. It is known that the unconstrainedmaximum likelihood
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Fig. 5. GGMsand BNsvsRNs. V-structure data. This figure compareshe performancef GGMsandBNs (vertical axis) with RNs (horizontalaxis). The
columnsreferto differentdatasets.Left column: Gaussiardata. Right column: Nettuilder datawith additve Gaussiamoisewith & = 0.1. The two rows
referto differentscoringcriteria. Top row: AUC score.Bottomrow: TP counts.A detailedexplanationof the symbolsis givenin the captionof figure 3. The
coloursreferto differentcomparisonsRed:BNs versusRNs.Blue: GGMsversuskRNs

estimatoi® /7, for thecovariancematrix £ hasahighvariancsf the

numberof nodesexceedshe numberof obserations(n > m). On

the otherhandtherearelots of possibleconstrainedestimatorghat

have a certainbias but a lower variance.The shrinkageapproach
combinesthe maximum likelihood estimatorwith one of these
constrainedstimators¢ in aweightedaverage:

i:(l—A)-EML—F)\-ic,

where) € [0, 1] denoteghe shrinkagentensity The authorsshov

that this regularizedestimatoroutperformsboth single estimators
Yumr and X in terms of accurag and statistical efficiengy.

Furthermorethey shav that the Ledoit Wolf lemmacan be used
to estimatethe optimal shrinkageintensity A, and recommendo

restrictthe constrainedstimatorX« by assuminghatthe network

variables(nodes)are pairwiseuncorrelated X¢,, = 0 for i # k)

but may have unequalvariances(X¢,, # X¢,, for i # k).

More detailscanbe found in Schafer and Strimmer(2005b). The
computationsfor the Gaussiangraphicalmodels (GGMs) in our

comparatie evaluation study were carried out with the software
providedby SchaferandStrimmer(2005a).

4 DETAILS ON THE BAYESIAN NETWORK
APPROACH

We sampledBayesiarNetworksfrom the posteriordistributionwith
the orderMCMC method of Friedmanand Koller (2003). This
methodis aMarkov ChainMonte Carlo(MCMC) samplingscheme
that can be usedto generatea sampleof network node orderings
01, O3, Os, ... from the posteriordistribution P(O|D) over node
orderingsin thecontet of Bayesiametworks. So, the statespaces
thesetof all n! possibleorderingsof the network nodes Afterwards
in a secondstepa sampleof DAGs G1, G2, Gs, ... canbe obtained
by samplingDAGsoutof thesamplechodeorderings Eachnetwork
nodeorderingO = (X,(1), ..., Xo(n)) representshe setof all
directed agyclic graphswhich are consistentwith the ordering,
wherebya graphis consistentwith O if andonly if all its edges
point rightwardswith respecto the ordering.FriedmanandKoller
(2003)shaw thatthelikelihood P(D|O) of agivennodeorderingO
canbecomputeckfficiently. In the spaceof nodeorderingsthe flip-
opeiator which exchangedwo nodesin theorderingfor eachother
canbe usedto constructa Markov chain over the spaceof node
orderingswhosedistribution convergesto P(O|D). SeeFriedman
andKoller (2003)for details.
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Gaussian Nettuilder Real
Obs Int Obs Int Obs Int
DGE | UGE | DGE | UGE | DGE | UGE | DGE | UGE | DGE | UGE | DGE | UGE
BN [ 0.74| 082 | 093| 089 0.78| 0.86 | 0.88| 0.78 | 0.70 | 0.79 | 0.77 | 0.74
GGM | 0.77] 089 | 0.76 | 0.87 | 0.74| 0.84 | 0.72 | 082 | 0.79 | 093 | 0.72 | 0.81
RN [ 049 049 | 053 | 054 | 054 | 055 | 055 0.57 | 0.77 | 0.88 | 0.57 | 0.60
Table 2. SeparatiorScoresTheseparatiorscoreis definedasS = 7'/(T + F'), whereT is the averagescoreof atrue edge,and F is the averagescoreof

afalseedge.The perfectseparatiorscoreof S = 1 is obtainedwhenassigninga zeroscoreto all falseedges Corversely a methodthat cannotdistinguish
betweertrue andfalseedgedeadsto an averageseparatiorscoreof S = 0.5. The abbreiations ObsandInt referto obserationalandinterentionaldata,
respectiely. Thenumbersareaverage®ver all simulationscarriedoutin theindicatedcateory.

As it takes 'sometime’ until a Markov chain corvergesto its
stationarydistribution, one hasto samplefrom the chainfor “long
enough”to ensurethat it hasreachedits stationarydistribution.
After the burn-in time the orderingscan be seenas sampledfrom
the posteriordistribution P(O|D).

As mentionedbefore, the idea of OrderMCMC is to usethis
sampleor orderingsto obtain a sampleof DAGs. To this end
for eachsampledordering O; a DAG G; is sampledout of the
posteriordistribution P(G|O;, D), thatis the posteriordistribution
over DAGs given the ordering O; and the data D. Thereby as
conditionedon the ordering, for eachnetwork nodeits parentset
canbe sampledindependentlywith respectto its valid parent-sets
in theorderingO;.

To ensurecorvergencewe have performedeachOrdekMCMC
run independentlywice with two differentrandomnodeorderings
asinitialisations. Therebythe burn-in lengthswere setto 20,000,
andafterwardsfurther 80,0000rderMCMC simulationstepswere
performed, whereby from each 200-th node ordering a directed
agyclic graph(DAG) wassampled|eadingto agraphsampleof size
400perrun. We usedtheresultsof bothOrdekMCMC runsnotonly
to assertonvergence we alsoaveragedhe outputededgeposterior
probabilities of both runs. Consequently all Bayesiannetwork
resultsare basedon a directedagyclic graphsampleof size 800
sampledfrom two independenOrderMCMC runs. It turnedout
thatthis run lengthsettingled to a sufiicient degreeof corvergence
for all test data sets, that is there has never beena remarkable
differencdn theoutputsof thetwo independen®rderMCMC runs.

5 PREPROCESSING OF REAL CYTOMETRIC
DATA

For interventions we occasionallyobsered a clear discrepang
between expected and obsered concentrationsfor intervened
nodes, eg. some inhibitions hadn‘t led to low concentrations
while some activations hadn‘t led to high concentrations.The
missing changesin concentrationsare not surprising, as most of
the experimentalinterventions affected the actvity of its target
insteadof its concentrationCorrespondinglyfor intervenednodes
the measuredconcentrationsdo not reflect the strengthof the
true actiity of the correspondingnode (Karen Sachs, personal
communication).Therefore, we decidedto replacein eachreal
interventional cytometric data set the values of the activated
(inhibited) nodesby the maximal (minimal) concentratiorof that
nodemeasuredinderobsenrationalconditions Afterwards we have
usedquantile-normalisatioio normaliseeachreal interventional
dataset. Thatis for eachof the 11 variables(proteins)we replaced

its 100realisationsy quantilesof the standarchormaldistribution
N(0,1). More precisely for eachof the 11 variables(proteins)

its j-th highestrealisationwas replacedby the (ﬁ)-quantile of
the standardnormal distribution, wherebythe ranks of identical

realisationsvereaveraged.

