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Abstract

Tumors are made of evolving and heterogeneous populations of cells which arise from suc-

cessive appearance and expansion of subclonal populations, following acquisition of muta-

tions conferring them a selective advantage. Those subclonal populations can be sensitive

or resistant to different treatments, and provide information about tumor aetiology and future

evolution. Hence, it is important to be able to assess the level of heterogeneity of tumors

with high reliability for clinical applications. In the past few years, a large number of methods

have been proposed to estimate intra-tumor heterogeneity from whole exome sequencing

(WES) data, but the accuracy and robustness of these methods on real data remains elu-

sive. Here we systematically apply and compare 6 computational methods to estimate

tumor heterogeneity on 1,697 WES samples from the cancer genome atlas (TCGA) cover-

ing 3 cancer types (breast invasive carcinoma, bladder urothelial carcinoma, and head and

neck squamous cell carcinoma), and two distinct input mutation sets. We observe significant

differences between the estimates produced by different methods, and identify several likely

confounding factors in heterogeneity assessment for the different methods. We further

show that the prognostic value of tumor heterogeneity for survival prediction is limited in

those datasets, and find no evidence that it improves over prognosis based on other clinical

variables. In conclusion, heterogeneity inference from WES data on a single sample, and its

use in cancer prognosis, should be considered with caution. Other approaches to assess

intra-tumoral heterogeneity such as those based on multiple samples may be preferable for

clinical applications.

Introduction
Cancerischaracterizedby thepresenceof cellsgrowinganddividing without propercontrol.
In the1970s,Nowellandcolleaguessuggestedthat tumor cellsfollow evolutionaryprinciples,
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asanyotherbiologicalpopulationableto acquireheritabletransformations[1]. This
evolutionaryframeworkhasprovenveryusefulin deepeningour understandingof canceraeti-
ology[2].

A consequenceof thisprogressiveaccumulationof mutationsis intra-tumor heterogeneity.
Indeed,whenanewmutationoccursin atumor cellandprovidesanevolutionaryadvantage,
thiscelltendsto haveahigherprobabilityto surviveanddivide,henceseedinganewclonal
population[3]. Thisnewclonemaysupersedethewholetumor population,or coexistalongit.
Thisprocessresultsin atumor madeof amosaicof clones.Nextgenerationsequencing
(NGS),in particularwholeexomeandwholegenomesequencing(WES,WGS),canprovide
newinsightsinto theheterogeneityandevolutionof tumors.Indeed,earlymutationsshared
amongall cancercellsshouldbedetectedin moresequencingreadsthanmutationsacquired
laterbyonly afractionof thetumor cells.Thusit maybepossibleto estimatetheintra-tumor
heterogeneity(ITH) andreconstructtheclonalhistoryof tumorsfrom WESor WGSdata,as
reviewedby [3±5],andmanycomputationalmethodshavebeendevelopedfor thatpurpose
[6±9].Wecollectivelyreferto thesemethodsasªITH methodsºin thefollowing.Subclonal
reconstructionfrom singlecellsequencinghasemergedasanewfield,simplifyingpartof the
inferenceproblem,but raisingotherissues,relatedto technicallimitations (high dropoutrate)
andhighcost,possiblyalimitation to theavailabilityof largecohorts[3, 10±12].

Previousstudieshavereportedthatalargeproportion of tumorsareheterogeneous[13±
16],with variousconsequencesfor thepatient.In particular,high ITH hasbeenassociated
with treatmentresistanceandpoorprognosis[17]. However,thoseresultsrelymostlyon very
detailedcasestudiesinvolvingonly asmallnumberof patients,with favorableexperimental
settingssuchashighcoveragetargetedsequencingon top of NGS,multiple samplecollection
(multi-siteor longitudinalstudies)[18±20]or evensingle-cellsequencing[21]. In theperspec-
tiveof large-scaleapplicationin aclinicalcontext,oneneedsto considermoreaccessibledata
with respectto costandinvasivenessfor thepatient,like moderatecoverageWESon onesam-
pleperpatient.A preciseevaluationof existingITH methodsin thissettingisneededto deter-
minewhethertheyallowusto find distinguishablepatternsof heterogeneityandevolutionof
clinicalrelevance.Severallargescaleanalyseshaveattemptedto depicttheevolutionaryland-
scapeof ITH in severalcancertypes[2], andto assesstheprognosticpowerof ITH. In particu-
lar,usingdatafrom thecancergenomeatlas(TCGA),asignificantassociationbetweenITH
andoverallsurvivalwasfound in at leastoneof thethreestudies[13,14,22] for 9cancertypes:
breastinvasivecarcinoma(BRCA),kidneyrenalclearcellcarcinoma(KIRC),brain lower
gradeglioma(LGG),prostateadenocarcinoma(PRAD),glioblastomamultiforme (GBM),
headandnecksquamouscellcarcinoma(HNSC),ovarianserouscystadenocarcinoma(OV),
uterinecorpusendometrialcarcinoma(UCEC),andcolonadenocarcinoma(COAD). How-
ever,5 of themwereconsideredin anotherstudywith no significantresult.In othercancer
types,2studiesconsistentlyfoundno significantresultsfor 3cancertypes:bladderurothelial
carcinoma(BLAC),lungsquamouscellcarcinoma(LUSC)andstomachadenocarcinoma
(STAD),andall 3 studiesfoundno significantresultsfor lungadenocarcinoma(LUAD) nor
for skincutaneousmelanoma(SKM).A possibleexplanationfor thisdiscrepancyis that the
studiesbasetheir analyseson differentcomputationalpipelines,from variantcallingto ITH
estimation,leadingto differentandsometimescontradictoryresults[22].

To clarify therobustnessandconsistencyof differentITH methods,weperformasystem-
aticbenchmarkof 18computationalpipelinesfor ITH estimatesfrom asingleWESsample
perpatient(combining2 waysto callmutations,and2methodsto assesscopynumbervaria-
tions(only 3out of 4 combinationsweretested)with 6 ITH methods),usingdatafrom 1,697
patientswith threetypesof cancerfrom theTCGAdatabase(BRCA,BLCA,HNSC).We
selectedthesecancertypesfollowingconclusionsof Morris etal.[13], sinceHNSC,BRCAand
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BLCAarecharacterizedby respectivelyhigh,intermediateandabsenceof prognosticpowerof
ITH. WeshowthatmostexistingITH methodsareverysensitiveto thechoiceof mutations
andcopynumbervariationscalled,andthat theycangiveveryinconsistentresultsbetween
eachother.Wehighlight in particularthatsomemethodsareinfluencedbyconfoundingfac-
torssuchastumor purity or mutation load.Finally,weshowthatalthoughITH measuredby
somecomputationalpipelineshaveaweakprognosticpoweron somecancertypes,theprog-
nosissignalisnot robustacrossmethodsandcancertypes,andisconfoundedwith informa-
tionsavailablein standardclinicaldata.To further characterizethoseinconsistencies,we
report resultsfor ITH methodson 7WESsamplesassociatedwith singlecellsequencingallow-
ing to haveanestimateof thegroundtruth. Asaconclusion,wesuggestthat resultsof ITH
analysisfrom singlesampleWESdatawith currentcomputationalpipelinesshouldbemanip-
ulatedwith caution,andthatmorerobustmethodsor protocolsarelikely to beneededfor
clinicalapplications.

