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Introduction

Theclusteringof samplesor genesisoneof themostcommontasksin geneexpressionstudies
and,in manystudieswith largenumbersof samples,thepreciseallocationof samplesto clus-
tersiscritical to identify biologicalsubtypes.With single-celltranscriptomesequencing
(scRNA-Seq)studies,in particular,theboundariesbetweensubtypescanbequitefuzzy,with
individual cellslying on clusterboundaries.Similarly,outlyingcontaminantcellsarealsocom-
mon.Theseproblemshighlight theneedfor robustidentificationof clusters,andseveralclus-
teringalgorithmshavebeenrecentlyproposedfor thespecifictaskof clusteringsingle-cell
sequencingdata[1±7].

WeintroduceheretheBioconductorRpackageclusterExperiment, whichimple-
mentsnot aspecificclusteringalgorithm,but ageneralandflexibleframeworkin particular
usefulfor theclusteringof cellsbasedon single-cellRNA-Seqdata.Wealsointroduceaspe-
cific clusteringworkflow,entitledResampling-basedSequentialEnsembleClustering(RSEC).
It enablesresearchersto easilytry avarietyof differentclusteringalgorithmsandassociated
tuning parametersandgenerateastableconsensusclusteringfrom thesemanycandidateclus-
terings.Specifically,givenuser-suppliedbaseclusteringalgorithmsandassociatedtuning
parameters,RSECrunsthealgorithmsandgeneratesthecorrespondingcollectionof candidate
clusterings,with theoption of resamplingcellsandof usingasequentialclusteringprocedure
asin [8]. Asin supervisedlearning,resamplingcanimprovethestabilityof clusters[9±14]and
hasbeenfrequentlysuggestedin geneexpressionclustering[15±19]andmorerecentlyfor
single-cellstudiesspecifically[1]. Additionally,consideringanensembleof methodsandtun-
ing parametersallowstheuserto capitalizeon thedifferentstrengthsof thebasealgorithms
andavoidthesubjectiveselectionof tuning parameters.RSECprovidesastrategyfor defining
aconsensusclusteringfrom themanycandidateclusteringsandamethodof further merging
similarclustersthatdo not showstrongindividual geneexpressiondifferences.

Unlike manyexistingclusteringsoftwarefor single-cellsequencingandgeneexpression
data,clusterExperiment providesaflexibleframeworkthatallowsfor usercustomiza-
tion of theclusteringalgorithmandaccompanyingmanipulationof thedata.Finally,the
clusterExperiment packageis fully integratedinto theBioconductorsoftwaresuite,
inheriting from theexistingSingleCellExperiment class(abaselineclassfor storing
single-celldata)[20], andinterfaceswith commondifferentialexpression(DE) packageslike
limma [21], MAST [22], andedgeR [23] to find markergenesfor theclusters.

Design and implementation

In whatfollows,wedefineaªclusteringºasthesetof clustersfoundbyasinglerun of acluster-
ing method,whileaªclusterºrefersto asetof sampleswithin aclustering.

RSEC workflow

TheclusterExperiment packageprovidesanovelworkflow for creatingaunified clus-
teringfrom manyclusteringresults,whichweentitleResampling-basedSequentialEnsemble
Clustering(RSEC).RSECformalizesmanychoicesthatareoftenseenin practicewhencluster-
ing largeRNA-Seqexpressiondatasets.In particular,RSECformalizestheprocessof manually
experimentingwith manydifferentparameterchoicesbysystematicallyrunning themall and
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thenprovidesaformalmechanismfor creatinganensembleor consensusclusteringfrom the
results.

TheRSECworkflow comprisesthefollowingsteps,demonstratedin Fig1:

1. clusterMany Implementationof oneor moreclusteringmethodsacrossawiderangeof
tuning parameteranddatadimensionalitychoices.

2. makeConsensus Determinationof asingleconsensusclusteringfrom thesemanycandi-
dateclusterings.

Fig 1. Main steps of RSEC workflow. (a)showsadiagramof thestepsto theworkflowwhile(b)-(d) demonstratethesestepson the
olfactoryepitheliumdataset.(b) TheclusterMany stepproducesmanyclusteringsfrom thedifferent combinationsof algorithms
andtuning parameters. TheseclusteringsaredisplayedusingtheplotClusters function.Eachcolumnof theplot corresponds
to asampleandeachrow to aclusteringfrom theclusterMany step.Thesamplesin eachrow arecolor-codedby their cluster
assignment in thatclustering;samplesthatarenot assignedto aclusterareleft white.Thecolorsacrossdifferent clusterings(rows)
areassignedsoasto havesimilarcolorsfor clusterswith similarsamplesacrossclusterings.Theconsensusclusteringobtainedfrom
themakeConsensus stepisalsoshownbelowtheindividual clusterings.(c) ThemakeConsensus stepfindsaconsensus
clusteringacrosstheclusterMany clusteringsbasedon theco-occurrenceof samplesin theseclusterings.Theheatmapof the
matrix of co-occurrenceproportionsisplottedusingtheplotCoClustering function.Theresultingclusterassignmentsfrom
makeConsensus arecolor-codedabovethematrix,asaretheassignmentsfrom thenextstep,mergeClusters. (d) The
makeDendrogram stepcreatesahierarchybetweentheconsensusclustersandthensimilarclustersin sisternodesaremerged
with mergeClusters.Plottedherewith thefunctionplotDendrogram is thehierarchyof theclustersfrom
makeDendrogram,with mergednodesindicatedwith dashedlines.ThemakeConsensus clustersandresulting
mergeClusters clustersareindicatedascolor-codedblocksbelowthedendrogram,sizedaccordingto thenumberof samplesin
eachcluster.Theestimatedproportionsof DEgenesof eachnodeareshownin S1Fig.

