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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 �0�D�U�J�L�Q�D�O�&�D�X�V�D�O�L�W�\(available on

GitHub).

Introduction
Causalnetworkinferenceisof greatinterestin systemsbiology,particularlyfor transcriptomic
studiesthataim to identify regulatoryrelationshipsamonggenes,i.e.,generegulatorynet-
works.In thecontextof probabilisticgraphicalmodels,severalalgorithmshavebeenproposed
to infer theskeletonof directed,undirected,or partially-directedgraphsusingconditional
independencetests[1, 2], score-basedprocedures[3±6]or mutual information [7±10].These
skeletonscorrespondto anequivalenceclass,i.e.anindistinguishablesubsetof graphs.
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Undirectedgraphscanbeusedto obtainasupergraphof theskeletonof adirectedgraph,
whichisagoodstartingpoint to infer causalitywhentheunderlyinggraphisunknown.Sev-
eralundirectednetworkinferencemethods,basedon theparsimoniousestimationof the
inversecovariancematrix,havealsobeenproposedfor Gaussiangraphicalmodels[11,12].
Althoughmethodsbasedon mutual information canalsobeusedto infer thefull graphof
undirectednetworks[13,14],estimatingcausalnetworkswith thesealgorithmstendsto be
verycomputationallydemandingandapplicableonly for low-dimensionalnetworks.In addi-
tion, suchapproachesrequireasignificantamountof interventionaldatato reducethespace
of equivalentnetworks[15]. However,evenwith asufficientamountof interventionaldata,i.e.
roughlyoneknock-outfor eachgene,adirectedacyclicgraph(DAG) cannotgenerallybe
accuratelyestimated[16], perhapsdueto theheterogeneouscoverageof thegenenetwork
space[17]. Assuch,in thiswork wefocuson estimatingafewcausaleffectsratherthan
attemptingto infer thefull network[18].

In orderto reducethecomplexityof theparametersearchspace,atopologicalorderingof
nodesin thegraphcanbeestimatedinsteadof anexactnetwork.AsshownbyRau�� ��� [19], a
rich setof interventionaldataallowsthenodeorderingassociatedwith aDAG to beidentified.
In manytranscriptomicexperiments,however,only asmallnumberof interventionsareavail-
able;in thiswork,weconsiderthespecificcaseof aknock-outinterventionbeingperformed
on asinglegeneof interest.In suchacase,only arestrictedequivalenceclassis identifiable
[20], andit is reasonableto insteadconsideramarginalapproachto estimateonly thecausal
effectsof theknocked-outgeneof intereston anothersetof genes.

To thisend,weproposeamethodto identify downstreamcausalrelationshipsbetweena
knocked-outgeneandall othergenesfrom replicatedobservational(steadystate)transcrip-
tomic dataarisingfrom anunknowngraph.Wefirst presentabrief introduction to graphical
models,whichweuseto defineour modelandhypothesis.Theuseof amathematicaloperator
to describetheinterventionprocess,asdefinedbyPearl[21], allowstheideaof causalityto be
formallydefinedin themodel.Thisenablesaclosed-formexpressionof thelikelihoodto be
obtained.Wethenillustratetheinterestof our methodon asetof simulateddata,andwe
applyit to asetof microarraydatafrom chickenscarryingafunctionalknock-outof the
growthhormonereceptorgene[22]. Themainadvantagesof theproposedmarginalcausal
approacharethat1) it enablestheaccuratedifferentiationof downstreamcausalrelationships
from thosethatareupstreamor simplyassociative;2) it is computationallyefficient,and
thussimultaneouslyapplicableto severalthousandsof genes;and3) it providesaformal
frameworkfor causalinterpetation.Theproposedmethodis implementedin anRpackage
called�0�D�U�J�L�Q�D�O�&�D�X�V�D�O�L�W�\, freelyavailableon GitHub.

Materials and methods

Gaussian causal models
A directedgraphGisasetof nodes� andedgesE. For…�; � †2 E, � issaidto beaparentof �
(� 2 �S�D(�)),or � achild of �, if anedgestartsat � andpointsto �. A directedpathisasucces-
sionof nodessuchthateachelementisaparentof thefollowingnode.A graphissaidto be
acyclicif thereisno directedpathfrom anodebackto itself.It is thencalledaDAG.