6 THE V-STRUCTURE NETWORK

In this studywe alwayscomparethe methodsfor the samenetwork
topology In orderto have anideaabouttheinfluenceof thenetwork
topology we slightly modified it. With these modificationswe
have addedv-structuresn the network. Four edgeswere removed
from the original topologyandwe have then4 new v-structuresn
this new network. This so called v-structurenetwork is presented
alongwith the original in figure 1. For this new network structure,
we generatedhe samedatasetsas for the original network. We
have generateds Gaussiardatasetswith obserationsonly and5
with interventions. For Nethuilder we generated datasetswith
obsenrationsand5 with interventionsfor eachoneof thethreenoise
levels.All setscontain100datapoints.

7 OVERVIEW OF THE COMPLETE SET OF
RESULTS

Our supplementarymaterial containsthe completeset of results
obtainedin our simulation studies, with a statisticalsignificance
estimationon a percomparisorbasis.We have not correctedhese
valuesfor multiple testing.Thisis becaus®ur tablescontainmary
‘uninteresting’comparisonghat were not followed up in the main
paper and areincludedonly for the sale of completenessMore
importantly given the atundanceof cytometry dataand the fact
thatNethuilder dataaregeneratedyntheticallyit is straightforvard
to retest our hypotheseson newv but independentlygenerated
data. We found that such a regenerationconfirmsthe trendsand
significancdevelsreportedn the mainpaperithis becomesvident
by comparingFigure 4 in the main paperwith Figure 4 in the
supplementarynaterial.
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8 CROSS-METHOD COMPARISON OF AUC SCORES

This sectionof the supplementarymaterial provides nine tables, numberedfrom 3 to 11, which summariseand cross-comparghe
performance®f the three Machine Learningmethodsundercomparisonin termsof the outputed AUC' scores.Therebyfor eachtable
multiple rows indicatethefour combinationf figureof merit (UGE andDGE) anddatasettype (obsenationalandinterventional).For each
of thesefour combinationsandfor eachof the threemethodgBayesiametworks (BN), Gaussiargraphicaimodels(GGM), andRelevance
Networks (RN)) the meanu[AUC] andthe the standarddeviations o (AUC) of the five outputedAU C' scorescanbe found. The lastthree
columnsprovide one-sampleé-testp-valuesp(.) for the hypothesisHo: u[AUC(M;)] = u[AUC(M;)] againstits two-sidedalternatve: Hy:

u[AUC(M;)] # u[AUC(M;)] giventhe combinationindicatedin the multiple row above. M; andM; representhe methodsmentionedn

therow andcolumn.Low p-valuesp(.) indicatethattheremaybea significantdifferencein the AUC scorebetweerthesewo methoddgor the
particularcombinationof figure of meritanddatasettype. In thesecasest canbe seenfrom the entriesin the meanscorecolumnu[AUC]

which of thetwo methodsgerformed(significantly)betterthanthe otherone.
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Method | u[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)

UGE - Obsenational

BN 0.8848 | 0.0543 - 0.8815 | 0.0079

GGM 0.8814 | 0.0373 | 0.8815 - 0.0015

RN 0.6809 | 0.0816 | 0.0079| 0.0015 -
DGE - Obsenational

BN 0.7817 | 0.0711 - 0.6704 | 0.0239

GGM 0.7967 | 0.0286 | 0.6704 - 0.0015

RN 0.6407 | 0.0635 | 0.0239| 0.0015 -
UGE - Interventional

BN 0.9661 | 0.0391 - 0.0024 | 0.0018

GGM 0.8203 | 0.0532 | 0.0024 - 0.0082

RN 0.7097 | 0.0541 | 0.0018| 0.0082 -
DGE - Interventional

BN 0.9796 | 0.0187 - 0.0002 | 0.0002

GGM 0.7488 | 0.0409 | 0.0002 - 0.0081

RN 0.6631 | 0.0421 | 0.0002| 0.0081 -

Table 3. AUC score. Cross method comparison Gaussiamatasets.Original graphtopology

Method | 4[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)

UGE - Obsenational

BN 0.9775 | 0.0345 - 0.0087 | 0.0013

GGM 0.8933 | 0.0583 | 0.0087 - 0.0043

RN 0.6987 | 0.0981 | 0.0013| 0.0043 -
DGE - Obsenational

BN 0.9487 | 0.0440 - 0.0012 | 0.0004

GGM 0.8257 | 0.0487 | 0.0012 - 0.0043

RN 0.6649 | 0.0814 | 0.0004| 0.0043 -
UGE - Interventional

BN 1.000 0.0000 - 0.0010 | 0.0014

GGM 0.8878 | 0.0293 | 0.0010 - 0.0199

RN 0.7436 | 0.0730 | 0.0014| 0.0199 -
DGE - Interventional

BN 0.9976 | 0.0038 - 0.0001 | 0.0004

GGM 0.8220 | 0.0001 | 0.0001 - 0.0196

RN 0.7021 | 0.0004 | 0.0004| 0.0196 -

Table4. AUC score. Cross method comparison Gaussiamatasets.V-structuregraphtopology
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Method | 4[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 0.6904 | 0.0376 - 0.8754 | 0.2957

GGM 0.6854 | 0.0542 | 0.8754 - 0.6175

RN 0.6680 | 0.0546 | 0.2957| 0.6175 -
DGE - Obsenational

BN 0.6231 | 0.0564 - 0.5316 | 0.7276

GGM 0.6443 | 0.0419 | 0.5316 - 0.6139

RN 0.6307 | 0.0425 | 0.7276( 0.6139 -
UGE - Interventional

BN 0.7912 | 0.0335 - 0.0552 | 0.0003

GGM 0.7129 | 0.0559 | 0.0552 - 0.0010

RN 0.5686 | 0.0286 | 0.0003[ 0.0010 -
DGE - Interventional

BN 0.6969 | 0.0676 - 0.4802 | 0.0076

GGM 0.6656 | 0.0437 | 0.4802 - 0.0010

RN 0.5533 | 0.0222 | 0.0076( 0.0010 -

Table 5. AUC score. Cross method comparison Realcytoflow datasets.