https://doi.org/10.1371/journal.pcbi.1006378.g001
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3. Mergingof individual clustersfrom theconsensusclustering,involving two steps:

· makeDendrogram Definingahierarchicalclusteringof theclusters;

· mergeClusters Mergingclustersalongthathierarchybycollapsinginto asingleclus-
ter sisternodesbetweenwhichonly asmallproportion of genesshowdifferential
expression.

ThemainRSEC wrapperfunction in theclusterExperiment packageisour recom-
mendedimplementationof thisworkflow.In addition to performingall workflow steps
within asinglefunction, it implementsour preferredchoiceof subsamplingandsequential
clusteringin theclusterMany step.It isour experiencethat thesechoicesareparticularly
relevantfor single-cellsequencingandotherlargeRNA-Seqexperiments.However,the
userhastheoption to performtheindividual stepsseparatelyusingasequenceof function
callsandmakemorecustomizedchoiceswithin thisworkflow.Theintermediateclusterings
foundatall of thesestepsareretainedusingadedicatedclassfor RSECclusteringresults
(ClusterExperiment),sothat theusercanexaminetheimpactof eachstepusingthe
visualizationtoolsof theclusterExperiment package.

Clustering procedures

Webrieflydescribeherethecoreproceduresthatmakeup theRSECworkflow.More details
canbefound in S1Text.

Generating many candidate clusterings (clusterMany). Thefunction
clusterMany allowstheuserto easilyselectarangeof clusteringalgorithmsandtuning
parametersandcreatedifferentclusteringsfor eachcombinationthereof.Theoption isgiven
to parallelizecomputationsacrossmultiple cores.A fewexamplesof parametersthatcanbe
comparedare:thedimensionalityreductionmethod,thenumberof dimensions,thenumber
of clustersK (if appropriatefor theclusteringmethod),whetherto subsampleto createthe
clustering,andwhetherto sequentiallydetectclusters.

Thechoicesregardingwhetherto subsamplethedataandwhetherto sequentiallydetect
clusterscanbepairedwith anyclusteringalgorithm,but their applicationcanbenon-trivial,
whichmakestheimplementationof theseprocedures,independentof aparticularclustering
method,particularlyuseful.

Thesubsamplingoption in clusterExperiment generatesclusteringsbasedon ran-
domlysampledsubsetsof thefull setof n observations,andeachresampleddatasetisclustered
with thebaselineclusteringalgorithm.Subsamplingdefinesadissimilaritymatrix between
samples,with entriesDij = 1− pij, wherepij isdefinedastheproportion of timesthepair of
samplesi andj werein thesameclusteracrossall of theresampleddatasets(seesectionSub-
samplingin S1Textfor detailsof theimplementation).Subsamplingdoesnot itselfdefinea
clusteringof thesamples;RSECusesthedissimilaritymatrixD to clusterthesamples.The
clusteringalgorithmappliedto D doesnot needto bethatwhichwasusedon theresampled
datasets.Furthermore,becauseD isadissimilaritymatrix,with entrieson awelldefinedscale
of 0±1,it is intuitive to clusterD soasto constrainthelevelof between-sampledissimilarity
within clusters[8], ratherthansetaparticularK for thenumberof clusters,afeaturewhichwe
alsoallow.

Sequentialclusteringrefersto theiterativedetectionandremovalof singleclustersand
relieson abaseclusteringalgorithm,like subsampling,which is iterativelyre-appliedafter
eachremovalof acluster.Foreachclusteringiteration,thesequentialalgorithmrequiresa
methodfor specifyingwhichis theªbestºclustersothat it canberemovedandtheiteration
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continued.Our implementationof thesequentialdetectionof clustersfollowsthatof thetight
clusteringalgorithm[8], but wehavegeneralizedit to fit arbitraryclusteringtechniquesfor
whichtheuserspecifiesthenumberof clustersK. Specifically,theªbestºclusterischosenby
[8] to bethatclusterwhichvariestheleastin its membershipastheparameterK for thenum-
berof clustersis increased,asmeasuredby themaximalpercentageoverlapof clustersfrom
clusteringsfrom K andK + 1 (theratio of cardinalityof intersectionto cardinalityof union).

Thesequentialalgorithmcanbeparticularlyhelpfulwhenthereisanoutlyingclusterthat is
widelydifferentfrom others.Removingthisclusterandre-clusteringcanminimize its effect
on theglobalclusteringresults.Similarly,not clusteringall samplescanbebeneficialin finding
homogeneousclustersif thedataarenoisyor therearemanysampleson theboundary
betweenclusters.(SeealsotheclusteringalgorithmpcaReduce proposedby [2] for single-
celldata,whichadoptsasequentialdiscoveryof clusters,but ismorenarrowlybasedon reduc-
ing thenumberof dimensionsfor principalcomponentanalysis).

