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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. Proteinsynthesisis regulatedby control mechanisms
at different stages:transcription, RNA splicing, translationand
post-translationalmodifications. Since the advent 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 data is to infer the set of
relationshipsbetweenthis genes,theso calledGeneticRegulatory
Network (GRN). TherealGRN normally is not known, beingvery
difficult to evaluatethe performanceof learningalgorithms.The
advantageof simulateddatais that thenetwork structureis known,
making possibleto accessthe learning algorithm’s performance.
Often thesimulateddataaredrawn from themultivariateGaussian
distribution while biological data rarely is Gaussiandistributed.
Another problem is the intricaciesof the regulation by complex



to whomcorrespondenceshouldbeaddressed

cis-regulatorymoduleswhatmakesthedatafar from beinglinearly
dependent(Pournara,2005). A model to simulateGRNs mustbe
simple,possibleto parametrize,andyet producedatathatresemble
biologicalrealisticdata.

1.1 Genetic Networks Dynamics
The machinery inside the cell is responsiblefor synthesizing
proteinsfrom DNA. In a simplisticview this involves:

1. Begin with a DNA strand.

2. Transcription:Theprocessof building anRNA copy of aDNA
sequence.This processstartswhenoneor moretranscription
factors(TF) bind to a cis-regulatorydomainof thegene.

3. Translation: The process of matching amino acids to
correspondingsetsof threebases(codons).During translation
messengerRNA (mRNA) sequencesareusedto manufacture
proteins. Translationoccursat specialstructuresin the cell
called ribosomes.Ribosomesare the ”f actories”whereRNA
is usedto manufactureproteins.

4. Post-translationalmodifications:Thesearemodificationsthat
occurin proteinsafterthey arereleasedfrom theribosomes.

5. Finisheswith a new protein.

To model these processesinside the cell, it is necessaryto
remembersomeconceptsfrom chemicalkinetics.As an example,
considerthefirst orderreactionwhereareactant� is convertedinto
aproduct� . It is representedby:

�

� ������� � �

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

��� ��� ������ ��� ��� ������ � 
 � �!� (1)

Applying thelaw of conservationof mass:

� ���#"!� � ����$ � �%� (2)� ���&� � ���#"'� � �%�

c
(
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where
� �!� and

� ��� areconcentrationsat a time
�
,
� ���#" is the initial

concentration,and



is the rate constant.If we have a reversible
reactionlike,

�
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where

 1

is theforwardrateconstantand

 4 1

is thebackwardrate
constant,thenthereactionrateis expressedas:
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Applying thelaw of conservationmass:� �!� " � � ���6$ � �%� (5)� �!�7� � ���#"8� � ������ ������5� 
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Knowing how to calculate the reaction’s rate to first order
reactions,a conceptthatwasdevelopedto describesmallsubstrate-
enzymesystemsis usedto model the processof a protein (TF)
binding to a TF binding site and startingtranscription.Note that
asthis conceptwasdevelopedfor smallmolecules,andthesystems
thatwe areinvestigatingaremuchlarger(TF, TF bindingsitesand
transcription),the transcriptionaland translationaltime delaysare
beingignored.

Michaelis and Menten (1913) proposeda way to model how
enzymesactascatalysersspeedingup theconversionof a substrate
into a product.They showed that asa concentrationof a substrate
increases,the rate of the reactionincreasesonly up to a certain
extent. They proposedthe following mechanismfor an enzyme
substractreaction:

< $)=

 1� ��������� 23 ��������� �
 4 1 = < 
�>�?���@� =A$)B

where= is theenzyme,
<

is thesubstrate,B is theproductand

 1

and

 >

aretheassociationratesfor theenzyme-substratecomplex,= <
, andthe productrespectively and


 4 1
is the dissociationrate

constantfor theenzymesubstractcomplex. Assumingthatasteady-
statewill bereached,andthenconcentrationof = <

will beconstant,
Briggs and Haldane(1925) derived the Michaelis and Mentem
equationasfollows:��� = < ���� � 
*CD� =E� � < �:� 
 4 1F� = < �/� 
 > � = < � (6)

applyingthelaw of conservationmass:� =E� " � � = < ��$ � =E� (7)� =E�&� � =E�#"'� � = < �
then,��� = < ���� � 
 1 ,-� =%"��/� � = < ��0 � < �/� 
 4 1 � = < ��� 
�>G� = < �+�IH (8)

andit follows that:
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so,therateof reactionis givenby,

��� 
 > � = < �7� 
 > 
 1K� = " � � < �
 4 1 $ 
 > $ 
 1K� < � �

 > � = " � � < �L�M+N-O:L�PL N $ � < � (10)

Making QR� 
�>S� =%"�� , where Q is the limiting rate constantandT�U � L-M+N�O&L�PL N where
T�U

is theMichaelisconstant,theequation
canberewritten as:

�)� Q � < �T U $ � < � (11)

The above derivations are for one enzymeand one substrate.
Whenwe usethis conceptsto model a TF anda TF binding site
we shouldrememberthatTFscanact in variousdifferentforms to
starttranscription.Only asanexamplelet’s considerthat thereare
threeTFs VXW , VXY andV[Z . Somehypotheticalpossibilitiesare:

1. VXW alonegivesrise to a transcriptionrateof a certainfraction
of themaximum.

2. V Y alonedoesn’t initiateany transcription.

3. V W and V Y togethergive riseto transcriptionat themaximum.

4. VXW and VXY andV[Z repressthegenetranscription.

In thesefew examplesabove we canseethatthecombinedeffect of
differentTFs is not necessarilythe sumof their individual effects.
We take anexamplefrom Pournara(2005)wheretwo transcription
factorsareconsidered,oneactivating, V W , andotherinhibiting, V+\ ,
controllingthetranscriptionof gene] . Thesystemis describedas:

V+\

�^K1� ����������� 23_����������� �
 1�^ ]


 1 >� ����������� 23_����������� �
�> 1 V W
Thentheconcentrationof themRNA of gene] is givenby:

� ]8�7� 
 1 >S� V W � 
 ^K1
 > 1G
�^K1 $ 
 1 > � VXW;� 
�^K1 $ 
 1�^`� V \ � 
 > 1 (12)

Anotherpossibility is the existenceof morethanonebinding site,
giving origin to whatis calledenzymecooperativity. In thiscasethe
rateof reactiondoesnot follow theMichaelisMentenequation(11),
but insteadfollows the equationproposedby Hill (1910), the so
calledHill equation,wherethesigmoidalcharacteristicis evident:

�)� Q � < ��aT a"Gb c $ � < � a (13)

where
T a"Gb c is theMichaelisconstantonly when de� C

and d is the
Hill coefficientwhichgivesanupperlimit for thenumberof binding
sites.