Method [ u[AUC] | #(AUC) | p(BN) [ p(GGM) [ p(RN)
UGE - Obsenational

BN 0.7901 | 0.0336 - 0.0764 | 0.0444

GGM 0.8143 | 0.0191 | 0.0764 - 0.0009

RN 0.7434 | 0.0081 | 0.0444( 0.0009 -
DGE - Obsenational

BN 0.6808 | 0.0703 - 0.0669 | 0.7977

GGM 0.7446 | 0.0150 | 0.0669 - 0.0010

RN 0.6893 | 0.0063 | 0.7977( 0.0010 -
UGE - Interventional

BN 0.7047 | 0.0221 - 0.0675 | 0.0076

GGM 0.7297 | 0.0183 | 0.0675 - 0.0410

RN 0.7537 | 0.0063 | 0.0076( 0.0410 -
DGE - Interventional

BN 0.8280 | 0.0097 - 0.0001 | 0.0000

GGM 0.6793 | 0.0144 | 0.0001 - 0.0468

RN 0.6973 | 0.0049 | 0.0000( 0.0468 -

Table 6. AUC score. Cross method comparison Nehuilder datasetslow noiselevel(c = 0.01). Original graphtopology
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Method | u[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 0.9564 | 0.0273 - 0.0247 | 0.0469

GGM 0.8803 | 0.0656 | 0.0247 - 0.0909

RN 0.9323 | 0.0188 | 0.0469| 0.0909 -
DGE - Obsenational

BN 0.8572 | 0.0100 - 0.0288 | 0.0116

GGM 0.7957 | 0.0508 | 0.0288 - 0.0891

RN 0.8362 | 0.0146 | 0.0116| 0.0891 -
UGE - Interventional

BN 0.9346 | 0.0254 - 0.0188 | 0.0006

GGM 0.8300 | 0.0438 | 0.0188 - 0.1466

RN 0.8003 | 0.0082 | 0.0006| 0.1466 -
DGE - Interventional

BN 0.9678 | 0.0114 - 0.0004 | 0.0000

GGM 0.7574 | 0.0339 | 0.0004 - 0.1359

RN 0.7336 | 0.0064 | 0.0000| 0.1359 -

Table 7. AUC score. Cross method comparison Nehuilder datasetsmediumnoiselevel(c = 0.1). Original graphtopology

Method | u[AUC] [ o(AUC) | p(BN) | p(GGM) [ p(RN)
UGE - Obsenational

BN 0.9049 | 0.0150 - 0.2776 | 0.1310

GGM 0.8829 | 0.0486 | 0.2776 - 0.0750

RN 0.9163 | 0.0179 | 0.1310| 0.0750 -
DGE - Obsenational

BN 0.8208 | 0.0223 - 0.3024 | 0.8234

GGM 0.7979 | 0.0381 | 0.3024 - 0.0782

RN 0.8238 | 0.0139 | 0.8234| 0.0782 -
UGE - Interventional

BN 0.9053 | 0.0367 - 0.0168 | 0.0329

GGM 0.8571 | 0.0251 | 0.0168 - 0.7139

RN 0.8631 | 0.0273 | 0.0329| 0.7139 -
DGE - Interventional

BN 0.9219 | 0.0408 - 0.0013 | 0.0007

GGM 0.7776 | 0.0230 | 0.0013 - 0.7051

RN 0.7824 | 0.0212 | 0.0007| 0.7051 -

Table 8. AUC score. Cross method comparison Netuilder datasetshigh noiselevel(c = 0.3). Original graphtopology
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Method | 4[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 0.7845 | 0.0184 - 0.0055 | 0.0018

GGM 0.8529 | 0.0139 | 0.0055 - 0.0000

RN 0.7170 | 0.0094 | 0.0018( 0.0000 -
DGE - Obsenational

BN 0.7354 | 0.0467 - 0.0748 | 0.0558

GGM 0.7927 | 0.0117 | 0.0748 - 0.0000

RN 0.6801 | 0.0078 | 0.0558( 0.0000 -
UGE - Interventional

BN 0.7102 | 0.0156 - 0.0008 | 0.3208

GGM 0.7900 | 0.0180 | 0.0008 - 0.0110

RN 0.7280 | 0.0279 | 0.3208( 0.0110 -
DGE - Interventional

BN 0.8413 | 0.0052 - 0.0000 | 0.0001

GGM 0.7258 | 0.0143 | 0.0000 - 0.0115

RN 0.6773 | 0.0217 | 0.0001| 0.0115 -

Table 9. AUC score. Cross method comparison Nehuilder datasetslow noiselevel(c = 0.01). V-structuregraphtopology

Method [ u[AUC] | #(AUC) | p(BN) [ p(GGM) [ p(RN)
UGE - Obsenational

BN 0.9887 | 0.0114 - 0.0259 | 0.0002

GGM 0.9567 | 0.0294 | 0.0259 - 0.0024

RN 0.8513 | 0.0188 | 0.0002( 0.0024 -
DGE - Obsenational

BN 0.9674 | 0.0124 - 0.0002 | 0.0000

GGM 0.8788 | 0.0244 | 0.0002 - 0.0025

RN 0.7915 | 0.0156 | 0.0000( 0.0025 -
UGE - Interventional

BN 0.9927 | 0.0085 - 0.0019 | 0.0000

GGM 0.8277 | 0.0565 | 0.0019 - 0.0395

RN 0.7483 | 0.0257 | 0.0000( 0.0395 -
DGE - Interventional

BN 0.9944 | 0.0040 - 0.0002 | 0.0000

GGM 0.7547 | 0.0436 | 0.0002 - 0.0390

RN 0.6931 | 0.0200 | 0.0000( 0.0390 -

Table 10. AUC score. Cross method comparison Nehuilder datasetsmediumnoiselevel(c = 0.1). V-structuregraphtopology
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Method | u[AUC] | o(AUC) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 0.9332 | 0.0454 - 0.0437 | 0.0020

GGM 0.9038 | 0.0562 | 0.0437 - 0.2289

RN 0.9154 | 0.0460 | 0.0020| 0.2289 -
DGE - Obsenational

BN 0.8745 | 0.0452 - 0.0888 | 0.0931

GGM 0.8350 | 0.0466 | 0.0888 - 0.2135

RN 0.8447 | 0.0381 | 0.0931| 0.2135 -
UGE - Interventional

BN 0.9788 | 0.0090 - 0.0163 | 0.0018

GGM 0.8677 | 0.0630 | 0.0163 - 0.2972

RN 0.8214 | 0.0474 | 0.0018| 0.2972 -
DGE - Interventional

BN 0.9393 | 0.0406 - 0.0047 | 0.0013

GGM 0.7861 | 0.0489 | 0.0047 - 0.2943

RN 0.7500 | 0.0368 | 0.0013| 0.2943 -

Table 11. AUC score. Cross method comparison Neluilder datasetshigh noiselevel(c = 0.3). V-structuregraphtopology
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9 CROSS-METHOD COMPARISON OF TRUE POSITIVE COUNTS

