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Abstract

Causal network inference is an important methodological challenge in biology as well as
other areas of application. Although several causal network inference methods have been
proposed in recent years, they are typically applicable for only a small number of genes, due
to the large number of parameters to be estimated and the limited number of biological repli-
cates available. In this work, we consider the specific case of transcriptomic studies made
up of both observational and interventional data in which a single gene of biological interest
is knocked out. We focus on a marginal causal estimation approach, based on the frame-
work of Gaussian directed acyclic graphs, to infer causal relationships between the
knocked-out gene and a large set of other genes. In a simulation study, we found that our
proposed method accurately differentiates between downstream causal relationships and
those that are upstream or simply associative. It also enables an estimation of the total
causal effects between the gene of interest and the remaining genes. Our method per-
formed very similarly to a classical differential analysis for experiments with a relatively large
number of biological replicates, but has the advantage of providing a formal causal interpre-
tation. Our proposed marginal causal approach is computationally efficient and may be
applied to several thousands of genes simultaneously. In addition, it may help highlight sub-
sets of genes of interest for a more thorough subsequent causal network inference. The
method is implemented in an R package called 0D U JL Q D O & DW faiaiable on
GitHub).

Introduction

Causahetworkinferenceis of greatinterestin systemsiology,particularlyfor transcriptomic
studiesthataim to identify regulatoryrelationshipsamonggenesi.e.,generegulatorynet-
works.In the contextof probabilisticgraphicaimodels severablgorithmshavebeenproposed
to infer the skeletorof directed,undirected or partially-directedgraphsusingconditional
independencéeestd1, 2], score-basegrocedure43+6] or mutualinformation [7+10]. These
skeletongorrespondo anequivalencelassij.e.anindistinguishablesubsebf graphs.
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Undirectedgraphscanbeusedto obtainasupergraptof the skeletorof adirectedgraph,
whichis agoodstartingpoint to infer causalitywhenthe underlyinggraphis unknown. Sev-
eralundirectednetworkinferencemethods pasedn the parsimoniousestimationof the
inversecovariancematrix, havealsobeenproposedor Gaussiamraphicaimodels[11,12].
Althoughmethodshasedn mutualinformation canalsobeusedto infer thefull graphof
undirectednetworks[13, 14], estimatingcausahetworkswith thesealgorithmstendsto be
verycomputationallyjdemandingandapplicableonly for low-dimensionahetworks.In addi-
tion, suchapproachesequireasignificantamountof interventionaldatato reducethe space
of equivalennetworks[15]. However evenwith asufficientamountof interventionaldata,i.e.
roughlyoneknock-outfor eachgene adirectedacyclicgraph(DAG) cannotgenerallybe
accuratelyestimated16], perhapsgueto the heterogeneousoveragef the genenetwork
spacd17]. Assuch,in thiswork wefocuson estimatingafewcausakffectgatherthan
attemptingto infer thefull network[18].

In orderto reducethe complexityof the parametesearctspaceatopologicalorderingof
nodesin the graphcanbeestimatednsteadof an exactnetwork.As shownby Rau [19],a
rich setof interventionaldataallowsthe nodeorderingassociatewith aDAG to beidentified.
In manytranscriptomicexperimentshoweverpnly asmallnumberof interventionsareavail-
able;in thiswork, weconsiderthe specificcaseof aknock-outinterventionbeingperformed
on asinglegeneof interest.In suchacasepnly arestrictedequivalencelasss identifiable
[20], andit isreasonabléo insteadconsideramarginalapproacho estimateonly the causal
effectoof the knocked-outgeneof intereston anothersetof genes.

