bb2bbBM; "2HB #BHBiv Q7 BMi™ @imKQ  ~

2biBK i2b 7 QK bBM;H2 b KTH2 r?QH2 2tQK:?
[ i

Cm/Bi? #0+ bbBb- MM2@aQT?B2 > Kv-*0+BH2 G m~

>0H M2 "QMb M;@EBixBb-6 #B2M _2v H- C2 MC(

hQ +Bi2 i?Bb p2° bBQM,

Cm/Bi? #0+ bbBb- MM2@aQT?B2 > Kv- *G0+BH2 G m '2Mi- "2MD KBM
2i HXX bb2bbBM; "2HB #BHBiv Q7 BMi™ @imKQ™ ?2i2°'Q;2M2Biv 2biB]|
b2[m2M+BM; /i X SGQa PL1- Sm#HB+ GB#~ v Q7 a+B2M+2- kyRN- R9
M HXTQM2Xykk9R9] X BMb2 K@yk9yN9de

> G A/, BMb2 K@yk9yN9de
2iiTbh,ffrrrX? HXBMb2 KX7 fBMb2 K@yk9yN9de
am#KBii2/ QM Rj .2+ kyRN

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X


https://www.hal.inserm.fr/inserm-02409476
https://hal.archives-ouvertes.fr

@ PLOS|ONE

Check for
updates

G 23(1%&&(66

Citation:Abf&assis], HamyA-S,LaurentC,
Sadacc#®, Bonsang-kzisH,ReyaF,etal.(2019)
Assessingeliabilityof intra-tuma heterogerigy
estimatesrom singlesamplexholeexome
sequencig data.PLoSONEL4(11):e0224143.
https://da.org/10.1371§urnal.pon®224143

Editor:KyleEllrott,OregorHealth% Science
UniversityUNITEISTATES

ReceivedMarch14,2019
AcceptedOctobei7, 2019
Published:November, 2019

Copyright:< 2019Abfassisetal. Thisis anopen
accesaarticledistributedunderthetermsof the
CreativeCommongttributionLicensewhich
permitsunrestrictel use,distribuion,and
reproductiorin anymediumprovidedheoriginal
authorandsourcearecredited.

DataAvailability StatementThedataunderlying
theresultspresentedh thestudyareavailable
from TheCanceGenomdtlashttps:/icgadata.
nci.nih.gov/Thecodeto reproducellresultsis
availablat https://githulcom/judithak6/ITH_
TCGA.

Funding:Theauthor(s)eceivedo specific
fundingfor thiswork.JPVis employedy Google
FranceThefundermprovidedsupportin theform of
salariedor authorJPVbutdid nothaveany
additionatolein thestudydesigndatacollection

RESEARCH ARTICLE

Assessing reliability of intra-tumor
heterogeneity estimates from single sample
whole exome sequencing data

Judith Abdcassis 123, Anne-Sophie Hamy?, Cécile Laurent ¥, Benjamin Sadacca®*,
Hél gneBonsang-Kitzis °, Fabien Reyal®®, Jean-Philippe Vert®?®

1 Institut Curie, PSL Research University, Translational Research Department, INSERM, U932 Immunity and
Cancer, Residual Tumor & Response to Treatment Laboratory (RT2Lab), Paris, France, 2 MINES ParisTech,
PSL Research University, CBIO-Centre for Computational Biology, Paris, France, 3 Institut Curie, PSL
Research University, INSERM, U900, Paris, France, 4 Institut de Mathédmatiques de Toulouse, UMR5219
Universitdde Toulouse, CNRS UPS IMT, Toulouse, France, 5 Department of Surgery, Institut Curie, Paris,
France, 6 Google Brain, Paris, France

jpvert@google.com

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

Canceris characterizedby the presencef cellsgrowinganddividing without propercontrol.
In the 1970sNowellandcolleaguesuggestethat tumor cellsfollow evolutionaryprinciples,
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asanyotherbiologicalpopulationableto acquireheritabletransformationg1]. This
evolutionaryframeworkhasprovenveryusefulin deepeningur understandingf canceraeti-
ology[2].

A consequencef this progressivaccumulationof mutationsis intra-tumor heterogeneity.
Indeed whenanewmutation occursin atumor cellandprovidesan evolutionaryadvantage,
this celltendsto havea higherprobabilityto surviveanddivide,henceseedinganewclonal
population[3]. Thisnewclonemaysupersedéhe wholetumor population,or coexistalongit.
This processesultsin atumor madeof amosaicof clonesNextgeneratiorsequencing
(NGS),in particularwholeexomeandwholegenomesequencindWES WGS),canprovide
newinsightsinto the heterogeneityndevolutionof tumors.Indeed,earlymutationsshared
amongall cancercellsshouldbedetectedn more sequencingeadshan mutationsacquired
laterby only afraction of thetumor cells.Thusit maybepossibleo estimatetheintra-tumor
heterogeneitylTH) andreconstructthe clonalhistory of tumorsfrom WESor WGSdata,as
reviewedby [3+5],andmanycomputationaimethodshavebeendevelopedor that purpose
[6+9]. We collectivelyreferto thesemethodsas?ITH methods®n thefollowing. Subclonal
reconstructionfrom singlecellsequencindiasemergedasa newfield, simplifying part of the
inferenceproblem,but raisingotherissuestelatedto technicalimitations (high dropoutrate)
andhigh cost,possiblyalimitation to the availabilityof largecohorts[3, 10+£12].

Previousstudieshavereportedthat alargeproportion of tumorsareheterogeneoufg. 3+
16], with variousconsequencesr the patient.In particular,high ITH hasbeenassociated
with treatmentresistanceand poor prognosig17]. However thoseresultsrely mostlyon very
detailedcasestudiesnvolving only asmallnumberof patientswith favorableexperimental
settingssuchashigh coverageargetedsequencingn top of NGS,multiple samplecollection
(multi-site or longitudinal studies)18+20]or evensingle-celsequencing?1]. In the perspec-
tive of large-scalapplicationin aclinical context,oneneedso considemrmoreaccessibldata
with respecto costandinvasivenesfor the patient,like moderatecoverag&VESon onesam-
ple perpatient.A precisesvaluationof existinglTH methodsin this settingis neededo deter-
mine whethertheyallowusto find distinguishablgatternsof heterogeneityand evolutionof
clinicalrelevanceSeveralargescaleanalysebaveattemptedo depictthe evolutionaryland-
scapefITH in severatancertypes]2], andto assesthe prognosticpowerof ITH. In particu-
lar, usingdatafrom the cancemgenomeatlas(TCGA), asignificantassociatiobetween TH
andoverallsurvivalwasfoundin atleastoneof thethreestudieq13,14,22]for 9 cancettypes:
breastinvasivecarcinoma(BRCA),kidneyrenalclearcellcarcinomaKIRC), brain lower
gradeglioma(LGG), prostateadenocarcinom@PRAD),glioblastomanultiforme (GBM),
headandnecksquamousgellcarcinoma(HNSC),ovarianserouscystadenocarcinomgdV),
uterinecorpusendometrialcarcinoma(UCEC),and colonadenocarcinom@OAD). How-
ever 5 of themwereconsideredn anotherstudywith no significantresult.In othercancer
types 2 studiesconsistentlyfound no significantresultsfor 3 cancertypesbladderurothelial
carcinoma(BLAC),lung squamougellcarcinomalLUSC)and stomachadenocarcinoma
(STAD),andall 3 studiesfound no significantresultsfor lung adenocarcinom@_UAD) nor
for skin cutaneousnelanomaSKM). A possibleexplanatiorfor this discrepancys thatthe
studieshaseheir analysesn differentcomputationalpipelinesfrom variantcallingto ITH
estimation Jeadingto differentand sometimesontradictoryresultg22].