This sectionof the supplementarymaterial provides nine tables, numberedfrom 12 to 20, which summariseand cross-comparé¢he
performance®f the threeMachineLearningmethodsundercomparisorin termsof the true positive countsTP obtainedwhenaccepting
5 falsepositive counts(FP=5). Therebyin analogyto the lastsectionfor eachtable multiple rows indicatethe four combinationsof figure
of merit (UGE and DGE) and datasettype (obsenrational andinterventional). For eachof thesefour combinationsand for eachof the
threemethods(Bayesiametworks (BN), Gaussiargraphicalmodels(GGM), and RelevanceNetworks (RN)) the meanu[TP] andthe the
standarddeviations o (TP) of thefive true positive countsTP obtainedfor 5 falsepositive countscanbe foundin thefirst columns.Thelast
threecolumnsprovide one-sample-testp-valuesp(.) for the hypothesisHg: u[TP(M;)] = u[TP(M;)] againsits two-sidedalternatve: H;:
u[TP(M;)] # pu[TP(M;)] giventhe combinationindicatedin the multiple row abore. M; andM; representhe methodsmentionedn the
row andcolumn.Low p-valuesp(.) indicatethattheremay be a significantdifferencein the TP countsbetweenthesetwo methodsfor the
particularcombinationof figure of merit anddatasettype. In thesecasest canbe seenfrom the entriesin the meanscorecolumn [TP]
which of the two methodsperformed(significantly) betterthanthe otherone.In contrasto the AUC' scorecross-method¢omparisorthis
alternatve true positive countcross-methodomparisorconcentratesn a fixedinversespecificity point of the ROC cune.
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Table 12. TP countsscore. Cross method comparison Gaussiardatasets.Original graphtopology

Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 15.8 2.1 - 0.1662 | 0.0010

GGM 14.8 2.7 |0.1662 - 0.0012

RN 8.1 2.5 [ 0.0010| 0.0012 -
DGE - Obsenational

BN 4.9 1.5 - 0.6885 | 0.0042

GGM 4.7 1.1 | 0.6885 - 0.0705

RN 3.8 1.3 | 0.0042| 0.0705 -
UGE - Interventional

BN 18.5 2.4 - 0.0074 | 0.0028

GGM 13.2 2.0 | 0.0074 - 0.0011

RN 6.5 2.7 |0.0028| 0.0011 -
DGE - Interventional

BN 18.4 2.6 - 0.0005 | 0.0005

GGM 5.2 0.7 | 0.0005 - 0.0036

RN 1.8 1.3 | 0.0005| 0.0036 -

Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 15.6 0.5 - 0.0270 | 0.0000

GGM 11.8 2.7 | 0.0270 - 0.0024

RN 5.8 1.4 | 0.0000| 0.0024 -
DGE - Obsenational

BN 11.3 1.2 - 0.0000 | 0.0001

GGM 3.8 1.0 | 0.0000 - 0.1951

RN 3.0 0.6 | 0.0001| 0.1951 -
UGE - Interventional

BN 16.0 0.0 - 0.0025 | 0.0001

GGM 12.9 1.0 | 0.0025 - 0.0054

RN 7.1 1.3 | 0.0001| 0.0054 -
DGE - Interventional

BN 15.8 0.4 - 0.0000 | 0.0000

GGM 55 0.0 | 0.0000 - 0.0008

RN 3.7 0.4 | 0.0000| 0.0008 -

Table 13. TP countsscore. Cross method comparison Gaussiardatasets.V-structuregraphtopology
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Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 9.5 2.0 - 0.7489 | 0.7174

GGM 9.6 1.6 | 0.7489 - 0.3046

RN 9.3 1.6 | 0.7174( 0.3046 -
DGE - Obsenational

BN 3.3 2.3 - 0.1369 | 0.1369

GGM 51 0.9 | 0.1369 - NaN

RN 51 0.9 | 0.1369 NaN -
UGE - Interventional

BN 11.1 1.3 - 0.0951 | 0.0099

GGM 9.6 1.1 | 0.0951 - 0.0204

RN 7.1 1.1 | 0.0099( 0.0204 -
DGE - Interventional

BN 6.9 1.1 - 0.0065 | 0.0009

GGM 4.1 1.1 | 0.0065 - 0.0093

RN 1.7 0.4 | 0.0009| 0.0093 -

Table 14. TP counts score. Cross method comparison Realcytoflow datasets.

Method | [TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 11.0 2.0 - 0.2577 | 0.0366

GGM 12.0 1.2 | 0.2577 - 0.0040

RN 6.9 1.4 | 0.0366( 0.0040 -
DGE - Obsenational

BN 2.8 1.3 - 0.0077 | 0.0890

GGM 5.1 0.7 | 0.0077 - 0.0016

RN 0.8 0.8 | 0.0890| 0.0016 -
UGE - Interventional

BN 7.9 0.7 - 0.0008 | 0.0000

GGM 5.2 0.3 | 0.0008 - 0.0000

RN 2.0 0.0 | 0.0000| 0.0000 -
DGE - Interventional

BN 8.4 1.2 - 0.0019 | 0.0001

GGM 3.7 0.4 | 0.0019 - 0.0001

RN 0.0 0.0 | 0.0001| 0.0001 -

Table 15. TP counts score. Cross method comparison. Nehuilder datasetslow noiselevel(c = 0.01). Original graphtopology
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Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 18.1 1.1 - 0.0161 | 0.1216

GGM 16.5 1.1 | 0.0161 - 0.5291

RN 16.8 1.6 | 0.1216| 0.5291 -
DGE - Obsenational

BN 7.2 1.5 - 0.0673 | 0.0673

GGM 55 0.0 | 0.0673 - NaN

RN 55 0.0 | 0.0673 NaN -
UGE - Interventional

BN 17.7 0.7 - 0.0046 | 0.0003

GGM 13.6 1.5 | 0.0046 - 0.0002

RN 8.0 1.7 | 0.0003| 0.0002 -
DGE - Interventional

BN 17.3 0.7 - 0.0000 | 0.0000

GGM 5.4 0.2 | 0.0000 - 0.0000

RN 1.2 0.7 | 0.0000| 0.0000 -

Table 16. TP countsscore. Cross method comparison. Nehluilder datasetsmediumnoiselevel(c = 0.1). Original graphtopology

Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 15.5 1.7 - 0.4468 | 0.2756

GGM 14.8 2.9 | 0.4468 - 0.0213

RN 16.6 2.3 [ 0.2756| 0.0213 -
DGE - Obsenational

BN 4.1 2.0 - 0.5158 | 0.3844

GGM 4.7 1.1 | 0.5158 - 0.3739

RN 5.1 0.9 | 0.3844| 0.3739 -
UGE - Interventional

BN 16.0 1.6 - 0.0890 | 0.0143

GGM 14.5 1.5 | 0.0890 - 0.3672

RN 13.6 1.5 | 0.0143| 0.3672 -
DGE - Interventional

BN 14.1 4.5 - 0.0052 | 0.0073

GGM 55 0.0 | 0.0052 - 0.3739

RN 5.0 1.1 | 0.0073| 0.3739 -

Table 17. TP countsscore. Cross method comparison. Nehuilder datasetshigh noiselevel(c = 0.3). Original graphtopology
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Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 9.8 0.8 - 1.0000 | 0.0007

GGM 9.8 0.8 1.0000 - 0.0001

RN 5.2 0.3 | 0.0007| 0.0001 -
DGE - Obsenational

BN 3.9 0.7 - 0.3419 | 0.0019

GGM 45 0.9 | 0.3419 - 0.0020

RN 15 0.0 | 0.0019| 0.0020 -
UGE - Interventional

BN 7.2 0.4 - 0.4263 | 0.0102

GGM 7.5 0.4 | 0.4263 - 0.0078

RN 5.1 0.9 | 0.0102| 0.0078 -
DGE - Interventional

BN 6.6 0.4 - 0.0001 | 0.0000

GGM 3.4 0.2 | 0.0001 - 0.0002

RN 2.0 0.0 | 0.0000| 0.0002 -

Table 18. TP counts score. Cross method comparison. Nehuilder datasetslow noiselevel(c = 0.01). V-structuregraphtopology