1.2 Simulation Methods
To model this dynamic processof protein production there are
variousapproaches.A very refinedmodelis the descriptionof the
biophysicalprocessesasa systemof coupleddifferentialequations
assumingthesystemis in asteadystate.While thismodelkeepsthe
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realismof thetruenetwork it is very difficult to parametrizedueto
thelargenumberof parametersof whichonly few areknown.

NotingsimilaritiesbetweenGRNsandelectroniccircuits,several
authorstried to designGRNsusingtechniquesthatwereoriginally
developed for electronic circuits. The first attemptsusing this
approachusedbooleannetworks. The booleannetwork consistof
digital switchesthat can either assumevalues0 or 1 and these
switchescanbecombinedto form logicaloperationsas,for example��fhg and iEj . However the pure booleannetworks have low
predictionpower becausein real GRNsthe valuesof transcription
rangefrom 0 to maximum, and theseratesinfluencethe ratesof
otherstranscriptions,andhencethenetwork dynamics.

Anotherapproachwastriedin Vohradsky Vohradsky (2001)using
neuralnetworks,wherethegenesarethenodesandtheconnections
betweenthegeneshaveweightsexpressingtherelationshipbetween
them,if theweightis zerothereis noconnection.Furthermorewith
this approachit is possibleto have positive or negative weights
meaningactivation or inhibition of a generespectively, and the
valuesof the transcriptionratearecontinuous.The problemwith
thisapproachis relatedto thewaytheTFscanacttogetherto initiate
thetranscription.As mentionedbeforetheactionof morethanone
TF is notnecessarilythesumof their individual action.

In orderto combinethepositive aspectsof thebooleannetworks
andtheneuralnetworksrepresentations,a combinationof bothwas
proposedin 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 separabilityconstraintsassociatedwith
first-orderneuralnetworks. Booleanfunctionsandlogic gatescan
beexpressedin asigma-piformalism,andtheir inputandoutputare
not restrictedto booleanvalues.Sigma-piunits arecombinatorial,
sosimplerunitsconnectedcanleadto avery complex module.

We rememberthen, from the discussionin section 1.1, that
following a simplemodelof enzyme-substrateinteraction(ignoring
time delays)andusingchemicalkineticsleadsus to a setof ODEs
describingthebiophysicalsystem.Assuminga steadystateof this
system,it is possibleto derive a setof equationsthat describethe
concentrationof productsas non-linearfunctionsof combination
of substrates. The resulting equations are a combination of
multiplicationsandsumsof sigmoidals.So insteadof solving the
steady-stateapproximationto ODEs explicitly, it is possibleto
model the systemusing the sigma-pi formalism, what makes the
modelingmuchsimplerwith lessparameters.This is theapproach
implementedin Netbuilder.

2 GENERATING DATA WITH NETBUILDER
NetBuilder (Yuh et al., 1998, 2001) is an interactive graphical
tool for representingand simulating geneticregulatory networks
in multicellular organisms.Someconceptsusedto creategenetic
networks diagramsin NetBuilder are borrowed from electronic
engineering.

Conventional modelsare basedon detaileddescriptionsof the
individual chemicalreactionsthat form a biochemicalpathway but
thenumberof parametersnecessaryto specifyit is extremelylarge.
Simplifying modelswhile maintainingtheir maincharacteristicsis
oftenextremelydifficult.

The main idea of Netbuilder is insteadof solving the steady-
stateapproximationto ODEsexplicitly we approximatethemwith

a qualitatively equivalentcombinationof multiplicationsandsums
of sigmoidaltransferfunctions.

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

There are four possible types of network nodes: Genes,
Components,FunctionsandReceptors.Theinteractionbetweenthis
nodesarerepresentedby links whichcanbeactivatorsor repressors.
Complex interactionsthataredifficult to modeljustwith links make
useof functionsto representthem.It follows a brief explanationof
eachoneof thepossiblenetwork nodes:k Functions. Functionsare objects used to combine inputs,

thereareseveral functionsimplementedin Netbuilderbut with
particular interestfor us are the logical functions AND and
OR. Thesecanhave multiple entriesandtheir outputscanbe
combinedin orderto performotherlogicaloperations.Theuse
of theselogicalfunctionsarenotrestrictedto binaryvalues;it is
alsopossibleto usecontinuousvaluesasinputs.As anexample
whentwo inputsl 1 andl > arecombinedusinganANDor OR
portstheoutputscanbeobtainedwith thefollowing equations:

m
AND �nl 1�o l > (14)m

OR �nl 1 $�l >poh,-C �ql 1 0 (15)

k Genes. Eachgenehasa userspecifiednumberof inputsand
one output. The inputs representsthe cis-regulatory domain
whereoneor moreTFscanbindto initiatethetranscriptionand
theoutputrepresentsproteinproduction.A genetransformsits
inputs into an output throughsomefunction, therearegenes
with pre-built functionsAND or OR, andit is alsopossibleto
modeltheinteractionwithin theinputsin a morecomplex way
usinga combinationof functions.A genewith AND ports is
usedto modelaprocesswhereif any of theTFsis low thenthe
proteinproductionis alsolow. Converselya genewith anOR
port is highly expressedif any of theTFspresentin the input
arehigh. Supposewe have a TF1 connectedto onegene,the
expressionof this geneis calculatedby:

m 1 � l 1l 1 $ C (16)

wherem 1 is theaverageoccupationof thebindingsiteof TF1,
and l 1 is the concentrationof TF1 relative to its equilibrium
dissociationconstant.If a TF2 is connectedto a genevia a
negatedlink, theexpressionis:

m > � C � , l >l > $ C 0 (17)

where m > is the TF2 binding site occupation,and l > is the
concentrationof TF2relativeto thedissociationconstantof the
gene-TF2complex.k Components. Componentscanbe used,amongother things,
to specifyexternalinputsto thenetwork.
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Fig. 1. Network structure. Panel(a) shows theoriginal RAF network. Panel(b) shows themodifiedRAF network wheretheedgesPKC r RAF, PKC r
PKA, PKA r MEK andPLCg r PIP2wereremovedto increasethenumberof v-structuresin thenetwork.
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Fig. 2. GGMs and BNs versus RNs. This figurecomparestheperformanceof GGMsandBNs (verticalaxis)with RNs(horizontalaxis).Thecolumnsrefer
to differentdatasets.Left column:Gaussiandata.Centre column:Datageneratedwith Netbuilder, subjectto additive Gaussiannoisewith sItvu_w x . Right
column:Cytometrydata.Thetwo rowsreferto differentscoringcriteria,discussedin Section5 of themainpaper.Top row: AUC score.Bottomrow: TPcount.
Thesymbolsof the six scatterplotsareexplainedin the captionof Figure3 of themainpaperThecoloursrefer to differentcomparisons.Red:BNs versus
RNs.Blue:GGMsversusRNs.
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Fig. 3. GGMs vs BNs on Gaussian V-structure data. Scatterplots comparingthe performanceof GGMs (vertical axis) with BNs (horizontalaxis). The
diagonalline representsequalperformance.Symbolsabove the line indicatethat GGMs outperformBNs. Converselysymbolsbelow that line point to a
betterperformanceof BNs over GGMs.Eachsubfigurecomparestheresultsobtainedfrom two differentdatatypes,usingonly passive observations(empty
symbols)andincludingactive interventions(filled symbols).Two differentevaluationcriteriahave beenapplied,basedondirectedgraphs(DGE,represented
by triangles)andtheir undirectedskeletons(UGE, representedby circles).Thetwo panelsreferto two differentscoringcriteria.Left: AUC scores.Rigth: TP
counts.

k Receptors. Receptorsareusedto transferdatabetweencells.
In principle, NetBuilder Receptorscan be usedto represent
any processin which signalsget exchangedbetweencells,
even thosethat do not actually involve biological cell surface
receptors.

2.1 Simulating the RAF network
In order to simulate the Raf network we linked 11 geneswith
the samestructureas we have in the network presentedin Sachs
et al. (2005),seefigure1(a).All the links betweengenesrepresent
activations and all the interactionsbetweenTFs were set to OR
regulation. A genewith an OR port is highly expressedif any of
theTFspresentin the input arehigh. Theelevengeneswe have in
our network are:RAF, MEK, PLCg, PIP2, PIP3, ERK,AKT, PKA,
PKC,P38andJNK.

For datagenerationwesamplevaluesfrom auniformdistribution,
Uniform y , H � C 0 , for all root nodes.Rootnodesarenodeswithout
any parents.Thesevaluesarethenpropagatedto thechildrennodes
where they will be processedand then propagatedfurther down
in the network hierarchyuntil they reachthe leave nodes.Leave
nodesarenodeswithout any children.Every nodethat is not a root
nodehasa sumfunction addedto its output. This sumrepresents
that the output of a node is subjectto someadditive noise. The
valuesto beaddedasnoisearesampledfrom a normaldistributionf5y , H ��z > 0 . Having this way of addingdynamicalnoisewe then
generateddatasetswith threedifferentnoiselevels, low, medium
and high correspondingto, z �{H�| H C , z �{H�| C and z �}H6|�~ .
Using this procedurewe generatedobservationaldata.In total we
generated5 datasetswith 100datapoint for eachnoiselevel; these
arecalledtheNetbuilderobservationaldata.

Whengeneratinginterventionaldatasetssomemodificationsof
the network are needed.When an inhibition is simulated, the
inhibited genehasits output forced to be zero independentof its
inputs. So the output of suchan inhibited nodewill be only the

Data Points Interventions�&�����
No Intervention�`�7�I�`�
AKT inhibited� �7�I�`�
PKC inhibited�`���I�`�
PIP2 inhibited�`�������
MEK inhibited�����I�`�
PKC activated� �&�����`�
PKAactivated

Table 1. Interventional data set. Table showing how one interventional
datasetis built.

addednoise. In the casewhere we want to activate an genewe
set its value to one, againindependentof its input. The outputof
an activatedgenewill be 1 plus the noise.The addednoisein the
nodessubjectto inhibitionsor activationswasalwayssampledfromf�y , H ��z > 0 with z �IH�| H C .

For this study we generated5 interventionaldatasetsfor each
noiselevel. Theseare called Netbuilder interventionaldata.Each
interventionaldataset is composedby a total of 100 datapoints
wheresomeof the geneswere intervened,seethe table2.1 for a
detailedexplanationof how theinterventionaldatasetis built. Our
interventionstry to mimic the onesthat wereusedin Sachset al.
(2005).

3 DETAILS ON THE GAUSSIAN GRAPHICAL
MODEL APPROACH

Gaussiangraphicalmodels(GGMs) are basedon the assumption
that the observed dataare distributed accordingto a multivariate
Gaussiandistribution f ,@� �S� 0 . The (i,j)-th element � \�� in the
covariancematrix � is proportionalto the correlationcoefficient
betweennode��\ and��� . But ahighcorrelationcoefficientbetween
two nodesmustnot necessarilyindicatea directcausalassociation.
Not rarelya high correlationcoefficient is simply dueto anindirect
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Fig. 4. GGMs vs BNs on Netbuilder V-structure data. This figure comparesthe performanceof GGMs andBNs on the syntheticdatageneratedwith
Netbuilder, for the topology with someedgesremoved. The columnsrefer to different standarddeviations of the additive Gaussiannoise. Left column�h� �_� � �

, Centre column�)� �_� �
, Rightcolumn�q� �_� �

. Thetwo rows referto differentscoringcriteria.Top row: AUC score.Bottomrow: TP counts.A
detailedexplanationof thesymbolsis givenin thecaptionof figure3

association,e.g. both variablesjust dependon anothernetwork
variable.Consequently, a high correlationcoefficient betweentwo
variablesprovidesonly weakevidencefor a directassociation.And
actuallyonly thedirectdependenciesbetweenvariables(nodes)are
of interestfor the constructionof regulatory networks. To avoid
this shortcomingof Relevancenetwork (RN) methodology, partial
correlationsareconsideredin Gaussiangraphicalmodels(GGMs)
instead.That is, the strengthof a direct associationbetweentwo
nodes��\ and ��� is measuredby thepartial correlationcoefficient� \�� whichdescribesthecorrelationbetweenthesenodesconditional
on all the other network nodes. From the theory of normal
distributionsit is known that thepartial correlationcoefficients � \��
canbeeasilycomputedfrom theinverse��� � 4 1 of thecovariance
matrix � . More precisely, it holds:

� \��!� �9� \��� � \�\6� � ��� �
whereby�8\�� aretheelementsof thematrix �v� � 4 1 .
Hence,in orderto reconstructa Gaussiangraphicalmodel(GGM)
from a given data set g , one typically employs the following

procedure.Fromthedataset g , theempiricalcovariancematrix is
estimatedandinvertedto obtain � , subsequentlytheentries� \�� of
thepartialcorrelationmatrix   canbecomputedusingtheformula
for � \�� given above. Afterwards the interpretationis as follows:
Small elements� \�� in the resulting partial correlationmatrix  
correspondto weak partial correlations, and the corresponding
nodesbecomenot connectedby an edge.On the otherhand,high
entriescorrespondto strong partial correlations,so that there is
reasonto believe that theremustbedirectassociationsbetweenthe
correspondingnodes.

In Scḧafer and Strimmer (2005b) the authorspresenta novel
regularizedshrinkagecovarianceestimatorwhich is basedon the
conceptof shrinkageand exploits the Ledoit Wolf lemma for
analyticcalculationof theoptimalshrinkage.This novel shrinkage
estimator ¡� for the covariancematrix � is guaranteedto be non-
singular, so that it canbe invertedto obtaina new estimator ¡�¢�, ¡� 0 4 1 for thematrix � .
The new shrinkageestimatoris basedon the following theoretical
idea. It is known that the unconstrainedmaximum likelihood
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Fig. 5. GGMs and BNs vs RNs. V-structure data. This figurecomparestheperformanceof GGMsandBNs (verticalaxis)with RNs(horizontalaxis).The
columnsrefer to differentdatasets.Left column:Gaussiandata.Rightcolumn:Netbuilder datawith additive Gaussiannoisewith �v� �_� �

. The two rows
referto differentscoringcriteria.Top row: AUC score.Bottomrow: TP counts.A detailedexplanationof thesymbolsis given in thecaptionof figure3. The
coloursreferto differentcomparisons.Red:BNsversusRNs.Blue:GGMsversusRNs

estimator¡� U.£
for thecovariancematrix � hasahighvarianceif the

numberof nodesexceedsthenumberof observations
,@¤I¥v¦ 0 . On

theotherhandtherearelots of possibleconstrainedestimatorsthat
have a certainbias but a lower variance.The shrinkageapproach
combinesthe maximum likelihood estimatorwith one of these
constrainedestimators¡��§ in a weightedaverage:

¡� � ,-C �©¨ª0 � ¡� UJ£ $�¨ � ¡� § �
where ¨q« � H � C � denotestheshrinkageintensity. Theauthorsshow
that this regularizedestimatoroutperformsboth single estimators¡� UJ£ and ¡��§ in terms of accuracy and statistical efficiency.
Furthermorethey show that the Ledoit Wolf lemmacan be used
to estimatethe optimal shrinkageintensity ¨ , and recommendto
restricttheconstrainedestimator¡� § by assumingthatthenetwork
variables(nodes)arepairwiseuncorrelated

, ��§­¬?® ��H for ¯�°� 
 0
but may have unequalvariances

, ��§ ¬�¬ °� ��§6®K® for ¯±°� 
 0 .
More detailscanbe found in Scḧafer andStrimmer(2005b).The
computationsfor the Gaussiangraphicalmodels(GGMs) in our
comparative evaluation study were carried out with the software
providedby ScḧaferandStrimmer(2005a).

4 DETAILS ON THE BAYESIAN NETWORK
APPROACH

WesampledBayesianNetworksfrom theposteriordistributionwith
the order-MCMC method of Friedmanand Koller (2003). This
methodis aMarkov ChainMonteCarlo(MCMC) samplingscheme
that can be usedto generatea sampleof network nodeorderingsi 1 � i > � i ^ � |�|�| from the posteriordistribution B , i�² g)0 over node
orderingsin thecontext of Bayesiannetworks.So,thestatespaceis
thesetof all

¤X³
possibleorderingsof thenetwork nodes.Afterwards

in a secondstepa sampleof DAGs ] 1 � ] > � ] ^ � |�|�| canbeobtained
bysamplingDAGsoutof thesamplednodeorderings.Eachnetwork
node ordering i´� , �hµ ¶ 1�· � |�|�| � �hµ ¶ ¸ · 0 representsthe set of all
directed acyclic graphswhich are consistentwith the ordering,
wherebya graphis consistentwith i if and only if all its edges
point rightwardswith respectto theordering.FriedmanandKoller
(2003)show thatthelikelihoodB , g�² ie0 of agivennodeorderingi
canbecomputedefficiently. In thespaceof nodeorderingstheflip-
operator whichexchangestwo nodesin theorderingfor eachother,
can be usedto constructa Markov chain over the spaceof node
orderingswhosedistribution convergesto B , i�² g)0 . SeeFriedman
andKoller (2003)for details.
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Gaussian Netbuilder Real
Obs Int Obs Int Obs Int

DGE UGE DGE UGE DGE UGE DGE UGE DGE UGE DGE UGE
BN 0.74 0.82 0.93 0.89 0.78 0.86 0.88 0.78 0.70 0.79 0.77 0.74

GGM 0.77 0.89 0.76 0.87 0.74 0.84 0.72 0.82 0.79 0.93 0.72 0.81
RN 0.49 0.49 0.53 0.54 0.54 0.55 0.55 0.57 0.77 0.88 0.57 0.60

Table 2. SeparationScores.Theseparationscoreis definedas ¹ ��º7»*¼�ºI½e¾�¿ , whereº is theaveragescoreof a trueedge,and ¾ is theaveragescoreof
a falseedge.Theperfectseparationscoreof ¹ � �

is obtainedwhenassigninga zeroscoreto all falseedges.Conversely, a methodthatcannotdistinguish
betweentrueandfalseedgesleadsto anaverageseparationscoreof ¹ � �_� �

. TheabbreviationsObsandInt refer to observationalandinterventionaldata,
respectively. Thenumbersareaveragesover all simulationscarriedout in theindicatedcategory.