Creating a consensus clustering (makeConsensus). After running clusterMany,
theresultingClusterExperiment objectcontainsmanyclusteringsandthenextstepis to
find asingleclusteringthat representsthecommonalityacrossthemanyclusterings.Thefunc-
tion makeConsensus doesthisbycreatingadissimilaritymatrix betweensamples,defined
byentriesDij = 1− pij, wherepij is theproportion of clusteringsfor whichthepair of samplesi
andj arein thesamecluster(Fig1c).Thisdissimilaritymatrix issimilar to thatof subsampling
andis likewiseclusteredto createaconsensusclustering.

Merging clusters based on a cluster hierarchy (mergeClusters). Thestrategyof
finding aconsensusclusteringusedbymakeConsensus emphasizessharedassignments
acrossclusteringsandcanresultin manysmallclusters.Thenumberof final clusterscanbe
adjustedin earlierstepsin theclusteringprocess,but it ismoreintuitive in practiceto visualize
clusteringresults(e.g.,usingheatmaps)to seewhichclustershavecleardifferencesin the
expressionof individual genes.

Sincetheseindividual geneeffectsareof greatinterestto practitionersandareusedto eval-
uatethequalityof acluster,weformalizethispracticebysystematicallyevaluatingtheesti-
matednumberof geneswith largeeffectsbetweentheclustersandusingthisasametric to
mergetogetherclusters.Wedo not compareall pairsof clusters,but insteadhierarchically
ordertheclustersfrom makeConsensus viahierarchicalclusteringon themedianvalueof
eachgenein eachcluster.Foreachnodein theresultingdendrogram,their childrennodes
definetwo setsof samplesthatarecandidatesfor beingmergedinto asinglecluster,andeach
geneis individually testedfor differentialexpressionbetweenthesamplesin thetwo sets
(Fig1d).Usingtheseindividual generesults,mergeClusters calculatesanestimateof the
proportion of differentiallyexpressedgenesateachnodecomparison(with multiple published
methodsfor doingsoavailableto theuser[24±28]).Theseestimatesprovidethebasisfor
whetherto mergeclusters,working from theleaves(clusters)upward.Someof theseestimates
canalsobeoptionallyadjustedto requireaminimal amountof logfold-changedifference
betweenthegroupsfor ageneto beconsidereddifferentiallyexpressed(seesectionmer-
geClustersin S1Text).

Wenotethat,in addition to mergingclusters,thehierarchybetweenclustersisconvenient
for visualizationof theclusters,aswediscussbelow(seethesectionªVisualizationºbelow).

Biomarker detection

A commontaskin clusteringof geneexpressiondatasetsis to identify biomarkers,i.e.,genes
thatstronglydifferentiatetheclusters.Differentialexpressiontechniquesinvolvinghypothesis
testingareoftenusedfor thesetasks[21±23,29],thoughit shouldbeemphasizedthatsuch
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toolsmustbeusedmerelyfor exploratorypurposes,sincethereissevereoverfittingwhenthe
groupsbeingcomparedhavebeenfoundbyclusteringon thesamedata.

Sinceclusteringof largegeneexpressiondatasets,suchassingle-cellRNA-Seqdatasets,gen-
erallyresultsin alargenumberof clusters,finding biomarkersfor theclusterscorrespondsto
testingfor differentialexpressionbetweenmanygroups.A standardF-statisticfrom an
ANOVA analysisiscommonlyusedto assessdifferencesbetweenthegroups.However,gener-
allyvastnumbersof geneswill haveªsignificantºF-statisticsandthelargestF-statisticscaneas-
ily bedominatedbygenesthatdifferentiatethesingle,mostoutlyingcluster(Fig2a).A better
approachis to testfor specificdifferencesbetweengroups,e.g.,pairwisedifferencesbetween
two groups,by forming contrastsfrom thefull ANOVA model,whichmostDE packages
allow.Thishastheaddedadvantageof usingall of thedatafor estimationof thevariance
parametersregardlessof thesizeof theclusters.

However,alargenumberof clusterswill imply alargesetof contrasts(for example,all pair-
wisecontrasts).Suchalargenumberof contrastsarepracticallyquitedifficult to construct
with thecommonDE packages.TheclusterExperiment packageprovidestoolsto create
relevantcontrastsandoptionallyreturnstherelevantbiomarkersviaanalysisbylimma [21],
limma with voomweights[30],edgeR [23], or edgeR with weightsto correctfor zero-infla-
tion [31]. Wealsoprovidetheability to port thesecontraststo MAST [22].

