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The differentiation of hematopoietic stem cells into cells of the immune system has been studied extensively in mammals, but the 
transcriptional circuitry that controls it is still only partially understood. Here, the Immunological Genome Project gene-expression 
profiles across mouse immune lineages allowed us to systematically analyze these circuits. To analyze this data set we developed 
Ontogenet, an algorithm for reconstructing lineage-specific regulation from gene-expression profiles across lineages. Using Ontogenet, 
we found differentiation stage–specific regulators of mouse hematopoiesis and identified many known hematopoietic regulators and 
175 previously unknown candidate regulators, as well as their target genes and the cell types in which they act. Among the previously 
unknown regulators, we emphasize the role of ETV5 in the differentiation of gd T cells. As the transcriptional programs of human and 
mouse cells are highly conserved, it is likely that many lessons learned from the mouse model apply to humans.

programsofhumanandmousecellsarehighlyconserved4,many
lessonslearnedfromthemousemodelwillprobablybeapplicable
tohumans.Twokeyapproachesfortheidentificationofregulatory
networks5arephysicalmodelsbasedontheassociationofatranscrip-
tionfactororacis-regulatoryelementwithatarget’spromoter(for
example,fromchromatinimmunoprecipitation(ChIP)followedby
deepsequencing)andobservationalmodelswithwhichregulation
canbeinferredfromasignificantcorrelationbetweentheabundance
oractivityofatranscriptionfactor(asproteinormRNA)andthatof
itspresumedtarget.Inbothcases,analysisoftherelationshipbetween
aputativeregulatorandamoduleofcoregulatedtargetsenhances
robustnessandbiological interpretability6,7.Physicaldataprovide
directevidenceofbiochemical interactionsbutdonotnecessarily
indicatefunction8andarechallengingtocollect9,whereasmRNA
profilesarehighlyaccessiblebutprovideonlycorrelativeevidence.As
physicalandobservationalmodelsarecomplementary,usingboth3
canenhanceconfidence5–7andexpandthescopeofdiscovery.

Analysisofcellsorganizedinaknownlineage,asinhematopoiesis,
offersuniqueopportunitiesthathavenotbeenleveragedbefore.In
particular,publishedmodels3havenotexplicitlyconsideredthefact
thatcellsthataremorecloselyrelated(accordingtotheknownline-
agetree)probablysharemanyoftheirregulatorymechanismsand
thatregulatoryrelationshipsthatexistinonesublineagemaynotbe
activeinanother.Incorporatingsuchinformationmayhelpinthe
identificationoftrueregulatorsofhematopoiesis.

Hereweused those insights todevelopanewcomputational
method,Ontogenet,andtoapplyittotheImmGencompendium
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TheImmunologicalGenomeProject(ImmGen)isaconsortiumof
immunologistsandcomputationalbiologistswhoaim,throughthe
useofsharedandrigorouslycontrolleddata-generationpipelines,
toexhaustivelychartgene-expressionprofilesandtheirunderlying
regulatorynetworksinthemouseimmunesystem1.Inthiscontext,
weprovidethe firstcomprehensiveanalysisof theImmGencom-
pendiumanduseanewcomputationalalgorithmtoreconstructa
modularmodeloftheregulatoryprogramofmousehematopoiesis.
Understanding the regulatory mechanisms that underlie the dif-
ferentiationofcellsoftheimmunesystemhasimportantimplica-
tionsforthestudyofdevelopmentandforunderstandingthebasis
of human immunological disorders and hematological malignan-
cies.Moststudiesofhematopoiesisviewdifferentiationasaprocess
controlled by relatively few ‘master’ transcription factors that are
expressed inspecific lineagesandact tosetandreinforcedistinct
cellstates2.However,analysisofgeneexpressionin38celltypesin
humanhematopoiesis3hassuggestedamorecomplexorganization
that involvesa largernumberof transcriptionfactors thatcontrol
combinationsofmodulesofcoexpressedgenesandarearrangedin
densely interconnected circuits. However, that human study was
restrictedtohumancellsthatcouldbeobtainedinsufficientquanti-
tiesfromperipheralorcordbloodandthuscouldnotaccessmany
cellpopulationsoftheimmunesystem.

The246celltypesofthemouseimmunesysteminthe816arrays
oftheImmGencompendiumofferanunprecedentedopportunity
for studying the regulatory organization of hematopoiesis in the
contextofarichanddiverselineagetree.Becausethetranscriptional
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tobuildanobservationalmodelassociating578candidateregula-
torswithmodulesofcoexpressedgenes.Wedefinedmodulesat
twodifferentgranularities,with81largercoarse-grainedmodules,
someofwhichwefurtherrefinedintosmallermoduleswithmore
coherentexpression; thisresulted in334 fine-grainedmodules.
Themodelidentifiedmanyofthealreadyknownhematopoietic
regulators, was supported through the use of a complementary
physicalmodelandproposeddozensofpreviouslyunknowncan-
didateregulators.Ourmodelprovidesarichresourceoftestable
hypotheses for experimental studies, and the Ontogenet algo-
rithmcanbeused todelineate regulation in thecontextofany
celllineage.

RESULTS
Transcriptional compendium of the mouse immune system
The ImmGen consortium data set1 (April 2012 release) consists
of816expressionprofilesfrom246celltypesofthemouseimmune
system (Fig. 1 and Supplementary Table 1). The cell types span
all major hematopoietic lineages, including stem and progenitor
cells,granulocytes,monocytes,macrophages,dendriticcells(DCs),
natural killer (NK) cells, B cells and T cells. The T cells include
many types of αβ T cells, regulatory T cells (Treg cells), natural
killer T cells (NKT cells) andγδ T cells. The ‘same’ cell type was
oftensampled fromseveral tissues, suchasbonemarrow, thymus
andspleen.

Similarities in global profiles trace the cell ontogeny
Correlationsinglobalprofilesbetweensampleswerelargelyconsist-
entwiththeknownlineagetree(Fig. 2).Ingeneral,theclosertwocell
populationswereinthelineagetree,themoresimilartheirexpression
profileswere(Pearsonr=–0.71;Supplementary Fig. 1).Formyeloid
cells,profilesweresimilaroverall,withgranulocytesbeingtheleast
variable,DCsbeingthemostvariable(consistentwithDCsamples’
beingobtainedfromdiversetissuesandtheirknowninherentdiver-
sity10)andallmyeloidcellsbeingweakly similar to stromalcells.
Conversely,lymphocyteshadlargerdifferencesbetweenlineages.NK
cells,althoughtightlycorrelated,didshowweakersimilaritytoTcells,
especiallyCD8+TcellsandNKTcells.Tcellswereveryheterogene-
ous,whichpartlyreflectedthefinersamplingforthislineage.Stem
cellsweremostsimilartoearlymyeloidandlymphoidprogenitors
(S&Pgroup,Fig. 2),followedbypre-Bcellsandpre-Tcells,consist-
entwithagraduallossofdifferentiationpotential.Asaresourcefor
studyingeachlineage,weusedone-wayanalysisofvariancetodefine
characteristicsignaturesofover-andunderexpressedgenesforeach
ofthemainelevenlineagescomparedwiththeexpressionofthose
genesinallotherlineages(Supplementary Table 2).

Coarse- and fine-grained expression modules in hematopoiesis
Tocharacterizethekeypatternsofgeneregulation,wenextdefined
modulesofcoexpressedgenesattwogranularities(Supplementary 
Fig. 2a,b).Wefirstconstructed81coarse-grainedmodules(C1–C81;
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Figure 1 Mouse cell populations in the ImmGen compendium. Lineage tree of the hematopoietic mouse cell types profiled by the ImmGen Consortium 
(nomenclature and markers for sorting, Supplementary Table 1). Some samples of stem cells, progenitor cells and B cells were obtained from adult and 
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Supplementary Fig. 2c–h and Supplementary Table 3) and then
furtheridentifiedforeachcoarse-grainedmoduleasetofnestedfine
modules(Supplementary Fig. 2a),whichresultedin334finemod-
ulesspanning7,965genes(F1–F334;Supplementary Table 4).Coarse
moduleshelpeduscapturethemechanismsthatcoregulatealargerset
ofgenesinonelineage,whereasfinemodulesmayhelpintheidenti-
ficationofdistinctregulatorymechanismsthatcontrolonlyasmaller
subsetofthesegenesintheotherlineage(s).Manyofthemodules
showedenrichmentforcoherentfunctionalannotations,cis-regulatory
elements(Supplementary Table 5)andbindingoftranscriptionfac-
tors(Supplementary Table 6andSupplementary Note 1),including
bindingsitesforfactorsknowntoactasregulatorsinthelineage(s)in
whichthemodule’sgenesareexpressed(Supplementary Note 2).All
modulesandtheirassociatedenrichmentscanbesearched,browsed
and downloaded at the ImmGen portal (http://www.immgen.org/
ModsRegs/modules.html).

Most coarse-grained modules (48 of 81 modules; 4,478 of 7,965
genes) showed either lineage-specific induction (Supplementary  
Figs. 2c and 3) or ‘pan-differentiation’ regulation (Supplementary  
Figs. 2de, 4 and 5). Inaddition,6moduleswere ‘mixed-use’across
lineages (Supplementary Figs. 2f and 6), 8 were stromal specific
(Supplementary Fig. 2g)and19hadexpressionpatternsthatdidnotfall
intothosecategories(Supplementary Figs. 2h and 7).Lineage-specific
repressionwasrare(onlyinC53(Bcells)andC17(stromalcells)).

