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Introduction

Theclusteringof sample®r geness oneof the mostcommontasksn geneexpressiorstudies
and,in manystudieswith largenumbersof samplesthe preciseallocationof samplego clus-
tersis critical to identify biologicalsubtypesWith single-celtranscriptomesequencing
(scRNA-Segjtudiesjn particular,the boundarieshetweersubtype€anbequite fuzzy,with
individual cellslying on clusterboundariesSimilarly,outlying contaminantcellsarealsocom-
mon. Theseproblemshighlightthe needfor robustidentification of clustersand severatlus-
tering algorithmshavebeenrecentlyproposedor the specifictaskof clusteringsingle-cell
sequencinglata[1+7].

Weintroduceherethe BioconductorR package| ust er Exper i nent , whichimple-
mentsnot aspecificclusteringalgorithm,but agenerabndflexibleframeworkin particular
usefulfor the clusteringof cellsbasedn single-celRNA-Seqdata.We alsointroduceaspe-
cific clusteringworkflow, entitled Resampling-baseSlequentiaEnsembleClustering(RSEC).
It enablesesearcherto easilytry avarietyof differentclusteringalgorithmsandassociated
tuning parametersind generate stableconsensuslusteringfrom thesemanycandidateclus-
terings.Specificallygivenuser-suppliedaseclusteringalgorithmsandassociatetlining
parametersRSECQrunsthe algorithmsandgeneratethe corresponding:ollectionof candidate
clusteringswith the option of resamplingcellsand of usinga sequentiatlusteringprocedure
asin [8]. Asin supervisedearning,resamplingcanimprovethe stability of clusterd9+14]and
hasbeenfrequentlysuggestedh geneexpressiortlustering[15+19]and morerecentlyfor
single-celbtudiesspecificallyf1]. Additionally, consideringan ensemblef methodsandtun-
ing parametersllowsthe userto capitalizeon the different strengthsof the basealgorithms
andavoidthe subjectiveselectiorof tuning parametersRSEQorovidesa strategyfor defining
aconsensuslusteringfrom the manycandidateclusteringsanda methodof further merging
similar clusterghat do not showstrongindividual geneexpressiorifferences.

Unlike manyexistingclusteringsoftwarefor single-celsequencingndgeneexpression
data,cl ust er Experi ment providesaflexibleframeworkthatallowsfor usercustomiza-
tion of the clusteringalgorithmandaccompanyingnanipulationof the data.Finally,the
cl ust er Exper i nent packagesfully integratednto the Bioconductorsoftwaresuite,
inheriting from the existingSi ngl eCel | Exper i ment clasgabaselinelasdor storing
single-celbata)[20], andinterfacesvith commondifferentialexpressiofDE) packagelke
I'i mma [21], MAST [22],andedgeR [23] to find markergenedor the clusters.

Design and implementation

In whatfollows,wedefinea®clustering®asthe setof clusterfound by asinglerun of acluster-
ing method,while aclusterrefersto asetof samplesvithin aclustering.

RSEC workflow

Thecl ust er Experi nment packagerovidesanovelworkflow for creatingaunified clus-
tering from manyclusteringresultswhich we entitle Resampling-baseSiequentiaEnsemble
Clustering(RSEC)RSECormalizesmanychoiceghatareoftenseerin practicewhencluster-
ing largeRNA-Secexpressiomatasetdn particular, RSECormalizeghe procesof manually
experimentingwith manydifferentparameterchoicesby systematicallyunning themall and
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Fig 1. Main steps of RSEC workflow. (a) showsadiagramof the stepgo the workflow while (b)-(d) demonstratehesestepson the
olfactoryepitheliumdataset(b) Thecl ust er Many stepproducesnanyclusteringdrom the different combinations of algorithms
andtuning parametersTheseclusteringsaredisplayedisingthepl ot G ust er s function. Eachcolumnof theplot correspond
to asampleandeachrow to aclusteringfrom thecl ust er Many step.Thesamplesn eachrow arecolor-codedby their cluster
assignnentin thatclusteringsampleshatarenot assignedo aclusterareleft white. Thecolorsacrosdifferent clusteringgrows)
areassignedoasto havesimilar colorsfor clusterswith similar samplesicrosslusteringsThe consensuslusteringobtainedfrom
themakeConsensus stepis alsoshownbelowtheindividual clusterings(c) ThemakeConsensus stepfindsaconsensus
clusteringacrosghecl ust er Many clusteringdasedn the co-occurrerreof samplesn theseclusteringsTheheatmayof the
matrix of co-occurenceproportionsis plottedusingthe pl ot CoCl ust er i ng function. Theresultingclusterassignmentfom
makeConsensus arecolor-codedabovethe matrix, asarethe assignmentfrom the nextstep,rer geCl ust er s.(d) The
makeDendr ogr amstepcreates hierarchybetweerthe consensuslustersandthensimilar clustersn sistemodesaremerged
with mer ged ust er s. Plottedherewith thefunction pl ot Dendr ogr amisthe hierarchyof the clustersrom

makeDendr ogr amwith mergednodesindicatedwith dashedines.ThemakeConsensus clustersandresulting

mer geCl ust er s clustersareindicatedascolor-codedlocksbelowthe dendrogramsizedaccordingto the numberof samplesn
eachcluster.Theestimatedproportionsof DE gene®f eachnodeareshownin S1Fig.

https://bi.org/10.137Aournal.pchi.106378.g001

thenprovidesaformal mechanisnfor creatingan ensembler consensuslusteringfrom the
results.
The RSEGworkflow compriseghefollowing stepsdemonstratedn Fig1:

1. cl ust er Many Implementationof oneor more clusteringmethodsacrossa wide rangeof
tuning parameteanddatadimensionalitychoices.