To clarify therobustnessind consistencyf differentITH methodsweperformasystem-
aticbhenchmarkof 18 computationalpipelinesfor ITH estimate$rom asingleWESsample
perpatient(combining 2 waysto call mutations,and 2 methodsto assessopynumbervaria-
tions (only 3 out of 4 combinationsweretested)with 6 ITH methods) usingdatafrom 1,697
patientswith threetypesof cancerfrom the TCGA databas¢BRCA,BLCA,HNSC).We
selectedhesecancertypesfollowing conclusionsof Morris etal.[13], sinceHNSC,BRCAand
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BLCAarecharacterizedby respectivelhigh, intermediateand absencef prognosticpowerof
ITH. We showthat mostexistinglTH methodsareverysensitiveo the choiceof mutations
andcopynumbervariationscalled andthattheycangiveveryinconsistentesultsbetween
eachother.We highlightin particularthat somemethodsareinfluencedby confoundingfac-
tors suchastumor purity or mutationload.Finally,weshowthatalthoughlTH measuredy
somecomputationalpipelineshaveaweakprognosticpoweron somecancertypes the prog-
nosissignalis not robustacrossmethodsand cancertypesandis confoundedwith informa-
tionsavailablén standardclinical data.To further characterizéhoseinconsistenciesyve
reportresultsfor ITH methodson 7 WESsamplegssociatedith singlecellsequencingllow-
ing to havean estimateof the groundtruth. Asaconclusionwe suggesthatresultsof ITH
analysidrom singlesampleWESdatawith currentcomputationalpipelinesshouldbemanip-
ulatedwith caution,andthat morerobustmethodsor protocolsarelikely to beneededor
clinicalapplications.

Materials and methods
Data

We downloadeddatafrom the GDC dataportal https://portal.gdc.cancer.gofar 3 cancer
types(BLCAD351 patients BRCAD904patients HNSCb442patients) We gathered
annotatedsomaticmutations,both rawvariantcallingoutput, whoseaccesss restrictedand
public mutations,from the newunified TCGA pipelinehttps://docs.gdc.cancer.gata/
Bioinformatics_Pipelines/DNA_$e Variant_Calling_Pipelingwith alignmentto the
GRCh38&ssemblyandvariantcallingusing4 variantcallersMuSe Mutect2,VarScanzand
SomaticSnipeinstructionsfor downloadcanbefoundin the companionGithub repository
(https://github.com/judithabk@TH_TCGA). RNAseqdatausedto computeimmune signa-
turesweredownloadedhrough TCGABiIolinks[23], andwedownloadectlinical datafrom
the CBIO portal[24].

Copynumber calling and purity estimation

We obtainedcopynumberalterationd CNA) datafrom the ASCATcompleteresultson
TCGA datapartly reportedon the COSMICdatabas¢?5, 26]. We thenconvertedASCAT
resultson hgl19to GRCh38oordinatesusingthe VHJ P H Q W B O L Pittivivpidddage
[27]. ASCATresultsalsoprovidean estimateof purity, whichweusedasinput to ITH meth-
odswhenpossibleOther purity measuresreavailablg28]; howevemweselectedhe ASCAT
estimatdo ensureconsistencyith CNV data.

The callsof allele-specificopynumberand purity from ABSOLUTH29] weredownloaded
from the GDC dataportal https://gdc.cancer.goabout-data/publications/pancanation
August18th2019.Theywereconvertedo GRCh38asthe onesfrom ASCAT.

Variant calling filtering

Variant callingis known to beachallengingproblem.It is commonpracticeto filter variant
callersoutput,asiTH methodsaredeemedo behighly sensitiveto falsepositivesinglenucleo-
tide variants(SNVs).We filtered out indelsfrom the public datasetand consideredhe union
of the 4 variantcallersoutput SNVs.For the protecteddata,we alsoremovedndels,andthen
fitered SNVsonthe ), / 7 ( 5columnsoutput by thevariantcaller(®(PASS%nly VarScan2,
SomaticSnipeAPASS%r 2panel_of _normafsfor Mutect2,and®Tier1°to @Tier5° for MuSe).
In addition, for all variantcallersweremovedSNVswith afrequencyin 1000genome®r
Exacgreaterthan 0.01 excepif the SNVwasreportedin COSMIC.A coveragdilter was
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added andwekept SNVswith atleast6 readsatthe positionin the normal samplepf which 1
maximumreportsthe alternativenucleotide(or with avariantallelefrequency(VAF) <0.01),
andfor thetumor sampleatleast3 readscoveringthe position,of which atleast3 reporting
thevariant,or aVAF>0.2. Therelativeamountof excludedSNVsfrom protectedto public
SNV setsvariedsignificantlybetweerthe 3 cancertypes(seeS1Table).All annotationsarethe
onesdownloadedrom the TCGA, usingVEPv84,and GENCODEV.22 siftv.5.2.2ESP
v.20141103olyphenv.2.2.2dbSNPv.146 Ensemblenebuildv.2014-07Ensemblegbuild
v.13.0HGMD publicv.20154ClinVar v.201601We further denotethefiltered rawmutation
setas?ProtectedSNVsPandthe otherone,whichis publicly availableas?Public SNVs°.

ITH methods

Publishedmethods. We considerfour published TH methodsSciClond7], PhyloWGS
[8], PyClon€[6] andEXPANDS[9]. In addition,weconsiderthe MATH score[30] asasimple
indicator of ITH, aswellasabaselind TH methoddescribedelow.All computationsvere
stoppedafterrunning 15hours.Thisthresholdwaschoserto getresultsfor mostsamples
(>95% whentime wasthelimiting factor)for mostmethodswhile savingcomputational
resourcesMeanand standaraddeviation(std) of runtimeswerecomputedfor eachmethod
with eachinput mutation setseparatelyAll parametersisedfor eachmethodaredetailedin
the companionpublic Github repositorycontainingall the commandshttps://github.com/
judithabk6/ITH_TCGA.To ensurecomparisonthe runtimeswereonly performedon runs
with ASCATcopynumbercalls.

We performedpost-treatmento keeponly cloneswith atleasts SNVs,exceptfor samples
in which all cloneswereunder5 SNVswhenall cloneswereconsideredAfter running each
ITH methodweextracteds featurego characterizéTH in asamplethe numberof clonesthe
proportion of SNVsthat belongthe the major clone the minimal cellularprevalencef asub-
clone the Shannorindexof the clonaldistribution, andthe cellularprevalenc®f the largest
clonein termsof numberof SNVs.