Ontogenet: reconstructing lineage-sensitive regulation
Wenextdevelopedanewalgorithm,Ontogenet,todelineatetheregu-
latorycircuitsthatdrivehematopoieticcelldifferentiation.Ontogenet
aimstofulfillthefollowingbiologicalconsiderations:criterion1,the
expressionofeachmoduleofgenesisdeterminedbyacombinationof
activatingandrepressingtranscriptionfactors;criterion2,theactivity
ofthosefactorsmaychangeindifferentcelltypes(forexample,factor
Amayactivateamoduleinonelineagebutnotinanother,evenifAis
expressedinbothlineages);criterion3,theidentityandactivityofthe
factorsthatregulateamodulearemoresimilarincellsthatarecloseto
eachotherinthelineagetree(forexample,fromthesamesublineage)
thanin‘distant’cells(forexample,fromtwodifferentsublineages),in
accordancewiththegreatersimilarityinexpressionprofilesofcloser
celltypes(Supplementary Fig. 1);andcriterion4,masterregulators
ofalineage(forexample,GATA-3forTcells)areactiveacrossthe
sublineages,butthesubtypescanalsohaveadditional,morespecific
regulators(forexample,Foxp3forTregcells).Theformershouldbe
capturedassharedregulatorsofacoarsemoduleanditsnestedfine
modules,whereasthelatterregulateonlyparticularfinemodules.

Ontogenetreceivesasinputthegene-expressionmodule,thelineage
treeandtheexpressionprofilesofapredesignatedsetof‘candidate
regulators’(transcriptionfactors,chromatinregulatorsandsoon).
It then associates each module with a combination of regulators
(criterion1above),wherebyeachregulatorisassignedan‘activity
weight’foreachcelltypethatindicatesitsactivityasaregulatorfor
thatmoduleinthatcell(criterion2above).Theregulatoractivityis

attheproteinlevelbutisinferredsolelyfromtranscriptabundance.
FollowingtheapproachintheLirnetmethodforregulatory-network
reconstruction6,theactivity-weightedexpressionoftheregulators
iscombinedinalinearmodeltogenerateapredictionofamodule’s
geneexpressionineachcelltype(Fig. 3).Inthismodel,theexpres-
sionofthemodule’sgenesinagivencelltypeisapproximatedbythe
linearsumoftheregulators’expressioninthatcelltypemultipliedby
eachregulator’sactivityweightinthatcelltype.Asaresult,themodel
makespredictionssuchas“inpreBcells,Module1isactivatedby
transcriptionfactorsAandBandisrepressedbyfactorC,whereas
inBcells,factorsAandCarenolongeractive(evenifthefactorsare
expressed),andModule1isactivatedbyBandD.”Ourmodelassumes
thatallgenesinthesamemoduleareregulatedinthesameway.This
isessentialforstatisticalrobustness,althoughitcomesatthecostof
missingsomegene-specificexpressionpatterns.Thefinemoduleslet
usexaminesubtlerexpressionpatternssharedbyfewergenesbutare
moresusceptibletonoise.

AlthoughOntogenetreconstructsapotentiallydifferentregulatory
programforeachcelltype,asreflectedbythecell-specificactivity
weightsofeachregulator,itisgearedtowardmaintainingthesame
activityacrossconsecutivestagesindifferentiation(criterion3).This
isachievedbypenalizingchangesintheactivityweightsoftheregula-
toryprogrambetweenacelltypeanditsprogenitor.Thefine-grained
modulesderived fromacoarse-grainedmodule ‘inherit’ thesame
regulatorsandactivityweightsthatwereinferredfortheircoarse-
grainedmodule(whilepossiblygainingadditionalregulators;crite-
rion4).Collectively,weuseanoptimizationapproachthatconstructs
anensembleofregulatoryprogramsthattrytoachievethefollowing
goals:eachregulatoryprogramexplainsasmuchofthegene-expression
varianceinthemoduleaspossible;theregulatoryprogramsremainas
simpleaspossible;regulatoryprogramsareconsistentacrossrelated
celltypesintheontogeny;andfinemoduleshaveregulatorssimilar
tothoseofthecoarsemodulestowhichtheybelong.

Notably,theapproachusedbeforetoidentifycombinationsofregu-
lators(forexample,linearregressionregularizedwiththeElasticNet
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penalty6,11) assumed that regulatory activ-
ity (andhenceactivityweight) is the same
acrossallcelltypes.Thus,ifaregulatorwas
expressedsimilarlyintwodifferentcells,it
wasdeemedtobeactivetothesameextent.
Thisviolatestheknowncontextspecificityof
regulationincomplexlineages.Conversely,
allowingthealgorithmtoconstructasepa-
rate regulatory program for each cell type
independentlyisimpracticalandalsoignores
theexpectedsimilaritybetweenrelatedcelltypesinthelineagein
termsofgeneregulation.Ontogenetsolvesthisproblembyleveraging
thelineagetreewheninferringtheregulatoryconnectionsandtheir
activity,suchthatthemodule’sgenesaremorelikelytoberegulated
inasimilarwayinrelatedcelltypes.

Ontogenet regulatory model for mouse hematopoiesis
WeappliedOntogenettothe81coarse-grainedmodulesand334fine
modules,alineagetreeconsistingof195celltypesand580candidate
regulators.TheOntogenetmodelidentified1,417regulatoryrelations
(1,091activating,317repressingand9mixed)between81coarse-
grainedmodulesand480uniqueregulators(Fig. 4,Supplementary 
Fig. 8andSupplementary Table 5).Onaverage,therewere17regula-
torspercoarse-grainedmodule,andthreecoarse-grainedmodulesper
regulator.Asdeterminedbycross-validation,Ontogenetconstructs
regulatoryprograms thatare strictlybetteratpredictingnewand
previouslyunknownexpressiondatathanthoseobtainedbyElastic
Net6,amethodthatdoesnotusethetreeandhasfixedactivityweights
(Supplementary Fig. 9andSupplementary Note 3).

Inmostcases(59%),aregulator’sactivityweightsvariedindiffer-
entcelltypes(‘frequentlychanging’),reflectiveofcontext-specific
regulation(Supplementary Fig. 10).Whenweprunedregulatory
interactionswhosemaximaleffect(definedastheproductofactiv-
ityweightandexpression)waslow,weobtainedasparsernetwork,
in which ‘pan-differentiation’ and lineage-specific modules were
controlledmostlybydistinctregulators(Fig. 5),whereasmixed-use
modulessharedregulatorswithmodules intheotherclasses.The
regulatorymodelassociating334finemodulesand554regulatorsin
6,151interactionshadqualitativelysimilarpatterns,exceptforhav-
ingmoreregulatorswithmixedactivity(thatis,aregulator’sactivity
weightsfrequentlychangedinsomemodulesandremainedconstant
inothers),probablyreflectiveofboththegreaternumberofinterac-
tionsandthefinerregulatoryprogram(Supplementary Fig. 10and
Supplementary Table 7).Thisrichregulatorymodelfordifferentia-
tionofthemouseimmunesystemidentifiedmanyknownregulatory
interactionsandsuggestednewregulatory interactions inspecific
immunologicalcontexts.

Ontogenet prediction of known regulatory interactions
Manyof theregulatory interactions identifiedbyOntogenetwere
already known, which supported the accuracy of our model. For
example,amongindividualregulators,PU.1(encodedbySfpi1)was
selectedasaregulatorofthemyeloidandBcellmoduleC25(and13
ofits15finemodules);C/EBPα(encodedbyCebpa)regulatesthe
myeloidmodulesC24,C30andC74,themacrophagemoduleC29,
andmanymyeloidfinemodules;C/EBPβ(encodedbyCebpb)regu-
latesthemyeloid-specificmodulesC25andC30andmanymyeloid
finemodules;MafB(encodedbyMafb)regulatesthemacrophage-
specificmodulesC29,F128andF131;STAT1regulatestheinterferon-
responsemoduleC52;T-bet(encodedbyTbx21)regulatestheNK
cellmoduleC19andNKTcellmoduleF288;andCIITA(encodedby
Ciita)regulatestheantigen-presentingcellmoduleF136.

Furthermore, the combination of regulators associated with a
singlemodulewasalsoconsistentwithknownregulatoryrelations.
For example, the B cell module C33 is regulated by the known
B cell regulators Pax5, EBF1, POU2AF1 and Spi-B (Fig. 4); the
T cell module C18 (Supplementary Fig. 8) is regulated by the
known T cell regulators Bcl-11B, GATA-3, Lef1, TOX and TCF7;
theγδTcellmoduleC56isregulatedbytheknownγδTcellregula-
torsPLZF(ZBTB16),Sox13andId3,allalsoinvolvedinNKTcell
developmentandfunction; theNKTmoduleF188 isregulatedby
GATA-3,T-betandPLZF;andfinemodulesF150andF152,inwhich
theexpressionoftheirmembergenesbyCD8+DCsishigherthan
thatofCD4+DCs,areregulatedbyIRF8(butnotIRF4),consistent
withtheknownroleofsubset-selectiveexpressionIRF4andIRF8in
DCcommitment12.