2. mkeConsensus Determinationof asingleconsensuslusteringfrom thesemanycandi-
dateclusterings.
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3. Mergingofindividual clustersfrom the consensuslustering,involving two steps:
- makeDendr ogr amDefining ahierarchicalclusteringof the clusters;

- mer ged ust er s Mergingclustersalongthat hierarchyby collapsingnto asingleclus-
ter sisternodesbetweerwhich only asmallproportion of geneshowdifferential
expression.

Themain RSEC wrapperfunctionin thecl ust er Exper i nent packages our recom-
mendedimplementationof this workflow. In addition to performingall workflow steps
within asinglefunction, it implementsour preferredchoiceof subsamplingand sequential
clusteringin thecl ust er Many step.lt isour experiencéhatthesechoicesareparticularly
relevantfor single-celsequencingndotherlargeRNA-SegexperimentsHowever the
userhasthe option to performtheindividual stepsseparatelysinga sequencef function
callsand makemore customizedthoiceswithin this workflow. Theintermediateclusterings
found atall of thesestepsareretainedusingadedicatectlasfor RSECclusteringresults
(A ust er Exper i nent ), sothatthe usercanexaminetheimpactof eachstepusingthe
visualizatiortoolsofthecl ust er Experi ment package.

Clustering procedures

We briefly describeherethe coreprocedureshat makeup the RSEGwvorkflow. More details
canbefoundin S1Text.

Generating many candidate clusterings (clusterMany). Thefunction
cl ust er Many allowsthe userto easilyselectrangeof clusteringalgorithmsandtuning
parametersind createdifferentclusteringdor eachcombinationthereof. Theoption is given
to parallelizecomputationsacrossnultiple cores A fewexample®f parametershat canbe
comparedare:the dimensionalityreductionmethod,the numberof dimensionsthe number
of clustersK (if appropriatefor the clusteringmethod),whetherto subsamplé¢o createthe
clusteringandwhetherto sequentiallydetectclusters.

Thechoicegegardingwhetherto subsampl¢he dataandwhetherto sequentiallydetect
clusterscanbepairedwith anyclusteringalgorithm,but their applicationcanbenon-trivial,
which makegheimplementationof theseproceduresindependenbf aparticularclustering
method,particularlyuseful.

Thesubsamplingptionin cl ust er Exper i ment generateslusteringsasedn ran-
domly sampledsubset®f the full setof n observationsandeachresamplediatasets clustered
with the baselineclusteringalgorithm. Subsamplinglefinesa dissimilaritymatrix between
sampleswith entriesD;; = 1 - p;;, wherep;; is definedasthe proportion of timesthe pair of
samples and;j werein the sameclusteracrossll of theresamplediatasetgseesectionSub-
samplingin S1Textfor detailsof theimplementation).Subsamplingloesnot itselfdefinea
clusteringof the samplesRSEQuseghedissimilaritymatrix D to clusterthe samplesThe
clusteringalgorithmappliedto D doesnot needto bethat which wasusedon theresampled
datasetd-urthermore becaus® is adissimilaritymatrix, with entrieson awell definedscale
of 0x1,it isintuitive to clusterD soasto constrainthe levelof between-sampldissimilarity
within clusterq8], ratherthanseta particularK for the numberof clustersafeaturewhichwe
alsoallow.

Sequentiatlusteringrefersto theiterativedetectionand removalof singleclustersand
relieson abaseclusteringalgorithm, like subsamplingwhichis iterativelyre-appliedafter
eachremovalof acluster.For eachclusteringiteration, the sequentiahlgorithmrequiresa
methodfor specifyingwhichis the@bestclustersothatit canberemovedandtheiteration
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continued.Our implementationof the sequentiatietectionof clustergfollowsthat of thetight
clusteringalgorithm[8], but wehavegeneralizedtk to fit arbitrary clusteringtechniquedor
whichthe userspecifieshe numberof clustersK. Specificallythe @2best°clusteris choserby
[8] to bethat clusterwhich variestheleastin its membershipasthe parameteik for the num-
berof clusterssincreasedasmeasuredy the maximalpercentageverlapof clustersrom
clusteringdrom K andK + 1 (theratio of cardinalityof intersectionto cardinalityof union).

Thesequentiahlgorithm canbeparticularlyhelpfulwhenthereis anoutlying clusterthatis
widelydifferentfrom others.Removingthis clusterandre-clusteringcanminimize its effect
on the globalclusteringresults Similarly,not clusteringall samplesanbebeneficiain finding
homogeneouslustersf the dataarenoisyor therearemanysamplesn the boundary
betweerclusters(Seealsothe clusteringalgorithmpcaReduce proposedoy [2] for single-
celldata,whichadoptsa sequentiatliscoveryof clustersput is more narrowly basedn reduc-
ing the numberof dimensiongor principal componentanalysis).