Materials and methods

Data
Wedownloadeddatafrom theGDCdataportalhttps://portal.gdc.cancer.gov/for 3 cancer
types(BLCAÐ351patients,BRCAÐ904patients,HNSCÐ442patients).Wegathered
annotatedsomaticmutations,both rawvariantcallingoutput,whoseaccessis restrictedand
publicmutations,from thenewunified TCGApipelinehttps://docs.gdc.cancer.gov/Data/
Bioinformatics_Pipelines/DNA_Seq_Variant_Calling_Pipeline/, with alignmentto the
GRCh38assembly,andvariantcallingusing4variantcallers:MuSe,Mutect2,VarScan2and
SomaticSniper.Instructionsfor downloadcanbefound in thecompanionGithub repository
(https://github.com/judithabk6/ITH_TCGA). RNAseqdatausedto computeimmunesigna-
turesweredownloadedthroughTCGABiolinks[23], andwedownloadedclinicaldatafrom
theCBIOportal [24].

Copynumber calling andpurity estimation
Weobtainedcopynumberalterations(CNA) datafrom theASCATcompleteresultson
TCGAdatapartly reportedon theCOSMICdatabase[25,26].WethenconvertedASCAT
resultson hg19to GRCh38coordinatesusingthe�V�H�J�P�H�Q�W�B�O�L�I�W�R�Y�H�UPythonpackage
[27]. ASCATresultsalsoprovideanestimateof purity, whichweusedasinput to ITH meth-
odswhenpossible.Otherpurity measuresareavailable[28]; howeverweselectedtheASCAT
estimateto ensureconsistencywith CNV data.

Thecallsof allele-specificcopynumberandpurity from ABSOLUTE[29] weredownloaded
from theGDCdataportalhttps://gdc.cancer.gov/about-data/publications/pancanatlason
August18th2019.Theywereconvertedto GRCh38astheonesfrom ASCAT.

Variant calling filtering
Variantcallingisknown to beachallengingproblem.It iscommonpracticeto filter variant
callersoutput,asITH methodsaredeemedto behighlysensitiveto falsepositivesinglenucleo-
tidevariants(SNVs).Wefilteredout indelsfrom thepublicdataset,andconsideredtheunion
of the4 variantcallersoutputSNVs.For theprotecteddata,wealsoremovedindels,andthen
filteredSNVson the�)�,�/�7�(�5columnsoutputby thevariantcaller(ªPASSºonly VarScan2,
SomaticSniper,ªPASSºor ªpanel_of_normalsº for Mutect2,andªTier1º to ªTier5º for MuSe).
In addition,for all variantcallers,weremovedSNVswith afrequencyin 1000genomesor
Exacgreaterthan0.01,exceptif theSNVwasreportedin COSMIC.A coveragefilter was
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added,andwekeptSNVswith at least6 readsat thepositionin thenormalsample,of which1
maximumreportsthealternativenucleotide(or with avariantallelefrequency(VAF) <0.01),
andfor thetumor sample,at least8 readscoveringtheposition,of whichat least3 reporting
thevariant,or aVAF>0.2.Therelativeamountof excludedSNVsfrom protectedto public
SNVsetsvariedsignificantlybetweenthe3cancertypes(seeS1Table).All annotationsarethe
onesdownloadedfrom theTCGA,usingVEPv84,andGENCODEv.22,sift v.5.2.2,ESP
v.20141103,polyphenv.2.2.2,dbSNPv.146,Ensemblgenebuildv.2014-07,Ensemblregbuild
v.13.0,HGMD publicv.20154,ClinVar v.201601.Wefurther denotethefilteredrawmutation
setasªProtectedSNVsºandtheotherone,which ispubliclyavailable,asªPublicSNVsº.

ITH methods
Publishedmethods. Weconsiderfour publishedITH methods:SciClone[7], PhyloWGS

[8], PyClone[6] andEXPANDS[9]. In addition,weconsidertheMATH score[30] asasimple
indicatorof ITH, aswellasabaselineITH methoddescribedbelow.All computationswere
stoppedafterrunning 15hours.This thresholdwaschosento getresultsfor mostsamples
(>95%whentime wasthelimiting factor)for mostmethodswhilesavingcomputational
resources.Meanandstandarddeviation(std)of runtimeswerecomputedfor eachmethod
with eachinput mutationsetseparately.All parametersusedfor eachmethodaredetailedin
thecompanionpublicGithub repositorycontainingall thecommandshttps://github.com/
judithabk6/ITH_TCGA.To ensurecomparison,theruntimeswereonly performedon runs
with ASCATcopynumbercalls.

Weperformedpost-treatmentto keeponly cloneswith at least5 SNVs,exceptfor samples
in whichall cloneswereunder5 SNVswhenall cloneswereconsidered.After running each
ITH methodweextracted5 featuresto characterizeITH in asample:thenumberof clones,the
proportion of SNVsthatbelongthethemajorclone,theminimal cellularprevalenceof asub-
clone,theShannonindexof theclonaldistribution,andthecellularprevalenceof thelargest
clonein termsof numberof SNVs.

Consensus(CSR). Wecomputedaconsensusof severalITH methodsusingtheopen
sourcepackageCSRavailableathttps://github.com/kaixiany/CSR. Thismethodrelieson
matrix factorizationto outputaconsensusclustering.Wecomputedtwo separateconsensus
(for protectedandpublicdata),usingasinput theresultsof PyClone,SciClone,PhyloWGS,
EXPANDSandbaseline.MATH estimateswerenot wellsuitedfor theconsensus.Foreach
run, weran matrix factorizationfor amaximumof 500seconds.

Clinical variables
Foreachcancertype,wecollectedclinicalvariablesfrom theCBIOPortalaccordingto the
followingconditions:(i) categoricalvariableswereone-hotencoded,andeachlevelwaskeptif
it involvedat least50patients,andatmost50patientshadanotherlevelof thesamevariable;
(ii) wekeptnumericalvariablesavailablefor everypatient;and(iii) in addition,weonly kept
thevariables(if numerical)or thelevels(categorical)whichweresignificantlyassociated
with overallsurvivalbyasingle-variablecoxmodelestimatedwith thePythonpackage
�O�L�I�H�O�L�Q�H�V[31] afterBenjamini-Hochbergcorrectionfor multiple hypothesistesting[32].
S2,S3andS4Tablessummarizetheclinicalvariablesretainedfor eachcancertype.