Fig 2. Biomarker detection, demonstrated on the olfactory epithelium dataset. Heatmap from theplotHeatmap function
showinggenesfounddifferentially expressed(DE) betweenclustersby thefunction getBestFeatures, usingboth theglobalF-
statistic(a)andhierarchicalcontrasts(b) options.Eachof thecontrastsin (b) correspondsto nodesin thedendrogramcolor-coded
asin Fig1d;weretainedonly thetop 50DEgenespernode.GenesfoundDE in multiplecontrastsmaybeplottedmultiple times.
Forcomparisonpurposes,in (a),weretainedthetop 256DE genesaccordingto aglobalF-statistic,where256is thenumberof
uniquegenesin thehierarchicalcontrastsshownin (b).

https://doi.org/10.1371/journal.pcbi.1006378.g002

The clusterExperiment package for clustering of single-cell data

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006378 September 4, 2018 6 / 16

https://doi.org/10.1371/journal.pcbi.1006378.g002
https://doi.org/10.1371/journal.pcbi.1006378


Wesupplythreedifferentkindsof contraststhatareusefulfor finding biomarkersfor
clusters:

1. all pair-wisecomparisons;

2. eachclusterversusall remainingclusterscomparisons;

3. hierarchicalcomparisons,where,for eachnodein theclusterdendrogramfrom
makeDendrogram,acomparisonisperformedbetweenthetwo childrennodes.

Thelasttypeof contrastsÐhierarchicalÐisour novelandpreferredapproachfor specifying
comparisonsbasedon thehierarchicalrelationshipsbetweentheclusters,asdescribedin the
makeDendrogram stepabove.Unlike theothercomparisonsthatclusterExperiment
implements,thehierarchicalcomparisonsallowamulti-resolutionapproach,identifyingboth
biomarkersthathavewidespreaddifferencesbetweenlargegroupsof samples,andbiomarkers
thatseparatesmallgroupsof samples(i.e.individual clusters).

Visualization

TheclusterExperiment packageprovidesmanyvisualizationtoolsin addition to the
abovealgorithmicfunctions,oftenmakinguseof existingRandBioconductorfunctionality.
clusterExperiment bringsthemtogetherin onepackageand,mostimportantly,makes
it easyto integratetheclusteringresultswith thevisualizationof thegeneexpressiondata.

Forexample,oneof themostfrequentlyusedvisualizationmethodsin geneexpression
studiesis theheatmapor pseudo-colorimagerepresentationof thegenes-by-samplesexpres-
sionmatrix.clusterExperiment providesafunction plotHeatmap, that relieson the
aheatmap function in thepackageNMF [32] andadaptsit to bespecificto theresultsof
clusterExperiment byoptionallyplotting theclusteringresultsalongsidethesamples.
Furthermore,acommonproblemin standardheatmapsis that thehierarchicalclusteringof
thesampleswith abasichierarchicalclusteringalgorithmdoesnot exactlycorrespondto the
clusteringfoundbyothermethods.clusterExperiment usesinsteadahierarchicalclus-
teringof theclusters (describedin thesectionªMergingclustersbasedon aclusterhierarchy
(mergeClusters)º) thatkeepstheclusterstogetherand,importantly,doessobyalsoplac-
ing themostsimilarclusterscloseto eachother(seeFig2).

Anotherexampleis thefunction plotClusters for visuallycomparinglargenumbers
of clusterings,following thework of [33]. This function calculatesanalignmentof thecluster
assignmentsacrosssamples,alongwith anorderingof samples,sothat theusercanvisualize
thesimilarity in clusterassignments(seeFig1b).

Othervisualizationtoolsincludeplotting of thehierarchyof theclusterings(plotDen
drogram), plotting theconcordanceof two clusteringsviaabarplot(plotBarplot) or
heatmapof their contigencytable(plotClustersTable), plotting atwo-dimensional
representationof thedatacolor-codedbycluster(plotReducedDims), andplotting box-
plotsof theexpressionlevelsof anindividual genepercluster(plotFeatureBoxplot).
Theseareall commonvisualizationtoolsfor whichtheclusterExperiment package
implementationmakesit simpleto integratetheclusteringinformation,andtheyareall dem-
onstratedin thevignettethataccompaniesthepackage.

Results

Olfactory epithelium data (Fluidigm C1)

Wedemonstratetheusageof theclusterExperiment packagewith asingle-cellRNA-
Seqdatasetof 747cellsrun on aFluidigmC1machinefrom neuronalstemcelldifferentiation
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in themouseolfactoryepithelium(OE) [34]. TheOEismadeof four majormaturecelltypes
andtwo progenitorcellpopulations.Fletcheretal.[34] usedRSECto find 13experimentally
validatedclustersthatclearlycorrespondto theknownmatureandprogenitorcelltypes.The
RSECclusterswereusedasastartingpoint to identify thelineagetrajectoriesthatproducethe
majorcelltypesin theOE.

Here,weindependentlyrun theentireRSECworkflow on theOEdatasetwith thefunction
RSEC, whichimplementsour preferredpipelineof subsamplingandsequentialdetectionof
clustersacrossmanyparameterchoices.Wefollow theoriginalpaperin preprocessingthe
data,including filtering poorqualitycellsandlowly-expressedgenes(seesectionDatausedin
theManuscriptin S1Text).However,notethatsomeof theoptionsof RSECdiffer from those
usedin theoriginalarticle;in particular,werun far moreclusteringson theOEdatathana
typicalusecasein orderto demonstratethevariousparametersthatcanbevaried(Table1),
whichresultedin 432separateclusterings.