Creating a consensus clustering (makeConsensus). Afterrunning cl ust er Many,
theresultingCl ust er Exper i nent objectcontainsmanyclusteringsandthe nextstepisto
find asingleclusteringthatrepresentshe commonalityacrosghe manyclusteringsThefunc-
tion makeConsensus doesthis by creatingadissimilaritymatrix betweersamplesgdefined
by entriesD;; = 1 - p;, wherep;; is the proportion of clusteringsfor which the pair of samples
andj arein the samecluster(Fig 1c). Thisdissimilaritymatrix is similar to that of subsampling
andis likewiseclusteredo createaconsensuslustering.

Merging clusters based on a cluster hierarchy (mergeClusters). Thestrategyof
finding aconsensuslusteringusedby makeConsensus emphasizesharedassignments
acrosglusteringsand canresultin manysmallclustersThenumberof final clusterscanbe
adjustedn earlierstepsn the clusteringprocessbut it is moreintuitive in practiceto visualize
clusteringresults(e.g. usingheatmapsjo seewhich clustershavecleardifferencesn the
expressiorof individual genes.

Sincethesandividual geneeffectsareof greatinterestto practitionersandareusedto eval-
uatethe quality of a cluster,weformalizethis practiceby systematicallgvaluatinghe esti-
matednumberof genewith largeeffectsbetweerthe clustersand usingthis asametric to
mergetogetherclustersWe do not compareall pairsof clustersput insteadhierarchically
ordertheclusterdrom makeConsensus viahierarchicaklusteringon the medianvalueof
eachgenein eachcluster.For eachnodein theresultingdendrogramtheir childrennodes
definetwo setsof sampleshat arecandidate$or beingmergedinto asinglecluster,andeach
genesindividually testedfor differentialexpressiobetweerthe samplesn thetwo sets
(Fig 1d).Usingthesendividual generesultsjrer geC ust er s calculatesin estimateof the
proportion of differentiallyexpressedenesat eachnodecomparison(with multiple published
methodsfor doing soavailablgo the user[24+28]).Theseestimateprovidethe basisor
whetherto mergeclustersworking from the leavegclustersupward.Someof theseestimates
canalsobeoptionallyadjustedo requireaminimal amountof log fold-changedifference
betweerthe groupsfor ageneto beconsideredlifferentiallyexpresse@seesectionmer-
geClusterén S1Text).

We notethat,in additionto mergingclustersthe hierarchybetweerclusterss convenient
for visualizationof the clustersaswediscusselow(seethe sectiorn?Visualization®below).

Biomarker detection

A commontaskin clusteringof geneexpressioratasetss to identify biomarkersj.e.,genes
that stronglydifferentiatethe clustersDifferentialexpressiortechniquesnvolving hypothesis
testingareoftenusedfor theselaskg21+2329], thoughit shouldbeemphasizedhat such
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toolsmustbeusedmerelyfor exploratorypurposessincethereis severeverfittingwhenthe
groupsbeingcomparechavebeenfound by clusteringon the samedata.

Sinceclusteringof largegeneexpressiomatasetssuchassingle-celRNA-Seqlatasetgyen-
erallyresultsin alargenumberof clustersfinding biomarkersfor the clusterscorrespondso
testingfor differentialexpressiorbetweemmanygroups.A standardF-statisticfrom an
ANOVA analysigs commonlyusedto assesgifferencedetweerthe groups.Howevergener-
ally vastnumbersof geneswill have?significant F-statisticsaandthe largestF-statisticscaneas-
ily bedominatedby geneghat differentiatethe single mostoutlying cluster(Fig 2a).A better
approachis to testfor specificdifferencedetweergroups.e.g. pairwisedifferencedetween
two groups by forming contrastdrom thefull ANOVA model,which mostDE packages
allow. Thishasthe addedadvantagef usingall of the datafor estimationof the variance
parametersegardlessf the sizeof the clusters.

Howeveralargenumberof clusterswill imply alargesetof contrastgfor exampleall pair-
wisecontrasts) Suchalargenumberof contrastsarepracticallyquite difficult to construct
with thecommonDE packagesThecl ust er Exper i ment packagerovidestoolsto create
relevantcontrastsaand optionallyreturnstherelevantiomarkersviaanalysidy| i mma [21],

I i mma with voomweightg30], edgeR [23], or edgeR with weightsto correctfor zero-infla-
tion [31]. We alsoprovidethe ability to port thesecontrastdo MAST [22].

o

mergeClusters mergeClusters

mergeClusters : i mergeClusters
8 -1 i, ; 8 -1
Emi Emi
Em2 g Em2
6 Bm3 i et 1 6 Bm3
Em4 . — - Em4
B m5 Em5
4 mé 4 mé
Em7 Em7
Gene Group
2 T N E B Nodef
B b Node2
- Node3
0 Node5
T Vo H Node7
Node8