Survivalregression
Model. To estimatetheprognosispowerof asetof features,weuseasurvivalSVMmodel

[33]. SurvivalSVMmaximizesaconcaverelaxationof theconcordancebetweenthepredicted
survivalranksandtheoriginalobservedsurvival,regularizedbyaEuclideannorm penalty.
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Formally,givenatraining setof � patientswith survivalinformation (x�, � �, ���)� = 1, . . ., � , where
� � 2 �5� isavectorof � featuresfor patient�, � � 2 �5 is thetime,and��� 2 {0,1} indicatesthe
event(��� = 1) or censoring(��� = 0),asurvivalSVMlearnsalinearscoreof theform �(x) = w> x
for anynewpatientrepresentedby features� 2 �5� bysolving:

���
�

� > � ‡ a
X

�;�2P
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whereP ˆ f…�;�†2 ‰1;�Š2 j � � � � � ^ d� ˆ 1g is thesetof pairsof patients(�, �) whichare

comparable,that is,for whichwearecertainthatpatient� livedlongerthanpatient�. Intui-
tively,thelosspenalizesthecaseswherepatient� surviveslongerthanpatient� but theopposite
ispredictedby themodel.Forall computations,weusedthefunction �)�D�V�W�6�X�U�Y�L�Y�D�O�6�9�0
in thePythonPackage�V�F�L�N�L�W���V�X�U�Y�L�Y�D�O[34], with defaultparameters.Themodelwas
trainedandtestedusinga5-foldcross-validationprocedure.

Evaluationprocedure. To assesstheaccuracyof asurvivalregressionmodel,weusethe
concordanceindex(CI) betweenthepredictedscoreandthetruesurvivalinformation on a
cohortwith survivalinformation.Givensuchacohort(x�, � �, ���)� = 1, . . ., � , theCI measureshow
concordantthepredictedsurvivaltimes�� = �(x�) arewith theobservedsurvivaltimes� � for
comparablepairsof patients:

�	 ˆ
1

jP j

X

�;�2P

	…�� � � �†;

���� 	…
† ˆ

1 �	 
 > 0;

1
2 �	 
 ˆ 0 ;

0 
��� ��� �:

8
>>><

>>>:

In practice,wecomputeanapproximationof CI with thefunction �F�R�Q�F�R�U�G�D�Q�F�H���L�Q�G�H�[
from theRpackage�V�X�U�Y�F�R�P�S[35], usingthe�Q�R�H�W�K�H�Umethod[36], andtheassociated
one-sidedtestto compareCI to 0.5,which is themeanCI obtainedwith arandompredictor.
To compareCI'sof differentmethods,weuseapairedStudentt-testfor dependentsamples
implementedin thefunction �F�L�Q�G�H�[���F�R�P�Sfrom thesamepackage.In both testsettings,we
aggregatep-valuesfrom eachof thefivecross-validationfoldsusingtheFishermethodfrom
Pythonpackage�V�W�D�W�V�P�R�G�H�O�V,andapplyaBenjamini-Hochbergcorrection[32] to correct
for multiple testing.

Immune signatures
WenormalizedRNAseqrawcountdatausingavariancestabilizingtransformation(VST)
implementedin theDeseq2Rpackage[37], treatingeachcancertypeseparately.Wemapped
genesfrom Bindeaetal.[38] to EnsemblGeneIdspresentin theTCGAmatrix usingEntrezId
matchtabledownloadedfrom Biomart[39] on March26th2018.Out of 681EntrezId(577
unique),31(24unique)werenot matchedto anEnsemblId with associatedgeneexpression
in theTCGARNAseqdata.EachsignaturewasthencomputedbyaveragingtheVSToutput
valuefor therelevantEnsemblId for eachTCGAsample.Theresultingsignaturesweusedcan
befoundasS5Table.Foranalysispurposes,weusethecomplementaryto themaximalvalue
in thecohortsothat thecontentin immunecellsvariesin thesamedirectionastumor purity
andremainsapositivequantity.Wedenotethosenewvariableswith theprefix �L�Q�Y,e.g.,for
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patient� in theBRCAcohortwedefine

in v T cells � ˆ ���
�2���� ��� ��� �

T cells �

� �
� T cell s � ;

where�7�B�F�H�O�O�V� representsthesignaturefor T cellsestimatedasexplainedabove.

Correlations
WeassessedcorrelationsusingPearson'scorrelationcoefficient.Wecomputedthe
associatedsignificance(for thenull hypothesisthat thecorrelationcoefficientis0) usingthe
�V�F�L�S�\���V�W�D�W�V���S�H�D�U�V�R�Q�Ufunction,andwecorrectedthesignificancefor multiple testing
usingtheBenjaminiHochbergprocedureat �� � 0.05.

Comparisonmetrics. In addition to thecorrelationsof thenumberof clonesbetween
methods,wehaveimplementedthreemetricsderivedfrom [40] to compareITH methods
together:

Score1Bmeasurestheadequacybetweenonenumberof clones�1 andanothernumberof

clones�2. It iscomputedas�1‡1� �� �…�1‡1;j� 2� �1j†
�1‡1 .

Score1Cis theWassersteindistancebetweentwo clusterings,definedby theCCFsof thedif-
ferentclonesandtheir associatedweights(proportion of mutations),implementedasthe
function �V�W�D�W�V���Z�D�V�V�H�U�V�W�H�L�Q�B�G�L�V�W�D�Q�F�H�L�Q�W�K�H�3�\�W�K�R�Q�S�D�F�N�D�J�H�V�F�L�S�\��

Score2Ameasuresthecorrelationbetweentwo binaryco-clusteringmatricesin avectorform,
� 1 and� 2. It is theaverageof 3 correlationcoefficients:

Pearsoncorrelation coefficient ��� ˆ �
�…� 1;� 2†
s� 1

;s� 2
, implementedasthefunction �S�H�D�U�V�R�Q�Uin

thePythonpackage�V�F�L�S�\,

Matthewscorrelation coefficient ��� ˆ ����� � �����••••••••••••••••••••••••••••••••••••••••••••••
…��‡��†…�� ‡�� †…��‡��†…�� ‡�� †

p , implementedasthe

function �P�H�W�U�L�F�V���P�D�W�W�K�H�Z�V�B�F�R�U�U�F�R�H�Iin thePythonpackage�V�F�L�N�L�W���O�H�D�U�Q,

V-measureis theharmonicmeanof ahomogeneityscorethatquantifiesthefactthateach
clustercontainsonly membersof asingleclass,andacompletenessscoremeasuringif all
membersof agivenclassareassignedto thesamecluster[41]; heretheclassesarethe
trueclustering.Weusedthefunction �Y�B�P�H�D�V�X�U�H�B�V�F�R�U�Hin thePythonpackage
�V�F�L�N�L�W���O�H�D�U�Q.
Beforeaveraging,all thosescoreswererescaledbetween0and1 usingthescoreof themini-
malscorebetweentwo ªbadscenariosº:all mutationsarein thesamecluster,or all muta-
tionsarein their owncluster(� �� ��ˆ� � ��

or � ���� ˆ �,� �� ).

All scoresasasymmetricalandwerehencecomputedtwice.In thecaseof score2A,only the
mutationspresentin thetwo reconstructionswereconsidered.