As it takes ’sometime’ until a Markov chain converges to its
stationarydistribution, onehasto samplefrom thechainfor “long
enough” to ensurethat it has reachedits stationarydistribution.
After the burn-in time the orderingscanbe seenassampledfrom
theposteriordistribution B , i�² g)0 .

As mentionedbefore, the idea of Order-MCMC is to use this
sampleor orderingsto obtain a sampleof DAGs. To this end
for eachsampledordering i.\ a DAG ]p\ is sampledout of the
posteriordistribution B , ]E² i \ � g)0 , that is theposteriordistribution
over DAGs given the ordering i.\ and the data g . Thereby, as
conditionedon the ordering, for eachnetwork nodeits parentset
canbe sampledindependentlywith respectto its valid parent-sets
in theorderingi \ .

To ensureconvergencewe have performedeachOrder-MCMC
run independentlytwice with two differentrandomnodeorderings
as initialisations.Therebythe burn-in lengthswereset to 20,000,
andafterwardsfurther80,000Order-MCMC simulationstepswere
performed,whereby from each200-th node ordering a directed
acyclic graph(DAG) wassampled,leadingto agraphsampleof size
400perrun.Weusedtheresultsof bothOrder-MCMC runsnotonly
to assertconvergence,wealsoaveragedtheoutputededgeposterior
probabilities of both runs. Consequently, all Bayesiannetwork
resultsare basedon a directedacyclic graphsampleof size 800
sampledfrom two independentOrder-MCMC runs. It turnedout
thatthis run lengthsettingled to a sufficient degreeof convergence
for all test data sets, that is there has never beena remarkable
differencein theoutputsof thetwo independentOrder-MCMC runs.

5 PREPROCESSING OF REAL CYTOMETRIC
DATA

For interventions we occasionallyobserved a clear discrepancy
between expected and observed concentrationsfor intervened
nodes, eg. some inhibitions hadn‘t led to low concentrations
while some activations hadn‘t led to high concentrations.The
missingchangesin concentrationsare not surprising,as most of
the experimental interventions affected the activity of its target
insteadof its concentration.Correspondingly, for intervenednodes
the measuredconcentrationsdo not reflect the strength of the
true activity of the correspondingnode (Karen Sachs,personal
communication).Therefore, we decidedto replacein each real
interventional cytometric data set the values of the activated
(inhibited) nodesby the maximal (minimal) concentrationof that
nodemeasuredunderobservationalconditions.Afterwards,wehave
usedquantile-normalisationto normaliseeachreal interventional
dataset.That is for eachof the11 variables(proteins)we replaced

its 100realisationsby quantilesof thestandardnormaldistributionf , H � C 0 . More precisely, for eachof the 11 variables(proteins)
its j-th highestrealisationwas replacedby the À �1 "-"_Á -quantileof
the standardnormal distribution, wherebythe ranks of identical
realisationswereaveraged.

6 THE V-STRUCTURE NETWORK
In this studywe alwayscomparethemethodsfor thesamenetwork
topology. In orderto haveanideaabouttheinfluenceof thenetwork
topology we slightly modified it. With thesemodificationswe
have addedv-structuresin the network. Four edgeswereremoved
from theoriginal topologyandwe have then4 new v-structuresin
this new network. This so calledv-structurenetwork is presented
alongwith theoriginal in figure1. For this new network structure,
we generatedthe samedatasetsas for the original network. We
have generated5 Gaussiandatasetswith observationsonly and5
with interventions.For Netbuilder we generated5 datasetswith
observationsand5 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 per-comparisonbasis.We have not correctedthese
valuesfor multiple testing.This is becauseour tablescontainmany
‘uninteresting’comparisonsthatwerenot followed up in the main
paper, and are includedonly for the sake of completeness.More
importantly, given the abundanceof cytometry dataand the fact
thatNetbuilderdataaregeneratedsynthetically, it is straightforward
to retest our hypotheseson new but independentlygenerated
data. We found that sucha regenerationconfirmsthe trendsand
significancelevelsreportedin themainpaper;this becomesevident
by comparingFigure 4 in the main paperwith Figure 4 in the
supplementarymaterial.
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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-comparethe
performancesof the threeMachineLearningmethodsundercomparisonin termsof the outputed�ÃÂEÄ scores.Therebyfor eachtable
multiplerows indicatethefour combinationsof figureof merit (UGEandDGE)anddatasettype(observationalandinterventional).For each
of thesefour combinationsandfor eachof thethreemethods(Bayesiannetworks(BN), Gaussiangraphicalmodels(GGM), andRelevance
Networks (RN)) themean

�
[AUC] andthe thestandarddeviations z (AUC) of thefive outputed�ÅÂEÄ scorescanbefound.The last three

columnsprovide one-samplet-testp-valuesp(.) for thehypothesis:H " : � [AUC
,@Æ \ 0?� =

�
[AUC

,@Æ � 0?� againstits two-sidedalternative: H
1
:�

[AUC
,@Æ \#0?��°� �

[AUC
,@Æ �Ç0?� giventhecombinationindicatedin themultiple row above. M \ andM � representthemethodsmentionedin

therow andcolumn.Low p-valuesp(.) indicatethattheremaybeasignificantdifferencein theAUC scorebetweenthesetwo methodsfor the
particularcombinationof figureof merit anddatasettype.In thesecasesit canbeseenfrom theentriesin themeanscorecolumn

�
[AUC]

whichof thetwo methodsperformed(significantly)betterthantheotherone.
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Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 Gaussiandatasets.Originalgraphtopology.

Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 4. AUC score. Cross method comparison Gaussiandatasets.V-structuregraphtopology.
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Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 Nebuilder datasetslow noiselevel(�)� �_� � �
). Originalgraphtopology.
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Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 Nebuilder datasetsmediumnoiselevel(�)� �_� �
). Originalgraphtopology.

Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 Nebuilder datasetshighnoiselevel(�)� �_� �
). Originalgraphtopology.
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Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 Nebuilder datasetslow noiselevel(�)� �_� � �
). V-structuregraphtopology.

Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 Nebuilder datasetsmediumnoiselevel(�)� �_� �
). V-structuregraphtopology.
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Method
�

[AUC] z (AUC) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 Nebuilder datasetshigh noiselevel(�)� �_� �
). 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-comparethe
performancesof the threeMachineLearningmethodsundercomparisonin termsof the true positive countsTP obtainedwhenaccepting
5 falsepositive counts(FP=5).Therebyin analogyto the lastsectionfor eachtablemultiple rows indicatethe four combinationsof figure
of merit (UGE andDGE) anddataset type (observational and interventional).For eachof thesefour combinationsand for eachof the
threemethods(Bayesiannetworks (BN), Gaussiangraphicalmodels(GGM), andRelevanceNetworks (RN)) the mean

�
[TP] andthe the

standarddeviations z (TP) of thefive truepositive countsTP obtainedfor 5 falsepositive countscanbefoundin thefirst columns.Thelast
threecolumnsprovideone-samplet-testp-valuesp(.) for thehypothesis:H " : � [TP

,@Æ \#0?� =
�

[TP
,@Æ �S0?� againstits two-sidedalternative: H

1
:�

[TP
,@Æ \È0?�p°� �

[TP
,@Æ �`0?� given thecombinationindicatedin themultiple row above. M \ andM � representthemethodsmentionedin the

row andcolumn.Low p-valuesp(.) indicatethat theremaybea significantdifferencein theTP countsbetweenthesetwo methodsfor the
particularcombinationof figureof merit anddatasettype. In thesecasesit canbeseenfrom theentriesin themeanscorecolumn

�
[TP]

which of the two methodsperformed(significantly)betterthantheotherone.In contrastto the �ÅÂEÄ scorecross-methodcomparisonthis
alternative truepositive countcross-methodcomparisonconcentrateson a fixedinversespecificitypointof theROCcurve.
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Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 12. TP counts score. Cross method comparison Gaussiandatasets.Originalgraphtopology.

Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 5.5 0.0 0.0000 - 0.0008
RN 3.7 0.4 0.0000 0.0008 -

Table 13. TP counts score. Cross method comparison Gaussiandatasets.V-structuregraphtopology.
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Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
BN 3.3 2.3 - 0.1369 0.1369
GGM 5.1 0.9 0.1369 - NaN
RN 5.1 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] z (TP) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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. Nebuilder datasetslow noiselevel(�)� �_� � �
). Originalgraphtopology.
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Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
BN 7.2 1.5 - 0.0673 0.0673
GGM 5.5 0.0 0.0673 - NaN
RN 5.5 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 counts score. Cross method comparison. Nebuilderdatasetsmediumnoiselevel(�)� �_� �
). Originalgraphtopology.

Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 5.5 0.0 0.0052 - 0.3739
RN 5.0 1.1 0.0073 0.3739 -

Table 17. TP counts score. Cross method comparison. Nebuilderdatasetshigh noiselevel(�)� �_� �
). Originalgraphtopology.
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Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
BN 3.9 0.7 - 0.3419 0.0019
GGM 4.5 0.9 0.3419 - 0.0020
RN 1.5 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. Nebuilder datasetslow noiselevel(�)� �_� � �
). V-structuregraphtopology.

Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
BN 12.0 1.5 - 0.0006 0.0007
GGM 5.5 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 12.5 0.5 0.0002 - 0.0021
RN 8.9 1.0 0.0005 0.0021 -

DGE- Interventional
BN 15.4 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. Nebuilder datasetsmediumnoiselevel(�)� �_� �
). V-structuregraphtopology.
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Method
�

[TP] z (TP) p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
BN 7.7 2.0 - 0.0714 0.0440
GGM 5.5 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 5.5 0 0.0009 - NA
RN 5.5 0 0.0009 NA -

Table 20. TP counts score. Cross method comparison. Nebuilderdatasetshigh noiselevel(�)� �_� �
). V-structuregraphtopology.
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10 COMPARISON BETWEEN PERFORMANCE ON OBSERVATIONAL AND INTERVENTIONAL DATA
This sectionof thesupplementarymaterialprovidesninetables,numberedfrom 21 to 29,whichcomparetheperformanceof eachMachine
Learningmethodonpureobservationaldatawith its performanceon interventionaldatasetsin termsof theoutputed�ÅÂEÄ scores.Thereby
for eachof theninetablesmultiple rows indicatethetwo differentfiguresof merit (UGEandDGE).For eachfigureof merit andfor eachof
thethreemethods(Bayesiannetworks(BN), Gaussiangraphicalmodels(GGM), andRelevanceNetworks(RN)) themeanof thefive AUC
scoresonpureobservationaldata

�
[AUC—OBS]aswell asthemeanof thefiveAUC scoreson interventionaldata

�
[AUC—INT] aregiven

in thefirst two columns.SubsequentlythehypothesisH " : � [AUC—OBS]=
�

[AUC—INT] wastestedagainstits two-sidedalternative H
1
:�

[AUC—OBS] °� �
[AUC—INT] usingtwo-samplet-tests.Thep-valuesp(.) of thesetestscanbefound in the lastcolumn.Low p-values

p(.) indicatethattheremaybeasignificantdifferencein themeanAUC scoreobtainedfor pureobservationalandinterventionaldatasetsfor
themethodmentionedin therow andtheparticularfigureof merit. In thesecasesit canbeseenfrom theentriesin themeanscorecolumns�

[AUC—OBS]and
�

[AUC—INT] on whichdatasettypethemethodperformed(significantly)better.
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Method
�

[AUC—OBS]
�

[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. Gaussiandatasets.Originalgraphtopology.

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. Gaussiandatasets.V-structuregraphtopology.