Ontogenet’spredictionswerealsosupportedbytheirsignificant
overlapwiththosebasedonenrichmentofcis-regulatorymotifsand
ChIP-basedbindingprofilesinthemodules(Supplementary Tables 5 
and 6),whichsupportedtheideaofdirectphysicalinteractionbetween
aregulatorandthegenesinthemodulewithwhichitwasassociated
byOntogenet(Supplementary Table 8).Forexample,27oftheasso-
ciationsbetweenaregulatorandacoarsemoduleweresupportedby
enrichmentforcis-regulatorymotifs(P=2.6×10−5(hypergeometric
test fortwogroups)andP<1×10−5(permutationtest)),suchas
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theGATA-2motifinthehematopoieticstem
cell(HSC)moduleC40,andthePU.1(SFPI1)
motif in myeloid cell module C25. The
ChIP profiles supported the prediction of
21 regulator–coarse module associations
(P=2.2×10−5(hypergeometrictestfortwo
groups)andP<1×10−5(permutationtest)),
suchasthebindingofC/EBPαandC/EBPβ
inthemyeloidcellmoduleC24andthebind-
ingofEBF1intheBcellmoduleC33.

Althoughthoseoverlapswerestatistically
significant,theyneverthelessalsoindicated
thatthepredictionsofmostregulatoryinter-
actionswerenotsupportedbyenrichmentforknowncis-regulatory
motifsoravailabletranscriptionfactor–bindingdata,andviceversa.
Therearethreereasonsforthis.First,assigningscoresforbinding
sitesandtheirenrichmentisaprocessthatishighlypronetofalse-
negativeresults;thisisparticularlylikelytooccurformuchsmaller
finemodules.Second,themajorityofregulatorschosenbyOntogenet
donothaveacharacterizedbindingmotif(60%ofregulators;334
of554)orChIPbindingdata inanycell type (90%of regulators;
497of554).Suchregulatorscanbenominatedonlybyanexpres-
sion-basedmethod,suchasOntogenet,andshouldnotbeconsidered
false-positiveresultsofourmethod.Third,inmanycasesinwhichwe
dofindenrichmentforacis-regulatoryelementorbindingprofilefor
(forexample) transcription factorA inmoduleB(300of551cis-
regulatory interactions (54%); 52 of 90 ChIP-based interactions
(57%)),thetranscriptionfactor(A)anditstargetmodule(B)show
littleornocorrelationinexpression(absolutePearsonr<0.5).In
somecases,thisisduetoafactorthatisnotitselftranscriptionally
regulated(areal ‘false-negative’resultofOntogenet),butinmany
othercasesthefactorprobablycontrolsthesetargetsinanothercell
type not measured in our study (and hence is not in fact a false-
negativeresultofOntogenet).

Afewknownregulatorsofdifferentiationoftheimmunesystem13
werenotidentifiedbythemodelforvariousreasons.Tal-1andBMI1
didnotmeettheinitialfilteringcriteria,astheywereexpressedonly
inHSCs,andhencewerenotprovidedasinput.GFI1wasnotassigned

asaregulatorinstemandprogenitorcellsorgranulocytesbecauseits
expressionwashighestinpre-Tcellsandwasonlysparseandinter-
mediateinstemandprogenitorcellsandgranulocytes.E2A(encoded
byTcf3)wasnotidentifiedasaTcellregulator,perhapsbecauseit
wasnotspecificallyexpressedinTcellsandhadlowexpressionin
general,possiblybecauseofabadprobeset.XBP1wasnotidentified
asaBcellregulatorbecauseithadrelativelylowexpressioninBcells
inourarraysandhadhigherexpressioninmyeloidcells.

Thereidentificationofknownregulatorslendssupporttothemany
previouslyunknownregulatoryinteractionsinthemodel.Ofthe475
regulatorsthatOntogenetassociatedwithlineage-specificmodules
or‘pan-differentiation’modules,atleast175(37%)werecompletely
unknowninthiscontext.Amongthose,forexample,KLF12waspre-
dictedtobearegulatoroftheNKcellmoduleC19butwasnotassoci-
atedbeforewiththeregulationofNKcells.GATA-6waspredictedtobe
aregulatorofthemacrophage-specificmodulesC31,C50andC58but
wasnotassociatedbeforewithmacrophages.Thatisinagreementwith
themuchlowernumberofgranulocyte-macrophagecoloniesgener-
atedbyembryoidbodiesofGATA-6-deficientmice14.Finally,ETV5
waspredictedbythemodeltobearegulatoroftheγδTcellmodules
F287andF289,apreviouslyunknownrolediscussedbelow.

Context-specific regulation underlies mixed-use modules
Context-specificregulation,inwhichthesamesetofgenesisregu-
latedbyonesetofregulatorsinthecontextofonelineageandby
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anothersetofregulatorsinthecontextofanotherlineage,hasbeen
reportedinselectedcases,suchastheregulationofRag2byGATA-3
inTcellsandbyPax5inBcells15.TheabilityofOntogenettoidentify
differentregulatoryprogramsforthesamemoduleindifferentparts
ofthelineagetreecanhelpdelineatetheregulatorymechanismsthat
underlie‘mixed-use’modulesexpressedinmorethanonelineage.For
example,moduleC70isinducedbothinTregcellsandsomemyeloid
populations.Eachactivationeventisassociatedwithdifferentregu-
latorsinourmodel:Foxp3inCD4+Tcells(itselfamemberofthe
module,althoughnotexpressedintheDCsubsets),andPIAS3,HSF2
andINSM1inDCs.Inanotherexample, thefine-grainedmodule
F300isindependentlyinducedinbothmatureBcellsandTcells.
Althoughsomeofitsregulatorsarethemselves‘mixed-use’inboth
lineages,othersareBcellspecific(ZFP318,RFX5andCIITA)orTcell
specific(EGR2).

Regulatory recruitment and ‘rewiring’ during differentiation
MostregulatoryrelationsidentifiedbyOntogenetweredynamic,as
reflectedbythechangeintheirassociatedactivityweightsduringdiffer-
entiation.Thischangeprovideda‘bird’s-eye’viewofthe‘recruitment’

and‘disposal’ofregulators(Fig. 6a).Tocharacterizethis,foreach
celltype,weidentifiedalltheregulatoryinteractionswhoseactiv-
ityweightchanged(increasedordecreased)betweenthatcelltype
anditsimmediateprogenitor(Supplementary Table 9),aswellas
theuniqueregulatorsandmodulesinvolvedinthoseinteractions.
Inthisway,weidentifiedmodulesandregulatorsthatwererecruited
andstrengthened(activityweightgreaterthanthatofitsprogenitor)
orweredisposedofandweakened(activityweightlowerthanthatof
itsprogenitor)ateachdifferentiationstep.Notably,recruitment(or
disposal)ofregulatorsdoesnotnecessarilymeanthattheregulators’
expressionchangesbutthatthemodelsuggeststhattheirregulatory
activityhaschangedforthissetoftargets.Forexample,duringthe
differentiationofCD8+Tcellsfromcommonlymphoidprogenitors,
61regulatoryinteractionswererecruited,involving34modulesand
49regulators,only15ofwhichhavebeenassociatedbeforewithTcell
differentiation.Inparticular,forthedifferentiationstepfromdouble-
negative(CD4−CD8−)stage4Tcelltoimmaturesingle-positive(CD4+
orCD8+)Tcell,Ontogenetindependentlyidentifiedthepreviously
reportedinvolvementofMXD4,BatfandNFIL3andnewlyidenti-
fiedtheinvolvementofRCBTB1,PIAS3andITGB3BP(Fig. 6b,c).
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Inanotherexample,duringthedifferentiationstepthatleadstoNK
cells,theNKcellmoduleC19wasassignedtheknownNKcellregula-
torsEomesandT-betasactivators.BothEomesandT-betwerealso
recruitedasrepressorsatthisdifferentiationstepinothermodules.
ThedifferentiationstepthatleadstoTregcellsrecruitedtheTregcell
moduleC70anditsknownregulatorsFoxp3andCREM(whichhas
beenproposedasaTregcellregulator16).Notably,becauseHSCshave
noparentinourmodel,regulatorsactiveinHSCswillbenotedonly
whentheyarenolongerusedatlaterpoints(forexample,HOXA7
andHOXA9werenolongerusedasactivatorsatthemultilymphoid

progenitorstage).Thefirstdifferentiationstepwithactivatorrecruit-
mentisthestepthatleadstomultilymphoidprogenitors,atwhich
MEIS1isrecruitedtomoduleC42.MEIS1is laterno longerused
byC42inTcells,inagreementwiththereportedmethylationand
silencingofthegeneencodingMEIS1duringdifferentiationtoward
Tcells17.

Ranking of lineage activators and repressors
Theactivityweightsassignedforeachregulatorateachdifferentiation
pointallowedustoidentifyandrankregulatorsaslineageactivators
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and repressors on the basis of the entire model (Fig. 6d and
Supplementary Table 10).Inthiswaywecorrectlycapturedmany
knownregulatorsofeachlineageamongthetop-rankedactivators.For
example,ourmodelassociatedc-Myc,N-Myc,GATA-2andMEIS1
withstemandprogenitorcells;Bcl-11B,TCF7andGATA-3withαβ
Tcells;POU2AF1,Pax5,EBF1andSpi-BwithBcells;Eomes,T-bet
andSmad3withNKcells;andGATA-3andPLZFwithNKTcells.In
addition,themodelmademanypredictionsoflineageregulatorsnot
previouslyassociatedwiththoselineages,suchasthefollowing:in
stemandprogenitorcells,HLF;ingranulocytes,DACH1(reportedto
regulatecell-cycleprogressioninmyeloidcells18),Bach1andNFE2;
inmacrophages,CREG1;inDCs,ATF6,ETV3,SKIL,NR4A2and
NR4A3(showntobeinducedinviralinfectedDCs19,20);inmono-
cytes,POU2F2(Oct2;reportedtobeupregulatedduringmacrophage
differentiation21)andKLF13(aregulatorofBcellsandTcells22with
higherexpressioninmonocytes);inBcells,ZFP318;andinNKcells,
ELF4(Gm9907;showntocontroltheproliferationandhomingof
CD8+Tcells23).Notably,althoughthis‘pan-model’analysisisuseful,
itcandeemphasizethecontributionofimportantregulatorscaptured
bythemodelinamorenuancedway—forexample,asactingonlydur-
ingalimitedwindowofdifferentiationbutnotpresentinthemature
stage.Thosearecapturedbytherecruitmentanddisposalanalysis
presentedabove(Fig. 6).