Consensug¢CSR). We computedaconsensusf severalTH methodsusingthe open
sourcepackageCSRavailableat https://github.com/kaixiany/CSH his methodrelieson
matrix factorizationto output aconsensuslustering We computedtwo separateonsensus
(for protectedand public data),usingasinput the resultsof PyClone SciClonePhylowWGS,
EXPANDSandbaselineMATH estimatesverenot well suitedfor the consensug-or each
run, weran matrix factorizationfor amaximumof 500seconds.

Clinical variables

For eachcancertype,wecollectecclinical variabledsrom the CBIO Portalaccordingto the
following conditions:(i) categoricalariablesvereone-hotencodedandeachievelwaskeptif
it involvedatleast0patients andat most50patientshadanotherlevelof the samevariable;
(i) wekeptnumericalvariablesavailabldor everypatient;and (iii) in addition,weonly kept
thevariablegif numerical)or thelevelqcategoricalvhichweresignificantlyassociated
with overallsurvivalby asingle-variableoxmodelestimatedvith the Pythonpackage

O L I H O L @BH) ®fterBenjamini-Hochbergorrectionfor multiple hypothesigesting[32].
S2,S3and S4Tablessummarizeheclinical variablegetainedfor eachcanceitype.

Survivalregression

Model. To estimatehe prognosigpowerof asetof featuresye useasurvivalSVM model
[33]. SurvivalSVM maximizesaconcaveelaxationof the concordancéetweerthe predicted
survivalranksandthe original observedurvival regularizedoy a Euclideamorm penalty.

PLOS ONE | https://doi.org/10.1371/journal.pone.0224143 November 7, 2019 422


https://github.com/judithabk6/ITH_TCGA
https://github.com/judithabk6/ITH_TCGA
https://github.com/kaixiany/CSR
https://doi.org/10.1371/journal.pone.0224143

@ PLOS|ONE

Assessing reliability of intra-tumor heterogeneity estimates from single sample whole exome sequencing data

Formally,givenatraining setof patientswith survivalinformation(x, , ) =, ... ,where
2 5 isavectorof featuredor patient, 2 5isthetime,and 2 {0,1}indicateshe
event( =1)orcensoring = 0),asurvivalSVMIlearnsalinearscoreof theform (x) =w”x
for anynewpatientrepresentedby features 2 5 bysolving:

X

> ta L0017 > t+f;

;2P

whereP ~ f... ;12 %15 j Nd " 1gisthesetof pairsof patients(, ) whichare
comparablethatis, for whichwearecertainthat patient livedlongerthanpatient . Intui-
tively,thelosspenalizeshe casesvherepatient survivedongerthanpatient buttheopposite

is predictedby the model.For all computationswe usedthe function )DVW6 XUYLYDO690
in the PythonPackageV FLN LW V X U Bé]¥nittodefaultparametersThemodelwas
trainedandtestedusinga5-fold cross-validatiorprocedure.

Evaluationprocedure. To assestheaccuracyf asurvivalregressioomodel,weusethe
concordancendex (Cl) betweerthe predictedscoreandthe true survivalinformation on a
cohortwith survivalinformation. Givensuchacohort(x, , ) =1, ... ,theCl measurefiow
concordantthe predictedsurvivaltimes = (x) arewith theobservedurvivaltimes for
comparablgairsof patients:

.1 X +
jSPj;zp :
gl > 0;

..T”g% ~0;

In practice wecomputeanapproximationof Cl with thefuncton FRQFRUGDQFH LQGH
from theR packageV X U Y F [BB]Susingthe Q R H W Kéthdd[36], andthe associated
one-sidedestto compareCl to 0.5,whichis the meanClI obtainedwith arandompredictor.

To compareCl's of differentmethodsweusea pairedStudent-testfor dependensamples
implementedn thefunction FL Q GH [ F RRadP$he samepackageln bothtestsettingswe
aggregate-valuesfrom eachof the five cross-validatiorfolds usingthe Fishermethodfrom
PythonpackageV W D W V P RaadhplyaBenjamini-Hochbeg correction[32] to correct

for multiple testing.

Immune signatures

We normalizedRNAsegaw countdatausinga variancestabilizingtransformation(VST)
implementedn the DeseqR packagg37], treatingeachcanceitypeseparatelywe mapped
genedrom Bindeaetal.[38] to EnsembiGeneldgpresentn the TCGA matrix usingEntrezld
matchtabledownloadedrom Biomart[39] on March26th2018. Out of 681EntrezIld(577
unique),31(24 unique)werenot matchedio an Ensembld with associatedeneexpression
in the TCGA RNAseqdata.Eachsignaturewasthen computedby averaginghe VST output
valuefor therelevantEnsembld for eachTCGA sampleTheresultingsignaturesveusedcan
befound asS5Table.Foranalysigpurposesywe usethe complementaryto the maximalvalue
in the cohortsothatthe contentin immune cellsvariesin the samedirection astumor purity
andremainsa positivequantity. We denotethosenewvariableswith the prefix L Q ¢,g.for
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patient in the BRCAcohortwedefine

in v T cells - T _cells T_cell s ;
- - 2

where 7 B F H Or@pvesentshe signaturefor T cellsestimatedasexplainedabove.

Correlations

We assesseatbrrelationsusingPearson'sorrelationcoefficient We computedthe
associatedignificancefor the null hypothesighatthe correlationcoefficientis 0) usingthe
VFLS\ VWDWYV S HDndtiwR ghtwecorrectedthe significancefor multiple testing
usingthe BenjaminiHochbergprocedureat 0.05.

Comparisonmetrics. In additionto the correlationsof the numberof clonesbetween
methodswehaveimplementedhreemetricsderivedfrom [40] to comparel TH methods
together:

ScorelBmeasurethe adequacyetweeronenumberof clones ; andanothernumberof
clones ,. It is computedasl*l+f“21”.

Scoreldsthe Wassersteinistancebetweenwo clusteringsdefinedby the CCFsof the dif-
ferentclonesandtheir associate@veights(proportion of mutations),implementedasthe
functon VWDWYVY ZDVVHUVWHLQBGW ¥ WW\DNKREDFNDYHLS\

Score2Ameasureshe correlationbetweertwo binary co-clusteringmatricesin avectorform,
and ..lt istheaveragef 3 correlationcoefficients:

Pearsoncorrelation coefficient " ——12 implementedasthefunction SHDUVRQU
1 2

the PythonpackageV F L S\,

A X IYYYYYYYYYYYYYYYYYYYXTYIYY -
Tttt . tt. f T!""’P*mtethsthe

functon PHWULFV PDWWKHZViB theRytdapakkbgeV FLNLW OHDUQ,

Matthewscorrelation coefficient

V-measureis the harmonicmeanof ahomogeneityscorethat quantifiesthe factthateach
clustercontainsonly membersf asingleclassandacompletenesscoremeasuringf all
memberof agivenclassareassignedo the samecluster[41]; herethe classearethe
true clustering We usedthefunction Y B P H D V X U H Bivtre®Pithtdnpackage

VFLNLW OHDURQ.