Method | [TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 15.6 0.4 - 0.0876 | 0.0000

GGM 14.7 1.0 | 0.0876 - 0.0001

RN 9.3 0.4 | 0.0000| 0.0001 -
DGE - Obsenational

BN 12.0 1.5 - 0.0006 | 0.0007

GGM 55 0.0 | 0.0006 - 0.1079

RN 4.8 0.8 | 0.0007| 0.1079 -
UGE - Interventional

BN 15.7 0.4 - 0.0002 | 0.0005

GGM 125 0.5 | 0.0002 - 0.0021

RN 8.9 1.0 | 0.0005( 0.0021 -
DGE - Interventional

BN 154 0.7 - 0.0000 | 0.0000

GGM 4.9 0.8 | 0.0000 - 0.1302

RN 3.8 1.0 | 0.0000( 0.1302 -

Table 19. TP counts score. Cross method comparison. Nehluilder datasetsmediumnoiselevel(c = 0.1). V-structuregraphtopology
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Method | u[TP] | o(TP) | p(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 14.2 1.1 - 0.0474 | 0.1087

GGM 13.2 1.0 | 0.0474 - 0.3375

RN 13.6 0.8 | 0.1087| 0.3375 -
DGE - Obsenational

BN 7.7 2.0 - 0.0714 | 0.0440

GGM 55 0.0 | 0.0714 - 0.2663

RN 5.0 0.9 | 0.0440| 0.2663 -
UGE - Interventional

BN 14.9 0.2 - 0.0093 | 0.0277

GGM 12.5 1.1 | 0.0093 - 0.5913

RN 12.8 1.4 | 0.0277| 0.5913 -
DGE - Interventional

BN 12.3 1.7 - 0.0009 | 0.0009

GGM 55 0 0.0009 - NA

RN 5.5 0 0.0009 NA -

Table 20. TP countsscore. Cross method comparison. Nehluilder datasetshigh noiselevel(c = 0.3). V-structuregraphtopology
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10 COMPARISON BETWEEN PERFORMANCE ON OBSERVATIONAL AND INTERVENTIONAL DATA

This sectionof the supplementarynaterialprovidesninetables numberedrom 21 to 29, which comparethe performancef eachMachine
Learningmethodon pureobserationaldatawith its performancen interventionaldatasetsin termsof the outputedAU C scoresThereby
for eachof the ninetablesmultiple rows indicatethe two differentfiguresof merit (UGE andDGE). For eachfigure of meritandfor eachof

thethreemethodgBayesiametworks (BN), Gaussiargraphicaimodels(GGM), andRelevanceNetworks (RN)) the meanof the five AUC

scoren pureobsenationaldatau[AUC—OBS]aswell asthemeanof thefive AUC scorenintenentionaldatau[AUC—INT] aregiven
in thefirst two columns.Subsequentlyhe hypothesiH,: u[AUC—OBS]= u[AUC—INT] wastestedagainstits two-sidedalternatie H :

U[AUC—OBS]# u[AUC—INT] usingtwo-samplet-tests.The p-valuesp(.) of thesetestscanbe foundin thelastcolumn.Low p-values
p(.) indicatethattheremaybea significantdifferencein the meanAUC scoreobtainedfor pureobsenationalandinterventionaldatasetsfor

themethodmentionedn therow andthe particularfigure of merit. In thesecasest canbe seenfrom the entriesin the meanscorecolumns
u[AUC—OBS]and u[AUC—INT] on which datasettype the methodperformed(significantly)better
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Method | .[AUC—OBS] [ 1[AUC—INT] | p()
UGE

BN 0.8848 0.9661 | 0.0264

GGM 0.8814 0.8203 | 0.0683

RN 0.6809 0.7097 | 0.5285
DGE

BN 0.7817 0.9796 | 0.0003

GGM 0.7967 0.7488 | 0.0643

RN 0.6407 0.6631 | 0.5285

Table 21. AUC score. Observational versus Interventional data. Gaussiardatasets.Original graphtopology

Method | .[AUC—OBS] [ [AUC—INT] | p()
UGE

BN 0.9775 1.0000 [ 0.1822

GGM 0.8933 0.8878 | 0.8565

RN 0.6987 0.7436 | 0.4355
DGE

BN 0.9487 0.9976 | 0.0384

GGM 0.8257 0.8220 | 0.8820

RN 0.6649 0.7021 | 0.4355

Table 22. AUC score. Observational versus Interventional data. Gaussiardatasets.V-structuregraphtopology

Meth0d| /L[AUC—OBS]| HU[AUC—INT] | p()
UGE

BN 0.6904 0.7912 0.0021

GGM 0.6854 0.7129 0.4534

RN 0.6680 0.5686 0.0069
DGE

BN 0.6231 0.6969 0.0974

GGM 0.6443 0.6656 0.4532

RN 0.6307 0.5533 0.0069

Table 23. AUC score. Observational versus I nterventional data. Realcytoflow datasets.

Method | .[AUC—OBS] [ [AUC—INT] | p()
UGE

BN 0.7901 0.7047 | 0.0014

GGM 0.8143 0.7297 | 0.0001

RN 0.7434 0.7537 | 0.0553
DGE

BN 0.6808 0.8280 | 0.0017

GGM 0.7446 0.6793 | 0.0001

RN 0.6893 0.6973 | 0.0553

Table 24. AUC score. Observational versus Interventional data. Nethuilder datasetslow noiselevel (c = 0.01). Original graphtopology
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Method | s[AUC—OBS] | s[AUC—INT] | p()
UGE

BN 0.9464 0.9346 | 0.4974

GGM 0.8803 0.8300 | 0.1918

RN 0.9323 0.8003 | 0.0000
DGE

BN 0.8572 0.9678 | 0.0000

GGM 0.7957 0.7574 | 0.1979

RN 0.8362 0.7336 | 0.0000

Table 25. AUC score. Observational versus Interventional data. Nethuilder datasetsmediumnoiselevel (¢ = 0.1). Original graphtopology

Method | s[AUC—OBS] | s[AUC—INT] | p()
UGE

BN 0.9049 0.9053 | 0.9813

GGM 0.8829 0.8571 | 0.3242

RN 0.9163 0.8631 | 0.0066
DGE

BN 0.8208 0.9219 | 0.0013

GGM 0.7979 0.7776 | 0.3228

RN 0.8238 0.7824 | 0.0066

Table 26. AUC score. Observational versus I nterventional data. Nethuilder datasetshigh noiselevel (¢ = 0.3). Original graphtopology