Wevisualizetheclusteringresultsfrom theclusterMany stepon theOEdatausingthe
function plotClusters in Fig1b.Weobservethat themanydifferentclusteringsfrom the
clusterMany stepgenerallycreatesimilarclustersfor thevastmajority of thecells,while
thereexistfewercellsthatarenoisilyassignedto differentclustersastheparameterschangein
differentclusterings.Thispattern,typicalfor single-cellsequencingdatawhenmakinguseof
both thesubsamplingandsequentialsteps,demonstratestherobustnessprovidedby these
approaches.

Wecanvisualizehowstabledifferentcellswerein their clusteringswith aheatmapof the
co-occurrencematrix (Fig1c):eachentryof thematrix correspondsto theproportion of clus-
teringsin whichapair of sampleswereclusteredtogether.Wecanseestrongblocksof cells
thatarealmostalwaysclusteredtogether.Wealsonotethat theunderlyingsimilarity between
theclusterings,despitelargechangesin tuning parameters,alsomakestheuseof consensus
acrosstheseclusteringalogicalchoice.

Thisco-occurrencematrix formsthebasisfor creatingaconsensusbetweenthedifferent
clusteringsusingthefunction makeConsensus,shownin Fig1b.Wecanseethatnot all of
thecellsareassignedto aclusterbymakeConsensus.Thesearesamplesthatareeithernot
consistentlyco-clusteredwith othersamplesacrossthedifferentclusteringsor areunassigned
in ahighpercentageof theclusterings.Thereasonwhysuchsamplesareunassignedmayvary
dependingon thedataset:theycouldcorrespondto rarecelltypes,noisysamples,or doublets.
Without additional,externalinformation, it is verydifficult to distinguishbetweentheseand
clusterExperiment takestheconservativeapproachof not usingsuchsamplesfor down-
streamanalyses,suchasthemarkergenedetectioncarriedout bygetBestFeatures.In
theOEdatasetthemajority of unassignedsamplesliesin betweenclusters,suggestingthat
theydo not constitutedistinct rarecellpopulations(S7Fig).

Wefurther mergetogethersimilarclustersfrom theconsensusclusteringusingmerge
Clusters,asdescribedin thesectionªMergingclustersbasedon aclusterhierarchy

Table 1. Parameters varied when applying RSEC in the analysis of the olfactory epithelium and hypothamlus datasets. SeesectionclusterManyin S1Textfor acom-
pletelist of argumentsthatcanbevariedin theRSECworkflow.

Parameter Olfactory Hypothalamus Description

# dimensions 20,50,100 50 Numberof dimensionsretainedfrom PCA

α 0.1,0.2 0.1,0.3 Requiredsimilarity for finding aclusterfrom theco-occurrencematrix from subsampling

β 0.8,0.9 0.9 Requiredpercentageof overlappingsamplesask is increased to sequentially find acluster

k0 4±15 5,10,. . ., 35 Theinitial k for thenumberof clustersto find in eachsubsampling routine

minSize 1,5,10 5 Theminimum sizeof aclusterrequiredof eachof theclusteringsof clusterMany

https://doi.org/10.1371/journal.pcbi.1006378.t001
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(mergeClusters)º. Specifically,mergeClusters createsahierarchybetweenclusters
andscoreseachnodebasedon thepercentageof genesshowingdifferentialexpression
betweensamplesin thechildrennodes.Fig1dvisualizesthehierarchyfoundbymake
Consensus aswellaswhichclustersweremergedbymergeClusters.Weuseasimple
measureto estimatetheproportion of genesthataredifferentiallyexpressedbetweenchildren
nodes:theproportion of genescalledsignificantatnominal level0.05basedon theBenjamini
andHochberg[35] procedurefor controlling thefalsediscoveryrate(FDR);acomparisonof
thedifferentimplementedmethodsisshownin S1Fig.

WewouldalsonotethatclusterExperiment makesit easyto switchfrom themerged
clustersbackto theconsensusclustersfoundbymakeConsensus,effectivelyallowingthe
userto explorethedataat two differentlevelsof resolution.

Wefinally usethefunction getBestFeatures to find genesthatshowstrongdiffer-
encesin expressionbetweenclusters.Foreachgene,wecomputeDE statisticsfor contrasts
basedon thehierarchyof thetree,aswellasaglobalF-statistic.Theheatmapsfor thetop DE
genesresultingfrom bothof theseapproachesareshownin Fig2 andillustratethatdifferences
betweentheclustersaremuchmorestriking with thehierarchicalcontrasts,ascomparedto a
globalF-statistic.Indeed,of thetop genesshownin thefigures,only 18genesoverlapbetween
thehierarchicalandF statistics(of 256genesin each).

Fig2alsodemonstratesclusterExperiment'sheatmapfunction,plotHeatmap,
thatseamlesslyincorporatestheclusteringinformation into theheatmapvisualization.The
function automaticallyaddstheclusteridentificationsof individual cellsto theheatmap,but
alsomakesuseof thehierarchythat iscreatedbetweentheclusters(Fig1d).In thisway,the
clusterstructurewill berespectedin theorderingof thesamples,unlikeastandardhierarchical
clusteringof thecells,yetensuresthatsimilarclusterswill beplottedcloseto eachotherrather
thanin anarbitraryorder.