Finally,bycountingthechangesinactivityweightthatoccur(across
allregulatorsandmodules)ateachdifferentiationstep(‘edge’),wecan
identifythosedifferentiationpointsatwhichregulationis‘rewired’
mostsubstantially(Supplementary Fig. 11).Forexample,19regula-
torswererecruitedtocoarsemodules(thatis,theiractivityweight
increased from0)at theearly thymocyteprogenitorstage,and28
regulatorswererecruitedtocoarsemodulesat theγδTcell stage,
includingtheknownTcellregulatorGATA-3andtheknownγδTcell
regulatorsId3andSox13(Supplementary Fig. 11a).Atthecommon
lymphoidprogenitorstage,fourregulatorsweredisposedof(thatis,
theiractivityweightdiminishedto0)bycoarsemodules,including
theHSCregulatorsHOXA7,HOXA9andHOXB3.Eighteenregula-
torsweredisposedofatthedouble-negative-2Tcellprecursorstage,
includingGATA-1,c-MycandN-Myc(Supplementary Fig. 11b).

Overall,‘rewiring’wasmoreprominentathigherlevelsinthelineage
thanat lower(more-differentiated) levels,althoughthismayhave
beenpartlyduetothediminishedpowertodetectchangesincelltypes
withnoothercellsdifferentiatingfromthem(terminallydifferenti-
ated;alsocalled‘leavesinthetree’).Theindividualdifferentiation
stepswiththelargestnumberofactivityweightchangeswerethose
insmall-intestineDCs,thymusγδTcells, liverandlungDCsand
double-negative-2Tcellprecursorstage,whichsuggestssubstantial
regulatory ‘rewiring’ in these cells, possibly due to tissue-specific
effects. The regulatory model for fine modules identified a larger
numberofregulatorychanges(achangeinactivityweightfor82%of
thedifferentiationsteps,comparedwith65%forthecoarse-grained
modulemodel),inparticularindifferentiationstepsleadingto‘leaves’
(terminally differentiated cells; 67% versus 48%). Thus, the fine-
grainedmoduleshelptoidentifymorecelltype–specificregulation.

ETV5 regulates gd T cell differentiation
Totestoneofthemodel’spredictionsin vivo,wecenteredonregu-
latoryactivatorsoflineage-specificmoduleswithnoknownfunc-
tioninthatlineage.Apracticalcriterionwasthatthegenecouldbe
manipulatedin vivoinacelltype–restrictedmanner.Wefocusedon
theEts familymemberETV5anditspredictedroleasaregulator
ofthedifferentiationofγδTcellsinmodulesF287andF289,asits
expressionishighlyrestrictedtotheγδTcelllineage.Althoughthe
modelassignedseveralregulatorstothesemodules,onlytwo,Sox13
andETV5,arespecifictotheγδTcelllineage.Bothareexpressed
indistinctthymicprecursors,whichraisedthepossibilitythatthey
areamongtheearliestdeterminantsofthelineage.Sox13isaknown
regulatorofγδTcells,butETV5hasnotbeen linkedtoγδTcell
developmentthusfar.

ToassesstheregulatoryroleofETV5inγδTcells,weanalyzedγδ
TcelldevelopmentandfunctioninmicelackingETV5specifically
inTcells(CD2p-CreTg+Etv5fl/flmice).Asthymocytesthatexpress
theγδTcellantigenreceptortransitfromimmaturecellswithhigh
expression of the cell surface marker CD24 (CD24hi) to mature
CD24locells,theyacquireeffectorfunctions24.ETV5hasitshigh-
estexpressioninγδthymocytesexpressingγ-chainvariableregion2
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Figure 7 ETV5 is a regulator of γδ T cells. (a) Total γδ T cells in the thymus and spleen of mice with T cell–specific ETV5 deficiency (CKO) and their 
CD2p-CreTg+Etv5+/+ littermates (control (Ctrl)). (b) Expression of CD24 (top) and of CD44 and CD62L (bottom) by Vγ2+ thymocytes from 7-day-old 
mice as in a. Numbers above bracketed lines (top) indicate percent CD24lo (mature) thymocytes (left) or CD24hi (immature) thymocytes; numbers in 
quadrants (bottom) indicate percent cells in each. Similar results were obtained for mice of different ages. (c) Expression of RORγt and production of 
IL-17 (left) by mature (CD24lo) Vγ2+ thymocytes of mice as in a; numbers above bracketed lines indicate percent RORγt− cells (top; left number) or 
RORγt+ cells (top; right number), or IL-17+ cells (bottom). Right, expression of CCR6 and CD27 (top) and of IL-17 and interferon-γ (IFN-γ; bottom) 
by Vγ2+ T cells from the lymph nodes (LN) of 4-week-old mice as in a; numbers in or adjacent to outlined areas indicate percent cells in each. Data 
are representative of three experiments with one to three independent litters with a minimum of two mice per genotype (a; error bars, s.e.m.), five 
experiments (b) or three experiments (c).
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(Vγ2)oftheTcellantigenreceptor,whichconstitutenearlyhalfofall
γδTcellsinpostnatalmice.MostVγ2+cellsdifferentiateintointer-
leukin17(IL-17)-producingγδeffectorcellsinthethymus24.Thus,
onepredictionofthemodelwasthattheintrathymicdevelopmentof
IL-17-producingγδeffectorcellswouldbeparticularlyimpairedinthe
absenceofETV5.InmicewithconditionalTcell–specificdeficiency
inETV5,theoverallnumberofγδTcellsgeneratedwassimilartothat
ofcontrolmice(theirCD2p-CreTg+Etv5+/+littermates):in7-day-old
neonates,totalnumberofthymocytesinmicewithTcell–specific
ETV5deficiencywas~50%ofnormal,butthefrequencyofthymo-
cytesthatexpressedtheγδTcellantigenreceptorwasabouttwofold
higher,whichresultedinanabundanceofγδTcellsinthethymusand
spleensimilartothatincontrolmice(Fig. 7a).However,therewas
specificlossofmatureVγ2+thymocytesinmicewithTcell–specific
ETV5deficiency(Fig. 7b,top).Thismayhavebeenduetoinefficient
activation,asindicatedbythelowerexpressionofCD44(thenominal
markeroflymphocyteactivation)onVγ2+thymocytesfrommicewith
Tcell–specificETV5deficiencyandthecorrespondinglyhigherexpres-
sionofCD62L(amarkerofthenaivestate)onthosecells(Fig. 7b,
bottom).ForγδthymocytesthatexpressedotherVγchains,thepro-
portionofmaturecellsoractivatedcellsinmicewithTcell–specific
ETV5deficiencywasnotdifferentfromthatofcontrols.Critically,
theresidualmaturethymocytesinmicewithTcell–specificETV5
deficiencywereimpairedinthegenerationofIL-17-producingγδ
effectorcells(Fig. 7c).MatureVγ2+thymocytesfromETV5-deficient
micehadlowerexpressionofthetranscriptionfactorRORγt(which
inducesIl17transcription),andboththymicandperipheralγδTcells
wereimpairedinthegenerationofCCR6+CD27−IL-17-producingγδ
effectorcells(Fig. 7c).Theseresultssupportedthepredictionofour
modelanddemonstratedthatETV5wasessentialforproperintra-
thymicmaturationoftheIL-17-producingγδeffectorcellsubset.

Studying the Ontogenet model on the ImmGen portal
To facilitate exploration and testing of other predictions of our
model,weprovidethefullsetofmodulesandregulatorymodelas
partoftheImmGenportal,withrelevanttoolsforsearching,brows-
ingandvisuallyinspectingtheresults.Specifically,the‘Modulesand
Regulators’databrowseroftheImmGenportal(http://www.immgen.
org/ModsRegs/modules.html)isthegatewaytotheOntogenetregu-
latorymodeloftheImmGen.Itallowstheusertobrowsecoarse-
grainedorfine-grainedmodulesbytheirnumber,theirpatternof
expression, a gene they contain, a regulator predicted to regulate
themorthecelltypeinwhichtheyareinduced.Foreachmodule,we
presenttheexpressionofitsgenesandpredictedregulators(eachasa
heatmap),theactivityweightsofeachregulatorineachcell,andthe
module’smeanexpressionprojectedonthelineagetree(asinFig. 4a).
Themodulepagealsolinkstoalistofthegenesinthemodule,the
regulatorsthataremembersofthemodule,theregulatorspredicted
toregulatethemodule,theregulatorssuggestedbyenrichmentof
cismotifsandbindingeventsofthemodulegenes,andfunctional
enrichmentsofthemodule.Finally,weprovidelinksfordownloading
atablewiththeassignmentofallgenestocoarseandfinemodules,the
regulatoryprogramofallmodules,andtheOntogenetcode.