Fig 2. Biomarker detection, demonstrated on the olfactory epithelium dataset. Heatmap from thepl ot Heat map function
showinggenedound differentialy expressd (DE) betweerclustersy the function get Best Feat ur es, usingboththe globalF-
statistic(a) and hierarchicakontrastgb) options.Eachof the contrastsn (b) correspondto nodesin the dendrogramcolor-caded
asin Fig 1d;weretainedonly thetop 50DE genegernode.Genedound DE in multiple contrastamaybeplottedmultiple times.
For comparisorpurposesin (a), weretainedthetop 256DE genesccordingto aglobalF-statistt, where256is the numberof
uniguegenesn the hierarchcalcontrastshownin (b).

https://abi.org/10.137/Aournal.pchi.106378.9g002
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We supplythreedifferentkinds of contrastghat areusefulfor finding biomarkersfor
clusters:

1. all pair-wisecomparisons;
2. eachclusterversusall remainingclusterscomparisons;

3. hierarchicaktomparisonswhere for eachnodein the clusterdendrogramfrom
makeDendr ogr amacomparisonis performedbetweerthetwo childrennodes.

Thelasttypeof contrastsbhierarchicalBioour noveland preferredapproachor specifying
comparisondasedn the hierarchicakelationshipsdbetweerthe clustersasdescribedn the
makeDendr ogr amstepabove Unlike the othercomparisonghatcl ust er Exper i ment
implementsthe hierarchicakcomparisonsllowamulti-resolutionapproachjdentifying both
biomarkersthat havewidespreadlifferencebetweerargegroupsof samplesandbiomarkers
that separatesmallgroupsof samplegi.e.individual clusters).

Visualization

Thecl ust er Experi ment packagerovidesmanyvisualizatiortoolsin additionto the
abovealgorithmicfunctions,often makinguseof existingR and Bioconductorfunctionality.
cl ust er Experi nment bringsthemtogetherin onepackagend,mostimportantly, makes
it easyto integratethe clusteringresultswith the visualizationof the geneexpressiomata.

For examplepneof the mostfrequentlyusedvisualizationrmethodsin geneexpression
studiess the heatmaypor pseudo-coloimagerepresentatiorof the genes-by-samplespres-
sionmatrix. cl ust er Exper i ment providesafunctionpl ot Heat map,thatrelieson the
aheat map functionin the packagdNMF [32] andadaptst to bespecificto the resultsof
cl ust er Exper i ment by optionallyplotting the clusteringresultsalongsiddghe samples.
Furthermore,acommonproblemin standardheatmapss thatthe hierarchicalkclusteringof
the samplesvith abasichierarchicalklusteringalgorithmdoesnot exactlycorrespondo the
clusteringfound by othermethodscl ust er Exper i ment usednsteadahierarchicaklus-
tering of the clusters (describedn the sectior®Merging clustersbasecn aclusterhierarchy
(mer ged ust er s)°) thatkeepghe clusterdogetherand,importantly, doessoby alsoplac-
ing the mostsimilar clusterscloseto eachother (seefig 2).

Anotherexampldsthefunction pl ot Cl ust er s for visuallycomparinglargenumbers
of clusteringsfollowing the work of [33]. This function calculategn alignmentof the cluster
assignmentacrossamplesalongwith anorderingof samplessothatthe usercanvisualize
thesimilarity in clusterassignmentgsee-ig 1b).

Othervisualizatiortoolsinclude plotting of the hierarchyof the clusteringqp! ot Den
dr ogr an), plotting the concordancef two clusteringsziaabarplot(pl ot Bar pl ot ) or
heatmapof their contigencytable(pl ot Cl ust er sTabl e), plotting atwo-dimensional
representatiorof the datacolor-codedby cluster(pl ot ReducedDi ns), andplotting box-
plotsof the expressioevelof anindividual genepercluster(pl ot Feat ur eBoxpl ot ).
Theseareall commonvisualizationtoolsfor whichthecl ust er Exper i nment package
implementationmakest simpleto integratethe clusteringinformation, andtheyareall dem-
onstratedn thevignettethataccompaniethe package.

Results
Olfactory epithelium data (Fluidigm C1)

We demonstrateheusageofthecl ust er Exper i ment packageavith asingle-celRNA-
Seqdatasetf 747cellsrun on aFluidigm C1machinefrom neuronalstemcelldifferentiation
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Table 1. Parameters varied when applying RSEC in the analysis of the olfactory epithelium and hypothamlus datasets. SeesectionclusterManyin S1Textfor acom-
pletelist of argumentghat canbevariedin the RSEGwvorkflow.

Parameter Olfactory
#dimensbns 20,50,100
a 0.1,0.2

B 0.8,0.9

ko 4+15

minSize 1,5,10

https://da.org/10.1371¢urnal.pbi.1006378001

Hypothalamus | Description
50 Numberof dimensbnsretainedfrom PCA
0.1,0.3| Requiredsimilarity for finding aclusterfrom the co-occurrerematrix from subsamfing
0.9| Requiredpercentagef overlappng samplessk isincreasd to sequentiajl find acluster
5,10,...,35| Theinitial k for the numberof clusterso find in eachsubsamfing routine
5| Theminimum sizeof aclusterrequiredof eachof the clusteringof cl ust er Many

in the mouseolfactoryepithelium(OE) [34]. The OE is madeof four major maturecelltypes

andtwo progenitorcellpopulations Fletcheretal.[34] usedRSEQo find 13experimentally

validatedclusterghat clearlycorrespondo the known matureand progenitorcelltypes.The

RSECclustersvereusedasastartingpoint to identify the lineagetrajectorieghat producethe
major celltypesin the OE.