A probabilitydensity� canbeassociatedwith aDAG. Assumingthatall variablesare
Gaussian,suchthat thejoint probabilityisamultivariateGaussiandistribution, thefollowing
factorizationholdsfor thejoint densityof thegraph:

� …�†ˆ
Y

	 2�


 …	jpa…	 ††:
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Twographsaresaidto beMarkovequivalentif theyhavethesamejoint probabilitydistribu-
tion; in thiscase,theybelongto thesameequivalenceclass.Themathematical�G�R(�= �) oper-
ator [21] canbegraphicallydefinedbydeletingall edgespointing from �S�D(�)to �. For the
associatedprobabilitydistribution, thiscorrespondsto replacingtheconditionaldistribution

 (�| �S�D(�))by1� = � .

Model selection
ConsideragraphGwhereaninterventionwasperformedon asinglenodeof interest�. Two
kindsof causalitycanbedefined:1) upstreamcausality,whichrefersto edgespointing to �;
and2) downstreamcausality,whichrefersto edgespointing awayfrom �. With the�G�Ropera-
tor definedabove,whenaninterventionisperformedon asinglenode�, it ispossibleto iden-
tify geneswith adownstreamcausalrelationshipto �, i.e.thecausaleffectsof � on all of the
othernodesin thenetwork(seeFig1 for anillustrationof upstreamanddownstreamcausal
relationships).

Our goalis to identify geneswith downstreamcausalrelationshipsto aknocked-outgene
of interestwhentheunderlyinggraphisunknown.It iswellknown thatwhenobservational
dataaloneareavailable,only anequivalenceclassfor theDAG is identifiable[21]. With the
additionof interventions,it ispossibleto reducethissetof equivalenceclasses,but it isstill
oftennot possibleto identify auniqueDAG. For this reason,weconsideramarginalapproach
to estimateonly thecausaldownstreamrelationshipsfrom asinglenodeof interest.

Usingtheframeworkof Gaussianstructuralequations,threepossiblecasesmaybedefined
for eachnode� of thegraph.First,if � isachild of thenodeof interest�, thefollowingequa-
tion holds:

 1 : � ˆ m� ‡ a� ‡ ��� ;

where� � is theresidualmeanof �, �� is thetotal causaleffectfrom � to �, and��� iscentered
Gaussiannoisewith variances2

� . On theotherhand,if � isaparentof �, thefollowingequa-
tion cansimilarlybewritten:

 0 : � ˆ m� ‡ a� ‡ ��� ;

Fig 1. Illustration of upstream and downst ream causalit y. Nodes X0 and X1 are both upstream causally
related to knocked-out gene G, while nodes X2 and X3 are both downstream causally related to G.

doi:10.1371/journal.pone.0171142.g001
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where� � is theresidualmeanof �, �� is thetotal causaleffectfrom � to �, and� � theresidual
standarddeviationof �. Finally,if � isneitherachild (descendant)nor aparent(ancestor)of
�, themodelcanno longerbeexpressedin termsof aGaussianstructuralequation.However,
asthepair of variables� and� maystill becorrelated,thepair (�, �) canbeconsideredto be
arandomvariablefollowingabivariateGaussiandistribution.

Wenextmustcomputethelikelihoodfunctionsassociatedwith eachof thesethreecases
whenbothobservationalandinterventionaldataareavailable.However,asillustratedin Fig2,
evenwith theavailabilityof interventionaldata,thecausaldownstreammodelandthecorre-
latedmodelcannotbedistinguishedfrom oneanother,astheir likelihoodsareidentical.In
Model  1 (thedownstreamcase),thedistribution of � underthe�G�Roperatorisneeded.In
Model  0 (theupstreamor correlationcases),themarginaldistribution of � mustbeused.
UsingtheMarkovequivalencefor observationaldata,all modelscanbereparameterizedasa
downstreammodel.Our modelsmaythuswritten asfollows:

 1 : � 1 � N …m1; s2
1†; � 2 � N …m2; s2

2†;

� ˆ � 1; � ˆ a� 1 ‡ � 2;

 0 : ~� 1 � N …~m1; ~s1
2†; ~� 2 � N …~m2; ~s2

2†;

� ˆ b~� 1 ‡ ~� 2; � ˆ ~� 1;

 0 :
�

�

 !