Beforeaveragingall thosescoresvererescaledetweerD and 1 usingthe scoreof the mini-
mal scorebetweertwo @badscenarios®all mutationsarein the samecluster,or all muta-
tionsarein their owncluster( . or T

All scoreasasymmetricahndwerehencecomputedtwice.In the caseof score2Apnly the
mutationspresentin thetwo reconstructionsvereconsidered.

WESand singlecell paired dataset

Data availability and preprocessing. Therawdatafor 7 normal-tumor WESsamples
analyzedointly with matchingsinglecellsequencing42] weredownloadedrom the NCBI
SRAplatform https://www.nchi.nlm.nih.gofsraandprocessethto fastgformat usingthetool

IDVWT G MRtigtwo acutelymphoblastideukemia(ALL) patients(accessiomumbers:
SRR151776 8RR1517763RR1517768RR15177643 3], or directlydownloadedn the
fastgformat from the EBI ENA platform https://www.ebiac.uk/endor the Triple Negative
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BreasiCancematient(TNBC) [44] (accessiomumber:SRR1163508nd SRR1298936and
thetwo samplegprimary tumor andliver metastasisfrom the two colorectalkcancempatients
(CRC)[45] (accessiomumber:SRR347256 RR347256 BRR347256 $RR3472571,
SRR3472796RR3472798RR347279%RR3472800).

All normal-tumor pairsunderwenta pipelineof analysisncluding alignmentwith BWA-
MEM [46] with options®-k 19-T 30-M°, filtering of readsbasedn targetintersectionmap-
ping qualityand PCRduplicatesemoval,usingPicard[47], Bedtoold48] and Samtoolg49],
andpreprocessisingGATK [50] for localrealignmentaroundindels,andbasescorerecalibra-
tion. Variant callingwasperformedusingMutect2[51], andvariantsfiltered underthe same
rulesasusedfor the TCGA (only 2PASS%ariantsand minimal coveringrules),andcopy
numberassessedith Facet§52]. SNVsusedin the analysiswith B-SCITE[42], passinghe
coverindfilters but not recoveredy this pipelinewereaddedto thefinal variantlist. Those
variantsandthe copynumberprofile werethenpassedo PyClone SciClonePhyloWwGSand
Expanddor ITH deconvolution.

Evaluationmetrics. To measurdheaccuracyf subclonakeconstructiongrom the WES
dataonly usingdifferentmethodswe comparedhesereconstructiongo the reconstruction
obtainedby B-SCITEusingboth WESandsinglecellsequencindg4?2]. To quantifythe similar-
ity of the differentreconstructionresults we comparedhe numberof clonesandfor the com-
mon mutations,the metric 2A, usedin [40] andredefinedabove.

Results
AssessindTH on TCGA samples

We collectedsomaticmutationinformation from 1,697T CGA patientswith BLCA( = 351),
BRCA( =904),andHNSC( =442).We selectedhesethreecancettypesfollowing conclu-
sionsof Morris etal.[13], sinceHNSC,BRCAandBLCAarecharacterizedby respectively
high (hazardratio, HR = 3.75,p = 0.007in multivariateCoxmodel),intermediate(HR = 2.5,
p =0.15)andabsenc¢HR = 1.05,p = 0.91)of prognosticpowerof ITH. For eachpatient,we
collectedwo setsof mutationsbasedespectivelypn protectedand public SNV setsThe pro-
tectedsetcorrespondgo raw variantcallingoutputs,with anextrafiltering stepdescribedn
Methods.Thepublic setcorrespondso publicly availableSNV calls filtered from therawvari-
ant callingoutputsto only retainsomaticmutationswith veryhigh confidencejn orderto
ensurepatients'anonymity.S1Tablesummarizesomestatisticoon the numberof mutations
persampldor eachcancertype.

WeassesH'H in eachsampleusing6 representativeomputationaimethodsPyClon€6],
SciClond7], PhyloWGY8] EXPANDS[9], the mutant-alleletumor heterogeneityMATH)
score[30], and CSR[16], amethodproviding aconsensusf all of the aboveresults(except
MATH whichis not compatible seeMethods).Tablel summarizesomeimportant properties

Table 1. Main characterigics of ITH methodstested.Themeanruntime isthemeantime to procesa TCGA sampleThesuccesgateis the fraction of TCGA samples
for whichthe methodproducedan output without error, with ASCAT callsasinput only. TheMATH scorewascomputedn onestepfor all samplesisingatablecontain-
ing all mutationsfor all samplesthe operationlasted3.219std.47.6ms)for the protecteddatasetand 3.399std. 11ms)for the public datasetAll time measurerantswere
measurean asingleclustemodewith a2.2GHz processpand 3GBof RAM.

Method CNAas Purity as | Outputstree | Refe- Mean(std) runtime Mean(std) runtime public Successate Successate
input input (s) rence protectedin seconds in seconds (protected) (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%
PhyloWwGS yes yes yes [8] 13,2589,058) 4,730(4,139) 95% 97%

https://da.org/10.137 1§urnal.pon®224143.t001
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of the differentmethodswhich might be helpfulfor designingfuture studiesand selectinghe
appropriatetool. All methodsbut MATH takeasinput the CNA information in additionto a
setof somaticmutation VAFs.PyCloneand PhyloWG Salsotakepurity asinput. All input has
to bepre-computedby third-party approachedihile MATH is asinglequantitativemeasure
of ITH basedn differencesn the mutant-allelefractionsamongmutatedloci, all 6 other
methodsproducemore detailssuchasthe numberof subclonesindtheir respectivgropor-
tionsin thetumor. In particular,PhyloWGSoutputsalineagetreeconnectingthe subclones.

Wetestedeachmethodthreetimes:on eachsamplefor thetwo mutation setscombined
with ASCAT callsfor purity and copynumber,and combinedwith ABSOLUTEcallsfor the
protectedmutation set.We observedhat somemethodsfailedto producean output on some
samplesfor differentreasongseesuccessatefor eachmethodin Tablel). EXPANDSpro-
ducesanerror for 30%of the samplesmostlyfor tumorswith high purity or veryfew CNAs.
SciClondailsto providean output for samplesvith aninsufficientnumberof SNVin regions
without CNA or LOH event.PyCloneand PhyloWGShon completioncasesverecausedy a
too longruntime.

Asshownin Fig1,thereislittle overlapbetweerthe samplesvhereeachmethodfails.Out
of 1,697initial TCGA samplesall methodsproducedan output for thethreerunson only 686
sampleg296BRCA,178BLCA,212HNSC).Thosefailure casesinveilindicationsof each
method'slimitations, in particularEXPANDSand SciCloneln thefollowing werestrictour
analysigo those686samplesOnecannotethatthereis moredifferencebetweerpublicand
protectedresultsfor BRCAsamplesthis is expectedsthe numberof mutationsin thosetwo
setds moredifferentfor this canceitype,asshownin S1Table.