DISCUSSION
TheImmGendatasetprovidesthemostdetailedandcomprehensive
viewofthetranscriptionalactivityofanymammalianimmunesystem
and(arguably)ofanydevelopmentalcell–differentiationprocess.We
haveusedthosedatatoanalyzetheregulatorycircuitsunderlying
suchprocesses,fromglobalprofilestomodulestothetranscription
factors thatcontrol them.Theunique featuresofOntogenethave

allowedustoidentifyregulatoryprogramsactiveatspecificdifferen-
tiationstagesandtofollowthemasthey‘unfold’and‘rewire’.

Ouranalysishasautomatically reidentifiedmanyof theknown
regulatorsandtheircorrectfunction,hassuggestedadditionalroles
foratleast175moreregulatorsnotassociatedbeforewithhemato-
poiesisandhasidentifiedpointsinthelineageatwhichregulators
arerecruitedtocontrolaspecificgeneprogramorlosetheirregula-
toryfunction.Ourabilitytoautomaticallyreidentifymanyknown
regulatorsattheappropriatedevelopmentalstageandthesignificant
correspondenceamongthepredictedregulators,knownfunctions,
enrichmentforcis-motifsandenrichmentbyChIPfollowedbydeep
sequencingsupportstheprobablyhighqualityofournewpredictions.
Amongthose,weexperimentallytestedandconfirmedapreviously
unknownroleforETV5inthedifferentiationoftheγδTeffectorcell
subset.AdditionalstudiesshoulddeterminewhetherETV5regulates
thedifferentiationofIL-17-producingγδeffectorcellsbyselectively
controllingtheexpressionofgenesinγδlineage–specificmodules.

Ontogenet’srichmodelallowsustopredictthespecificbiologi-
calcontextatwhichregulationoccurs,togeneralizebroadrolesfor
regulatorsandtoidentifyglobalprinciplesoftheregulatoryprogram.
Theabilityto identifyregulatorsthatactonlyduringspecificdif-
ferentiationwindowshelpstodetect‘early’programmingtranscrip-
tion factorswhoseexpression is shutoffwhencells transit to the
maturestage.However,integratingacrossthemodel’spredictionsin
anentirelineagehelpstoidentifytranscriptionfactorsimportantfor
themaintenanceoflineageidentityorfunction,suchasthosethat
directlyregulatetheexpressionofeffectormolecules.Finally,general-
izingacrossmultipleregulators,wecanidentifythosedifferentiation
stepsatwhichregulatorycontrol‘rewires’mostsubstantiallyandthe
regulatorsthatcontrolsuch‘rewiring’.

Aswithallexpression-basedmethodsusedtopredictregulation,
Ontogenetcannotdirectlydistinguishcausaldirectionality.Toavoid
arbitrary resolution of this ambiguity, Ontogenet allows several
regulatorswithsimilarexpressionprofilestobeassignedtogether
as regulators of a module. The dense interconnected circuits and
extensiveautoregulationinothermammaliancircuitsthatcontrols
cellstates3,25suggestthatsuchregulatoryinteractionsareprobably
functional,althoughsomemaybe‘false-positive’results.Conversely,
theactivationofotherfunctionalregulatorsmaynotbereflectedby
theirexpression,andsomemayhavebeenfilteredbyourstringent
criteria(forexample,Tal1,whichencodesaknownHSCregulator).
Thosemaybecapturedbyourcomplementaryanalysisofenrich-
mentofmodulesincis-regulatorymotifsandbindingofregulators.
Anotherchallengeisposedbygeneswithuniqueexpressionprofiles
thatareassignedtomoduleswithsimilarbutdistinctexpressionpro-
files(suchasRag1andRag2inmoduleC5).Theinferredregulatory
programisunlikelytoholdtrueforthosegenes.

Asimilarstudyofhumanhematopoiesis3hassuggestedsubstan-
tialmixeduseofmodulesbylineages,whereasthemousecompen-
diumsuggeststhatmostmodulesarelineagespecific.Ashasbeen
shownbefore,globalprofiles,lineage-specificsignaturesandgene-
coexpression patterns are otherwise broadly conserved between
humansandmice4.Onepossiblereasonforthediminished‘mixed
use’inthemouseprogramisthatwhereasthemousedatasetcon-
tainsmanymorecelltypes,itdoesnotincludeerythrocytes,mega-
karyocyte,basophilsandeosinophils,thecellsforwhichmanyofthe
‘mixed-use’patternshavebeenobservedinhumans3.Notably,many
regulatorsweresharedacrosslineages.Inparticular,someregulators
wereactive inonlyone lineage insomemodulesbutwereshared
bylineagesinothermodules.Forexample,ATF6wasanactivator
inalllineagesinthemyeloidmodulesC25,C45andC49butwasa

http://www.immgen.org/ModsRegs/modules.html
http://www.immgen.org/ModsRegs/modules.html
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Tcell–specificrepressorintheTcellprecursormoduleC57andwas
aTcell–specificactivatorintheBcellmoduleC71.

Ontogenetisapplicabletootherdifferentiationdatasets,including
dataobtainedwithfetalsamplesorforcancerstudies,whenotherpre-
dictorsareusedascandidateregulators(forexample,geneticvariants
asinLirnet6),whencellsaremeasuredinboththerestingstateand
stimulatedstate,orforprotein-expressiondata(forexample,single-
cell,high-dimensionalphosphoproteomicmasscytometrydata26).In
eachcase,theabilitytoshareregulatoryprogramsbyrelatedcelltypes
orconditionscanbothenhancethepowerandhelpwithbiological
interpretation.Notably,Ontogenetnowdependsonapreconstructed
ontogeny.Althoughmuchisknownaboutthehematopoieticlineage,
somepartsremainunstructured(forexample,allDCsinthemyeloid
lineage)andsomeprogenitorsarenotknown(forexample, those
ofγδTcellsorotherinnate-likelymphocytes).Thisreflectsinpart
inherentlineageflexibility,wherebyseveralcelltypescandifferenti-
ateintothesamecelltype,butreflectsinpartsimplythepresentlack
ofknowledgeoftheparticularprogenitorofagivencelltype.New
methodswouldbeneededtoconstructanontogenyautomaticallyor
toreviseanexistingone.Inothercases,Ontogenet’soutputcanbe
usedtorefinethetopologyoftheontogenybyidentifying‘edges’that
donotcorrespondtoanychangesinregulatoryprogramsandcanbe
removedwithoutdisconnectingthelineage.TheImmGencompen-
dium,coarse-and fine-grainedmodulesand identifiedregulators
andregulatoryrelationsareallavailableforinteractivesearchingand
browsingandfordownloadingattheImmGenportalandwillprovide
aninvaluableresourceforfuturestudiesoftheroleofgeneregulation
incelldifferentiationandimmunologicaldisease.

METHODS
Methodsandanyassociatedreferencesareavailable in theonline
versionofthepaper.

Accession code.GEO:microarraydata,GSE15907.

Note: Supplementary information is available in the online version of the paper.
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ONLINE METHODS
Data set.ExpressionofmousegeneswasmeasuredonAffymetrixMogen1
arrays(Affymetrixannotationversion31).SortingstrategiesfortheImmGen
populationsareavailableontheImmGenwebsite(http://www.immgen.org/
Protocols/ImmGenCellprepandsortingSOP.pdf).

AsthedatasetoftheImmGengraduallygrewfrom2010to2012,cluster-
ing,regulatoryprogramreconstructionandfinalpresentationweredoneon
threedifferentImmGenreleases(September2010,March2011andApril
2012)withattemptstomaximizebackwardcompatibilityasmuchaspossible.
TheclustersandtheregulatoryprogramarefromtheSeptember2010and
March2011releases,chosentoensureconsistencywiththeotherImmGen
Reportpapersthatrefertothem.ClusteringwasdoneontheImmGenrelease
ofSeptember2010,with744samples,647ofwhichremainedintheApril
2012release.OntogenetwasappliedtotheImmGenreleaseofMarch2011,
onlytothedataofthe676samples(195hematopoieticcelltypes)thatwere
connectedtothehematopoietictree.Thus,wemaintainedmembershipin
clustersfromtheearlieranalysisbutusedonlysomeofthesamplestolearn
theregulatoryprogram.Theheatmapspresentedhereinclude755samples
(244cell types),excludingcontrolsamples.Forsimplicity,only720sam-
plesarepresentedonthefulltree(210celltypes).Supplementary Table 1
listsallthesamplesinthelastImmGenrelease(April2012)andstatesfor
eachsampleifitwasusedingeneratingthemodules,regulatoryprogram
reconstruction,thepresentedheatmapsandtree.TheImmGenwebsiteis
continuouslyupdated.

Data preprocessing.ExpressiondatawerenormalizedaspartoftheImmGen
pipeline by the robust multiarray average method. Data were log2 trans-
formed.Forgeneswithmorethanoneprobesetonthearray,onlytheprobe
setwiththehighestmeanexpressionwasretained.Ofthose,onlyprobesets
withas.d.valueabove0.5fortheentiredatasetwereusedfortheclustering,
whichresultedwith7,965uniquegeneswithadifferenceinexpressioninthe
September2011releaseand8,431intheApril2012release.

Lineage-specific signatures.Wecalculatedsignaturesfor11lineages:granu-
locyte,macrophage,monocyte,DC,Bcell,NKcell,CD4+Tcell,CD8+Tcell,
NKTcell,γδTcellandstemandprogenitorcell.Assignmentofsamplesinto
lineagesisinSupplementary Table 2.One-wayanalysisofvariancewasdone
foreachofthe6,997geneswithanexpressionvalueabovelog2(120)inatleast
onelineage,followedbypost-hocanalysis(functionsanova1andmultcompare
inMATLABsoftware).Foreachofthe11lineages,agenewasconsidered
inducedifithadsignificantlyhigherexpressioninthatlineagethaninallother
lineages.Agenewasconsideredrepressedifithadsignificantlylowerexpres-
sioninthatlineagethaninallotherlineages.Afalse-discoveryrate(FDR)of
10%wasappliedtotheanalysisofvariancePvaluesofallgenes.