� N
� 1

� 2

 !

;
�2

1 r� 1�2

r� 1�2 �2
2

 ! !

:

Wecannowexplicitlywrite thefollowingequalities:

m1 ˆ � 1; m2 ˆ � 2 � a� 1; s1 ˆ �1;

a ˆ r� 2=�1; s2 ˆ
•••••••••••••••••
�2
2 � a2�2

1

p
;

~m1 ˆ � 2; ~m2 ˆ � 1 � b� 2; ~s1 ˆ �2;

b ˆ r� 1=�2; ~s2 ˆ
•••••••••••••••••
�2

1 � b2�2
2

q
:

Wehavethusobtainedall of thenecessarydistributionsto computetherespectivelikeli-
hoodsfor eachmodel:thejoint distribution, theconditionaldistribution of � given�, andthe

Fig 2. Models given observation al or interventiona l data. Graphical representation of the M1

(downstream) and M0 (upstream or correlated) models under observational and interventional data.

doi:10.1371/journal.pone.0171142.g002
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marginaldistribution of �, all with thesamesetof parameters.Forsimplification,wedefine
{� � , � � } and{� � , � � } to bethesetof residualparametersassociatedwith � and�, respectively,
and� thefull setof parameters.Weobtaintwo likelihoodfunctions,whereWT (wild type)
representstheobservationaldata,andKO (knock-out)theinterventionaldata:

`�� …y†̂
X

�2��

���F…� � jm� ‡ a� � ; s2
� †‡ ���F…� � jm� ; s2

� †;

`1
�� …y†̂

X

�2��

���F…� � jm� ‡ a� � ; s2
� †;

`2
�� …y†̂

X

�2��

���F…� � jm� ‡ am� ; a2s2
� ‡ s2

� †;

`  1
…y†̂ `�� …y†‡ `1

�� …y†;

…1†

` 0
…y†̂ `�� …y†‡ `2

�� …y†: …2†

Oncethelikelihoodsin Eqs(1) and(2) havebeenmaximized,aBayesfactorcanbecalculated
for eachgeneto choosethemostprobablemodelbetween 0 and 1:

� ˆ
�3…�	
	j 0†
�3…�	
	j 1†

ˆ
�3…0j�	
 	†
�3…1j�	
 	†

�
�3  1… †
�3  0… †

:

TheBayesfactormaythenbeusedto orderthenodesaccordingto thestrengthof thedown-
streamcausalrelationshipwith node�. If it isgreaterthan1,model 0 ispreferred,whereasif
it is lessthan1,model 1 ispreferred.

Results

Simulation study
In orderto assesstheperformanceof our proposedmethod,weperformedasimulationstudy
to ensurethat it correctlydistinguishesdownstreamcausalityfrom correlation.Weconsidered
asimulationsettingsimilar to theexperimentaldesignof thetranscriptomicdatapresented
below.For100independentgenes,wesimulated24replicatesin both theobservationaland
thesingle-KOinterventionaldata,usingaGaussianframeworkaspresentedin theMethods
sectionwith eitheradownstreamcausalor correlatedrelationshipwith theKO gene.Foreach
of the100simulations,theBayesfactorwasthencalculated.Two setsof simulationswereper-
formedfor eachmodelwith thesamemeansandcausaleffects,but with differentresidual
variances.

Resultsfor thefour simulationsettingsarepresentedin Fig3.On theleft,dataweresimu-
latedwith � � = 0.09,� � = 0.15,andon theright, � � = 0.3,� � = 0.5.Thisrangeof valueswas
chosenbasedon thetranscriptomicdatapresentedin thefollowingsection,representingsmall
variances(within thelowerquantile)andlargevariances(within theupperquantile),respec-
tively.Wenotethat for smallvariances,thelogarithmof theBayesfactorisstronglynegative
for thedownstreamcausalmodel,while it isaroundzerofor thecorrelationmodel.A similar
patternisobtainedfor largervariances,with smallerdifferencesbetweenthecorrelationand
downstreamcausalitycases.