Method
�

[AUC—OBS]
�

[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 Interventional 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. Netbuilder datasetslow noiselevel (��� �_� � �
). Originalgraphtopology.
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Method
�

[AUC—OBS]
�

[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. Netbuilder datasetsmediumnoiselevel (�h� �_� �
). Originalgraphtopology.

Method
�

[AUC—OBS]
�

[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 Interventional data. Netbuilder datasetshigh noiselevel (��� �_� �
). Originalgraphtopology.

Method
�

[AUC—OBS]
�

[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. Netbuilder datasetslow noiselevel (��� �_� � �
). V-structuregraphtopology.

Method
�

[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. Netbuilder datasetsmediumnoiselevel (�h� �_� �
). V-structuregraphtopology.
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Method
�

[AUC—OBS]
�

[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. Netbuilder datasetshigh noiselevel (��� �_� �
). V-structuregraphtopology.
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11 COMPARISON BETWEEN PERFORMANCE ON OBSERVATIONAL AND INTERVENTIONAL DATA
USING TP COUNTS

This sectionof thesupplementarymaterialprovidesninetables,numberedfrom 30 to 38,whichcomparetheperformanceof eachMachine
Learningmethodonpureobservationaldatawith its performanceoninterventionaldatasetsin termsof theobtainedtruepositivecounts(TP)
whenacceptingfive falsenegative counts(FP=5).As in the lastsectionfor eachof theninetablesmultiple rows indicatethe two different
figuresof merit (UGE andDGE). For eachfigureof merit andfor eachof thethreemethods(Bayesiannetworks(BN), Gaussiangraphical
models(GGM), andRelevanceNetworks(RN)) themeanof thefiveTP countsonpureobservationaldata

�
[TP—OBS]aswell asthemean

of thefive TP countson interventionaldata
�

[TP—INT] aregivenin thefirst two columns.SubsequentlythehypothesisH " : � [TP—OBS]
=
�

[TP—INT] wastestedagainstits two-sidedalternative H
1
:
�

[TP—OBS] °� �
[TP—INT] usingtwo-samplet-tests.Thep-valuesp(.) of

thesetestscanbefoundin thelastcolumn.Low p-valuesp(.) indicatethattheremaybeasignificantdifferencein themeanTPcountoutputed
for pureobservationalandinterventionaldatasetsfor themethodmentionedin therow andtheparticularfigureof merit. In thesecasesit
canbeseenfrom theentriesin themeanTP countcolumns

�
[TP—OBS] and

�
[TP—INT] on which datasettype themethodperformed

(significantly)better.
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Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 15.8 18.5 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

Table 30. TP counts score. Observational versus Interventional data. Gaussiandatasets.Originalgraphtopology.

Method
�

[TP—OBS]
�

[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

Table 31. TP counts score. Observational versus Interventional data. Gaussiandatasets.V-structuregraphtopology.

Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 9.5 11.1 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 5.1 4.1 0.1502
RN 5.1 1.7 0.0001

Table 32. TP counts score. Observational versus Interventional data. Realcytoflow datasets.

Method
�

[TP—OBS]
�

[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 5.1 3.7 0.0042
RN 0.8 0.0 0.0650

Table 33. TP counts score. Observational versus Interventional data. Netbuilder datasetslow noiselevel (�h� �_� � �
). Originalgraphtopology.
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Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 18.1 17.7 0.5180
GGM 16.5 13.6 0.0088
RN 16.8 8.0 0.0000

DGE
BN 7.2 17.3 0.0000
GGM 5.5 5.4 0.3466
RN 5.5 1.2 0.0000

Table 34. TP counts score. Observational versus Interventional data. Netbuilder datasetsmediumnoiselevel (��� �_� �
). Originalgraphtopology.

Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 15.5 16.0 0.6463
GGM 14.8 14.5 0.8408
RN 16.6 13.6 0.0397

DGE
BN 4.1 14.1 0.0005
GGM 4.7 5.5 0.1411
RN 5.1 5.0 0.8798

Table 35. TP counts score. Observational versus Interventional data. Netbuilder datasetshighnoiselevel (��� �_� �
). Originalgraphtopology.

Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 9.8 7.2 0.0003
GGM 9.8 7.5 0.0003
RN 5.2 5.1 0.8171

DGE
BN 3.9 5.6 0.0001
GGM 4.5 3.4 0.0338
RN 1.5 2.0 NA

Table 36. TP counts score. Observational versus Interventional data. Netbuilder datasetslow noiselevel (��� �_� � �
). V-structuregraphtopology.

Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 15.6 15.7 0.7245
GGM 14.7 12.5 0.0020
RN 9.3 8.9 0.4468

DGE
BN 12.0 15.4 0.0016
GGM 5.5 4.9 0.1411
RN 4.8 3.8 0.1078

Table 37. TP counts score. Observational versus Interventional data. Netbuilder datasetsmediumnoiselevel (��� �_� �
). V-structuregraphtopology.
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Method
�

[TP—OBS]
�

[TP—INT] p(.)
UGE

BN 14.2 14.9 0.1991
GGM 13.2 12.5 0.3347
RN 13.6 12.8 0.2907

DGE
BN 7.7 12.3 0.0047
GGM 5.5 5.5 NA
RN 5.5 5.5 0.2328

Table 38. TP counts score. Observational versus Interventional data. Netbuilder datasetshighnoiselevel (�h� �_� �
). V-structuregraphtopology.
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12 COMPARISON OF PERFORMANCE ON ORIGINAL AND V-STRUCTURE NETWORK TOPOLOGY
This sectionof the supplementarymaterialprovides four tables,numberedfrom 39 to 42, with p-valueswe have usedto comparethe
performanceof Bayesiannetworks(BN), Gaussiangraphicalmodels(GGM), andRelevancenetworks(RN) on theoriginal graphtopology
G É andthev-structuredgraphtopologyG Ê . We usedthis analysisfor checkingto which differencesthe inclusionof v-structuresfor the
differentmethodsleads.More precisely, we have beeninterestedin answeringthequestionwhethertheinclusionof v-structuresleadsto a
larger improvementof theAUC scoresfor Bayesiannetworks thanfor theothertwo methods.To this endwe have looked for eachpair of
methodsM \ andM � at themeanAUC scoredifferences�ÅÂEÄ ,@Æ \ � ]EÉ[0 - �ÃÂEÄ ,@Æ � � ]EÉX0 and �ÃÂEÄ ,@Æ \ � ]EÊ90 - �ÅÂEÄ ,@Æ � � ]EÊ80 to see
whetherthedifferencein performancealtersbetweenthe two graphtopologies.Thenwe computedthep-valueof a two-sidedtwo-sample
t-testfor thenull hypothesis:
H " : � [ �ÃÂEÄ ,@Æ \ � ] É 0 - ,@Æ � � ] É 0 ] =