Here,weindependentlyrun the entire RSEGworkflow on the OE datasetvith the function
RSEC, whichimplementsour preferredpipelineof subsamplingand sequentiatietectionof
clustersacrossnanyparameteichoicesWe follow the original paperin preprocessinghe
data,includingfiltering poor quality cellsandlowly-expressedenegseesectionDatausedin
the Manuscriptin S1Text). Howevernotethat someof the optionsof RSEiffer from those
usedin the original article;in particular,werun far moreclusteringson the OE datathana
typicalusecasen orderto demonstrate¢he variousparametershat canbevaried(Tablel),
whichresultedin 432separatelusterings.

Wevisualizethe clusteringresultsfrom thecl ust er Many stepon the OE datausingthe
functionpl ot O ust er s in Fig 1b.We observahatthe manydifferentclusteringgrom the
cl ust er Many stepgenerallycreatesimilar clusterdor the vastmajority of the cellswhile
thereexistfewercellsthatarenoisily assignedo differentclustersasthe parameterghangen
differentclusteringsThis pattern,typicalfor single-celsequencinglatawhenmakinguseof
boththe subsamplingand sequentiaktepsdemonstratesherobustnesgrovidedby these
approaches.

We canvisualizehow stabledifferentcellswerein their clusteringsvith aheatmaypof the
co-occurrencenatrix (Fig 1c):eachentry of the matrix correspondso the proportion of clus-
teringsin which a pair of samplesvereclusteredogether We canseestrongblocksof cells
thatarealmostalway<clusteredogether We alsonote thatthe underlyingsimilarity between
theclusteringsdespitdargechangedn tuning parametersalsomakeshe useof consensus
acrosdheseclusteringalogicalchoice.

This co-occurrencematrix formsthe basidor creatingaconsensubetweerthe different
clusteringausingthe function makeConsensus, shownin Fig 1b.We canseehat not all of
thecellsareassignedo aclusterby makeConsensus. Thesearesampleshat areeithernot
consistentlyco-clusteredvith othersamplesacrosghe differentclusteringsor areunassigned
in ahigh percentagef the clusteringsThe reasonwhy suchsamplesreunassignednayvary
dependingon the datasettheycould correspondo rarecelltypesnoisysamplesor doublets.
Without additional,externalinformation, it is verydifficult to distinguishbetweertheseand
cl ust er Experi nment takesheconservativapproactof not usingsuchsamplegor down-
streamanalysessuchasthe markergenedetectioncarriedout by get Best Feat ur es.In
the OE datasethe majority of unassignedamplediesin betweerclusterssuggestinghat
theydo not constitutedistinctrarecellpopulations(S7Fig).

We further mergetogethersimilar clusterdrom the consensuslusteringusingner ge
d ust er s, asdescribedn the sectior®Merging clusterdasedn aclusterhierarchy
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(mer ged ust er s)°. Specificallyprer ged ust er s createshierarchybetweerclusters
andscoresachnodebasedn the percentagef geneshowingdifferentialexpression
betweersamplesn the childrennodesFig 1d visualizeshe hierarchyfound by mak e
Consensus aswellaswhich clustersveremergedby ner ged ust er s.Weuseasimple
measuredo estimatehe proportion of geneghat aredifferentiallyexpressetdetweerchildren
nodesthe proportion of genesalledsignificantat nominallevel0.05basedn the Benjamini
andHochberg[35] procedurefor controlling the falsediscoveryrate (FDR);acomparisonof
thedifferentimplementedmethodsis shownin S1Fig.

Wewould alsonotethatcl ust er Exper i ment makest easyto switchfrom themerged
clustersdbackto the consensuslustersound by makeConsensus, effectivelyallowingthe
userto explorethe dataat two differentlevelsof resolution.

Wefinally usethefunction get Best Feat ur es to find geneghat showstrongdiffer-
encesn expressiometweerclustersFor eachgenewecomputeDE statisticsor contrasts
basedn the hierarchyof the tree,aswell asa globalF-statistic.The heatmapgor the top DE
genesesultingfrom both of theseapproacheareshownin Fig 2 andillustratethat differences
betweerthe clustersaremuchmore striking with the hierarchicalcontrastsascomparedo a
globalF-statistic.Indeed,of thetop geneshownin thefigures,only 18 genesoverlapbetween
the hierarchicaland F statistic§of 256genesn each).

Fig2 alsodemonstrates| ust er Exper i nent 'sheatmagfunction, pl ot Heat nap,
thatseamlesslncorporateghe clusteringinformation into the heatmapvisualizationThe
function automaticallyaddsthe clusteridentificationsof individual cellsto the heatmapbput
alsomakesuseof the hierarchythatis createdbetweerthe clustergFig 1d). In thisway,the
clusterstructurewill berespectedh the orderingof the samplesunlike astandardhierarchical
clusteringof the cells yetensuredhat similar clusterswill beplottedcloseto eachotherrather
thanin anarbitraryorder.