In asecondsimulation,weinvestigatedwhethertheproposedmethodisableto identify
marginaldownstreamcausalpartnersfrom asimulatedgraph.Dataweresimulatedundera
Gaussianstructuralequationaccordingto theDAG structurepresentedin Fig4.Wesimulated
aknock-outinterventionon Gene6 alone;asbefore,24replicatesweresimulatedfor both the
observationalandinterventionaldatafor eachof theothergenesin thenetworkin 100

Marginal causal relationships in gene networks
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Fig 3. Bayes factor for the correlatio n (M0) and downstre am (M1) models. log10 Bayes factor for simulated data under the downstream model
(ªdownº) and correlation model (ªcorº),with low (left; �1G = 0.09, �1X = 0.15) and high (right; �1G = 0.3, �1X = 0.5) variance.

doi:10.1371/journal.pone.0171142.g003

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:10.1371/journal.pone.0171142.g004
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independentruns.Wenotethat theinterventionnode,representedin yellowin Fig4,hassev-
eraltypesof relationshipswith theothernodes:causalupstreamancestors(in blue),down-
streamcausalgenes(in red),andsimplycorrelatedgenes(in green).

Thevaluesof theBayesfactorfor eachgenein thenetworkareplottedin Fig5.Asbefore,
themorestronglynegativethelogarithmof theBayesfactor,themoreevidencethereis for a
downstreamcausalmodel.Wenotethat for thegeneswith atruly downstreamcausalrelation-
shipwith theKO gene(in red),theBayesfactorindeedtendsto bestronglynegative.Only
node11isnot detectedasadescendent;thiscanbeexplainedby theweaktotal causaleffect
for thisnode,equalto �0.015 from node6 (theknocked-outgene)to node11.Thesesimula-
tionsthusconfirm theability of theproposedmethodto differentiatedownstreamcausalrela-
tionshipsfrom upstreamor simplecorrelationonesin adirectedacyclicgraph.An additional
advantageof themarginalcausalapproachis that it providesanestimationof thetotal causal
effectbetweentheKO geneof interestandeachof theothers.Thesimulatedvaluesfor these
effects,aswellastheestimationsobtainedfor variousnumbersof replicatesareprovidedin
Table1.Theaccuracyof theestimationisveryrobustevenwith alow numberof replicates,
with verylow variabilityacrosssimulations.Theseeffectsthusappearto begenerallywell-esti-
matedwith theproposedmethod.

In orderto comparetheresultsof our marginalcausalapproachwith anothermarginal
(but non-causal)approachroutinelyusedin practicefor comparisonsbetweentwo groups
(here,observationalandinterventional),wealsoperformedaclassicaldifferentialanalysison
thesamesetof simulateddatausingtheR/Bioconductorlimma package[23]. Briefly,limma
makesuseof arobustmoderatedtwo-samplet-testbetweentheobservationalandinterven-
tional samplesfor eachgene,whereanempiricalBayesmethodisusedto shrink per-gene

Fig 5. Bayes factor for the simulate d graph structure. Results from 100 simulations based on the graph in
Fig 4. Nodes simulated under the upstream/correlation model (M0) appear to the left in black, and those
simulated under the downstream model (M1) appear to the right in red.

doi:10.1371/journal.pone.0171142.g005
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samplevariancestowardsacommonvalue.Wecalculatedtheareaunderthereceiveroperat-
ing characteristic(ROC)curve(AUC) over100simulationsto comparethesensitivityand
specificityof themarginalcausalapproachandthedifferentialanalysisto detectdownstream
causalrelationships.Resultsarepresentedin Fig6.Wenotethat for arelativelylargenumber
of replicates(10WT / 10KO or 25WT / 25KO), bothmethodsperformverysimilarly,with
slightlybetterresultsfor theproposedcausalapproach.In thesimulationsettingwith asmall
numberof replicates(5 WT / 5 WO), theperformanceof thedifferentialanalysistendsto dete-
rioratemorestronglythanthatof thecausalapproach;in particular,theAUC valuesmuch
lowerthanin theothersettings,with alargevariabilityacrossthe100simulations.