In additionto failures weobservedhatthe runtime variessignificantlybetweemmethods
(Tablel). Asshownon Fig 2, therun time of differentITH methodsincreasesvith the num-
berof somaticmutations.PyCloneand PhyloWGSuntime risesveryquickly with the number

Fig 1. Intersection of successfutuns amongthe 4 considered ITH methods Theuppervenndiagramsoncernrunswith the publicinput
SNVset,thesecondine with the protected andthethird the overallintersetion, asresultswith both setsarenecessarfor aproperand

rigorouscomparison

https://abi.org/10.137Aournal.pon®©224143.g001

PLOS ONE | https://doi.org/10.1371/journal.pone.0224143 November 7, 2019 8/22


https://doi.org/10.1371/journal.pone.0224143.g001
https://doi.org/10.1371/journal.pone.0224143

@ PLOS|ONE

Assessing reliability of intra-tumor heterogeneity estimates from single sample whole exome sequencing data

Fig 2. Runtime of the different ITH methodsasa function of the number of mutations in eachsample.Linesrepresensecond
degreepolynomid fit with shadedegionsare95%confidence-itiervals.

https://dbi.org/10.1371djurnal.pon.0224143.902

of mutationsin tumor samplewhich canbealimitation for applicationgo heavilymutated
tumors.

Methodsquantifying ITH exhibit inconsistentresults

Asalfirst evaluationof ITH methodsin theabsencef groundtruth, weassesthe agreement
betweermethodswith afocuson the numberof clones EachmethodexceptMATH outputs
anestimatechumber of subclonapopulationsyrangingfrom = 1for anhomogeneous,
clonaltumor to anypositivenumberfor an heterogeneousne.Fig 3 presentghedistribution
of estimatedtlonalityamongall samplegor eachapproachandeachSNV set,and eachcopy
numbercallingmethod.We observdargedifferencebetweermethods aswell asbetween
SNV setsfor instancepverall samplesthe percentagef estimatectlonaltumors( = 1) var-
iesfrom 4%(for PhyloWGSon protecteddata)to 57 % (for PyCloneon public data).More-
over,thenumberof estimatedopulationscanvarystrikingly with the mutation setused but
not reallywith the differentinput copynumber.Thereis acleartrend amongall methodsto
yieldhigherITH estimatesvith the protectedmutation set.PhyloWGSandEXPANDS(and
CSR)aretheonly methodsthatdetectiTH in almostall testedsamplesvith the protected
mutationset.
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Fig 3. Distributio n of number of clonescalledby ITH methodswith public and protectedmutations setsasinputs. Distribution of the
numberof subclonegor thetested TH methodsand2 alternativeinput mutation setsfor samplesn the different cancertypesand2 different
copynumbermethodsfor the protectedmutationset. MATH couldnot beincludedin this analyss asthis methoddoesnot estimateanumber

of clones.

https://abi.org/10.137/ournal.pon®224143.9g003

Anotherwayto comparemethodsis to considercorrelationgPearson's) betweerthe esti-
matednumbersof populationsThis allowsusto includethe MATH scorein the evaluation,
consideringt asanincreasingunction of heterogeneityustlike the numberof populations.
In addition,weaddto the comparisorb measureslirectly extractedrom the NGSanalysis,
namely the numberof mutationsin the protectedandin the public setsthe percentagef
non-diploid cells(estimatedoy ASCATand ABSOLUTE)the purity (estimatecoy ASCAT
andABSOLUTE)andthe _ (estimatedrom geneexpressiorsignatures)Resultsare
presentedn Fig4.

Althoughaclearandconsisteninessages hardto extract,afewgeneratrendsseento
emergekFirst, thereis atendencyof resultsto be more similar for differentmethodswith the
samanput mutation set,in particularfor BRCA ,whereresultsfor PyClone SciClonePhy-
loWGSand CSRaregroupedtogetherfor eachinput set.Secondthereallyunexpectedesult
isto observehatITH resultswith the samenput canbeuncorrelatedand evensignificantly
negativelycorrelated Third, we observawo groupsof methodsthat remainmore similar
acrosall threecancertypesEXPANDSandMATH scoreon theonehand,and PhyloWGsS,
PyClone SciCloneon the otherhand.Thoseresultscanberelatedto the methodsthemselves.
Indeed,PyClone PhyloWGSand SciCloneall definea probabilisticmodelexplainingall
observation®f copy-numberandreadcounts,basedn amixture model.Theydiffer by the
exactatureof the model(choiceof distributions,exactdefinition of parameters)put they
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Fig 4. Correlation betweenvariousmeasure®f ITH (MATH score,and number of subclonedor the other methods),and other potential
confounding variablesmeasuredusing WESand trancrip tomics data. Rowandcolor labelrepresenthe methodused with whitefor the
genomicmeasuresot involving ITH. Hatchescorrespondo public mutation setsHeatmapcolorsrepresenthe valueof the Pearson's, which
iswritten numericallywheneveit is significartly differentfrom 0 ( 0.05afterBenjaminiHochbeg correction for multipletests)We can
observelusteringtendenciestableacrosshe 3 cancertypes.Oneof themis highlightedin blacklines.

https://bi.org/10.137ournal.pon®224143.9g004

havesimilar structuresSciClones differentfrom PyCloneand PhyloWwGSn two waysit
only relieson mutationsthatarein regionswithout copynumberalterationsandit doesnot
correctfor tumor purity. It is thereforenot surprisingthat PyCloneand PhyloWG Syield simi-
lar results andthat SciClonds abit more different. CSRperformsa consensusf all obtained
clusteringssince3 methodsout of 4 havesimilar results CSRmight bebiasedowardsthose3
methods Expandsnakessimilar assumptionsasPyCloneand PhyloWGSHowever the esti-
mation processs verydifferent: Expandsestimatesdistribution of readnumberfor each
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position,andthen clusterghosedistributions,while PyClone SciCloneand PhyloWGS
attemptto find acommondistribution for agroupof mutations.TheMATH scorehasan
entirelydifferentrationaleasit simplyignoresCNVs.Similartrendsareobservedvhencom-
paringthe methodsbasedn other pairwisecomparisormetrics(seeS2+ S#igs).

Regardingpotentialconfoundingvariablespreviousstudieshavereportedacorrelation
betweerMATH scoreand CNA abundancg22,53,54], or betweerpurity andITH, asITH
methodswereinitially designedo refine purity estimation[29], andwe observesimilar behav-
iors. Associatiorwith immuneinfiltration hasalsobeenconsidered54], thoughit is worth
noting thatimmuneinfiltration andtumor purity arenot independentasimmune cellsare
not cancerousEachgroupof ITH methodsis highly correlatedo distinctgenomicmetrics,
mutationloadandCNV abundancé SH U F B Q R Q B G @& Bdits@roup (MATH,
Expands)andpurity (andthe oppositeof immunecellsinfiltration (L Q Y B 7 B F H @1Qhé))
latter (PyClone SciClonePhyloWGSCSR).This might beindicativeof systematibiasesn
thedifferentmethodsyatherthan biologicalstrongsignalaspreviouslyreported.Indeed the
strengthanddirection of all correlationsvarybetweerthe two groupsof ITH methodsandis
hencehardlyreliableor interpretablein termsof clinically actionabldnformation without
moredata.