Hypothalamus data (Drop-Seq)

Wefurther run the RSEGworkflow on asetof 14,43 7cellssequenceffom the hypothalamus
of adultmiceusingDrop-Se36] madeavailablen bioconductorformatby[37]. For this
largerdataset,weuseafar smallersetof parametergTablel) resultingin only 14clusterings
fromthecl ust er Many step.We againfollow the preprocessingtepsof the original paper,
but unlike [36], weclusterall of the cellsusingRSEQin [36] the authorsclusteredonly the
3,31%cellswith atleast2,000expressedenesusingthe methodof [4], andthenassignedhe
remainingcellsto thoseclusters).

Our RSEGworkflow generallyrecapitulateshe clustersof [36]. Indeed,only atotal of 65
cellsdiffer betweerRSECand[36] asto whethertheyareassignedo neuronalor non-neuro-
nal clustersbthetwo predominantclassesf cellsin this systembwithneuronalclusterdeter-
minedbasedn the expressiorievelsof the clusterof neuronalgenemarkersSnap25 and Syt1
(S2Fig).Examininggeneexpressiorof theseneuronalmarkersshowshat the majority of the
cellsthatdiffer in their neuronal/non-neuronatlassificatiorareeithercorrectlyidentified by
RSEQor showmarkersfor both neuronalandnon-neuronalcelltypes(S3Fig). Similarly,the
division of cellsinto the major subcategoriesf neuronalandnon-neuronalcellsof [36],
whichweredecidedby [36] basedn the expressiovaluef specifiomarkergenesn the set
of 3,31%cells,areoverwhelminglyconservedetweerthetwo approachegS4and S5Figs).
OneofthelargerdifferencedetweerRSECandtheresultsof [36] is that RSEQorovidesclassi-
ficationsfor alargernumberof cellsthan[36] (2,348cellsaremissinga classificatiorby [36]
versusl,151for RSECwith 4840f thesenot assignedby either).82%of the cellsadditionally
classifiedy RSECarein neuronalclusters.
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RSECalsolargelypreservershe morefine-grainedclustersof [36]. For examplethe
authorsof [36] further classifytheir neuronalclustergnto inhibitory andexcitatoryneurons,
(3Glu® and®GABAY in [36]) basedn expressiorof markergenessic17a6 andSic32al, respec-
tively. We againseethat RSECconserveshis split (S4(c)Fig), exceptfor aslightmixing in
oneof the clusterdound by RSECSimilarly,RSECcreateglusterghat separat®ut both the
four largeclassesf differenttypesof non-neuronalcells(S4(b)Fig),aswellasthe 11 more
fine-graineddivisionsof thesefour classesreatedby [36] (S4(a)Fig) with the exceptionof the
subdivisionf the endothelialcells which RSECclusterdifferently. Furthermore,in the dif-
ferencesvementionedabovebthesubdivisionof neuronalcellsand of endothelialcellsb
upon examinationof the genemarkersoriginally usedby [36] to characterizéhe biological
function of their clusterswefind thatthe differencesn our clusteringascomparedo [36]
represengoodseparatiorof thesemarkers,andattimesbetterseparatethe cellshasen
thesebiologicaldifferencegseeSectionComparisonof RSEQo clustersof [18] in S1Textfor
details).

Other comparisons via clusterExperiment

We canalsousethecl ust er Exper i ment packagéor straightforwardmplementation
andcomparisornof specificclusteringalgorithmsandparametersandthecl ust er

Experi ment frameworkmakest easyto storeandcomparethe resultsFig 3 showsseveral
suchexample®f comparisonavailablén cl ust er Exper i nent :varyingthe choiceof K
for partitionsaroundmedoids(PAM), comparingchoicesof howto calculatedistances
betweergenesandcomparingdifferentclusteringalgorithms All of thesedifferentchoices
canbemadeby achoiceof argumentgo cl ust er Many.In comparingthe clusteringalgo-
rithms, wefurther demonstratehe ability to usea user-definectlusteringalgorithmbasecdn
nearest-neighboclustering similarto the packageseur at [38] (seeSectionDatausedin the
Manuscriptin S1Textfor detailsof implementation).andincludeit in the comparisorto four
algorithmsprovidedby cl ust er Exper i nment (for alist of all clusteringalgorithmscur-
rently providedby the packageseeSectionclusterManyin S1Text).For this comparisonof
differentalgorithms wealsodemonstratehow the relevantR SEGvorkflow stepscanbeused
on thesedifferentclusteringalgorithmsto find aconsensuslusteringmakeahierarchyof
clustersandmergeclustersWe alsodemonstratén this comparisorthe ability to requirea
necessaripg-fold changecutoffto beconsideredlifferentiallyexpressefbr the purposeof
merging,seeSectionmergeClustersn S1Text.