To thisend,weproposeamethodto identify downstreanctausatelationshipdetweera
knocked-outgeneandall othergenedrom replicatedobservationaf{steadystate)transcrip-
tomic dataarisingfrom anunknown graph.Wefirst preseniabrief introduction to graphical
modelswhichweuseto defineour modelandhypothesisThe useof amathematicabperator
to describeheinterventionprocessasdefinedby Pearl[21], allowsthe ideaof causalityto be
formally definedin the model. This enables closed-formexpressiorof thelikelihoodto be
obtained Wethenillustratethe interestof our methodon asetof simulateddata,andwe
applyit to asetof microarraydatafrom chickenscarryingafunctionalknock-outof the
growth hormonereceptorgene[22]. Themain advantagesf the proposednarginalcausal
approacharethat ) it enableshe accurateifferentiationof downstreancausatelationships
from thosethat areupstreamor simplyassociative?) it is computationallyefficient,and
thussimultaneoushapplicablgo severathousandf genesand3) it providesaformal
frameworkfor causalnterpetation.The proposednethodis implementedn anR package
calledOD U JL QD O & D X,¥é&elpdveiableon GitHub.

Materials and methods
Gaussian causal models

A directedgraphGisasetof nodes andedge<. For...; t2 E, issaidto beaparentof

( 2 SD())or achildof , if anedgestartsat andpointsto . A directedpathisasucces-
sionof nodessuchthat eachelements aparentof the following node.A graphis saidto be
acyclicif thereis no directedpathfrom anodebackto itself.It isthencalledaDAG.

A probabilitydensity canbeassociatewith aDAG. Assumingthatall variablesare
Gaussiansuchthatthejoint probabilityis amultivariateGaussiardistribution, the following
factorizationholdsfor thejoint densityof the graph:

Y

.1 ..jpa... Tt:
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Two graphsaresaidto be Markov equivalenif theyhavethe samegoint probability distribu-
tion; in this casetheybelongto the sameequivalencelassThe mathematicalG R(= ) oper-
ator [21] canbegraphicallydefinedby deletingall edgegointing from S D()to . Forthe
associategrobability distribution, this correspondgo replacingthe conditionaldistribution
(I SD()pyl - .

Model selection

ConsideragraphGwhereaninterventionwasperformedon asinglenodeof interest. Two
kinds of causalitycanbedefined:1) upstreamcausalitywhich refersto edgegointing to ;
and?2) downstreancausalitywhichrefersto edgegointing awayfrom . With the G Rpera-
tor definedabovewhenaninterventionis performedon asinglenode , it ispossibleo iden-
tify geneswith adownstreantausatelationshipto , i.e.thecausakffectsof onall of the
othernodesin the network (see~ig 1 for anillustration of upstreamand downstreancausal
relationships).

Our goalisto identify genesith downstreantausatelationshipgo aknocked-outgene
of interestwhenthe underlyinggraphis unknown. It is wellknown thatwhenobservational
dataaloneareavailablepnly anequivalencelasdor the DAG is identifiable[21]. With the
addition of interventionsit is possibleo reducethis setof equivalencelassedyutit is still
oftennot possibleo identify aunique DAG. For this reasonwe consideramarginalapproach
to estimateonly the causaownstreanrelationshipsrom asinglenodeof interest.

Usingtheframeworkof Gaussiarstructuralequationsthreepossiblecasesnaybedefined
for eachnode of thegraph.First,if isachild of thenodeofinterest, thefollowingequa-
tion holds:

L "mita i ;

where istheresidualmeanof , isthetotal causakffectrom to , and iscentered
Gaussiamoisewith variances?. On theotherhand,if isaparentof , thefollowingequa-
tion cansimilarly bewritten:

0! "mta t ;

Fig 1. lllustration of upstream and downst ream causalit y. Nodes Xy and X; are both upstream causally
related to knocked-out gene G, while nodes X, and X5 are both downstream causally related to G.

doi:10.131/journal.pon@171142.g001
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M1 : X downstream G MO : X upstream/correlated with G

Intervention @ @

Fig 2. Models given observation al or interventiona | data. Graphical representation of the M,
(downstream) and Mg (upstream or correlated) models under observational and interventional data.

doi:10.131/journal.pon@171142.9g002

where istheresidualmeanof , isthetotal causakffectrom to , and theresidual
standarddeviationof . Finally,if isneitherachild (descendanthpor aparent(ancestor)f
, themodelcanno longerbeexpresseih termsof a Gaussiarstructuralequation. However,
asthepair of variables and maystill becorrelatedthepair(, ) canbeconsideredo be
arandomvariablefollowing abivariateGaussiaristribution.