WESandsinglecell paired dataset
Data availability andpreprocessing. Therawdatafor 7normal-tumorWESsamples

analyzedjointly with matchingsinglecellsequencing[42] weredownloadedfrom theNCBI
SRAplatformhttps://www.ncbi.nlm.nih.gov/sraandprocessedinto fastqformatusingthetool
�I�D�V�W�T���G�X�P�Sfor thetwo acutelymphoblasticleukemia(ALL) patients(accessionnumbers:
SRR1517761,SRR1517762,SRR1517763,SRR1517764)[43], or directlydownloadedin the
fastqformat from theEBIENA platformhttps://www.ebi.ac.uk/enafor theTriple Negative
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BreastCancerpatient(TNBC) [44] (accessionnumber:SRR1163508andSRR1298936),and
thetwo samples(primary tumor andliver metastasis)from thetwo colorectalcancerpatients
(CRC)[45] (accessionnumber:SRR3472566,SRR3472567,SRR3472569,SRR3472571,
SRR3472796,SRR3472798,SRR3472799,SRR3472800).

All normal-tumorpairsunderwentapipelineof analysisincludingalignmentwith BWA-
MEM [46] with optionsª-k 19-T 30-Mº, filtering of readsbasedon targetintersection,map-
ping qualityandPCRduplicatesremoval,usingPicard[47], Bedtools[48] andSamtools[49],
andpreprocessusingGATK [50] for localrealignmentaroundindels,andbasescorerecalibra-
tion. VariantcallingwasperformedusingMutect2[51], andvariantsfilteredunderthesame
rulesasusedfor theTCGA(only ªPASSºvariants,andminimal coveringrules),andcopy
numberassessedwith Facets[52]. SNVsusedin theanalysiswith B-SCITE[42], passingthe
coveringfiltersbut not recoveredby thispipelinewereaddedto thefinal variantlist.Those
variantsandthecopynumberprofile werethenpassedto PyClone,SciClone,PhyloWGSand
Expandsfor ITH deconvolution.

Evaluationmetrics. To measuretheaccuracyof subclonalreconstructionsfrom theWES
dataonly usingdifferentmethods,wecomparedthesereconstructionsto thereconstruction
obtainedbyB-SCITEusingbothWESandsinglecellsequencing[42]. To quantifythesimilar-
ity of thedifferentreconstructionresults,wecomparedthenumberof clones,andfor thecom-
mon mutations,themetric2A,usedin [40] andredefinedabove.

Results

AssessingITH on TCGA samples
Wecollectedsomaticmutation information from 1,697TCGApatientswith BLCA(� = 351),
BRCA(� = 904),andHNSC(� = 442).Weselectedthesethreecancertypesfollowingconclu-
sionsof Morris etal.[13], sinceHNSC,BRCAandBLCAarecharacterizedby respectively
high (hazardratio,HR = 3.75,p = 0.007in multivariateCoxmodel),intermediate(HR = 2.5,
p = 0.15)andabsence(HR = 1.05,p = 0.91)of prognosticpowerof ITH. Foreachpatient,we
collectedtwo setsof mutationsbasedrespectivelyon protectedandpublicSNVsets.Thepro-
tectedsetcorrespondsto rawvariantcallingoutputs,with anextrafiltering stepdescribedin
Methods.Thepublicsetcorrespondsto publiclyavailableSNVcalls,filteredfrom therawvari-
antcallingoutputsto only retainsomaticmutationswith veryhighconfidence,in orderto
ensurepatients'anonymity.S1Tablesummarizessomestatisticson thenumberof mutations
persamplefor eachcancertype.

WeassessITH in eachsampleusing6 representativecomputationalmethods:PyClone[6],
SciClone[7], PhyloWGS[8] EXPANDS[9], themutant-alleletumor heterogeneity(MATH)
score[30], andCSR[16], amethodprovidingaconsensusof all of theaboveresults(except
MATH whichisnot compatible,seeMethods).Table1summarizessomeimportantproperties

Table1.Main characteristics of ITH methodstested.Themeanruntime is themeantime to processaTCGAsample.Thesuccessrateis thefractionof TCGAsamples
for whichthemethodproducedanoutputwithout error,with ASCATcallsasinput only.TheMATH scorewascomputedin onestepfor all samples,usingatablecontain-
ing all mutationsfor all samples;theoperationlasted3.21s(std.47.6ms)for theprotecteddataset,and3.39s(std.11ms)for thepublicdataset.All time measurementswere
measuredon asingleclusternodewith a2.2GHzprocessor and3GBof RAM.

Method CNA as
input

Purity as
input

Outputs tree
(s)

Refe-
rence

Mean(std) runtime
protectedin seconds

Mean(std) runtime public
in seconds

Successrate
(protected)

Successrate
(public)

MATH no no no [30] << 1 << 1 100% 100%

EXPANDS yes no no [9] 891(604) 267(258) 89% 71%

PyClone yes yes no [6] 7,035(8,464) 1,414(1,415) 95% 99%

SciClone yes no no [7] 62(48) 41(51) 92% 78%

PhyloWGS yes yes yes [8] 13,258(9,058) 4,730(4,139) 95% 97%

https://doi.org/10.1371/journal.pone.0224143.t001
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of thedifferentmethods,whichmight behelpfulfor designingfuturestudiesandselectingthe
appropriatetool.All methodsbut MATH takeasinput theCNA information in addition to a
setof somaticmutationVAFs.PyCloneandPhyloWGSalsotakepurity asinput. All input has
to bepre-computedby third-party approaches.While MATH isasinglequantitativemeasure
of ITH basedon differencesin themutant-allelefractionsamongmutatedloci, all 6 other
methodsproducemoredetailssuchasthenumberof subclonesandtheir respectivepropor-
tionsin thetumor. In particular,PhyloWGSoutputsalineagetreeconnectingthesubclones.

Wetestedeachmethodthreetimes:on eachsamplefor thetwo mutationsetscombined
with ASCATcallsfor purity andcopynumber,andcombinedwith ABSOLUTEcallsfor the
protectedmutationset.Weobservedthatsomemethodsfailedto produceanoutputon some
samples,for differentreasons(seesuccessratefor eachmethodin Table1).EXPANDSpro-
ducesanerror for 30%of thesamples,mostlyfor tumorswith highpurity or veryfewCNAs.
SciClonefailsto provideanoutput for sampleswith aninsufficientnumberof SNVin regions
without CNA or LOH event.PyCloneandPhyloWGSnon completioncaseswerecausedbya
too longruntime.

Asshownin Fig1,thereis little overlapbetweenthesampleswhereeachmethodfails.Out
of 1,697initial TCGAsamples,all methodsproducedanoutput for thethreerunson only 686
samples(296BRCA,178BLCA,212HNSC).Thosefailurecasesunveil indicationsof each
method'slimitations,in particularEXPANDSandSciClone.In thefollowingwerestrictour
analysisto those686samples.Onecannotethat thereismoredifferencebetweenpublicand
protectedresultsfor BRCAsamples;this isexpectedasthenumberof mutationsin thosetwo
setsismoredifferentfor thiscancertype,asshownin S1Table.

In addition to failures,weobservedthat theruntime variessignificantlybetweenmethods
(Table1).Asshownon Fig2,therun time of differentITH methodsincreaseswith thenum-
berof somaticmutations.PyCloneandPhyloWGSruntime risesveryquicklywith thenumber

Fig 1. Intersectionof successfulruns amongthe 4 consideredITH methods. Theuppervenndiagramsconcernrunswith thepublic input
SNVset,thesecondline with theprotected, andthethird theoverallintersection, asresultswith bothsetsarenecessaryfor aproperand
rigorouscomparison.

https://doi.org/10.1371/journal.pone.0224143.g001
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of mutationsin tumor sample,whichcanbealimitation for applicationsto heavilymutated
tumors.