Computational cost. The RSECanalysion the olfactorydataperformed432clusterings
on 747cells whereeachclusteringconsistedf aniterativesequentiahnalysiseachiteration
of the sequentiatlusteringinvolved100clusteringsf subsamplesf the data,and eachclus-
teringusedin the subsamplingisedl0randomrestartsof the k-meansalgorithm.In thatanal-
ysiswedemonstratedhe possibleangeof parametershat could be comparedwith the
packageandthusthisis amuchlargernumberof clusteringghanwould oftenbeperformed
in practice Particularly for verylargesingle-celsequencingtudiesfewerthan 50clusterings
would normally besufficientgiventhe computationalcostsin S6Fig,weshowthe clusterings
of the olfactorydatafrom themakeConsensus stepappliedto differentsubset®f parame-
tersfrom thecl ust er Many step,andtheresultsarequite similar. Similarly,for the analysis
of the hypothalamuslatasetvith 14,437cells we usedonly 14 differentparameteicombina-
tions (i.e.clusterings)n thecl ust er Many step;eachof thoseclusteringsverethe samepro-
cedureasthe olfactorydatabiterativesequentiatlustering with eachiteration using100
clusteringsof subsamplesf the data(thoughwedid not userandomrestartof the k-means
algorithm).
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Fig 3. Comparison of methods and tuning parameter choices using clusterMany and plotClusters, demonstrated on
the olfactory epithelium dataset. Thefigure providesexamplesf usingcl ust er Exper i ment to compareclusteringmethods
andtuning parametechoicesriathefunctioncl ust er Many to implemert the clusteringproceduresandthefunction

pl ot d ust er s to visualizeresults(a) showshe clusteringresultsafterrunning PAM with different choicef K, the numberof
clusters(b) showsthe clusteringresultsfor differentbetween-ampledistancemeasures Euclideantefersto the standardEuclidean
distance;Pearsp Corr.'and"Spearman'Bho'to acorrelatim-basedlistanced(i, j) = 1/2(1- p(i, j)), wherep(i, j) is eitherthe
standardPearsorcorrelationcoefficientor therobustSpearmamank correlationcoefficientbetweersamplei andj, respectively.
(c) showsthe clusteringresultsfor different choicef clusteringalgorithms Eachmethodis shownwith the2best°choiceof K, as
determinal by the maximumaverageilhouettewidth; 2NN° refersto auser-definednearesineighborclustering(seeSectionData
usedin theManuscrif in S1Text).Alsoshownis theresultof applyingthe consensuand mergingstepsof the RSEGworkflow to
this setof clusteringsTheclusteringsn (a) and(c) wererun with thetop 50 PCAdimensionsasinput. Theclusteringsn (b) involve
comparirg differentbetween-gnedistancemeasureandthereforewererun directly on the geneexpressioomeasuresfterfiltering
to thetop 1,000mostvariablegenesasdeterminel by the medianabsolutedeviation(MAD), arobustversionof variance.

https://dbi.org/10.137/ournal.pchi.106378.g003

In Table2 wegivethe computationatime and memoryusageof the clusteringof the olfac-
tory and hypothalamusiatasetsaswell asresultsfor running theidenticalanalysion the
hypothalamusglata,but for smallerrandomsubset®f the data.

Availability and future directions

We havedemonstratedhe useof anewsoftwareframeworkfor clusteringandvisualizing
largegeneexpressiomatasetdan particular,single-celRNA-SecdatasetsThecl ust er
Experi ment packagémplementsawiderangeof clusteringroutinesappropriatefor this
typeof data,aswell asencodinga novelworkflow strategythat emphasizesobustclustering.
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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. Theolfactoryanalysiconsistedf 432clusteringsyhile

thatof thehypothalamuf only 14.

Dataset

Olfactory
Hypothalanus

https://da.org/10.1371¢urnal.pbi.1006378002

# Cells Time CPU time Max RAM
(hours) (hours) (Gb)

747 4.0 50.5 35
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

Theentireworkflow is flexibleand extendabldoy the userto otherclusteringroutines.Fur-
thermore,userscancreateclusteringsexternallyfrom the packagdunctionsand uploadthe
clusteringresultsto aCl ust er Exper i ment objectto makeuseof the visualizatiorand
comparisongapabilitieof the package.

cl ust er Exper i ment is specificallydesignedor sampleclusteringwhichis oftenthe
primary goalof single-celRNA-seganalysesAlthoughthe packageanbeusedto cluster
genessomeof its functionshaveto beusedwith care astherearedifferentstatisticakonsider-
ationsto makewhenclusteringgenesatherthan samplesk-urthermore the simultaneous
clusteringof both samplesndgenesn the sameobject(e.g. biclustering) is not coveredoy
this package.

Similarly,cl ust er Exper i ment 'sgoalisto identify discreteclusterscorrespondingo
celltypesandthusit is not designedor theidentification of continuousdevelopmentatrajec-
tories.However severamethodfor theinferenceof celltrajectoriesrom single-celRNA-Seq
useaninitial clusteringof cellsasafirst stepin estimatingtheseunderlyinggradientg§39+41].
Our publishedworkflow [42] showshow RSECcanbeusedin combinationwith our method
Slingsho{39] in ananalysi®f developmentadlata,which wasthe strategyusedin [34] for the
olefactorydata.