We nextmustcomputethelikelihood functionsassociatewith eachof thesethreecases
whenboth observationahndinterventionaldataareavailableHowever asillustratedin Fig 2,
evenwith the availabilityof interventionaldata,the causaownstreanmodelandthe corre-
latedmodelcannotbedistinguishedrom oneanother,astheir likelihoodsareidentical.In
Model ; (thedownstreanctase)thedistribution of underthe G Bperatoris neededin
Model o (theupstreamor correlationcases)he marginaldistribution of mustbeused.
Usingthe Markov equivalencdor observationatlata,all modelscanbereparameterizedsa
downstreanmodel.Our modelsmaythuswritten asfollows:

o Nmsit; , NLgmsat;

b~ + 7 it
| | |1
2
r
1 1 12
0 N ’
2
2 r 12 2

We cannow explicitly write the following equalities:

m n M 2 a5 S 1

p 0000000000000000
- - . - 2 o2 2
a r,=5 S 5 &g

q [XYYYYYYYY YYYYY)

~ — . ~ 2 2 5.
b™r =, s, 2 bz

We havethusobtainedall of the necessarglistributionsto computethe respectivdikeli-
hoodsfor eachmodel:thejoint distribution, the conditionaldistribution of given, andthe
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marginaldistribution of , allwith the samesetof parametersk-or simplification,wedefine

{ , }and{ , }tobethesetofresidualparameter@ssociatedith and,k respectively,
and thefull setof parameterswWe obtaintwo likelihood functions,whereWT (wild type)
representshe observationatiata,and KO (knock-out) theinterventionaldata:

X
Lyt F... im*a ;s*tF F.. jm;s?f;
X
oyt F... jm%a ;s?f;
% LAt
2oyt F... jm t am;as? § s2t;
2
JRUSY2 RN V2 S A
Tyt Ly Lyt 2t

Oncethelikelihoodsin Eqs(1) and(2) havebeenmaximizedaBayedactorcanbecalculated
for eachgeneto choosehe mostprobablemodelbetween gand ;:

~ 3 ] OT’\ 30] T 3‘1T
3.. ] 4 3. T 3.,%F

TheBayedactormaythenbeusedto orderthe nodesaccordingto the strengthof the down-
streamcausatelationshipwith node . If it isgreatethan1,model ispreferredwhereasf
it islesghan1,model ;ispreferred.

Results
Simulation study

In orderto assesthe performanceof our proposednethod,we performedasimulationstudy
to ensurethatit correctlydistinguisheslownstreancausalityfrom correlation.We considered
asimulationsettingsimilar to the experimentabesignof the transcriptomicdatapresented
below.For 100independengeneswesimulated24replicatesn both the observationaand
the single-KQinterventionaldata,usinga Gaussiarframeworkaspresentedn the Methods
sectionwith eitheradownstreantausabr correlatedrelationshipwith the KO geneForeach
of the 100simulations the Bayedgactorwasthen calculatedTwo setsof simulationswereper-
formedfor eachmodelwith the samemeansand causakffectsput with differentresidual
variances.

Resultdor thefour simulationsettingsarepresentedn Fig 3. On theleft, dataweresimu-
latedwith =0.09, =0.15andontheright, =0.3, =0.5.Thisrangeofvaluesvas
choserbasedn thetranscriptomicdatapresentedn the following sectionyrepresentingsmall
variancegwithin thelowerquantile)andlargevariancegwithin the upperquantile),respec-
tively. We notethatfor smallvariancesthe logarithmof the Bayedactoris stronglynegative
for the downstreantausamodel,whileit is aroundzerofor the correlationmodel.A similar
patternis obtainedfor largervarianceswith smallerdifferencedetweerthe correlationand
downstreantausalitycases.