Meth0d| ;L[AUC—OBS]| U[AUC—INT] | p()
UGE

BN 0.7845 0.7102 0.0001

GGM 0.8529 0.7900 0.0003

RN 0.7170 0.7280 0.4271
DGE

BN 0.7354 0.8413 0.0010

GGM 0.7927 0.7258 0.0000

RN 0.6801 0.6773 0.7986

Table 27. AUC score. Observational versus Interventional data. Nethuilder datasetslow noiselevel (o = 0.01). V-structuregraphtopology

Method | s[AUC—OBS] | «[AUC—INT] | p()
UGE

BN 0.9887 0.9927 | 0.5464

GGM 0.9567 0.8277 | 0.0019

RN 0.8513 0.7483 | 0.0001
DGE

BN 0.9674 0.9944 | 0.0017

GGM 0.8788 0.7547. | 0.0005

RN 0.7915 0.6931 | 0.0000

Table 28. AUC score. Observational versus Interventional data. Nethuilder datasetsmediumnoiselevel (o = 0.1). V-structuregraphtopology
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Method | .[AUC—OBS] [ 1[AUC—INT] | p()
UGE

BN 0.9332 0.9788 | 0.0583

GGM 0.9038 0.8677 | 0.3669

RN 0.9154 0.8214 | 0.0129
DGE

BN 0.8745 0.9393 | 0.0443

GGM 0.8350 0.7861 | 0.1442

RN 0.8447 0.7500 | 0.0040

Table 29. AUC score. Observational versus Interventional data. Nethuilder datasetshigh noiselevel (o = 0.3). V-structuregraphtopology
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11 COMPARISON BETWEEN PERFORMANCE ON OBSERVATIONAL AND INTERVENTIONAL DATA
USING TP COUNTS

This sectionof the supplementarynaterialprovidesninetables numberedrom 30to 38, which comparethe performancef eachMachine
Learningmethodon pureobsenationaldatawith its performanceninterventionaldatasetsin termsof the obtainedruepositive counts(TP)

whenacceptingive falsenegative counts(FP=5).As in the lastsectionfor eachof the nine tablesmultiple rows indicatethe two different
figuresof merit (UGE andDGE). For eachfigure of merit andfor eachof the threemethodgBayesiametworks (BN), Gaussiargraphical
models(GGM), andReleranceNetworks (RN)) the meanof thefive TP countson pureobsenrationaldatau[TP—OBS]aswell asthemean
of thefive TP countson interventionaldatau[TP—INT] aregivenin thefirst two columns.Subsequentlyhe hypothesiHy: u[TP—OBS]

= u[TP—INT] wastestedagainstts two-sidedalternatve H: u[TP—OBS]# u[TP—INT] usingtwo-sample-tests.The p-valuesp(.) of

thesetestscanbefoundin thelastcolumn.Low p-valuesp(.) indicatethattheremaybeasignificantdifferencein themeanTP countoutputed
for pureobsenationalandinterventionaldatasetsfor the methodmentionedn the row andthe particularfigure of merit. In thesecasest

canbe seenfrom the entriesin the meanTP countcolumnsyu[TP—OBS] and u[TP—INT] on which datasettype the methodperformed
(significantly)better
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Table 30. TP countsscore. Observational ver sus I nterventional data. Gaussiardatasets.Original graphtopology

Table 31. TP countsscore. Observational ver sus I nterventional data. Gaussiardatasets.V-structuregraphtopology

Method | [TP—OBS] | u[TP—INT] |

p()

UGE
BN 15.8 185 0.0971
GGM 14.8 13.2 0.3152
RN 8.1 6.5 0.3553
DGE
BN 4.9 18.4 0.0000
GGM 4.7 5.2 0.4094
RN 3.8 1.8 0.0386

Method | [TP—OBS] | u[TP—INT] |

p()

UGE
BN 15.6 16.0 0.1411
GGM 11.8 12.9 0.4167
RN 5.8 7.1 0.1780
DGE
BN 11.3 15.8 0.0001
GGM 3.8 5.5 0.0045
RN 3.0 3.7 0.0729

Meth0d| /t[TP—OBSH u[TP—INT] |

p()

UGE
BN 9.5 111 0.1757
GGM 9.6 9.6 1.0000
RN 9.3 7.1 0.0347
DGE
BN 3.3 6.9 0.0134
GGM 51 4.1 0.1502
RN 51 1.7 0.0001

Table 32. TP countsscore. Observational ver sus I nterventional data. Realcytoflow datasets.

Table 33. TP countsscore. Observational ver sus Interventional data. Nethuilder datasetslow noiselevel (¢ = 0.01). Original graphtopology

Method | [TP—OBS] | u[TP—INT] |

p()

UGE
BN 11.0 7.9 0.0102
GGM 12.0 5.2 0.0000
RN 6.9 2.0 0.0000
DGE
BN 2.8 8.4 0.0001
GGM 51 3.7 0.0042
RN 0.8 0.0 0.0650
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Method | u[TP—OBS] [ u[TP—INTI | p()
UGE

BN 18.1 17.7 0.5180

GGM 165 136 0.0088

RN 16.8 8.0 0.0000
DGE

BN 7.2 17.3 0.0000

GGM 55 5.4 0.3466

RN 55 1.2 0.0000

Method | u[TP—OBS] [ 1[TP—INT] | p()
UGE

BN 155 16.0 0.6463

GGM 14.8 145 0.8408

RN 16.6 13.6 0.0397
DGE

BN 4.1 14.1 0.0005

GGM 4.7 55 0.1411

RN 5.1 5.0 0.8798

Meth0d| [L[TP—OBS]l u[TP—INT] | p()
UGE

BN 9.8 7.2 0.0003

GGM 9.8 7.5 0.0003

RN 5.2 51 0.8171
DGE

BN 3.9 5.6 0.0001

GGM 4.5 3.4 0.0338

RN 1.5 2.0 NA

Method | u[TP—OBS] [ u[TP—INT] | p()
UGE

BN 15.6 15.7 0.7245

GGM 14.7 125 0.0020

RN 9.3 8.9 0.4468
DGE

BN 12.0 15.4 0.0016

GGM 55 4.9 0.1411

RN 48 3.8 0.1078

Table 34. TP counts score. Observational versus I nterventional data. Nethuilder datasetsmediumnoiselevel (c = 0.1). Original graphtopology

Table 35. TP counts score. Observational versus I nterventional data. Nettuilder datasetshigh noiselevel (o = 0.3). Original graphtopology

Table 36. TP counts score. Observational versus | nterventional data. Nethuilder datasetslow noiselevel (o = 0.01). V-structuregraphtopology

Table 37. TP counts score. Observational versus I nterventional data. Nethuilder datasetsmediumnoiselevel (c = 0.1). V-structuregraphtopology
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Method| u[TP—OBS] | u[TP—INTI | p()
UGE

BN 14.2 14.9 0.1991

GGM 13.2 125 0.3347

RN 13.6 12.8 0.2907
DGE

BN 7.7 12.3 0.0047

GGM 55 55 NA

RN 55 55 0.2328

Table 38. TP countsscore. Observational ver sus Interventional data. Nettuilder datasetshigh noiselevel (¢ = 0.3). V-structuregraphtopology
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12 COMPARISON OF PERFORMANCE ON ORIGINAL AND V-STRUCTURE NETWORK TOPOLOGY