Hypothalamus data (Drop-Seq)

Wefurther run theRSECworkflow on asetof 14,437cellssequencedfrom thehypothalamus
of adultmiceusingDrop-Seq[36] madeavailablein bioconductorformatby [37]. For this
largerdataset,weuseafar smallersetof parameters(Table1) resultingin only 14clusterings
from theclusterMany step.Weagainfollow thepreprocessingstepsof theoriginalpaper,
but unlike [36], weclusterall of thecellsusingRSEC(in [36] theauthorsclusteredonly the
3,319cellswith at least2,000expressedgenes,usingthemethodof [4], andthenassignedthe
remainingcellsto thoseclusters).

Our RSECworkflow generallyrecapitulatestheclustersof [36]. Indeed,only atotalof 65
cellsdiffer betweenRSECand[36] asto whethertheyareassignedto neuronalor non-neuro-
nalclustersÐthetwo predominantclassesof cellsin thissystemÐwithneuronalclustersdeter-
minedbasedon theexpressionlevelsof theclusterof neuronalgenemarkersSnap25 andSyt1
(S2Fig).Examininggeneexpressionof theseneuronalmarkersshowsthat themajority of the
cellsthatdiffer in their neuronal/non-neuronalclassificationareeithercorrectlyidentifiedby
RSECor showmarkersfor bothneuronalandnon-neuronalcelltypes(S3Fig).Similarly,the
divisionof cellsinto themajorsubcategoriesof neuronalandnon-neuronalcellsof [36],
whichweredecidedby [36] basedon theexpressionvaluesof specificmarkergeneson theset
of 3,319cells,areoverwhelminglyconservedbetweenthetwo approaches(S4andS5Figs).
Oneof thelargerdifferencesbetweenRSECandtheresultsof [36] is thatRSECprovidesclassi-
ficationsfor alargernumberof cellsthan[36] (2,348cellsaremissingaclassificationby [36]
versus1,151for RSEC,with 484of thesenot assignedbyeither).82%of thecellsadditionally
classifiedbyRSECarein neuronalclusters.
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RSECalsolargelypreserversthemorefine-grainedclustersof [36]. Forexample,the
authorsof [36] further classifytheir neuronalclustersinto inhibitory andexcitatoryneurons,
(ªGluº andªGABAº in [36]) basedon expressionof markergenesSlc17a6 andSlc32a1, respec-
tively.WeagainseethatRSECconservesthissplit (S4(c)Fig),exceptfor aslightmixing in
oneof theclustersfoundbyRSEC.Similarly,RSECcreatesclustersthatseparateout both the
four largeclassesof differenttypesof non-neuronalcells(S4(b)Fig),aswellasthe11more
fine-graineddivisionsof thesefour classescreatedby [36] (S4(a)Fig)with theexceptionof the
subdivisionsof theendothelialcells,whichRSECclustersdifferently.Furthermore,in thedif-
ferenceswementionedaboveÐthesubdivisionof neuronalcellsandof endothelialcellsÐ
uponexaminationof thegenemarkersoriginallyusedby [36] to characterizethebiological
function of their clusters,wefind that thedifferencesin our clusteringascomparedto [36]
representgoodseparationof thesemarkers,andat timesbetterseparatesthecellsbasedon
thesebiologicaldifferences(seeSectionComparisonof RSECto clustersof [18] in S1Textfor
details).

Other comparisons via clusterExperiment
WecanalsousetheclusterExperiment packagefor straightforwardimplementation
andcomparisonof specificclusteringalgorithmsandparameters,andthecluster
Experiment frameworkmakesit easyto storeandcomparetheresults.Fig3 showsseveral
suchexamplesof comparisonsavailablein clusterExperiment:varyingthechoiceofK
for partitionsaroundmedoids(PAM), comparingchoicesof howto calculatedistances
betweengenes,andcomparingdifferentclusteringalgorithms.All of thesedifferentchoices
canbemadebyachoiceof argumentsto clusterMany. In comparingtheclusteringalgo-
rithms,wefurther demonstratetheability to useauser-definedclusteringalgorithmbasedon
nearest-neighborclustering,similar to thepackageSeurat [38] (seeSectionDatausedin the
Manuscriptin S1Textfor detailsof implementation),andincludeit in thecomparisonto four
algorithmsprovidedbyclusterExperiment (for alist of all clusteringalgorithmscur-
rentlyprovidedby thepackagesseeSectionclusterManyin S1Text).For thiscomparisonof
differentalgorithms,wealsodemonstratehowtherelevantRSECworkflow stepscanbeused
on thesedifferentclusteringalgorithmsto find aconsensusclustering,makeahierarchyof
clusters,andmergeclusters.Wealsodemonstratein thiscomparisontheability to requirea
necessarylog-foldchangecutoff to beconsidereddifferentiallyexpressedfor thepurposesof
merging,seeSectionmergeClustersin S1Text.