Finally,althoughour approachfocuseson marginalcausaleffectsandnot thefull net-
work, it is of interestto compareit to amoreglobalnetwork-wideapproach.Asanillustra-
tion, wemakeuseof theGreedyInterventionalEquivalenceSearch(GIES)algorithm,a
score-basedmethodto infer thefull directedacyclicgraphbasedon observationalandinter-
ventionaldata[24]. For this comparison,wefocusonly on thedownstreamcausalrelation-
shipsfrom theKO geneof interest.Weusethegraphstructurein Fig4 to simulatedataas
above(100datasets,with 24replicatesin eachof theWT andKO groups),andwedefinean
F-scoreto assesstheperformanceof eachalgorithm:

� ˆ
�

� ‡ ��

 ˆ
�

� ‡ �

� � �� �� � ˆ 2
� ‡ 

�

;

whereªTPº correspondsto nodesthatweresimulatedto bedownstreamof theKO geneand
werecorrectlyidentifiedby agivenmethod,ªFPºcorrespondsto nodesthatwerenot simu-
latedto bedownstreamof theKO genebut wereincorrectlyidentifiedby agivenmethod,
andªFNº correspondsto nodesthatweresimulatedto becorrelated/upstreamof theKO
genebut wereincorrectlymissedbyagivenmethod.

Theboxplotof F-scoresfor eachmethodisshownin Fig7,aswellasthesamesimulation
for upstream/correlationlinks.Asour marginalapproachfocuseson thedownstreamlinks

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 6 WT / 6 KO 12 WT / 12 KO 24 WT / 24 KO 48 WT / 48 KO

1 0.00 0.01 (0.21) 0.04 (0.15) 0.04 (0.10) 0.02 (0.07)

2 0.00 -0.03 (0.06) -0.04 (0.04) -0.04 (0.02) -0.04 (0.02)

3 0.00 0.08 (0.12) 0.10 (0.07) 0.09 (0.05) 0.09 (0.03)

4 0.00 0.00 (0.06) -0.02 (0.04) -0.01 (0.02) -0.02 (0.02)

5 0.00 -0.01 (0.04) 0.00 (0.03) -0.01 (0.02) -0.01 (0.01)

7 0.00 0.03 (0.08) 0.05 (0.05) 0.04 (0.04) 0.04 (0.03)

8 0.00 0.04 (0.27) -0.01 (0.18) 0.01 (0.16) 0.01 (0.10)

9 3.00 2.99 (0.17) 2.98 (0.08) 2.99 (0.23) 2.99 (0.10)

10 -1.30 -1.31 (0.08) -1.30 (0.05) -1.30 (0.04) -1.31 (0.03)

11 -0.02 -0.02 (0.06) -0.02 (0.04) -0.01 (0.03) -0.02 (0.02)

12 3.00 3.00 (0.11) 2.97 (0.24) 3.00 (0.14) 3.00 (0.04)

13 -1.30 -1.32 (0.16) -1.29 (0.09) -1.30 (0.10) -1.31 (0.05)

doi:10.1371/journal.pone.0171142.t001
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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. ªBayesº (left) corresponds to the causal marginal method, and ªp-valº (right) to the p-values obtained using limma.

doi:10.1371/journal.pone.0171142.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 log10 Bayes factor to select between models. For the GIES algorithm, the inferred topology is used
to classify nodes as downstream or not.

doi:10.1371/journal.pone.0171142.g007
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anddoesnot try to infer thetopologyof afull network,it obtainsmoreconsistentresultsthan
theGIESalgorithm.Thissuggeststhat in caseswhereinterestison thedownstreamcausal
links with asingleKO gene,attemptingto infer acompletenetworktopologymayleadto
moreinaccurateresultsthanfocusingon marginalcausaleffects.

Real data analysis
Weappliedour marginalcausalmethodto asetof transcriptomicdatain thecontextof gene
regulatorynetworks[25]. Thesedatawereproducedat theFrenchNationalInstitute for Agri-
culturalResearch(INRA), in astudyinvestigatinggeneexpressiondifferencesbetweenwild-
typechickensandtheir siblingscarryingafunctionallyinactivegrowthhormonereceptor
(GHR)gene,leadingto adwarfphenotype;in thiscase,afunctionalKO refersto amutation
for whichtheassociatedprotein isgeneratedbut canno longerfulfill its role[22]. Weconsid-
eredthemutationof theGHRgeneto beanexperimentalknock-out,andtheexpressionlevel
of theGHRgenewassetto avaluecloseto zerofor thedwarfchickens.CustomizedAgilent
microarrayswereusedto measuregeneexpressionfrom liver samplestakenfrom 24wild type
and24knock-outchickensfor 18,855genes.ThesedataareavailableatGEOundertheGEO
accessionnumberGSE91084.