This sectionof the supplementarynaterial provides four tables,numberedfrom 39 to 42, with p-valueswe have usedto comparethe

performancef Bayesiametworks (BN), Gaussiargraphicalmodels(GGM), andRelevancenetworks (RN) on the original graphtopology
Go andthev-structuredgraphtopology Gy. We usedthis analysisfor checkingto which differenceshe inclusionof v-structuredor the

differentmethoddeads.More precisely we have beeninterestedn answeringhe questionwhetherthe inclusionof v-structuredeadsto a

largerimprovementof the AUC scoredor Bayesiametworks thanfor the othertwo methods.To this endwe have looked for eachpair of

methodsM; andM; at the meanAUC scoredifferencesAUC(M;, Go) - AUC(M;,Go) and AUC(M;, Gv) - AUC(M;, Gv) to see
whetherthe differencein performancealtersbetweerthe two graphtopologies.Thenwe computedhe p-value of a two-sidedtwo-sample
t-testfor thenull hypothesis:

Ho: [L[AUC(]\/L‘, Go)-(]\/fj, Go)] = u[AUC(]\/L‘, Gv)-AUC(Mj, Gv)]

againstits two-sidedalternatve. Consequentlylow p-valuesp(.) indicatethatthe mean AU C' scoredifferencesalter on the two different
graphtopologies.

All four tablesin this sectionhave the samestructure.After a row indicatingthe figure of merit (UGE or DGE) aswell asthe dataset
type (pure obserational or interventional), thereis one row for eachof the three methodsundercomparison:Bayesiannetworks (BN),
Gaussiargraphicalmodels(GGM), and Relevancenetworks (RN). In eachof theserows the mean AU C' scoresfor both directedagyclic
graphtopologiesGo andGy aswell asthe p-valuesof thetestsmentionedabove canbefound. Therebythe signsminus(’-') andplus('+’)
have beenaddedto the p-valueentriesto indicatewhetherfor the methodmentionedn the row the meandifferenceis higherfor the graph
topologywith v-structuressy ('+’) or for theoriginalgraphGo (-'). Sofor exampleeachplussign('+’) indicatesthatthealterationof the
differencesntroducedby v-structuress for the benefitof the methodmentionedn therow.
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Table 39. AUC score. Cross method differences between the original graph topology G and v-structure topology Gy. Gaussianlatasets.

Table 40. AUC score. Cross met

level (c = 0.01).

Method | u[AUC—Go] | f[AUC—Gy] | p(BN) | p(GGM)]| p(RN)

UGE - Obsenational

BN 0.8848 0.9775 - +0.0187| +0.2018

GGM 0.8814 0.8933 -0.0187 - +0.8900

RN 0.6809 0.6987 -0.2018 | -0.8900 -
DGE - Obsenational

BN 0.7817 0.9487 - +0.0049| +0.0168

GGM 0.7967 0.8257 -0.0049 - +0.8908

RN 0.6407 0.6649 -0.0168 | -0.8908 -
UGE - Interventional

BN 0.9661 1.0000 - -0.2143 | -0.9997

GGM 0.8203 0.8878 -0.2143 - +0.4727

RN 0.7097 0.7436 -0.9997 | +0.4727 -
DGE - Interventional

BN 0.9796 0.9976 - -0.0259 | -0.5804

GGM 0.7488 0.8220 +0.0259 - +0.3743

RN 0.6631 0.7021 +0.5804| -0.3743 -

Method | u[AUC—Go] | p[AUC—Gv] | p(BN) | p(GGM) | p(RN)

UGE - Obsenational

BN 0.7901 0.7845 - -0.0255 | +0.2939

GGM 0.8143 0.8529 +0.0255 - +0.0001

RN 0.7434 0.7170 -0.2939 | -0.0001 -
DGE - Obsenrational

BN 0.6808 0.7354 - +0.8580| +0.1256

GGM 0.7446 0.7927 -0.8580 - +0.0000

RN 0.6893 0.6801 -0.1256  -0.0000 -
UGE - Interventional

BN 0.7047 0.7102 - -0.0034 | +0.1316

GGM 0.7297 0.7900 +0.0034 - +0.0007

RN 0.7537 0.7280 -0.1316 | -0.0007 -
DGE - Interventional

BN 0.8280 0.8413 - -0.0111 | +0.0183

GGM 0.6793 0.7258 +0.0111 - +0.0008

RN 0.6973 0.6773 -0.0183( -0.0008 -

hod differences between the original graph topology G and v-structure topology Gy . Nettuilder datasetslow noise
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Method | u[AUC—Go] | [AUC—Gv] | p(BN) | p(GGM) ]| p(RN)
UGE - Obsenational

BN 0.9464 0.9887 - -0.1423 | +0.0000

GGM 0.8803 0.9567 +0.1423 - +0.0005

RN 0.9323 0.8513 -0.0000 | -0.0005 -
DGE - Obsenational

BN 0.8572 0.9674 - +0.2027 | +0.0000

GGM 0.7957 0.8788 -0.2027 - +0.0004

RN 0.8362 0.7915 -0.0000 | -0.0004 -
UGE - Interventional

BN 0.9346 0.9927 - +0.1280| +0.0004

GGM 0.8300 0.8277 -0.1280 - +0.1488

RN 0.8003 0.7483 -0.0004 | -0.1488 -
DGE - Interventional

BN 0.9678 0.9944 - +0.2979| +0.0005

GGM 0.7574 0.7547 -0.2979 - +0.1553

RN 0.7336 0.6931 -0.0005| -0.1533 -

Table 41. AUC score. Cross method differences between the original graph topology Go and v-structure topology Gy-. Nethuilder datasetsmedium
noiselevel (o = 0.1).

Method | u[AUC—Go] | u[AUC—Gv] | p(BN) | p(GGM) | p(RN)
UGE - Obsenrational

BN 0.9049 0.9332 - +0.7264 | +0.0021

GGM 0.8829 0.9038 -0.7264 - +0.2127

RN 0.9163 0.9154 -0.0021| -0.2127 -
DGE - Obsenrational

BN 0.8208 0.8745 - +0.5437| +0.1121

GGM 0.7979 0.8350 -0.5437 - +0.2403

RN 0.8238 0.8447 -0.1121| -0.2403 -
UGE - Interventional

BN 0.9053 0.9788 - +0.0723| +0.0018

GGM 0.8571 0.8677 -0.0723 - +0.2437

RN 0.8631 0.8214 -0.0018| -0.2437 -
DGE - Interventional

BN 0.9219 0.9393 - +0.7899| +0.1130

GGM 0.7776 0.7861 -0.7899 - +0.2394

RN 0.7824 0.7500 -0.1130| -0.2394 -

Table42. AUC score. Cross method differences between the original graph topology G and v-structure topology Gy . Nettuilder datasetshigh noise
level (o = 0.3).
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13 COMPARISON OF PERFORMANCES ON ORIGINAL AND V-STRUCTURE NETWORK TOPOLOGY
USING TRUE POSITIVE COUNTS