Definition of modules. Modules were defined by clustering. For coarse-
grained modules, clustering was done by superparamagnetic clustering
(SPC)27,aprincipledapproachforchoosingstableclustersfromahierarchi-
calsetting.SPCwasusedbecauseitdoesnotrequireapredefinednumber
of clusters but instead identifies the number inherently supported by the
data.TheclustersdefinedbySPCarestableacrossarangeofparameters,
although they can have variable degrees of compactness. SPC was run
withdefaultparameters,whichresultedin80stableclusters(coarse-grained
modules C1–C80); the remaining unclustered genes were grouped into a
separatecluster(C81).

Each coarse-grained module was further partitioned into fine-grained
modulesbyaffinitypropagationclustering28,withcorrelationastheaffinity
measure.The‘self-responsibility’parameter(whichindicatesthepropensity
ofthealgorithmtoformanewcluster)wassetat0.01.Affinitypropagation
wasusedbecauseSPCandhierarchicalclusteringdidnotfurtherbreakthe
coarsemodules.Affinitypropagationcouldnotbeusedforclusteringofall
genes,becauseitmustworkwitha‘sparsified’affinitymatrix.

Clusteringresultedin334fine-grainedmodules(F1–F334).Onaverage,
3.9 fine-grained modules were nested in a single coarse-grained module.
Theminimumnumberoffinemodulesnestedinacoarse-grainedmodule
was 1 (23 coarse-grained modules) and the maximum was 11 (7 coarse-
grainedmodules).

Choice of candidate regulators. Candidate regulators were curated from
thefollowingsources:mouseorthologsofallthegenesencodingmolecules
usedascandidateregulatorsinapublishedstudyofhumanhematopoiesis3;
genesannotatedwiththegene-ontologyterm‘transcriptionfactoractivity’in
mouse,humanorrat;genesforwhichthereisaknownDNA-bindingmotif
inTRANSFACmatrixdatabase(version8.3)29,theJASPARdatabase(version
2008)30andexperimentallydeterminedpositionweightmatrices(PWMs)31,32;
andgeneswithpublisheddataobtainedbyChIPfollowedbydeepsequenc-
ingorChIPfollowedbymicroarray(Supplementary Table 11).Regulators
thatwerenotmeasuredon thearrayorwhoseexpressiondidnot change
sufficiently(s.d.<0.5acrosstheentiredataset)tobeincludedinthecluster-
ingwereremoved,unlesstheywerehighlycorrelated(>0.85)withanother
regulator thatpassed thecutoff.This resulted in578candidate regulators
(Supplementary Table 12).

Hematopoietic tree building.Thehematopoietictree(Fig. 1)wasbuiltby
themembersoftheImmGenConsortium.Eachgroupcreateditsownsub-
lineagetree,andthesublineagetreeswereconnectedonthebasisofthebest
knowledgeavailableatpresent,althoughsomeedgesarehypothetical(dashed
lines,Fig. 1).Therearetworootstothetree:long-termstemcellsfromadult
bonemarrow,andlong-termstemcellsfromfetalliver.Eachpopulationis
anodeinthetree(square,Fig. 1).Edgesindicateadifferentiationstep,an
activationstep,time(asintheactivatedTcells)orageneralassumptionof
similarityinregulatoryprogram(Supplementary Table 13).Someintermedi-
ateinferrednodeswereaddedtogroupcellpopulationsthatwereassumed
tohaveacommonprogenitororcommonregulatoryprogrambutforwhich
thishypotheticalpopulationwasnotmeasured(forexample,granulocytesand
macrophages).Forthepopulationsthatconnectedtomorethanoneparent
population,oneoftheedgeswasmanuallypruned,eitherthelesslikelyone
orarbitrarily(Supplementary Table 13).

Module regulatory program.Ontogenettakesthefollowingasinput:gene-
expressionprofilesacrossmanydifferentcelltypes;apartitioningofthegenes
intomodules(thecoarse-grainedandfine-grainedclustersdescribedabove);
apredefinedsetofcandidateregulators;andanontogenytreerelatingthecell
types.Itthenconstructsaregulatoryprogramforeachmoduleconsistingofa
linearcombinationofregulatorswithpossiblydistinctactivityweightsforeach
regulatorineachcelltype.Amodule’sregulatoryprogramisthelinearsumof
theregulators’expressionmultipliedbyeachregulator’sactivityweight,which
approximatestheexpressionpatternofthemodule.Eachregulatoryprogram
aimstoexplainasmuchofthegene-expressionvarianceinthemoduleas
possiblewhileremainingassimpleaspossibleandbeingconsistentacross
relatedcelltypesintheontogeny.Inaregularlinearmodel,theactivityweights
areconstantacrossallconditions.Here,weallowachangeofactivityweights
betweencelltypes(Fig. 3).

Notably,allregulatorsareconsideredaspotentialregulatorsforeachmod-
ule.Thatincludesregulatorsthataremembersofthemodule.Thus,amodule
canbeassignedregulatorsthatareitsmembersandregulatorsthatarenotits
members,butregulatorsthataremembersofthemodulewillnotnecessarily
beassignedtoit.

Moreformally,wemodeltheexpressionofageneinamoduleasa(noisy)
linearcombinationoftheexpressionoftheregulators.Wedenotetheactivity
ofaregulatorrinacelltypetasar,t.Wemodeltheexpressionofagenei,a
memberofmodulem,incelltypetas

X w ai t m r t r t m tr, , , , ,= +∑ e

whereeachεm,tisaGaussianrandomvariablewith0meanandvariancesm t,
2 

specifictoacombinationofamodulemandacelltypet.Hencetheregula-
toryprogramlearnedbyOntogenetisrepresentedintermsofwm,r,tactivity
weightsspecifictoacombinationofmodule,regulatorandcelltype.Becauseof
parametertyingenforcedbythemodel,theeffectivenumberofparametersis
muchsmallerthanthenominalsizeoftheregulatoryprogramrepresentation
(modules)×(regulators)×(celltypes).

Module cell-type specific variance estimation. The module variance
inagivencell typesm t,

2  is estimated from theexpressionof themodule’s

http://www.immgen.org/Protocols/ImmGen Cell prep and sorting SOP.pdf
http://www.immgen.org/Protocols/ImmGen Cell prep and sorting SOP.pdf
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membergenesacrossallreplicatesofthecelltype.Althoughweuseanunbi-
asedestimator,wemakespecialconsiderationsforthemoduleswithlessthan
10members.Forthesemodulesthevarianceestimatesm t,

2 iscomputedbya
pooledvarianceestimatoracrossmoduleswithmorethantenmembersbut
stillspecifictothecelltype.Theestimatedvariancesinafine-grainedmodule
aretypicallysmallerthanthevariancesinitsparentcoarse-grainedmodule.

Regulatory program fitting as a penalized regression problem.Estimationof
theactivityweightswm,r,ttakestheformofaregressionproblem,butbecause
of ‘over-parameterization’of theproblem, itmustbe ‘regularized’withan
extensionof the fusedLasso framework33,whichgivesrise toapenalized
regressionproblemoftheform

1 1
2 2

2

n
x w a J w

m m t
i t m r t r tri t s ,
, , , ,, ( ),−( ) +∑∑

whereJ(w)isachosenpenalty.Inourcase,thispenaltyiscomposedoftwo
parts,onethatpromotessparsityandselectionofcorrelatedpredictorsand
anotherthatpromotesconsistencyofregulatoryprogramsbetweenrelated
celltypes.

Weassumethatonlyasmallnumberofregulatorsareactivelyregulating
anyonemodule.Astandardapproachtopromotingsuchsparsityinregres-
sionproblemsistointroduceanL1penalty,thesumofabsolutevaluesΣmΣr
Σt|wm,r,t|.However,thispenaltytendstobeoverlyaggressiveininducing
sparsityandthusprunesmanyhighlycorrelatedpredictorsandselectsonly
asinglerepresentative.Suchaggressivepruningmaybeinappropriate,asthe
correlatedregulatorsmayallbebiologicallyrelevantbecauseof‘redundancy’
indenselyinterconnectedregulatorycircuits.Thatcanbecounteractedbythe
additionofsquaredterms12

2Σ Σ Σm r t m r tw( ), , ,whichyieldsacompositepenalty
knownas‘ElasticNet’11,asproposedbefore6,

l k| | ( ), , , ,w wm r tt m r ttrr∑ ∑∑∑ +
2

2

whichwewritecompactlyas

l k|| || || ||w wm m1 2 2
2+

Animportantinputtoourregulatoryprogramfittingprocedureistheontog-
eny(differentiation)tree(Supplementary Table 13).Thistreeisencodedas
anedgelist(f ),andwith(t1,t2)∈fwedenotethatcelltypet1isaparentofcell
typet2.Thesimilarityoftheregulatoryprogramsforaparticularmodulein
tworelatedcelltypes(t1,t2)∈fcanbeassessedasasumoftheabsolutevalue
ofthedifferenceofactivityweightsinthetwoprograms,Σr m r t m r tw w| |, , , ,1 2− .
Thekeyobservationisthat| |, , , ,w wm r t m r t1 2− =0iftheregulatoryrelationship
betweenregulatorrandmodulemisthesameincelltypet2anditsparent
typet1.Moregenerally,thetotaldifferenceoftheregulatoryprogramscanbe
writtenasΣ Σ( , ) , , , ,| |t t f r m r t m r tw w1 2 1 2∈ − .Wewillwritethisterminacompact
formas||Dwm||,wherewm isavectorofactivityweightsforallregulators
acrossallcelltypesconcatenatedtogetherandDisamatrixofsize(RE)×
(RT),whereRisthenumberofregulators,TisthenumberofcelltypesandE
isthenumberofedgesinthetree.Wenotethatmultiplicationbythematrix
Dcomputesthedifferencesbetweenrelevantentriesofthevectorwm.Theless
theregulatoryprogramschangethroughoutdifferentiation,thesmallerthe
term||Dwm||.Thus,withthistermasapenaltywillpromotethepreservation
ofaconsistentregulatoryprogramthroughoutdifferentiation.