�
[ �ÅÂEÄ ,@Æ \ � ] Ê 0 -�ÅÂEÄ ,@Æ � � ] Ê 0 ]

againstits two-sidedalternative. Consequently, low p-valuesp(.) indicatethat themean�ÃÂEÄ scoredifferencesalter on the two different
graphtopologies.

All four tablesin this sectionhave thesamestructure.After a row indicatingthe figureof merit (UGE or DGE) aswell asthe dataset
type (pure observational or interventional), thereis one row for eachof the threemethodsundercomparison:Bayesiannetworks (BN),
Gaussiangraphicalmodels(GGM), andRelevancenetworks (RN). In eachof theserows the mean�ÅÂEÄ scoresfor both directedacyclic
graphtopologiesGÉ andG Ê aswell asthep-valuesof thetestsmentionedabove canbefound.Therebythesignsminus(’-’) andplus(’+’)
have beenaddedto thep-valueentriesto indicatewhetherfor themethodmentionedin therow themeandifferenceis higherfor thegraph
topologywith v-structuresG Ê (’+’) or for theoriginalgraphG É (’-’). Sofor exampleeachplussign(’+’) indicatesthatthealterationof the
differencesintroducedby v-structuresis for thebenefitof themethodmentionedin therow.
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Method
�

[AUC—GÉ ]
�

[AUC—GÊ ] p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 39. AUC score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Gaussiandatasets.

Method
�

[AUC—GÉ ]
�

[AUC—GÊ ] p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 40. AUC score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Netbuilder datasetslow noise
level (��� �_� � �

).
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Method
�

[AUC—GÉ ]
�

[AUC—GÊ ] p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 Ë É and v-structure topology Ë Ê . Netbuilder datasetsmedium
noiselevel (��� �_� �

).

Method
�

[AUC—GÉ ]
�

[AUC—GÊ ] p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 -

Table 42. AUC score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Netbuilder datasetshighnoise
level (��� �_� �

).
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13 COMPARISON OF PERFORMANCES ON ORIGINAL AND V-STRUCTURE NETWORK TOPOLOGY
USING TRUE POSITIVE COUNTS

This sectionof the supplementarymaterialprovides four tables,numberedfrom 43 to 46, with p-valueswe have usedto comparethe
performanceof Bayesiannetworks(BN), Gaussiangraphicalmodels(GGM), andRelevancenetworks(RN) on theoriginal graphtopology
GÉ andthev-structuredgraphtopologyGÊ . We usedthis analysisfor checkingto which differencesthe inclusionof v-structuresfor the
differentmethodsleads.More precisely, we have beeninterestedin answeringthe questionwhetherthe inclusionof v-structuresleadsto
a larger improvementof the sensitivity S outputedwhenacceptingfive falsepositive countsfor Bayesiannetworks thanfor the othertwo
methods.To this endwe have looked for eachpair of methodsM \ andM � at the meansensitivity differences

< ,@Æ \ � ]EÉ80 -
< ,@Æ � � ]EÉ[0

and
< ,@Æ \ � ]EÊ80 -

< ,@Æ � � ]EÊ90 to seewhetherthedifferencein performancealtersbetweenthetwo graphtopologies.Thenwe computedthe
p-valueof a two-sidedtwo-samplet-testfor thenull hypothesis:
H " : � [

< ,@Æ \ � ] É 0 - < ,@Æ � � ] É 0 ] =
�

[
< ,@Æ \ � ] Ê 0 -� < ,@Æ � � ] Ê 0 ]

againstits two-sidedalternative. Consequently, low p-valuesp(.) indicatethat the meansensitivities differencesalter on the two different
graphtopologies.

All four tablesin thissectionhave thesamestructure.After a row indicatingthefigureof merit (UGEor DGE)aswell asthedatasettype
(pureobservationalor interventional),thereis onerow for eachof thethreemethodsundercomparison:Bayesiannetworks(BN), Gaussian
graphicalmodels(GGM),andRelevancenetworks(RN). In eachof theserowsthemeansensitivity, whenacceptingfivefalsepositivecounts,
for bothdirectedacyclic graphtopologiesG É andGÊ aswell asthep-valuesp(.) of the testsmentionedabove canbefound.Therebythe
signsminus(’-’) andplus (’+’) have beenaddedto thep-valueentriesto indicatewhetherfor themethodmentionedin the row themean
differenceis higherfor thegraphtopologywith v-structuresG Ê (’+’) or for theoriginalgraphG É (’-’). Sofor exampleeachplussign(’+’)
indicatesthatthealterationof thedifferencesintroducedby v-structuresis for thebenefitof themethodmentionedin therow.
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Method
�

[S—GÉ ]
�

[S—GÊ ] p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 -

Table 43. TP counts score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Gaussiandatasets.

Method
�

[S—GÉ ]
�

[S—GÊ ] p(BN) p(GGM) p(RN)
UGE- Observational

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- Observational
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 Ë É and v-structure topology Ë Ê . Netbuilder datasetslow
noiselevel (��� �_� � �

).
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Method
�

[S—GÉ ]
�

[S—GÊ ] p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 45. TP counts score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Netbuilder datasets
mediumnoiselevel (��� �_� �

).

Method
�

[S—GÉ ]
�

[S—GÊ ] p(BN) p(GGM) p(RN)
UGE - Observational

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 - Observational
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 -

Table 46. TP counts score. Cross method differences between the original graph topology Ë É and v-structure topology Ë Ê . Netbuilder datasetshigh
noiselevel (��� �_� �

).
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