Methodsquantifying ITH exhibit inconsistentresults
Asafirst evaluationof ITH methodsin theabsenceof groundtruth, weassesstheagreement
betweenmethods,with afocuson thenumberof clones.EachmethodexceptMATH outputs
anestimatednumber� of subclonalpopulations,rangingfrom � = 1 for anhomogeneous,
clonaltumor to anypositivenumberfor anheterogeneousone.Fig3 presentsthedistribution
of estimatedclonalityamongall samplesfor eachapproachandeachSNVset,andeachcopy
numbercallingmethod.Weobservelargedifferencesbetweenmethods,aswellasbetween
SNVsets:for instance,overall samples,thepercentageof estimatedclonaltumors(� = 1) var-
iesfrom 4%(for PhyloWGSon protecteddata)to 57%(for PyCloneon publicdata).More-
over,thenumberof estimatedpopulationscanvarystrikingly with themutationsetused,but
not reallywith thedifferentinput copynumber.Thereisacleartrendamongall methodsto
yieldhigherITH estimateswith theprotectedmutationset.PhyloWGSandEXPANDS(and
CSR)aretheonly methodsthatdetectITH in almostall testedsampleswith theprotected
mutationset.

Fig 2. Runtime of the different ITH methodsasa function of the number of mutations in eachsample.Linesrepresentsecond
degreepolynomial fit with shadedregionsare95%confidence-intervals.

https://doi.org/10.1371/journal.pone.0224143.g002
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Anotherwayto comparemethodsis to considercorrelations(Pearson'sr) betweentheesti-
matednumbersof populations.Thisallowsusto includetheMATH scorein theevaluation,
consideringit asanincreasingfunction of heterogeneityjust like thenumberof populations.
In addition,weaddto thecomparison5 measuresdirectlyextractedfrom theNGSanalysis,
namely,thenumberof mutationsin theprotectedandin thepublicsets,thepercentageof
non-diploid cells(estimatedbyASCATandABSOLUTE),thepurity (estimatedbyASCAT
andABSOLUTE),andthe���_�_���� (estimatedfrom geneexpressionsignatures).Resultsare
presentedin Fig4.

Althoughaclearandconsistentmessageishardto extract,afewgeneraltrendsseemto
emerge.First,thereisatendencyof resultsto bemoresimilar for differentmethodswith the
sameinput mutationset,in particularfor BRCA,whereresultsfor PyClone,SciClone,Phy-
loWGSandCSRaregroupedtogetherfor eachinput set.Second,thereallyunexpectedresult
is to observethat ITH resultswith thesameinput canbeuncorrelated,andevensignificantly
negativelycorrelated.Third, weobservetwo groupsof methodsthat remainmoresimilar
acrossall threecancertypes:EXPANDSandMATH scoreon theonehand,andPhyloWGS,
PyClone,SciCloneon theotherhand.Thoseresultscanberelatedto themethodsthemselves.
Indeed,PyClone,PhyloWGSandSciCloneall defineaprobabilisticmodelexplainingall
observationsof copy-numberandreadcounts,basedon amixture model.Theydiffer by the
exactnatureof themodel(choiceof distributions,exactdefinition of parameters),but they

Fig 3. Distributio n of number of clonescalledby ITH methodswith public andprotectedmutations setsasinputs. Distribution of the
numberof subclonesfor thetestedITH methods,and2alternativeinput mutationsetsfor samplesin thedifferent cancertypesand2different
copynumbermethodsfor theprotectedmutationset.MATH couldnot beincludedin thisanalysisasthismethoddoesnot estimateanumber
of clones.

https://doi.org/10.1371/journal.pone.0224143.g003
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havesimilarstructures.SciCloneisdifferentfrom PyCloneandPhyloWGSin two ways:it
only relieson mutationsthatarein regionswithout copynumberalterations;andit doesnot
correctfor tumor purity. It is thereforenot surprisingthatPyCloneandPhyloWGSyieldsimi-
lar results,andthatSciCloneisabit moredifferent.CSRperformsaconsensusof all obtained
clusterings;since3 methodsout of 4 havesimilar results,CSRmight bebiasedtowardsthose3
methods.ExpandsmakessimilarassumptionsasPyCloneandPhyloWGS.However,theesti-
mationprocessisverydifferent:Expandsestimatesadistribution of readnumberfor each

Fig 4. Correlation betweenvariousmeasuresof ITH (MATH score,andnumber of subclonesfor the other methods),andother potential
confounding variablesmeasuredusingWESand trancriptomicsdata.Rowandcolor labelrepresentthemethodused,with whitefor the
genomicmeasuresnot involvingITH. Hatchescorrespondto publicmutationsets.Heatmapcolorsrepresentthevalueof thePearson's�, which
iswritten numericallywheneverit issignificantly differentfrom 0(�� � 0.05afterBenjaminiHochberg correction for multipletests).Wecan
observeclusteringtendenciesstableacrossthe3cancertypes.Oneof themishighlightedin blacklines.

https://doi.org/10.1371/journal.pone.0224143.g004
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position,andthenclustersthosedistributions,whilePyClone,SciCloneandPhyloWGS
attemptto find acommondistribution for agroupof mutations.TheMATH scorehasan
entirelydifferentrationaleasit simplyignoresCNVs.Similartrendsareobservedwhencom-
paringthemethodsbasedon otherpairwisecomparisonmetrics(seeS2±S4Figs).

Regardingpotentialconfoundingvariables,previousstudieshavereportedacorrelation
betweenMATH scoreandCNA abundance[22,53,54],or betweenpurity andITH, asITH
methodswereinitially designedto refinepurity estimation[29], andweobservesimilarbehav-
iors.Associationwith immuneinfiltration hasalsobeenconsidered[54], thoughit isworth
noting that immuneinfiltration andtumor purity arenot independent,asimmunecellsare
not cancerous.Eachgroupof ITH methodsishighlycorrelatedto distinctgenomicmetrics,
mutation loadandCNV abundance(�S�H�U�F�B�Q�R�Q�B�G�L�S�O�R�L�G)for thefirst group(MATH,
Expands),andpurity (andtheoppositeof immunecellsinfiltration (�L�Q�Y�B�7�B�F�H�O�O�V))for the
latter(PyClone,SciClone,PhyloWGSCSR).Thismight beindicativeof systematicbiasesin
thedifferentmethods,ratherthanbiologicalstrongsignalaspreviouslyreported.Indeed,the
strengthanddirectionof all correlationsvarybetweenthetwo groupsof ITH methods,andis
hencehardlyreliableor interpretablein termsof clinicallyactionableinformation without
moredata.