Similarresultsareobtainedon anindependentdatasetf 7 samplegrom 5 patientswhere
both WESandsinglecellsequencingvasperformed.In this datasetsubclonaleconstruction
wasperformedby the methodB-SCITH42] that usesoth bulk sequencingndsinglecell
sequencin@sinput, and providesthe mostaccurateepresentatiompossibleTo further illus-
tratethe behaviorof ITH methodswehavecomparedesultsobtainedfor eachsamplesepa-
ratelyto the B-SCITEresult.To evaluateghe concordancef eachreconstructionto the
B-SCITEreconstructionwecomparethe numberof clonesandthe score2Afrom [40] that
evaluateghe co-clusteringof mutations.The othermetricsconsideredn [40] focuson thedis-
tancebetweerthe true andreconstructecdtancercellfraction distributions(scorelC),butin
this setting,the groundtruth doesnot provideatrue CCFdistribution estimateandon the
phylogenetiaelationshipetweerclonesscore3), but only PhylowGSprovidesatree
amongthe considerednethodsFor this evaluationwe haveleft the true estimatefor PyClone
that providesalot (severatlozens)f cloneswith asinglemutation. Theinput to ITH methods
we haveusedresultsfrom variantcallingon the bulk WESdata,whereagheinput to B-SCITE
is morerestrictive andfocuse®n mutationsdetectecboth in the WESandin the singlecells;
thescore2Ais computedon the commonmutations.Resultarepresentedn Table2. As
observedn the TCGA, differentmethodsbasedn WESdataexhibit verydifferentestimates
of thenumberof clonesandnoneis verycloseto the estimate®f B-SCITEusingWESand
single-celbata.ln termsof clonecomposition,PyCloneis the closesto B-SCITEN termsof
score2Acorrelationin four out or seversamplesalthoughthe score2Avaluegemainvery
modest.

ITH is aweakand non robust prognosisfactor

To testthe prognosticpowerof eachlTH quantificationmethod,wecollectedsurvivalinfor-
mation for the 686patientson whichall ITH methodsran successfullyandassesseuabw each
ITH methodallowsto predictsurvival.Sinceall ITH methodsexceptMATH output several
featuregelatedto ITH, wedid not testeachfeatureindividually but insteadestimatedacom-
binedscorefor eachmethodwith asurvivalSVM model(seeViethods).More preciselywe
extracts featurefrom each' TH method:the numberof subclonapopulationsthe proportion
of SNVsthat belongthethe major clone ,the minimal cellularprevalencef asubclonethe
Shannonindexof the clonaldistribution, andthe cellularprevalencef the largestclonein
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Fig 5. Prognosticpowerof ITH measuredusingdifferent ITH method andinput mutation setcombination. 0.5correspondto arandom
prediction,andstarsindicatestatisticakignificarce(p-value<0.001: ,<0.01: ,<0.05: ). Resultsarepresentedor 3 canceitypes(BRCA,
BLCAandHNSCfrom leftto right).

https://abi.org/10.137Aournal.pon®©224143.9g005

termsof numberof SNVsthat enableto distinguishseverakvolutionarypatternsjike early
(star-likeevolution)or late(treewith alongtrunk) clonaldiversification(seeMethods).We
evaluatehe performanceof eachscoreby 5-fold cross-validationand prognosticpoweris
assessenh thetestfold by computingthe concordancéndexbetweerthe SVM prediction
andthetrue patientsurvival.For MATH, asinglefeatureis computed sothis proceduresim-
ply evaluatethe concordancéndexof the MATH scorewith survival.ln addition,wecon-
sideramodelwhereall featureof all methods(i.e.,atotalof 6 5+ 1=26featureshre
combinedtogether.

Fig 5 showsheresultsfor eachcancettype,eachmethod,and eachsetof mutationsused.

Overall,weobservetleastone methodachievingsignificantsurvivalpredictionin each
cancettype.Thecombinedmodelis significantlyprognosticwith both protectedand public
setsn all threecancertypes Amongthethreecancertypes,n the bestcasehoweverthe
medianconcordancendexon thetestsetsharelyreache®.6(exceptwith the combination
with absolutecopynumberin BRCA but with animportant variance)whichremainsmodest
for anyclinical use.This suggestthat theremaybeaweakprognosticsignalcapturedby ITH
measurementyut it cannot beobservectonsistentlywith asinglemethodandasinglevariant
andcopynumbercallingpipelinein thethreecancettypesillustrating the frailty of obtained
results.Thecombinedmodelseemdo bearobustalternative aswhenit is significant,it hasa
concordancendexin therangeof the bestperformingsinglemethod;howeverthe caseof
BRCAseemgarticular,asmanymethodsperformworsethanrandom.

Someauthors[14,55] havesuggested non-linearrelationbetweersurvivalandITH, as
veryhigh ITH might bedamagingor thetumor, while moderatd TH would beassociated
with aggressiveumorsand proneto treatmentresistanceT o testthis hypothesisn our frame-
work weaddedsquaredeaturedo the survivalmodel,allowingsecondorder polynomialrela-
tionsbetweerl TH andsurvival.However this did not significantlyimpactthe results(S1Fig).
Indeed aftermultiple testcorrection,only PyClonewith the protectedmutation setand
ABSOLUTEcopynumberin BRCAprognosticpowerisincreasedy addingthe squaredea-
tures( = 0.027 pairedt-test),but both Cl indexesemainbelow0.5.We alsoassesseghether
therelativelypoor performanceof the differentmethodswasdueto the difficulty to learna
prognosticscorecombining5 featuredrom limited amountsof training sampleshy assessing
the prognosticability of asinglefeaturethe numberof clones A significantimprovementwas
obtainedfor 7andasignificantdecreas@ performancen 3 of the 36testedsettingg4 meth-
ods,2 mutation sets2 copynumbermethods 3 cancertypes).This suggestthat the complex-
ity of themodel(polynomialof order 2 insteadof linear) andthe choiceof ITH featureshave
little influenceon the results.This might berelatedto the factthat verylittle signalcanbe
detectedn thefirst place.
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Fig 6. Prognosticpowerof ITH-derived featurescomparedto other prognosticfactors (686 patientsin total). ITH-derivedfeaturesare
usedin associationwvith clinicalfeaturedo predictoverallsurvival Left-mostboxplots(with red contourlines)representesultsusingclinical
variablesalone without anyITH, to serveasreference.

https://abi.org/10.137Aournal.pon®©224143.9g006

ITH prognosissignalis redundantwith other known factors

We haveestablishethatin somecased,TH mayexhibitweakprognosticpower.lt isthen
veryimportantto asses#hetherit iscomplementaryo alreadyavailablgorognosticfeatures,
like clinical characteristicsT o answetthis questionwe considerrelevantclinical featuresas
describedn Methods.