Computational cost. TheRSECanalysison theolfactorydataperformed432clusterings
on 747cells,whereeachclusteringconsistedof aniterativesequentialanalysis,eachiteration
of thesequentialclusteringinvolved100clusteringsof subsamplesof thedata,andeachclus-
teringusedin thesubsamplingused10randomrestartsof thek-meansalgorithm.In thatanal-
ysiswedemonstratedthepossiblerangeof parametersthatcouldbecomparedwith the
package,andthusthis isamuchlargernumberof clusteringsthanwouldoftenbeperformed
in practice.Particularly,for verylargesingle-cellsequencingstudies,fewerthan50clusterings
wouldnormallybesufficientgiventhecomputationalcosts.In S6Fig,weshowtheclusterings
of theolfactorydatafrom themakeConsensus stepappliedto differentsubsetsof parame-
tersfrom theclusterMany step,andtheresultsarequitesimilar.Similarly,for theanalysis
of thehypothalamusdatasetwith 14,437cells,weusedonly 14differentparametercombina-
tions(i.e.clusterings)in theclusterMany step;eachof thoseclusteringswerethesamepro-
cedureastheolfactorydataÐiterativesequentialclustering,with eachiterationusing100
clusteringsof subsamplesof thedata(thoughwedid not userandomrestartsof thek-means
algorithm).
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In Table2wegivethecomputationaltime andmemoryusageof theclusteringof theolfac-
tory andhypothalamusdatasets,aswellasresultsfor running theidenticalanalysison the
hypothalamusdata,but for smaller,randomsubsetsof thedata.

Availability and future directions

Wehavedemonstratedtheuseof anewsoftwareframeworkfor clusteringandvisualizing
largegeneexpressiondatasets,in particular,single-cellRNA-Seqdatasets.Thecluster
Experiment packageimplementsawiderangeof clusteringroutinesappropriatefor this
typeof data,aswellasencodinganovelworkflow strategythatemphasizesrobustclustering.

Fig 3. Comparison of methods and tuning parameter choices using clusterMany and plotClusters, demonstrated on

the olfactory epithelium dataset. Thefigureprovidesexamplesof usingclusterExperiment to compareclusteringmethods
andtuning parameterchoicesviathefunction clusterMany to implement theclusteringproceduresandthefunction
plotClusters to visualizeresults.(a)showstheclusteringresultsafterrunning PAM with different choicesofK, thenumberof
clusters.(b) showstheclusteringresultsfor differentbetween-sampledistancemeasures.̀Euclidean'refersto thestandardEuclidean
distance;̀Pearson Corr.' and`Spearman'sRho'to acorrelation-baseddistance,d(i, j) = 1/2(1− ρ(i, j)), whereρ(i, j) iseitherthe
standardPearsoncorrelationcoefficientor therobustSpearmanrankcorrelationcoefficientbetweensamplesi andj, respectively.
(c) showstheclusteringresultsfor different choicesof clusteringalgorithms.Eachmethodisshownwith theªbestºchoiceofK, as
determined by themaximumaveragesilhouettewidth; ªNNº refersto auser-defined,nearest-neighborclustering(seeSectionData
usedin theManuscript in S1Text).Alsoshownis theresultof applyingtheconsensusandmergingstepsof theRSECworkflow to
thissetof clusterings.Theclusteringsin (a)and(c) wererun with thetop 50PCAdimensionsasinput. Theclusteringsin (b) involve
comparingdifferentbetween-genedistancemeasuresandthereforewererun directlyon thegeneexpressionmeasuresafterfiltering
to thetop 1,000mostvariablegenes,asdetermined by themedianabsolutedeviation(MAD), arobustversionof variance.

https://doi.org/10.1371/journal.pcbi.1006378.g003
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Theentireworkflow is flexibleandextendableby theuserto otherclusteringroutines.Fur-
thermore,userscancreateclusteringsexternallyfrom thepackagefunctionsanduploadthe
clusteringresultsto aClusterExperiment objectto makeuseof thevisualizationand
comparisonscapabilitiesof thepackage.

clusterExperiment is specificallydesignedfor sampleclustering,whichisoftenthe
primary goalof single-cellRNA-seqanalyses.Althoughthepackagecanbeusedto cluster
genes,someof its functionshaveto beusedwith care,astherearedifferentstatisticalconsider-
ationsto makewhenclusteringgenesratherthansamples.Furthermore,thesimultaneous
clusteringof bothsamplesandgenesin thesameobject(e.g.,biclustering) isnot coveredby
thispackage.

Similarly,clusterExperiment'sgoalis to identify discreteclusterscorrespondingto
celltypes,andthusit isnot designedfor theidentificationof continuousdevelopmentaltrajec-
tories.However,severalmethodfor theinferenceof celltrajectoriesfrom single-cellRNA-Seq
useaninitial clusteringof cellsasafirst stepin estimatingtheseunderlyinggradients[39±41].
Our publishedworkflow [42] showshowRSECcanbeusedin combinationwith our method
Slingshot[39] in ananalysisof developmentaldata,whichwasthestrategyusedin [34] for the
olefactorydata.

ThepackageclusterExperiment ispubliclyavailablethroughtheBioconductorProj-
ect,with adetailedmanual(vignette)aswellaswell-documentedhelppagesfor eachfunction.
Thecodefor implementingall of theanalysesshownhereisavailableon theGitHub reposi-
tory: www.github.com/epurdom/RSECPaper.Theanalysisin thispaperwasrun usingthe
clusterExperiment packageversion2.1.5,Rversion3.5.0,andBioconductor3.7.