Similarresultsareobtainedon anindependentdatasetof 7 samplesfrom 5 patientswhere
bothWESandsinglecellsequencingwasperformed.In thisdataset,subclonalreconstruction
wasperformedby themethodB-SCITE[42] thatusesbothbulk sequencingandsinglecell
sequencingasinput, andprovidesthemostaccuraterepresentationpossible.To further illus-
tratethebehaviorof ITH methods,wehavecomparedresultsobtainedfor eachsamplesepa-
ratelyto theB-SCITEresult.To evaluatetheconcordanceof eachreconstructionto the
B-SCITEreconstruction,wecomparethenumberof clones,andthescore2Afrom [40] that
evaluatestheco-clusteringof mutations.Theothermetricsconsideredin [40] focuson thedis-
tancebetweenthetrueandreconstructedcancercellfractiondistributions(score1C),but in
thissetting,thegroundtruth doesnot provideatrueCCFdistribution estimate,andon the
phylogeneticrelationshipsbetweenclones(score3),but only PhyloWGSprovidesatree
amongtheconsideredmethods.For thisevaluation,wehaveleft thetrueestimatefor PyClone
thatprovidesalot (severaldozens)of cloneswith asinglemutation.Theinput to ITH methods
wehaveusedresultsfrom variantcallingon thebulk WESdata,whereastheinput to B-SCITE
ismorerestrictive,andfocuseson mutationsdetectedboth in theWESandin thesinglecells;
thescore2Aiscomputedon thecommonmutations.Resultsarepresentedin Table2.As
observedon theTCGA,differentmethodsbasedon WESdataexhibitverydifferentestimates
of thenumberof clones,andnoneisverycloseto theestimatesof B-SCITEusingWESand
single-celldata.In termsof clonecomposition,PyCloneis theclosestto B-SCITEin termsof
score2Acorrelationin four out or sevensamples,althoughthescore2Avaluesremainvery
modest.

ITH is aweakandnon robust prognosisfactor
To testtheprognosticpowerof eachITH quantificationmethod,wecollectedsurvivalinfor-
mationfor the686patientson whichall ITH methodsransuccessfully,andassessedhoweach
ITH methodallowsto predictsurvival.Sinceall ITH methodsexceptMATH output several
featuresrelatedto ITH, wedid not testeachfeatureindividually but insteadestimatedacom-
binedscorefor eachmethodwith asurvivalSVMmodel(seeMethods).More precisely,we
extract5 featuresfrom eachITH method:thenumberof subclonalpopulations,theproportion
of SNVsthatbelongthethemajorclone,theminimal cellularprevalenceof asubclone,the
Shannonindexof theclonaldistribution,andthecellularprevalenceof thelargestclonein
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termsof numberof SNVsthatenableto distinguishseveralevolutionarypatterns,like early
(star-likeevolution)or late(treewith alongtrunk) clonaldiversification(seeMethods).We
evaluatetheperformanceof eachscoreby5-foldcross-validation,andprognosticpoweris
assessedon thetestfold bycomputingtheconcordanceindexbetweentheSVMprediction
andthetruepatientsurvival.ForMATH, asinglefeatureiscomputed,sothisproceduresim-
ply evaluatestheconcordanceindexof theMATH scorewith survival.In addition,wecon-
sideramodelwhereall featuresof all methods(i.e.,atotalof 6 � 5 + 1 = 26features)are
combinedtogether.

Fig5showstheresultsfor eachcancertype,eachmethod,andeachsetof mutationsused.
Overall,weobserveat leastonemethodachievingsignificantsurvivalpredictionin each

cancertype.Thecombinedmodelissignificantlyprognosticwith bothprotectedandpublic
setsin all threecancertypes.Amongthethreecancertypes,in thebestcase,however,the
medianconcordanceindexon thetestsetsbarelyreaches0.6(exceptwith thecombination
with absolutecopynumberin BRCA,but with animportant variance),whichremainsmodest
for anyclinicaluse.Thissuggeststhat theremaybeaweakprognosticsignalcapturedby ITH
measurement,but it cannot beobservedconsistentlywith asinglemethodandasinglevariant
andcopynumbercallingpipelinein thethreecancertypes,illustratingthefrailty of obtained
results.Thecombinedmodelseemsto bearobustalternative,aswhenit issignificant,it hasa
concordanceindexin therangeof thebestperformingsinglemethod;howeverthecaseof
BRCAseemsparticular,asmanymethodsperformworsethanrandom.

Someauthors[14,55]havesuggestedanon-linearrelationbetweensurvivalandITH, as
veryhigh ITH might bedamagingfor thetumor, whilemoderateITH wouldbeassociated
with aggressivetumorsandproneto treatmentresistance.To testthishypothesisin our frame-
work weaddedsquaredfeaturesto thesurvivalmodel,allowingsecondorderpolynomialrela-
tionsbetweenITH andsurvival.However,thisdid not significantlyimpacttheresults(S1Fig).
Indeed,aftermultiple testcorrection,only PyClonewith theprotectedmutationsetand
ABSOLUTEcopynumberin BRCAprognosticpoweris increasedbyaddingthesquaredfea-
tures(� = 0.027,pairedt-test),but bothCI indexesremainbelow0.5.Wealsoassessedwhether
therelativelypoorperformanceof thedifferentmethodswasdueto thedifficulty to learna
prognosticscorecombining5 featuresfrom limited amountsof training samples,byassessing
theprognosticability of asinglefeature:thenumberof clones.A significantimprovementwas
obtainedfor 7andasignificantdecreasein performancein 3 of the36testedsettings(4 meth-
ods,2mutationsets,2 copynumbermethods,3cancertypes).Thissuggeststhat thecomplex-
ity of themodel(polynomialof order2 insteadof linear)andthechoiceof ITH featureshave
little influenceon theresults.Thismight berelatedto thefactthatverylittle signalcanbe
detectedin thefirst place.

Fig 5. Prognosticpowerof ITH measuredusingdifferent ITH methodand input mutation setcombination. 0.5correspondsto arandom
prediction,andstarsindicatestatisticalsignificance(p-value<0.001:� � � , <0.01:� � , <0.05:� ). Resultsarepresentedfor 3cancertypes(BRCA,
BLCAandHNSCfrom left to right).

https://doi.org/10.1371/journal.pone.0224143.g005
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ITH prognosissignalis redundant with other known factors
Wehaveestablishedthat in somecases,ITH mayexhibitweakprognosticpower.It is then
veryimportant to assesswhetherit iscomplementaryto alreadyavailableprognosticfeatures,
like clinicalcharacteristics.To answerthisquestion,weconsiderrelevantclinical features,as
describedin Methods.

Fig6presentsacomparisonbetweendifferentpredictionsettings:clinical featureswithout
anyclonalityandclonalityassociatedwith clinical features.In all cases,clinical featuresalone
haveasignificantprognosticpower(medianCI = 0.79for BRCA,0.65for BLCA,0.65for
HNSC).More importantly,whenwecombineeachITH featuresetwith clinical features,we
observeno significantimprovementoverclinical featuresalone.Thissuggeststhat theweak
prognosticsignalcapturedby ITH measuresis in factredundantwith alreadyavailableclinical
factors.