In asecondsimulation,weinvestigatedvhetherthe proposednethodis ableto identify
marginaldownstreantausapartnersfrom asimulatedgraph.Dataweresimulatedundera
Gaussiarstructuralequationaccordingto the DAG structurepresentedn Fig4.We simulated
aknock-outinterventionon Gene6 alone;asbefore 24 replicatesveresimulatedfor both the
observationaandinterventionaldatafor eachof the othergenesn the networkin 100

PLOS ONE | DOI:10.1371/journal.pone.0171142 March 16, 2017 5/13
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Fig 3. Bayes factor for the correlatio n (Mp) and downstre am (M;) models. log;o Bayes factor for simulated data under the downstream model
(Bdown9) and correlation model (3cor®), with low (left; 15 =0.09, 1« = 0.15) and high (right; 15 =0.3, 1« =0.5) variance.

doi:10.131/journal.pon8171142.9g003

Intervention
® Upstream
@ Correlation
® Downstream

Fig 4. Simulat ed graph structure. KO interventions were simulated for Gene 6 (yellow) alone. This DAG
encompasses various types of relationships with respect to the yellow node: causal upstream ancestors
(blue), downstream causal genes (red), and simple correlations (green). Numbers along edges indicate the

strength of direct causal effects.

doi:10.131/journal.pon8171142.9g004
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Fig 5. Bayes factor for the simulate d graph structure. Results from 100 simulations based on the graphin
Fig 4. Nodes simulated under the upstream/correlation model (My) appear to the left in black, and those
simulated under the downstream model (M;) appear to the right in red.

doi:10.131/journal.pon@171142.9g005

independentuns.We notethattheinterventionnode,representedh yellowin Fig 4, hassev-
eraltypesof relationshipswith the othernodescausalipstreamancestorgin blue),down-
streamcausabenegin red),andsimplycorrelatedgenegin green).

Thevaluesf the Bayedactorfor eachgenein the networkareplottedin Fig5. Asbefore,
themorestronglynegativethe logarithmof the Bayegactor,the more evidencehereis for a
downstreanctausamodel.We notethatfor the geneswith atruly downstreancausatelation-
shipwith the KO geneg(in red),the Bayedactorindeedtendsto bestronglynegativeOnly
nodellis not detectechsadescendenthis canbeexplainedby the weaktotal causakffect
for thisnode,equatto 0.015 from node6 (the knocked-outgene)o nodell.Thesesimula-
tionsthusconfirm the ability of the proposedmethodto differentiatedownstreancausatela-
tionshipsfrom upstreamor simplecorrelationonesin adirectedacyclicgraph.An additional
advantagef the marginalcausabpproachsthatit providesan estimationof thetotal causal
effectbetweerthe KO geneof interestand eachof the others.The simulatedvaluedor these
effectsaswell asthe estimationsobtainedfor variousnumbersof replicatesareprovidedin
Tablel. Theaccuracyof the estimationis veryrobustevenwith alow numberof replicates,
with verylow variability acrossimulations Theseeffectshusappearo begenerallywell-esti-
matedwith the proposedmethod.

In orderto comparethe resultsof our marginalcausahpproachwith anothermarginal
(but non-causalppproachroutinely usedin practicefor comparisondetweertwo groups
(here,observationahndinterventional),wealsoperformeda classicatlifferentialanalysisn
the samesetof simulateddatausingthe R/Bioconductodimma packagg23]. Briefly,limma
makesuseof arobustmoderatedwo-sampléa-testbetweerthe observationaandinterven-
tional samplegor eachgenewherean empiricalBayesnethodis usedto shrink per-gene

PLOS ONE | DOI:10.1371/journal.pone.0171142 March 16, 2017 7/13
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Table 1. Estimated total causal effects for simulated graph structure. Mean (standard deviation) of the true and estimated total causal effects over 100

simulations for various numbers of replicates.

Gene True value
1 0.00
2 0.00
3 0.00
4 0.00
5 0.00
7 0.00
8 0.00
9 3.00
10 -1.30
11 -0.02
12 3.00
13 -1.30