Combiningalltheconsiderationsabove,thecompleteobjectiveforfitting
aregulatoryprogramofamodulemisgivenby

1 1
2 22

2
1 2

2
n

x w a w w Dw
m m t

i t m r t r tr m m ms
l k g

,
, , , , || || || || || |−( ) + + +∑ || ., 1i t∑

Optimizationofthisobjectiveissomewhatcomplicatedbythefactthatabsolute
valueisanon-smoothfunctionandhencedirectoptimizationbymethods
suchasgradientdescentisnotfeasible,astheseworkonlyonsmoothprob-
lems.Alternativemethods,suchasprojectedgradients,canbeused,buttheir
convergenceisrelativelyslow.Wethereforeoptedtouseaprimaldualinterior
pointmethod34.Differentchoicesoftheparametersλ,κandδyielddifferent

regulatory models as solutions, with different data-fitting and model-
complexityproperties.Wescannedsetsofparametersintherange(thesched-
uleforeachoftheparametersλ,κandδwasgeometric,e−7,e−6,…,e3spanning
valuesbetween0.001and20)andchosetheoptimalsetofparameterswiththe
Bayesianinformationcriteria(describedbelow).

Tosimplify thediscussionof theoptimization,we introduce thesparse
predictormatrixAofsize(RT)×(T),whereA at r T t r t mt,( ) , /− + =1 s and=0
otherwise.Furthermore,wenotethattheoptimalwmdependsonlyonthe
meanexpressionprofileofthemodule’sgenesandwecanintroducevariable
y

n
xt

mt
i m

m
i t= ∈

1 1
s

Σ , .Hencewecanrewritetheobjectiveas

1
2 22

2
1 2

2
1|| || || || || || || || .y Aw w w Dwm m m m− + + +l k g

Finallywecanabsorbthetermk2 2
2|| ||wm intothefirsttermasfollows:

1
2 0

2

2

1 1
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Regulatory program transfer between coarse-grained and fine-grained 
modules.Thefine-grainedmodulesare‘encouraged’tohaveaprogramsimilar
tothatofthecoarse-grainedmoduleinwhichtheyarenested.Thisisaccom-
plishedbytheintroductionofanadditionalpenaltyterm.Wewilldenotethe
alreadylearnedregulatoryprogramofacoarse-grainedmoduleasw0andthe
regulatoryprogramofafine-grainedmodulethatwewishtolearnaswm.The
coarse-to-fineversionofourobjectiveisthen

1
2 2 22

2
1 2

2
1 0 2

2|| || || || || || || || || ||y Aw w w Dw w wm m m m m− + + + + −l k g t

wherethelasttermtiestheprogramsofthecoarse-grainedandfine-grained
modules.Thisobjectivecanbetransformedinto
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Solving the prototypical optimization problem.Wenotethatregulatory-
program-fittingproblemsforbothcoarse-grainedandfine-grainedmodule
havebeenexpressedinthefollowinggeneralform

minimize
w

y Xw w Dw1
2 2

2
1 1|| || || || || || .− + +l g

Wereformulatethatoptimizationproblembyaddingvariablesthatdecouple
thepenalties:

minimize

subject to

w, , || || || ||

, ,

z d r r z d

r y Xw z w d Dw

1
2 1 1′ + +

= − = =

l g

..

Thisreformulationenablesstraightforwardderivationofaprimaldualinterior
pointmethod34.

Model selection with Bayesian information criterion.Theformulationof
ouroptimizationproblemaboveisdependentonthesetofparametersλ,κ
andδ;weobtainamodelbysolvingtheconvexproblemaboveforaparticular
combinationofλ,κandδ.Differentcombinationsoftheseparameterswill
yieldregulatoryprogramsofdifferentquality.Onewaytoidentifytheoptimal
λ,κandδisthroughtheuseofheld-outdataorthroughcross-validation.
However,asearchfortheseparameterswithcross-validationwouldbepro-
hibitivelyexpensive.Asanalternative,weuseamodelselectionapproach
basedontheBayesianinformationcriterion(BIC)tocomparemodelsresult-
ingfromdifferentchoicesofthesethreeparametersandselectthebestone.
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Thiscriterioncomparesmodels,here‘encoded’byregulatoryprograms,based
ontheirtradeoffbetweendataloglikelihoodanddegreesoffreedom.Thelog
likelihoodforourmodelis

LL const( ) .
,

, , , ,,w x w a
m t

i t m r t r tri tm= − −( ) +∑∑∑ 1
2 2

2

s

Thecomputationofthedegreesoffreedomissomewhattechnicallyinvolved
but intuitivelysimple:anactivityweight that remains thesamethrougha
particularconnectedportionofthedifferentiationtreeiscountedasasin-
gledegreeoffreedom.Tomakethismoreformal,weconsidermatrixAand
constructitscounterpart,B.WeuseAr,ttodenoteacolumnofmatrixA.We
thenconstructagraphinwhichnodescorrespondtocolumnsofmatrixA.
Given two nodes corresponding to Ar t, 1 andAr t, 2, the graph will have an
edgebetweenthesetwonodesifcelltypet1isaparentofcelltypet2,and
w wm r t m r t, , , ,1 2= .ThematrixBwillhavecolumnsthataresumsofcolumns
correspondingtoconnectedcomponentsinthegraph.Weeliminateallcol-
umnsofBthatarezerosandthefinaldegreesoffreedomaregivenbydf(w)=
Trace(B(B′B+κdiag(c))−1B′),wherediag(c)isadiagonalmatrixwithentries
beingthenumberofcolumnsofAintheconnectedcomponentassociated
withacolumnofB.

HencewecancomputetheBIC(w)as

BIC w LL df

df

( ) ( ) ( )log

( )l
,

, , , ,

= − +

= −( ) +∑
2

1
2

2

w w T

x w a w
m t
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oog ., Ti tm∑∑



Post-processing of regulatory programs.Onceweobtainanoptimalregula-
toryprogramintermsofBIC,weusepost-processingtoremoveregulatory
relationshipsforunderexpressedregulators.Weplacedalowexpressioncutoff
of5.5onthelog2scale.Atthiscutoff,thecorrelationbetweenthepredictor
andthetargetmodulemayverywellbeduetonoiseandhencetherelation-
shipcouldbespurious.

Systematic query for known functions of regulators. For each lineage-
specificmodule,weautomaticallyquerieditsregulatorsinPubMedwiththe
nameofthelineage(s).Foreachmodulethatwasupregulatedordownregu-
latedwithdifferentiation,wequerieditsregulatorswith‘hematopoieticdif-
ferentiation’.AllPubMedqueriesweredoneon30July2012.

Choice of lineage regulators.Foreachlineage,wecollectedtheregulators
deemedactivebyhavinganonzeroactivityweightandsignificantexpression
inexcessof9.0onthelog2scale.Foragivenlineage,wedeemedaregulator
a lineageactivator if itsaverageactivityweightacrossall cell types in the
lineageandallmoduleswaspositive.Analogously,aregulatorwasdeemeda
lineagerepressorifitsaverageactivityweightwasnegative.Wesubsequently
rankedtheregulatorsonthebasisoftheiraverageexpressionacrosscelltypes
inwhichtheregulatorhadarole.Hence,theregulatorsthatwerefrequently
activeinalineageand,whenactive,hadhigherexpressionwererankedhigher
thanwereregulatorsthatwereinfrequentlyactiveorhadlowexpression.The
regulatorswiththehighestexpressiontypicallyweregiventhehighesttotal
activityweightacrosslineages.

Notably,thisprocedure,althoughstraightforward,willnotreflectallthe
lineageregulatorsidentifiedbythemodel.First,thoselineageregulatorsthat
actonlyduringalimitedwindow(forexample,earlyindifferentiation)would
beunder-representedbythisanalysisyetwouldbecapturedintheoverall
modelinthewindowinwhichtheyact.Second,becauseofthepost-processing
step(describedabove),regulatorswithhighbaselineexpressioncanhavea
constantactivityweighteveniftheirexpressionisverylineagespecific(for
example,GATA-3)andthusbeunder-representedintherecruitmentanalysis
(althoughtheytooarechosenasregulatorsinthemodel).