This sectionof the supplementarymaterial provides four tables,numberedfrom 43 to 46, with p-valueswe have usedto comparethe
performanceof Bayesiametworks (BN), Gaussiargraphicalmodels(GGM), andRelevancenetworks (RN) on the original graphtopology
Go andthev-structuredgraphtopology Gy . We usedthis analysisfor checkingto which differenceshe inclusionof v-structuresor the
differentmethoddeads.More precisely we have beeninterestedn answeringthe questionwhetherthe inclusionof v-structuredeadsto
a largerimprovementof the sensitvity S outputedwhenacceptingfive falsepositive countsfor Bayesiametworks thanfor the othertwo
methods.To this endwe have looked for eachpair of methodsM; andM; at the meansensitvity differencesS(M;, Go) - S(M;,Go)

andS(M;, Gv) - S(M;, Gv) to seewhetherthedifferencein performanceltersbetweerthetwo graphtopologies Thenwe computedhe
p-valueof atwo-sidedtwo-sample-testfor the null hypothesis:

Ho: /J,[S(]\/L‘, Go)-S(Mj, Go)] = M[S(]\fi, Gv)-AS(]\/[j, Gv)]

againstits two-sidedalternatie. Consequentlylow p-valuesp(.) indicatethat the meansensitvities differencesalter on the two different
graphtopologies.

All four tablesin this sectionhave the samestructure After arow indicatingthefigure of merit (UGE or DGE) aswell asthe datasettype
(pureobsenationalor interventional),thereis onerow for eachof thethreemethodsundercomparisonBayesiametworks (BN), Gaussian
graphicamodels(GGM), andRelevancenetworks(RN). In eachof theserows themeansensitvity, whenacceptindive falsepositive counts,
for both directedagyclic graphtopologiesGo andGy aswell asthe p-valuesp(.) of the testsmentionedabove canbe found. Therebythe
signsminus(’-") andplus ('+') have beenaddedto the p-value entriesto indicatewhetherfor the methodmentionedn the row the mean
differenceis higherfor the graphtopologywith v-structuresGy, ('+') or for the original graphGo (-'). Sofor exampleeachplussign('+')
indicategthatthe alterationof the differencesntroducedby v-structuress for the benefitof the methodmentionedn therow.
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Table 43. TP counts score. Cross method differences between the original graph topology G and v-structure topology Gy . Gaussianlatasets.

Method | /[S—Go] | i[S—Gv] | p(BN) |

P(GGM) | p(RN)

UGE - Obsenational

BN 0.7900 0.9750 - +0.0381| +0.0028

GGM 0.7400 0.7375 -0.0381 - +0.5753

RN 0.4050 0.3625 | -0.0028| -0.5753 -
DGE - Obsenational

BN 0.2450 0.7063 - +0.0000| +0.0000

GGM 0.2350 0.2375 -0.0000 - +0.8960

RN 0.1900 0.1875 | -0.0000| -0.8960 -
UGE - Interventional

BN 0.9250 1.0000 - -0.2696 | -0.6690

GGM 0.6600 0.8063 | +0.2696 - +0.7308

RN 0.3250 0.4437 | +0.6690| -0.7308 -
DGE - Interventional

BN 0.9200 0.9875 - -0.8122 | -0.3898

GGM 0.2600 0.3438 | +0.8122 - -0.0963

RN 0.0900 0.2313 | +0.3893| +0.0963 -

Method | /[S—Go] | 1IS—Gv] | p(BN) |

P(GGM) [ p(RN)

UGE - Obsenrational

BN 0.5500 0.6125 - +0.3647 | +0.2907

GGM 0.6000 0.6125 | -0.3647 - +0.5051

RN 0.3450 0.3250 | -0.2907| -0.5051 -
DGE - Obsenrational

BN 0.1400 0.2437 - +0.1009 | +0.3401

GGM 0.2550 0.2813 | -0.1009 - -0.4938

RN 0.0400 0.0938 | -0.3401| +0.4938 -
UGE - Interventional

BN 0.3950 0.4500 - -0.0004 | -0.0009

GGM 0.2600 0.4688 | +0.0004 - -0.7546

RN 0.1000 0.3187 | +0.0009| +0.7546 -
DGE - Interventional

BN 0.4200 0.4125 - -0.3407 | -0.0019

GGM 0.1850 0.2125 | +0.3407 - -0.0000

RN 0.0000 0.1250 | +0.0019| +0.0000 -

Table 44. TP counts score. Cross method differences between the original graph topology G and v-structure topology Gy, . Nettuilder datasetslow

noiselevel (c = 0.01).
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Table 45. TP counts score. Cross method differences between the original graph topology Go and v-structure topology Gy,. Nethuilder datasets
mediumnoiselevel (o = 0.1).

Method | u[S—Go] | /[S—Gv] | p(BN) | p(GGM) [ p(RN)
UGE - Obsenational

BN 0.9050 0.9750 - -0.4794 | +0.0000

GGM 0.8250 0.9187 | +0.4794 - +0.0000

RN 0.8400 0.5813 | -0.0000| -0.0000 -
DGE - Obsenational

BN 0.3600 0.7500 - +0.0003 | +0.0002

GGM 0.2750 0.3438 -0.0003 - +0.0729

RN 0.2750 0.3000 | -0.0002| -0.0729 -
UGE - Interventional

BN 0.8850 0.9812 - -0.9014 | -0.3257

GGM 0.6800 0.7813 | +0.9014 - -0.1904

RN 0.4000 0.5563 | +0.3257| +0.1904 -
DGE - Interventional

BN 0.8650 0.9625 - +0.0750| -0.0395

GGM 0.2700 0.3063 -0.0750 - -0.0055

RN 0.0600 0.2375 | +0.0395| +0.0055 -

Method | /[S—Go] | /[S—Gv] | P(BN) | p(GGM) | p(RN)
UGE - Obsenational

BN 0.7750 0.8875 - +0.5750| +0.0859

GGM 0.7400 0.8250 | -0.5750 - +0.0889

RN 0.8300 0.8500 | -0.0859| -0.0889 -
DGE - Obsenrational

BN 0.2050 0.4813 - +0.0446| +0.0224

GGM 0.2350 0.3438 | -0.0446 - +0.1413

RN 0.2550 0.3125 | -0.0224| -0.1413 -
UGE - Interventional

BN 0.8000 0.9313 - +0.1437| +0.8220

GGM 0.7250 0.7813 | -0.1437 - -0.2778

RN 0.6800 0.8000 | -0.8220| +0.2778 -
DGE - Interventional

BN 0.7050 0.7688 - -0.9577 | -0.7767

GGM 0.2750 0.3438 | +0.9577 - -0.3466

RN 0.2500 0.3438 | +0.7767| +0.3466 -

Table46. TP countsscore. Cross method differences between the original graph topology G and v-structure topology G . Nettuilder datasetshigh
noiselevel (o = 0.3).
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