Fig 6 presentsacomparisorbetweerdifferent prediction settingsclinical featureswvithout
anyclonalityandclonalityassociatewvith clinicalfeaturesin all casesslinical featuresalone
haveasignificantprognosticpower(medianCl = 0.79for BRCA,0.65for BLCA,0.65for
HNSC).More importantly, whenwecombineeachi TH featuresetwith clinical featuresye
observeno significantimprovementoverclinical featuresalone.This suggestthat the weak
prognosticsignalcapturedby ITH measuressin factredundantwith alreadyavailableclinical
factors.

Discussion
Comparisonto similar studies

Previoudindingsreportdivergentprognosticpowerfor ITH in severapancancerstudieq13,
14,22].Andor etal[14] analyzedL,165patientsacrossl 2 cancettypesfrom the TCGA, and
found anoverallprognosticpowerby consideringall typestogether and suggestethat this
effectmight benonlinear,with atrade-offobetweer TH andoverallsurvival[55]. However,
theassociatiorbetweerthe numberof subclonesndoverallsurvivalwassignificantwith
EXPANDSbut not with PyCloneresults and no significantassociatiomwasdetectedvhen
consideringeachcancettypeseparatelyexcepftor gliomas.This might bedueto thesmall
numberof case®f eachtype (betweerB3and166).Morris etal.[13] considered,383patients
of 9 cancertypesfrom the TCGA andfound significantassociatiombetweerthe numberof
subclonesound by PyClonein 5typesHNSC,BRCA KIRC,LGG,andPRAD.Noorbakhsh
etal.[22] studied4,722patientsfrom 11typesfrom the TCGA, andfound significantprognos-
tic powerin 4 typesusingMATH scoreanddistinctinput mutation setsdrom differentvariant
callersTheyobtainsignificantprognosticassociatiorior all variantcallingresultsin only one
cancettype:UCEC,andalreadyreport somelackof robustnessn theresults We havebeen
furtherin testingupto 7 ITH methodswith 2 alternativenput mutation setsjn additionto
the combinationof all methods andfound no significantassociationeitherfor the same
frameworkin all considereccancertypesnor for the samecancertypewith all frameworks.
We havealsotestedmore powerfulpolynomialmodelsto accountfor apotentialnonlinear
relationship andresultswereinconclusiveThisis animportant distinction, becausenutation
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callingcanbemaderobustby additionalexperimentgtargetedsequencingn WXSor WGS
candidates)but our resultshighlightintrinsic limitations of ITH methods.

Consideringresultsin details therearediscrepanciethat shouldbediscussed-or BRCA,
conclusionsaremorediscordantMorris etal.[13] found significantresultsNoorbakhshetal.
[22] did not, andin more specializedtudiedike METABRIC[53], significantassociatiorwas
found whenconsideringonly theupperandlowerquartileof MATH scorefor ER+tumors.
For BLCA,contradictoryconclusionsverealsodrawn,aspreviousstudieg13, 14]found no
prognosticpowerandwe havewith somelTH methods.Thereareseveraéxplanationseach
studyconsideredadistinct subseof patientswith adistinct pipelinefor callingmutationsand
measurdTH. Thisinstabilitywith respecto patientselectiorhasbeenconfirmedby our
study.All of thosestudiesjncluding ours,observedTH prognosticrelevancen HNSC.Good
prognosticpowerfor HNSCand BLCAmight beanindication thattheimportanceof ITH for
canceraetiologydiffersacrosancertypes.

Canwetruly measurelTH?

Beyondthe questionof the prognosticpowerof ITH, our resultschallengeghe veryfactthat
ITH canbemeasuredccuratelywith oneWESsampleper patient.Up to 30methodshave
beendevelopedo tacklelTH detectionandquantificationfrom NGSdatain tumor samples,
andnewonesarestill beingdeveloped56]. This analysithasfocusecbn relativelyearlybut
amongthe mostwidelyusedTH methodsin orderto providevaluablensighton the degree
of reliability of providedresultsIndeedresultspresentedereshowthat thereis averyweak
correlation(and sometime®venasignificantnegativecorrelation)betweerresultsobtained
with differentmethodson the samepatients Another sourceof inconsistencysthatITH
methodsrely on resultsfrom previousanalysistepsin particularvariantcalling.Indeed all
ITH methodsrely on the distribution of SNV frequenciesin associatioror not with structural
variants(alsocalledby avarietyof dedicatednethods) This hasalreadybeendiscussedtby
Noorbakhshetal.[22] for MATH scorecomputation.We showherethatthisissues not lim-
itedto the MATH score Someauthorshavesuggestethat beingveryrestrictivein variant
calling,evenresortingto targeteddeepsequencingo experimentallyalidateSNVs[6], would
exhibitlessnoisyresults Herewehavenot observedinyevidencahatITH methodsestimated
morerobustresultswith arestrictedinput mutation set(i.e.the public mutation setin this
study).Overall lackof agreemenbetweerthe differentITH measuress arealconcern,ndi-
catingagainthatITH is probablynot veryaccurateA similar conclusionwasrecentlyand
independentlyreachedy [57].

Beyondthe methodsusedfor ITH inferencethe datamight alsobequestionedBeingable
to measurdTH to onesamplaNVESwith moderatesequencinglepthis temptingfor future
clinicalapplicationwherethe costandthe inconveniencef multiple samplegor patients
shouldbelimited [3], butit maybeunrealisticasthetrue heterogeneitpf atumor canbe
missedby asinglebiopsy.However more complexexperimentabkettingshaveallowedmore
convincingfindingsin thefield of tumor evolution[58,59],andit maybenecessarto further
evaluatdackof accuracydueto undersamplingrom the wholetumor or to useof WES
insteadof WGS,andtheimpactof sequencinglepth.A recentandbroadanalysisof ITH with
oneWGSsampleper patient[16] partiallyanswersasthe authorscoulddetectiTH in almost
everypatient,andconductinterestingfurther analyseastheyhadconfidencen therobust-
nesf ITH estimatesMost publishedmethodsareableto accountfor multiple samplegrom
the samepatient,eithersampledat differenttimesor from differentregionsof the tumor.
However for extensiorto WGSanalysispur work highlightslimitations with respecto the
computationtime for high numbersof mutationasinput.
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Associationwith survival, link with other variables

It istemptingto formulatethe hypothesighat higherassociationwith patientsurvivalis asign
of higheraccuracyWe havealreadymentionedsometechnicalissuesssociatewvith the set-
ting of onesampleWNESper patient,asevenwithout measurassuesiTH might justbeunder-
representedh the samplecomparedo the wholetumor [60]. Another limitation is that this
doesnot represenadynamicmeasurelor instanceatumor canbeclonalbecausd is not
veryaggressivar on the contrarythis might betheresultof aselectivesweepmfteraphaseof
newclonalexpansionMoreover,severahuthorsdiscusghe consequenceandthe interplayof
the presencef distinct subclonapopulationsjn termsof cooperation61,62], competition
[63,64],0r evenneutralevolution[65, 66]. Hence the samdevelof ITH might uncoververy
diversesituationsandmaynot beaprognosticfactorby itself.