doi:10.137/journal.pon®171142®01

6WT/6KO 12WT /12 KO 24 WT /24 KO 48 WT /48 KO
0.01 (0.21) 0.04 (0.15) 0.04 (0.10) 0.02 (0.07)
-0.03 (0.06) -0.04 (0.04) -0.04 (0.02) -0.04 (0.02)
0.08 (0.12) 0.10 (0.07) 0.09 (0.05) 0.09 (0.03)
0.00 (0.06) -0.02 (0.04) -0.01(0.02) -0.02 (0.02)
-0.01 (0.04) 0.00 (0.03) -0.01(0.02) -0.01(0.01)
0.03 (0.08) 0.05 (0.05) 0.04 (0.04) 0.04 (0.03)
0.04 (0.27) -0.01(0.18) 0.01(0.16) 0.01 (0.10)
2.99(0.17) 2.98 (0.08) 2.99 (0.23) 2.99 (0.10)
-1.31(0.08) -1.30 (0.05) -1.30 (0.04) -1.31(0.03)
-0.02 (0.06) -0.02 (0.04) -0.01(0.03) -0.02 (0.02)
3.00 (0.11) 2.97 (0.24) 3.00 (0.14) 3.00 (0.04)
-1.32(0.16) -1.29 (0.09) -1.30 (0.10) -1.31(0.05)

samplevariancesowardsacommonvalue We calculatedhe areaunderthereceiveroperat-
ing characteristi§ROC) curve(AUC) over100simulationsto comparethe sensitivityand
specificityof the marginalcausabpproachandthedifferentialanalysigo detectdownstream
causatelationshipsResultarepresentedn Fig 6. We notethatfor arelativelylargenumber
of replicateg10WT / 10KO or 25WT / 25K0), both methodsperform verysimilarly, with
slightlybetterresultsfor the proposedcausabpproachin the simulationsettingwith asmall
numberof replicateg5 WT / 5 WO), the performanceof the differentialanalysigendsto dete-
riorate more stronglythanthat of the causabpproachin particular,the AUC valuesmuch
lowerthanin the othersettingswith alargevariabilityacrosghe 100simulations.

Finally,althoughour approachfocuse®n marginalcausakffectsand not thefull net-
work, it is of interestto compareit to amoreglobalnetwork-wideapproachAsanillustra-
tion, wemakeuseof the GreedylnterventionalEquivalenc&earcH GIES)algorithm,a
score-basethethodto infer thefull directedacyclicgraphbasedn observationahndinter-
ventionaldata[24]. Forthis comparisonwefocusonly on the downstreancausatelation-
shipsfrom the KO geneof interest. We usethe graphstructurein Fig4to simulatedataas
above(100datasetswith 24replicatesn eachof the WT and KO groups),andwedefinean
F-scoreo assesthe performanceof eachalgorithm:

where?TP° correspondgo nodesthatweresimulatedto bedownstreanof the KO geneand
werecorrectlyidentified by a givenmethod,2FP°correspond$o nodesthat werenot simu-
latedto bedownstreanof the KO genebut wereincorrectlyidentified by a givenmethod,
and®FN° correspondgo nodesthatweresimulatedto becorrelated/upstreamf the KO
genebut wereincorrectlymissedby agivenmethod.

Theboxplotof F-scoregor eachmethodis shownin Fig 7, aswell asthe samesimulation
for upstream/correlatioinks. As our marginalapproachtfocuse®n the downstreamnlinks

PLOS ONE | DOI:10.1371/journal.pone.0171142 March 16, 2017 8/13
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Fig 6. AUC for the simulate d graph structur e. Results from 100 simulations under three settings (5 WT /5 KO, 10 WT / 10 KO, 25 WT / 25 KO) based on
the graph in Fig 4. 2Bayes® (left) corresponds to the causal marginal method, and 2p-val® (right) to the p-values obtained using limma.

doi:10.13Z/journal.pon@171142.g006

Fig 7. F-score of the marginal causal approach and GIES algorithm. The F-score is based on downstream (left) or not-downstream (right) links. For the
marginal approach, a hard threshold of -0.5 is used for the log; o Bayes factor to select between models. For the GIES algorithm, the inferred topology is used
to classify nodes as downstream or not.

doi:10.137/journal.pon€171142.9g007
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anddoesnot try to infer thetopologyof afull network, it obtainsmore consistentesultsthan
the GIESalgorithm. This suggestthatin casesvhereinterestis on thedownstreancausal
links with asingleKO gene attemptingto infer acompletenetworktopologymayleadto
moreinaccurateesultsthanfocusingon marginalcausakffects.