Supporting information

S1 Text. Supplementary text. Supplementaltextgivingamoredetaileddescriptionof the
RSECframeworkandits implementation,aswellasinformation abouttheanalysisof thedata-
sets.
(AUX)

S1 Fig. Proportions found null for per node of cluster hierarchy, OE data. (a)Dendrogram
of thehierarchicalrelationshipbetweenclustersusedfor mergeClusters stepaswellasin
finding bestfeaturesfor eachcluster.(b) showsfor eachnodein thedendrogramthepropor-
tion of genesfounddifferentiallyexpressedbetweenits children'snodes,for eachmethod
implementedin mergeClusters.
(TIF)

S2 Fig. Boxplots of the log gene expression values for neuronal markers. Loggeneexpres-
sionof Snap25or Syt1for eachof theclustersof RSECusingplotFeatureBoxplot.

Table 2. Computational costs: For each of the above runs, we give the total number of hours, total CPU time, and maximum memory usage to run the RSEC work-

flow when parallelized across 15 cores on an AMD Opteron(TM) Processor 6272 node with 270GB of RAM. Theolfactoryanalysisconsistedof 432clusterings,while
thatof thehypothalamusof only 14.

Dataset # Cells Time

(hours)

CPU time

(hours)

Max RAM

(Gb)

Olfactory 747 4.0 50.5 35

Hypothalamus 14,437 30.7 250 151

10,000 17.0 115.3 95

5,000 7.2 35.4 63

1,000 0.70 4.2 54

https://doi.org/10.1371/journal.pcbi.1006378.t002
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Expressionof eitherSnap25or Syt1areusedto identify neuronalclustersby theauthorsof
[36].
(TIF)

S3 Fig. Expression of main markers of cells differing in neuronal/non-neuronal classifica-

tion. Weisolatethe65cellsthatwereassignedto neuronalor non-neuronalclustersdifferently
betweenRSECand[36] andplot their logexpressionlevelsfor themarkersin [36] usingthe
plotFeatureScatter function:Snap25(neuronal),Syt1(neuronal),Olig1(oligodendro-
cyte),Cldn5(endothelial),C1qa(microglia/macrophages),Sox9(astrocytes,ependymocyte,
andtanycytes).Cellsin (a)areassignedto aRSECneuronalcluster,andanon-neuronalclus-
ter in [36] andin (b) assignedto aRSECnon-neuronalcluster,andaneuronalclusterin [36].
Thedatahasbeenªjitteredº soasto beableto seepointswith thesamevalues.Notetheaxes
for differentgenescanbeon widelydifferentscales.
(TIF)

S4 Fig. Comparison of clusters of RSEC and [36], hypothalamus data. Weshowtheresults
of clusteringusingtheRSECworkflow on thehypothalamusdatausingplotClusters. (a)
showstheclusteringresultsof RSECon all cells,comparedto theclustersof [36]; (b) shows
theclusteringresultsof RSECall cells,groupedby themajorsubtypesidentifiedbymarker
genesby [36]; (c) is restrictedto thosecellsidentifiedasneuronaleitherbyRSECor by [36].
Weincludebelowtheresultsof RSECacolor indicationasto whetherthecellswereidentified
asGABAor Glu by [36] (with white indicatingthat [36] did not assignthosecellsto acluster).
(TIF)

S5 Fig. Percentage overlap of RSEC with clusters of [36], hypothalamus data. Weplot the
percentageof overlapof eachRSECclusterswith theclassificationsof [36] usingtheplot
ClustersTable function of clusterExperiment. (a)showstheoverlapof RSECwith
themajorsubtypeclassificationsof [36], basedon collapsingtheir clustersviasharedmarker
genestatus.(b) showstheoverlapof RSECwith thefull setof clustersof [36]. Eachcolumn
correspondsto aclusterfrom thefinal mergeClusters stepof RSEC.Thegrayscaleshows
thedistribution of eachRSECclusteracrosstheclassificationsof [36] on therows,sothat the
sumof thepercentagesof eachcolumnequals1.Wecalculatethepercentagesbasedonly on
thosecellsclassifiedbybothmethods.
(TIF)

S6 Fig. Smaller numbers of parameters on OE data. Weshowtheclusteringresultson the
olfactorydata,whenrunning makeConsensus on increasinglysmallchoicesof parameters
in theclusterMany step.Notethat thisdoesnot requirererunningthe(intensive)
clusterMany step,but justaselectionof clusteringsalreadycalculatedin theinput into
themakeConsensus step.
(TIF)

S7 Fig. Plotting top two PCA dimensions, OE data. Wedemonstratetheuseof plot
ReducedDims to showtheclusteringresultsof themakeConsensus stepon thefirst two
PCAdimensions,with theunassignedsamplescoloredin grey.
(TIF)

S1 Code. Source code for version 2.1.5. Weprovidethesourcecodefor thecluster
Experiment package,version2.1.5,usedto do theanalysesprovidedin thepaperfor repro-
ducibility. However,usersshouldnot usethissourcecode,but ratherfollow theBioconductor
installationinstructionsathttps://www.bioconductor.org/install/for installationof thepackage.
(GZ)
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S1 Vignette. Vignette/Manual. Weprovidethevignettethataccompaniesthecluster
Experiment package,version2.1.5usedin thispaper.Themostup-to-datemanualcanbe
foundathttps://bioconductor.org/packages/release/bioc/vignettes/clusterExperiment/inst/
doc/clusterExperimentTutorial.html.
(HTML)
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