Thepackage| ust er Exper i nent ispubliclyavailablehroughthe BioconductorProj-
ect,with adetailedmanual(vignette)aswell aswell-documentedelppagedor eachfunction.
The codefor implementingall of the analyseshownhereis availableon the GitHub reposi-
tory: www.github.com/epurdoniRSECPapemheanalysisn this paperwasrun usingthe
cl ust er Exper i nment packageersion2.1.5Rversion3.5.0andBioconductor3.7.

Supporting information

S1 Text. Supplementary text. Supplementaiextgivingamore detaileddescriptionof the
RSECdrameworkandits implementationaswell asinformation aboutthe analysiof the data-
sets.

(AUX)

S1 Fig. Proportions found null for per node of cluster hierarchy, OE data. (a) Dendrogram
of the hierarchicakelationshipbetweerclustersusedfor ner geCl ust er s stepaswellasin
finding bestfeaturedor eachcluster.(b) showsor eachnodein the dendrogramthe propor-
tion of genedound differentiallyexpressetetweerits children'snodesfor eachmethod
implementedn ner geCl ust ers.

(TIF)

S2 Fig. Boxplots of the log gene expression values for neuronal markers. Loggeneexpres-
sionof Snap2%r Syt1for eachof the clustersof RSEQusingpl ot Feat ur eBoxpl ot .
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Expressiorof eitherSnap2®r Sytlareusedto identify neuronalclustersoy the authorsof
[36].
(TIF)

S3 Fig. Expression of main markers of cells differing in neuronal/non-neuronal classifica-
tion. Weisolatethe 65 cellsthat wereassignedo neuronalor non-neuronalclusterdifferently
betweerRSECand[36] andplot their log expressiornevelsfor the markersin [36] usingthe

pl ot Feat ur eScat t er function: Snap25neuronal),Sytl(neuronal),Oligl (oligodendro-
cyte),Cldn5 (endothelial) C1lga(microglia/macrophagesfox9(astrocytesependymocyte,
andtanycytes)Cellsin (a) areassignedo aRSEMeuronalcluster,andanon-neuronalclus-
terin [36] andin (b) assignedo aRSEon-neuronalcluster,andaneuronalclusterin [36].
The datahasbeer?jittered® soasto beableto segpointswith the samevaluesNotethe axes
for differentgenesanbeon widelydifferentscales.

(TIF)

$4 Fig. Comparison of clusters of RSEC and [36], hypothalamus data. We showtheresults
of clusteringusingthe RSEGworkflow on the hypothalamuglatausingpl ot C ust er s.(a)
showghe clusteringresultsof RSEGon all cells,comparedo the clustersof [36]; (b) shows
theclusteringresultsof RSECall cells groupedby the major subtypesdentified by marker
genedy [36]; (c) isrestrictedto thosecellsidentified asneuronaleitherby RSECGor by [36].
Weincludebelowthe resultsof RSECa colorindication asto whetherthe cellswereidentified
asGABA or Glu by [36] (with whiteindicatingthat [36] did not assigrthosecellsto acluster).
(TIF)

S5 Fig. Percentage overlap of RSEC with clusters of [36], hypothalamus data. We plot the
percentagef overlapof eachRSECclusterswith the classificationsf [36] usingthe pl ot

Cl ust er sTabl e functionof cl ust er Exper i ment . (a) showghe overlapof RSEGwith
themajor subtypeclassification®f [36], basedn collapsingheir clustersviasharedmarker
genestatus(b) showsthe overlapof RSEGwith the full setof clustersof [36]. Eachcolumn
correspondso aclusterfrom thefinal ner geC ust er s stepof RSECThegrayscaleshows
thedistribution of eachRSECclusteracrosghe classification®f [36] on therows,sothatthe
sumof the percentagesf eachcolumnequalsl. We calculateghe percentagebasednly on
thosecellsclassifiedy both methods.

(TIF)

S6 Fig. Smaller numbers of parameters on OE data. We showthe clusteringresultson the
olfactorydata,whenrunning makeConsensus onincreasinglysmallchoicesof parameters
in thecl ust er Many step.Notethatthis doesnot requirererunningthe (intensive)

cl ust er Many stepbut justaselectiorof clusteringsalreadycalculatedn the input into
themakeConsensus step.

(TIF)

S7 Fig. Plotting top two PCA dimensions, OE data. We demonstratehe useof pl ot
ReducedDi s to showthe clusteringresultsof themakeConsensus stepon thefirst two
PCAdimensionswith theunassignedamplegoloredin grey.

(TIF)

S1 Code. Source code for version 2.1.5. We providethe sourcecodefor thecl ust er

Experi ment packageversion2.1.5usedto dotheanalysegprovidedin the paperfor repro-
ducibility. Howeverusersshouldnot usethis sourcecode but ratherfollow the Bioconductor
installationinstructionsat https://www.biocaductor.org/installfor installationof the package.
(G2Z)
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S1 Vignette. Vignette/Manual. We providethevignettethataccompaniethecl| ust er
Experi ment packageyersion2.1.5usedin this paper.Themostup-to-datemanualcanbe
found at https://bioconductor.org/pakages/release/bioc/vignettes/ckriExperiment/inst/
doc/clusterExperimentTutaal.html.

(HTML)
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