Real data analysis

We appliedour marginalcausamethodto asetof transcriptomicdatain the contextof gene
regulatorynetworks[25]. Thesedatawereproducedat the FrenchNationalInstitute for Agri-
culturalResearcINRA), in astudyinvestigatinggeneexpressiorifferencedetweerwild-
typechickensandtheir siblingscarryingafunctionallyinactivegrowthhormonereceptor
(GHR) geneleadingto adwarfphenotypein this caseafunctional KO refersto amutation
for whichthe associategroteinis generatedut canno longerfulfill its role[22]. We consid-
eredthe mutation of the GHR geneto bean experimentaknock-out,andthe expressiorevel
of the GHR genewassetto avaluecloseto zerofor the dwarfchickensCustomizedAgilent
microarrayswereusedto measurgeneexpressiorirom liver samplesakenfrom 24wild type
and24knock-outchickendor 18,855genesThesadataareavailableat GEOunderthe GEO
accessiomumberGSE91084.

After standardpreprocessingndnormalizationstepswe aimedto identify geneghat
aredownstreancausallyelatedto the GHR geneusingthe marginalcausamethodpre-
sentedn thiswork. A classicaper-gendifferentialanalysisvasalsoperformedbetween
wild-typeanddwarfchickensusinglimma [23]. Fig 8 compareshe Bayedactorsobtained
with the marginalcausamethodandthe -valuesof the differentialanalysisin this casethe
resultsareverysimilar for thetwo analysesyith aclearlineartrend in the scatterplot. This
followstheresultsobtainedin the simulationstudyfor morethan 10biologicalreplicates;
theaddedvalueprovidedby the marginalcausamethod,howeverjsthatit providesafor-
malinterpretationof the differentialanalysisn termsof downstreancausatelationshipsA
similarresultmaybeseenn Fig9, which showsaclearcorrespondencbeetweerthefifty
mosthighly rankedgenesaccordingto the Bayed-actorand -valuesof the differentialanal-
ysis.Interestingly,t alsoillustratesthe similarity in usingthe estimatedotal causakffects
andthelogfold-changevaluegbothin absolutevalue)to rank geneghat aredownstream
causallyrelatedto the GHR gene.

Discussion

We haveproposedanovelapproactto detectmarginalcausatelationshipsn high dimen-
sionaldatawheninterventionsareavailabldor asinglenodeof interest.This methodwas
developedn the contextof transcriptomicdata,and canbeparticularlyusefulto performa
pre-selectiorof genegprior to amorethoroughcausahetworkinferencelt is computationally
efficientand canbesimultaneoushappliedthousandof genesln addition, our simulation
studyillustratedthatthe proposedmethodwasableto accuratelyclassifijbetweerdownstream
causatelationshipsandupstreanmor simplecorrelationrelationshipsvhenthe underlying
DAG isunknown.

We showedhat the resultsof differentialanalysesomparingkO to WT samplesan
indeedbeinterpretedascausalgiventheir similarity to the causalGaussiarBayesiametwork.
It istrue thatthe newapproachdescribechereprovidedlittle or no improvementoverclassical
differentialanalysidiypothesigestsHowever,t is preciselythroughthe newcausalnterpre-
tation of theseclassicaleststhat our approactshowspromise.For examplewith the develop-
mentof CRISPR/Casg8enomeediting[26], it is clearthatthe numberof intervention
experimentsn molecularbiologywill increasadramaticallyin the comingyearsin this
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Fig 8. Comparis on between the different ial analysis and the margin al causal approa ch on chicken
microarray data. Each point corresponds to a gene for which the differential and marginal causal analyses
have been applied.

doi:10.131/journal.pon@171142.9008

context,althoughdifferentialanalysiss clearlya naturalwayto dealwith fully controlled
experimentglike randomizedclinicaltrials), it is not particularlywell-adaptedor analyzing
multi-factorial experimentsand/or partially completeinterventiondesignsFor thesemore
complextypesof studieswebelievethat atestbasedn causalGaussiaBayesiametworks
will beaninnovativeandefficientwayto testandinfer causality.