Discussion

Comparisonto similar studies
Previousfindingsreportdivergentprognosticpowerfor ITH in severalpancancerstudies[13,
14,22].Andor etal [14] analyzed1,165patientsacross12cancertypesfrom theTCGA,and
foundanoverallprognosticpowerbyconsideringall typestogether,andsuggestedthat this
effectmight benonlinear,with atrade-offbetweenITH andoverallsurvival[55]. However,
theassociationbetweenthenumberof subclonesandoverallsurvivalwassignificantwith
EXPANDS,but not with PyCloneresults,andno significantassociationwasdetectedwhen
consideringeachcancertypeseparately,exceptfor gliomas.Thismight bedueto thesmall
numberof casesof eachtype(between33and166).Morris etal.[13] considered3,383patients
of 9cancertypesfrom theTCGAandfoundsignificantassociationbetweenthenumberof
subclonesfoundbyPyClonein 5 types:HNSC,BRCA,KIRC,LGG,andPRAD.Noorbakhsh
etal.[22] studied4,722patientsfrom 11typesfrom theTCGA,andfoundsignificantprognos-
tic powerin 4 typesusingMATH scoreanddistinct input mutationsetsfrom differentvariant
callers.Theyobtainsignificantprognosticassociationfor all variantcallingresultsin only one
cancertype:UCEC,andalreadyreportsomelackof robustnessin theresults.Wehavebeen
further in testingup to 7 ITH methodswith 2 alternativeinput mutationsets,in addition to
thecombinationof all methods,andfoundno significantassociation,eitherfor thesame
frameworkin all consideredcancertypes,nor for thesamecancertypewith all frameworks.
Wehavealsotestedmorepowerfulpolynomialmodelsto accountfor apotentialnonlinear
relationship,andresultswereinconclusive.This isanimportant distinction,becausemutation

Fig 6. Prognosticpowerof ITH-derived featurescomparedto other prognosticfactors(686patientsin total). ITH-derivedfeaturesare
usedin associationwith clinical featuresto predictoverallsurvival. Left-mostboxplots(with redcontourlines)representresultsusingclinical
variablesalone,without anyITH, to serveasreference.

https://doi.org/10.1371/journal.pone.0224143.g006
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callingcanbemaderobustbyadditionalexperiments(targetedsequencingon WXSor WGS
candidates),but our resultshighlight intrinsic limitationsof ITH methods.

Consideringresultsin details,therearediscrepanciesthatshouldbediscussed.ForBRCA,
conclusionsaremorediscordant:Morris etal.[13] foundsignificantresults,Noorbakhshetal.
[22] did not, andin morespecializedstudieslike METABRIC[53], significantassociationwas
foundwhenconsideringonly theupperandlowerquartileof MATH scorefor ER+tumors.
ForBLCA,contradictoryconclusionswerealsodrawn,aspreviousstudies[13,14] foundno
prognosticpowerandwehavewith someITH methods.Thereareseveralexplanations:each
studyconsideredadistinct subsetof patients,with adistinctpipelinefor callingmutationsand
measureITH. This instabilitywith respectto patientselectionhasbeenconfirmedbyour
study.All of thosestudies,includingours,observedITH prognosticrelevancein HNSC.Good
prognosticpowerfor HNSCandBLCAmight beanindication that theimportanceof ITH for
canceraetiologydiffersacrosscancertypes.

Canwetruly measureITH?
Beyondthequestionof theprognosticpowerof ITH, our resultschallengetheveryfactthat
ITH canbemeasuredaccuratelywith oneWESsampleperpatient.Up to 30methodshave
beendevelopedto tackleITH detectionandquantificationfrom NGSdatain tumor samples,
andnewonesarestill beingdeveloped[56]. Thisanalysishasfocusedon relativelyearlybut
amongthemostwidelyusedITH methodsin orderto providevaluableinsighton thedegree
of reliability of providedresults.Indeedresultspresentedhereshowthat thereisaveryweak
correlation(andsometimesevenasignificantnegativecorrelation)betweenresultsobtained
with differentmethodson thesamepatients.Anothersourceof inconsistencyis that ITH
methodsrelyon resultsfrom previousanalysissteps,in particularvariantcalling.Indeed,all
ITH methodsrelyon thedistribution of SNVfrequencies,in associationor not with structural
variants(alsocalledbyavarietyof dedicatedmethods).Thishasalreadybeendiscussedby
Noorbakhshetal.[22] for MATH scorecomputation.Weshowherethat this issueisnot lim-
ited to theMATH score.Someauthorshavesuggestedthatbeingveryrestrictivein variant
calling,evenresortingto targeteddeepsequencingto experimentallyvalidateSNVs[6], would
exhibit lessnoisyresults.Herewehavenot observedanyevidencethat ITH methodsestimated
morerobustresultswith arestrictedinput mutationset(i.e.thepublicmutationsetin this
study).Overall,lackof agreementbetweenthedifferentITH measuresisarealconcern,indi-
catingagainthat ITH isprobablynot veryaccurate.A similarconclusionwasrecentlyand
independentlyreachedby [57].

Beyondthemethodsusedfor ITH inference,thedatamight alsobequestioned.Beingable
to measureITH to onesampleWESwith moderatesequencingdepthis temptingfor future
clinicalapplicationwherethecostandtheinconvenienceof multiple samplesfor patients
shouldbelimited [3], but it maybeunrealistic,asthetrueheterogeneityof atumor canbe
missedbyasinglebiopsy.However,morecomplexexperimentalsettingshaveallowedmore
convincingfindingsin thefield of tumor evolution[58,59],andit maybenecessaryto further
evaluatelackof accuracydueto undersamplingfrom thewholetumor or to useof WES
insteadof WGS,andtheimpactof sequencingdepth.A recentandbroadanalysisof ITH with
oneWGSsampleperpatient[16] partiallyanswersastheauthorscoulddetectITH in almost
everypatient,andconductinterestingfurther analysesastheyhadconfidencein therobust-
nessof ITH estimates.Mostpublishedmethodsareableto accountfor multiple samplesfrom
thesamepatient,eithersampledatdifferenttimesor from differentregionsof thetumor.
However,for extensionto WGSanalysis,our work highlightslimitationswith respectto the
computationtime for highnumbersof mutationasinput.
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Associationwith survival, link with other variables
It is temptingto formulatethehypothesisthathigherassociationwith patientsurvivalisasign
of higheraccuracy.Wehavealreadymentionedsometechnicalissuesassociatedwith theset-
ting of onesampleWESperpatient,asevenwithout measureissues,ITH might justbeunder-
representedin thesamplecomparedto thewholetumor [60]. Another limitation is that this
doesnot representadynamicmeasure.For instanceatumor canbeclonalbecauseit isnot
veryaggressive,or on thecontrarythismight betheresultof aselectivesweepafteraphaseof
newclonalexpansion.Moreover,severalauthorsdiscusstheconsequencesandtheinterplayof
thepresenceof distinctsubclonalpopulations,in termsof cooperation[61,62],competition
[63,64],or evenneutralevolution[65,66].Hence,thesamelevelof ITH might uncoververy
diversesituations,andmaynot beaprognosticfactorby itself.

Moreover,thedatasetusedin thissurvivalanalysishassomeparticularities:theTCGAhas
selectedpatientswith criteriaallowinghighsequencingquality,andITH analysisitselfhasfur-
thereliminatedtumorswith no or veryhighCNA abundance,whichmayalsobiasresults.
Finally,absenceof prognosispowerin onedatasetdoesnot constituteaformalproof that ITH
isnot associatedwith survival.