After standardpreprocessingandnormalizationsteps,weaimedto identify genesthat
aredownstreamcausallyrelatedto theGHRgeneusingthemarginalcausalmethodpre-
sentedin this work. A classicalper-genedifferentialanalysiswasalsoperformedbetween
wild-typeanddwarfchickensusinglimma [23]. Fig8 comparestheBayesfactorsobtained
with themarginalcausalmethodandthe�-valuesof thedifferentialanalysis.In this case,the
resultsareverysimilar for thetwo analyses,with aclearlineartrend in thescatterplot. This
followstheresultsobtainedin thesimulationstudyfor morethan10biologicalreplicates;
theaddedvalueprovidedby themarginalcausalmethod,however,is that it providesafor-
mal interpretationof thedifferentialanalysisin termsof downstreamcausalrelationships.A
similar resultmaybeseenin Fig9,whichshowsaclearcorrespondencebetweenthefifty
mosthighly rankedgenesaccordingto theBayesFactorand�-valuesof thedifferentialanal-
ysis.Interestingly,it alsoillustratesthesimilarity in usingtheestimatedtotal causaleffects
andthelog fold-changevalues(both in absolutevalue)to rank genesthataredownstream
causallyrelatedto theGHRgene.

Discussion
Wehaveproposedanovelapproachto detectmarginalcausalrelationshipsin highdimen-
sionaldatawheninterventionsareavailablefor asinglenodeof interest.Thismethodwas
developedin thecontextof transcriptomicdata,andcanbeparticularlyusefulto performa
pre-selectionof genesprior to amorethoroughcausalnetworkinference.It iscomputationally
efficientandcanbesimultaneouslyappliedthousandsof genes.In addition,our simulation
studyillustratedthat theproposedmethodwasableto accuratelyclassifybetweendownstream
causalrelationshipsandupstreamor simplecorrelationrelationshipswhentheunderlying
DAG isunknown.

Weshowedthat theresultsof differentialanalysescomparingKO to WT samplescan
indeedbeinterpretedascausal,giventheir similarity to thecausalGaussianBayesiannetwork.
It is true that thenewapproachdescribedhereprovideslittle or no improvementoverclassical
differentialanalysishypothesistests.However,it ispreciselythroughthenewcausalinterpre-
tation of theseclassicalteststhatour approachshowspromise.Forexample,with thedevelop-
mentof CRISPR/Cas9genomeediting[26], it is clearthat thenumberof intervention
experimentsin molecularbiologywill increasedramaticallyin thecomingyears.In this
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context,althoughdifferentialanalysisisclearlyanaturalwayto dealwith fully controlled
experiments(like randomizedclinical trials),it isnot particularlywell-adaptedfor analyzing
multi-factorialexperimentsand/orpartiallycompleteinterventiondesigns.For thesemore
complextypesof studies,webelievethatatestbasedon causalGaussianBayesiannetworks
will beaninnovativeandefficientwayto testandinfer causality.

Theproposedmethodrelieson structuralGaussianequations,whichassumelinearrela-
tionshipsandgraphacyclicity.Thoughnot alwaysbiologicallyrelevant,theseassumptions
areoftenmadein causalgenenetworkinferenceastheyallowclosed-formformulaeof the
likelihoodfunctionsto beobtained,whichmakestheproposedmodelverycomputationally
efficient.It wouldbeinterestingin thefuture to evaluatewhetherresultshold underless
restrictiveassumptions.Themethodpresentedhereis definedin thecontextof interven-
tionson oneof thenodesof thenetwork.It couldsimilarlybeappliedto severalinterven-
tions,if theyareassumedindependentof oneanother.However,if theinterventionsare
causallylinked,adjustmentsto themodelwouldhaveto beconsidered.Finally,thepro-
posedmethodwasderivedwithin anempiricalBayesianframework,wherethemaximum
likelihoodestimatorswereused.It wouldbeinterestingto investigateafully Bayesian
approach,usingpriors on theparametersthat couldincludeinformativebiological
knowledge.

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:10.1371/journal.pone.0171142.g008
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