Theproposedmethodrelieson structuralGaussiarequationswhichassumdinearrela-
tionshipsandgraphacyclicity. Thoughnot alwaysiologicallyrelevanttheseassumptions
areoftenmadein causabenenetworkinferenceastheyallowclosed-formformulaeof the
likelihoodfunctionsto beobtained which makeghe proposednodelverycomputationally
efficient.It would beinterestingin thefuture to evaluatavhetherresultshold underless
restrictiveassumptionsThemethodpresentedhereis definedin the contextof interven-
tionson oneof the nodesof the network.It could similarly beappliedto severainterven-
tions, if theyareassumedndependenbf oneanother.However if theinterventionsare
causallflinked, adjustmentgo the modelwould haveto beconsideredFinally,the pro-
posedmethodwasderivedwithin anempiricalBayesiatfiramework,wherethe maximum
likelihood estimatorsvereused It would beinterestingto investigatea fully Bayesian
approachpusingpriors on the parametersghat couldincludeinformative biological
knowledge.
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Fig 9. Venn diagram for the top 50 genes ranked according to the different ial analysis (p-value or log-
fold change) and marginal causal approach (Bayes factor or total causal effects. Ranking was
performed from lowest to highest for p-values and highest to lowest for absolute total effect, absolute log fold-
change, and Bayes factor.

doi:10.131/journal.pon€171142.g009

Author contributions
Conceptualization:GM FJARTZ GN.
Formal analysis:GM FJAR GN.
Investigation: TZ.

Methodology:GM FJARTZ GN.
ResourcesTZ.

Software:GM FJARTZ GN.
Validation: GM FJARTZ GN.
Writing *original draft: GM FJAR.

References

1. PinnaA, Heise S, Flassig RJ, de la Fuente A, Klamt S. Reconstruction of large-scale regulatory net-
works based on perturbation graphs and transitive reduction: improved methods and their evaluation.
BMC Systems Biology. 2013; 7(1). doi: 10.1186/1752-0509-7-73 PMID: 23924435

2. Kalisch M, Bhimann P. Estimating high-dimensional directed acyclic graphs with the PC-algorithm.
The Journal of Machine Learning Research. 2007; 8:613+636.

3. PinnaA, Soranzo N, De La Fuente A. From knockouts to networks: establishing direct cause-effect rela-
tionships through graph analysis. PLoS One. 2010; 5(10):€12912. doi: 10.1371/journal.pone.0012912
PMID: 20949005

PLOS ONE | DOI:10.1371/journal.pone.0171142 March 16, 2017 12/13



@° PLOS | ONE

Marginal causal relationships in gene networks

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.
22.

23.

24,

25.

26.

Chickering DM. Optimal structure identification with greedy search. The Journal of Machine Learning
Research. 2003; 3:507+554.

Béhimann P, Kalisch M, Meier L. High-Dimensional Statistics with a View Toward Applications in Biol-
ogy. Annual Review of Statistics and Its Application. 2014; 1:255+278. doi: 10.1146/annurev-statistics-
022513-115545

Chickering DM, Heckerman D, Meek C. A Bayesian approach to learning Bayesian networks with local
structure. In: Proceedings of the Thirteenth conference on Uncertainty in artificial intelligence. Morgan
Kaufmann Publishers Inc.; 1997. p. 80+89.

Luo W, Hankenson KD, Woolf PJ. Learning transcriptional regulatory networks from high throughput
gene expression data using continuous three-way mutual information. BMC bioinformatics. 2008; 9
(1):1. doi: 10.1186/1471-2105-9-467 PMID: 18980677

Watkinson J, Liang K¢, Wang X, Zheng T, Anastassiou D. Inference of Regulatory Gene Interactions
from Expression Data Using Three-Way Mutual Information. Annals of the New York Academy of Sci-
ences. 2009; 1158(1):302+313. doi: 10.1111/].1749-6632.2008.03757.x PMID: 19348651

Emmert-Streib F, Glazko G, De Matos Simoes R, et al. Statistical inference and reverse engineering of
gene regulatory networks from observational expression data. Frontiers in genetics. 2012; 3:8. doi: 10.
3389/fgene.2012.00008 PMID: 22408642

de Matos Simoes R, Dehmer M, Emmert-Streib F. Interfacing cellular networks of S. cerevisiae and E.
coli: Connecting dynamic and genetic information. BMC genomics. 2013; 14(1):1. doi: 10.1186/1471-
2164-14-324 PMID: 23663484