Motif scanning.Wescannedpromotersofmousegenesforenrichedmotifs.
We downloaded promoter sequences for mouse (mm9) from the genome
browserwebsiteoftheUniversityofCaliforniaSantaCruz(http://hgdownload.
cse.ucsc.edu/downloads.html).Foreachgene,wescannedtheregionstarting

fromposition–1,000(basepairsupstreamofthetranscriptionstartsite)and
endingatposition+200(base-pairsdownstreamof the transcriptionstart
site).Werepresentedthenucleotideatpositionj(relativeto–1,000bpfrom
thetranscriptionstartsite)forgeneiasSi,j.Werepresentedeachcis-regulatory
elementbyaPWM.Wecompiledasetof1,651PWMsfromtheTRANSFAC
matrixdatabase(version8.3)29,theJASPARdatabase(version2008)30and
experimentallydeterminedPWMs31,32.WedenotethePWMofthe‘k-th’motif
byPk,amatrixofsize4×Lk,whereLkisthelengthofthemotifandPk(i,j)rep-
resentstheprobabilityofencounteringthenucleotidej(thatis,A,C,GorT)
atthe‘i-th’position.Foreachgenei,apositionalongthepromoterjanda
PWMk,wecomputedthelocalmotif-matchingscoreLOD(i,j,k),definedas
the log likelihoodratio(LODscore) forobservingthesequencegiventhe
PWMversusagivenrandomgenomicbackground:

LOD i j k P r S P Sk i j r
r

L

b i j r
k

( , , ) log ( , ) log ( ), ,= 
 − 

+ −
=

+ −∑ 2 1
1

2 1

GenomicbackgroundwasdeterminedasPb(‘A’)=Pb(‘T’)=0.3,Pb(‘C’)=
Pb(‘G’) = 0.2, which represents the nucleotide composition of the mouse
genome. We then found the best motif instance over the entire promoter
region,definedasMAX-LOD(i,k)=maxjLOD(i,j,k).

Motif-scoring threshold.WeautomaticallycomputedaPWM-specificthresh-
oldbyusingtheinformationcontentofeachmotif.Theinformationcontent
forthe‘k-th’motifisdefinedas

IC k L P i j P i jk k k
ji

Lk
( ) ( , ) log ( , )= +

==
∑∑ 2
1

4

1

WedefinedthePWM-specificthresholdforthe‘k-th’motifasτk,the1–2−IC(k)
quantileofthePWMLODdistributionacrossallgenes’promoters.Wecon-
sidereda‘hit’forthe‘k-th’motifatthe‘i-th’geneifthebestscore(MAX-
LOD(i,k))exceededthethresholdτk.

Motif enrichment in modules.ForeachmoduleofgenesM,andeachmotif
k,wecomputedthePvalueforenrichment,pe(M,k)ofthemotifinthemod-
ulerelativetothatoftheentiresetofgenesassignedtomodulesservingas
background.Anenrichmentofamotif inamoduleresults inhigherthan
expectedMAX-LODscoresforthegenesinthismodule;tocapturethiseffect,
wecomputedthePvaluebycomparingthescoresMAX-LOD(i,k)forallgenes
iinthemoduleMandthescoresfortheentiresetofgenesassignedtomod-
ulesbyaone-sidedrank-sumtest.WethenusedanFDRof5%ontheentire
matrixofPvaluespe(M,k)anddeclaredallPvaluesthatpassedthisprocedure
significant‘hits’.TheFDRwascalculatedseparatelyforcoarse-grainedand
fine-grainedmodules.

Binding events enrichment. The public data sets obtained by ChIP
followedbydeepsequencingandChIPfollowedbymicroarray(Supplementary 
Table 11) were downloaded from the GEO (Gene Expression Omnibus)
database repository, supplementary material and designated sites in the
original publications (Supplementary Table 11; 360 experiments of 109
uniqueregulators).Thetargetlistdefinedineachoriginalpublicationwas
usedwheneveravailable.Otherwise,genesthathadabindingeventreported
fromtheposition1,000basepairsupstreamofthetranscriptionstartsitetothe
position200basepairsdownstreamofthetranscriptionstartsitewerelistedas
targets.Indatasetsobtainedwithhumansamples,genesymbolswerereplaced
bythemousegenesymbolwhereveraone-to-oneorthologexistsaccord-
ingtothephylogeneticresourceEnsemblCompara35.Onlygenesincluded
intheclusteringwereconsideredtargetsforthepurposeofthecalculation
ofenrichment.

ThehypergeometricPvaluewascalculatedforthesizeofintersectionof
eachmodulewitheachtarget list.AnFDRof10%wasusedfortheentire
tableofPvaluesofallmodulesandalltargetslists.TheFDRwascalculated
separatelyforcoarse-grainedandfine-grainedmodules.

http://hgdownload.cse.ucsc.edu/downloads.html
http://hgdownload.cse.ucsc.edu/downloads.html
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Estimating the significance of regulatory program overlap.Wereporttwo
P values for each overlap of the three regulation models (from ChIP,
cis-elementsandOntogenet).First,wecalculatedthehypergeometrictestfor
twoorthreegroupsforwhichthe‘universesizes’werethenumberofpossible
regulatoryinteractionsincludingtheoverlappingregulators.Forexample,for
estimationofthesignificanceoftheoverlapofChIPandOntogenetregulatory
interactions,the‘universesize’isthenumberofregulatorsthatwerecandi-
datesforOntogenetandhadChIPinformationmultipliedbythenumberof
modules.TheChIPinteractionsaretheenrichedmodulesaccordingtothe
ChIPdataset,andtheOntogenetinteractionsaretheregulatorschosenfor
eachmodule.Second,wecalculatedanempiricalPvaluefrom10,000permuta-
tionsoftheregulatorsintheregulatoryinteractions,includingtheoverlapping
regulators.ThelastPvalueswerecalculatedtoaccountforthefactthatsome
moduleshavemoreregulatorsthanothers.ThehypergeometricPvaluesand
theempiricalPvaluesaresimilarfortheoverlapofeachtwomethodsbutdif-
ferinsignificanceforthethree-methodoverlap,becausethehypergeometric
scoreforthreegroupsexplicitlytakesintoaccounttheoverlapbetweeneach
twogroups,whereastheempiricalPvaluedoesnot.

Functional enrichment.Curatedgenesets(C2),motifgenesets(C3)and
geneontology(GO)genesets(C5)fromtheMolecularSignaturesDatabase
(versionV.3)weredownloadedfromtheBroadInstitutewebsite(http://www.
broadinstitute.org/gsea)36.Foreachgroup,genesymbolswerereplacedby
themousegenesymbolwhereveraone-to-oneorthologexistsaccordingto
EnsemblCompara. Only genes included in the clustering were considered
functionalgroupmembersforthepurposeofthecalculationofenrichment.

AhypergeometricPvaluewascalculatedforthesizeofintersectionofeach
modulewitheachfunctionalgroup.AnFDRof10%wasusedfortheentire
tableofPvaluesofallmodulesandallfunctionalgroups.TheFDRwascal-
culatedseparatelyforcoarse-grainedandfine-grainedmodules,andforthe
differentclassesoffunctionalannotation(C1,C2,C3andC5).

Identification of differentiation steps with a change in activity weight of 
regulators.Foreachmoduleandeachedge(differentiationstep)ofthehemato-
poietictree,theactivityweightofthe‘parent’wascomparedwiththeactivity
weightofthe‘child’,whichresultedinoneofthefollowingclassifications:no
change(activityweightsarethesame);activatorrecruitment(parentactivity
weightis0;childactivityweightispositive);activatorstrengthening(parent
activityweightispositiveandissmallerthanthatofthechild);activatordis-
posal(parentactivityweightispositiveandchildactivityweightis0);repres-
sorrecruitment(parentactivityweightis0;childactivityweightisnegative);
repressorstrengthening(parentactivityweightisnegativeandislargerthan
thatofthechild);repressordisposal(parentactivityweightisnegativeand
childactivityweightis0).Forsimplicity,weomittedthe‘regulatorweakening’
option.Thoselineage-specificregulatorsthatareassignedconstantactivity

weightacrossallcell types (suchasGATA-3)willnotbecapturedby this
analysisbutarepartofthemodel.

Mice. Mice with loxP-flanked Etv5 alleles (Etv5fl/fl)37 were crossed with
C57BL/6micewithatransgeneencodingCrerecominasedrivenbythepro-
moterofthegeneencodingCD2togeneratemicewithTcell–specificETV5
deficiency(CD2p-CreTg+Etv5fl/fl,backcrossedthreetimestotheC57BL/6
strain).TheloxP-flankedEtv5locusisspecificallydeletedfromthegenome
starting in CD25+CD44−CD3−CD4−CD8− thymic precursors (DN3) with
~80%deletionefficiencyinγδthymocytesubsets,asinferredfromtheanaly-
sisofCre-activity-reportermice(CD2p-CreTg+Rosa-STOPfl/fl-EYFP).

Flow cytometry.Intracellularstaining(Cytofix/CytopermKit;BDBiosciences)
and intranuclear staining (FoxP3 Staining Kit; eBioscience) were done as
described24. The following antibodies were used: anti-TCRδ (GL3), anti-
CD24(HSA,M1/69),anti-CD44(IM7),anti-CD62l(MEL-15),anti-IL-17A
(ebio17B7)andanti-RORγt(AFKJS-9;all fromeBioscience);andanti-Vγ2
(UC3-10A6), anti-Vδ6.3 (8F4H7B7), anti-CCR6 (140706) and anti-CD27
(LG.3A10; all from BD Biosciences). Anti-Vγ1.1 (2.11) was purified from
culturesupernatantandwasbiotinylatedwiththeFluoReporterMini-Biotin-
XXLabelingKit(Invitrogen).DatawereacquiredonanLSRII(BD)andwere
analyzedwithFlowJosoftware(Treestar).
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