Besides,ITH is likely to beinfluencedandto interplaywith otherexternalfactorsincluding
tumor micro-environment,immuneresponse,nutrient availability.Recentwork hastried to
setafull frameworkfor analysisincludingmanyfactors[67]. However,in thecaseof the
TCGA,not all thosevariablesaremeasurable,but somemight beincludedin further work. In
this line of thought,earlierresultsexhibitedcorrelationof ITH with otherfactorslike CNA
abundance,samplepurity, immuneinfiltration [13,53,54,68].Our resultsshowthat the
strength(andevendirection in thecaseof CNA abundanceandmutation load)of correlation
betweenthosefactorsandITH variesbetweenthedifferenttestedITH measures.Thisagain
callsfor further andmoredetailedanalysis,asresultsshowambiguityandlackof robustness.

Canwebuild agold standarddatasetfor benchmark?
Themaindifficulty of ITH estimationis to assesstheaccuracyof theresults.In thiswork,we
haveconsideredtwo possibilities.Thefirst oneon datafrom theTCGAis to work without any
groundtruth proxyandmeasureotherfeaturesof accuracy:robustness,agreementof results
obtainedbydifferentmethodsandassociationwith otherclinicalvariables.Theobtained
resultssuggestthat theconsideredITH methodsarerelativelyrobustto changesin thecopy
numberinput, but verysensitiveto theinput mutations.Thelasttwo optionsaremoredifficult
to work with, asonemethodcouldbein disagreementwith all theothersbut still providethe
mostaccurateresult,andabsenceor presenceof associationbetweenITH andotherclinicalor
genomicvariablescanbeeitherdueto arealbiologicalsignalor beanartifact(or bias)of the
method.Thoughthegoalof thisstudyisnot to provideaformalevaluationof theconsidered
method,theresultson theTCGAprovideinformation on systematictrendsof eachmethod,
andthelevelof confidenceto expectwhenapplyingITH methods.

A secondpossibilityis to try andobtainaproxyfor thegroundtruth. Thiscanbedone
usingsinglecellsequencingin addition to thebulk sequencing.Thoughsufferingfrom other
issues,singlecellsequencingprovidestrueassociationsor exclusionsof mutations,andhence
constraintsthesubclonalreconstruction[42]. However,alargenumberof cellsisnecessary.In
the7 samplesconsideredin thisstudy,only asubsetof themutationsidentifiedin thebulk
sequencingwerealsoidentifiedin singlecells,limiting therepresentativityandtherelevance
of theextractedaccuracymeasures.A secondpossibilityis to relyon severalsamplesfrom
thesametumor to obtainabettergroundtruth to compareto theresultobtainedwith one
sample.However,eachsampleisapriori heterogeneousitself,requiringafirst multi-sample
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deconvolution.Thisfirst stepcanbechallenging,asit is thoughtthatmulti-samplereconstruc-
tion issubjectto alargerstatisticalbiascomparedto singlesamplereconstruction[69], andthe
accuracyof this first stepwill becritical in thefinal results.A final possibilityis to relyon simu-
lateddata,whichhavethemajordrawbackto not benecessarilyrepresentativeof thetruebio-
logicaldata,asrecentlyhighlightedfor ITH in [69], thatpoint to anaspectof theinput dataso
far overlookedby thecommunity.

Supporting information
S1Fig.Prognosticpowerof diversecombination of ITH-derived features,on the threecan-
certypes(respectivelyBRCA,HNSCandBLCA from top to bottom). In eachplot, theback-
groundcolor indicatestheITH methodused.Eachmethodis testedon protectedor public
mutations(hashed).Foreachmethod,weassesstheability to predictsurvivalwith asurvival
SVMusing4 setsof features:(i) thenumberof clonesalone,(ii) thefivecustomfeatureswhich
includethenumberof clones,and(iii) and(iv) theconcatenationsof featuresin (i) and(ii)
with their squares,to accountfor possiblenonlinearquadraticeffects.Weobserveno clear
trendof oneof thetwo setsperformssystematicallybetterthantheother,andthesquaredfea-
tureshavenot significantlyimprovedresultseither.
(TIF)

S2Fig.Pairwisecomputation of score1Bfor the different ITH methodsand inputs.
Score1Bisametricdesignedin [40] penalizesdifferencesbetweenthenumberof clones
inferredin eachcasein asymmetricway(only thedifferencematters,eithermoreor fewer

clonesaredetected),followingtheformula �1‡1� ���…� 1‡1;j� 2� �1j†
�1‡1 , with �1 and�2 thenumbersof

clonesfoundbyeachmethod.Thescorewascomputedfor all patients,andthisheatmaprep-
resentsthemedianscore.Weobserveaparticularfeatureof PyClone,whichtendsto find alot
(sometimesseveraldozens)of cloneswith only onemutation.Theywerediscardedwhencom-
paringthenumberof clones,but not for thecomputationof metric1Bto ensureconsistency
with theothermetrics.
(TIF)

S3Fig.Pairwisecomputation of score1Cfor the different ITH methodsand inputs.
Score1Cisametricdesignedin [40] that representstheWassersteindistancebetweenthecan-
cercellfraction(CCF)distribution resultingfrom eachclone'smeanCCFandnumberof
mutations.Dueto thenumberof single-mutationclonesof PyClone,theresultingdistribution
isquitedifferentfrom theothercases.AsCSRonly takesasinput themutationattribution to
clonesbyothermethods,without takinginto accounttheir CCF,wedid not computescore1C
for thatmethod.Thescorewascomputedfor all patients,andthisheatmaprepresentsthe
medianscore.
(TIF)

S4Fig.Pairwisecomputation of score2Afor the different ITH methodsand inputs.
Score2Aisametricdesignedin [40] thatassessesthesimilarity of themutationclustering
resultingfrom subclonalreconstruction(seeMethodsfor details).Werecoverthepreviously
observedpatternthatPyCloneandPhyloWGSaretheclosestmethods.Thescorewascom-
putedfor all patients,andthisheatmaprepresentsthemedianscore.
(TIF)

S1Table.Characteristicsof input mutation sets.Summarystatisticsof thenumberof pro-
tectedandpublicmutationspersamplefor BRCA,BLCAandHNSCsamples.Theprotected
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setcorrespondsto rawvariantcallingoutputs.Thepublicsetcorrespondsto publiclyavailable
SNVcalls.
(PDF)

S2Table.Clinical variablessignificancefor single-variablecoxmodel for BLCA (409
patients).Variablesignificantlyassociatedwith survivalareshaded.
(PDF)

S3Table.Clinical variablessignificancefor single-variablecoxmodel for BRCA(1080
patients).Variablesignificantlyassociatedwith survivalareshaded.
(PDF)

S4Table.Clinical variablessignificancefor single-variablecoxmodel for HNSC(526
patients).Variablesignificantlyassociatedwith survivalareshaded.
(PDF)

S5Table.Signaturesadaptedfrom Bindeaet al. [38]. GenesId werematchedfrom tables
availableathttps://github.com/judithabk6/ITH_TCGA/tree/master/external_data.
(PDF)
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