Friedman J, Hastie T, Tibshirani R. Sparse inverse covariance estimation with the graphical lasso. Bio-
statistics. 2008; 9(3):432+441. doi: 10.1093/biostatistics/kxm045 PMID: 18079126

Fu F, Zhou Q. Learning sparse causal Gaussian networks with experimental intervention: regularization
and coordinate descent. Journal of the American Statistical Association. 2013; 108(501):288+300. doi:
10.1080/01621459.2012.754359

de Matos Simoes R, Emmert-Streib F. Bagging statistical network inference from large-scale gene
expression data. PL0oS One. 2012; 7(3):e33624 doi: 10.1371/journal.pone.0033624 PMID: 22479422

Basso K, Margolin AA, Stolovitzky G, Klein U, Dalla-Favera R, Califano A. Reverse engineering of regu-
latory networks in human B cells. Nature genetics. 2005; 37(4):382+390. doi: 10.1038/ng1532 PMID:
15778709

Judea Pearl, TS Verma Equivalence and synthesis of causal models. In: Proceedings of Sixth Confer-
ence on Uncertainty in Artijicial Intelligence; 1991. p. 220+227.

Marbach D, Prill RJ, Schaffter T, Mattiussi C, Floreano D, Stolovitzky G. Revealing strengths and weak-
nesses of methods for gene network inference. Proceedings of the National Academy of Sciences.
2010; 107(14):6286+6291. doi: 10.1073/pnas.0913357107 PMID: 20308593

Altay G, Emmert-Streib F. Inferring the conservative causal core of gene regulatory networks. BMC
Systems Biology. 2010; 4(1):132. doi: 10.1186/1752-0509-4-132 PMID: 20920161

Maathuis MH, Kalisch M, Biéhimann P, et al. Estimating high-dimensional intervention effects from
observational data. The Annals of Statistics. 2009; 37(6A):3133+3164. doi: 10.1214/09-A0S685

Rau A, Jaffrézic F, Nuel G. Joint estimation of causal effects from observational and intervention gene
expression data. BMC Systems Biology. 2013; 7(1):111. doi: 10.1186/1752-0509-7-111 PMID:
24172639

Spirtes P, Glymour CN, Scheines R. Causation, prediction, and search. vol. 81. MIT press; 2000.
Pearl J. Causality: models, reasoning and inference. vol. 29. Cambridge Univ Press; 2000.

Duriez B, Sobrier M, Duguesnoy P, Tixier-Boichard M, Decuypere E, Coquerelle G, et al. A naturally
occurring growth hormone receptor mutation: in vivo and in vitro evidence for the functional importance
of the WS motif common to all members of the cytokine receptor superfamily. Molecular endocrinology.
1993; 7(6):806+814. doi: 10.1210/me.7.6.806 PMID: 8361502

Smyth GK. Linear Models and Empirical Bayes Methods for Assessing Differential Expression in Micro-
array Experiments. In: Statistical Applications in Genetics and Molecular Biology; 2004. p. 1+25. doi:
10.2202/1544-6115.1027 PMID: 16646809

Hauser A, Bthimann P. Characterization and greedy learning of interventional Markov equivalence
classes of directed acyclic graphs. Journal of Machine Learning Research. 2012; 13(Aug):2409+2464.

Emmert-Streib F, Dehmer M, Haibe-Kains B. Gene regulatory networks and their applications: under-
standing biological and medical problems in terms of networks. Frontiers in cell and developmental biol-
ogy. 2014; 2:38. doi: 10.3389/fcell.2014.00038 PMID: 25364745

Hsu PD, Lander ES, Zhang F. Development and applications of CRISPR-Cas9 for genome engineering.
Cell. 2014; 157(6):1262+1278. doi: 10.1016/j.cell.2014.05.010 PMID: 24906146

PLOS ONE | DOI:10.1371/journal.pone.0171142 March 16, 2017 13/13