Moreover thedatasetisedin this survivalanalysihassomeparticularitiesthe TCGA has
selectegbatientswith criteriaallowinghigh sequencingjuality,andITH analysistselfhasfur-
ther eliminatedtumorswith no or veryhigh CNA abundancewhich mayalsobiasresults.
Finally,absencef prognosigpowerin onedatasetioesnot constituteaformal proofthatITH
isnot associatewvith survival.

BesidesTH islikely to beinfluencedandto interplaywith otherexternalfactorsincluding
tumor micro-environmentimmune responsenutrient availability. Recentvork hastried to
setafull frameworkfor analysisncluding manyfactors[67]. However,in the caseof the
TCGA, not all thosevariablesaremeasurabldyut somemight beincludedin further work. In
thisline of thought,earlierresultsexhibitedcorrelationof ITH with otherfactorslike CNA
abundancesamplepurity, immuneinfiltration [13,53,54,68]. Our resultsshowthatthe
strength(and evendirectionin the caseof CNA abundancendmutation load)of correlation
betweerthosefactorsandITH variesbetweerthedifferenttested TH measuresThisagain
callsfor further and more detailedanalysisasresultsshowambiguityandlackof robustness.

Canwebuild agold standarddatasetfor benchmark?

Themaindifficulty of ITH estimationis to assesthe accuracyof theresultsin thiswork, we
haveconsideredwo possibilitiesThefirst oneon datafrom the TCGA is to work without any
groundtruth proxy andmeasuretherfeatureof accuracyrobustnessagreemenof results
obtainedby differentmethodsandassociatiowith other clinical variablesTheobtained
resultssuggesthat the consideredTH methodsarerelativelyrobustto changeén thecopy
numberinput, but verysensitiveo theinput mutations.Thelasttwo optionsaremore difficult
to work with, asonemethodcouldbein disagreemenuith all the othersbut still providethe
mostaccurataesult,andabsencer presencef associatiobetweend TH andotherclinical or
genomicvariableganbeeitherdueto arealbiologicalsignalor beanartifact(or bias)of the
method.Thoughthe goalof this studyis not to provideaformal evaluatiorof the considered
method,theresultson the TCGA provideinformation on systemati¢rendsof eachmethod,
andthelevelof confidenceto expectwhenapplyinglTH methods.

A secondossibilityis to try and obtainaproxy for the groundtruth. Thiscanbedone
usingsinglecellsequencingn addition to the bulk sequencingThoughsufferingfrom other
issuessinglecellsequencingrovidestrue associationsr exclusion®f mutations,andhence
constraintghe subclonakeconstruction42]. However,alargenumberof cellsis necessaryn
the 7 samplesonsideredn this study,only asubsebf the mutationsidentifiedin the bulk
sequencingverealsoidentifiedin singlecellsimiting therepresentativityandtherelevance
of the extractedaccuracymeasuresi secondoossibilityisto rely on severasamplegrom
the sametumor to obtainabettergroundtruth to compareto the resultobtainedwith one
sampleHowever eachsamples apriori heterogeneouisself,requiring afirst multi-sample
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deconvolutionThisfirst stepcanbechallengingasit isthoughtthat multi-samplereconstruc-
tion is subjectto alargerstatisticabiascomparedo singlesamplereconstruction69], andthe
accuracyof thisfirst stepwill becriticalin thefinal results A final possibilityis to rely on simu-
lateddata,which havethe major drawbackio not benecessarilyepresentativef the true bio-
logicaldata,asrecentlyhighlightedfor ITH in [69], thatpoint to anaspecbf theinput dataso
far overlookedby the community.

Supporting information

S1Fig. Prognosticpower of diversecombination of ITH-derived features,on the three can-
certypes(respectiveyBRCA,HNSCand BLCA from top to bottom). In eachplot, the back-
groundcolorindicateshe ITH methodused Eachmethodis testedon protectedor public
mutations(hashed)For eachmethod,weassesthe ability to predictsurvivalwith asurvival
SVMusing4 setsof features(i) the numberof clonesalone (i) thefive customfeatureswvhich
includethe numberof clonesand(iii) and(iv) the concatenationsf featuresn (i) and (ii)
with their squaresto accountfor possiblenonlinearquadraticeffectsWe observeno clear
trend of oneof thetwo setsperformssystematicallpetterthanthe other,andthe squaredea-
tureshavenot significantlyimprovedresultseither.

(TIF)

S2Fig. Pairwisecomputation of scorelBfor the different ITH methodsand inputs.
ScorelBs ametric designedn [40] penalizeslifferencedetweerthe numberof clones
inferredin eachcasdn asymmetricway(only the differencematters eithermore or fewer
clonesiredetected)folIowingtheformula%ﬁ”zm, with 1 and ,thenumbersof

clonesfound by eachmethod.The scorewascomputedfor all patients andthis heatmaprep-
resentghe medianscore We observeaparticularfeatureof PyClonewhichtendsto find alot
(sometimeseveratlozens)f cloneswith only onemutation. Theywerediscardedvhencom-
paringthe numberof cloneshut not for the computationof metric 1Bto ensureconsistency
with the othermetrics.

(TIF)

S3Fig. Pairwisecomputation of score1Cfor the different ITH methodsandinputs.
ScorelGsametricdesignedn [40] thatrepresentshe Wassersteinlistancebetweerthe can-
cercellfraction (CCF)distribution resultingfrom eachclone'smeanCCFandnumberof
mutations.Dueto the numberof single-mutationclonesof PyClonetheresultingdistribution
is quite differentfrom the other casesAs CSRonly takesasinput the mutation attribution to
clonesby othermethodswithout takinginto accounttheir CCF,wedid not computescorelC
for thatmethod.The scorewascomputedfor all patients andthis heatmaprepresentshe
medianscore.

(TIF)

S4Fig. Pairwisecomputation of score2Afor the different ITH methodsand inputs.
Score2As ametric designedn [40] that assessehke similarity of the mutation clustering
resultingfrom subclonafreconstruction(seeViethodsfor details).We recoverthe previously
observegatternthat PyCloneand PhyloWG Sarethe closestmethods.The scorewascom-
putedfor all patients andthis heatmaprepresentshe medianscore.

(TIF)

Si1Table.Characteristicsof input mutation sets.Summarystatisticsof the numberof pro-
tectedand public mutationsper samplefor BRCA,BLCAandHNSCsamplesThe protected
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setcorresponddgo raw variantcallingoutputs.The public setcorrespondgo publicly available
SNVcalls.
(PDF)

S2Table.Clinical variablessignificancefor single-variablecoxmodelfor BLCA (409
patients). Variablesignificantlyassociatewith survivalareshaded.
(PDF)

S3Table.Clinical variablessignificancefor single-variablecoxmodelfor BRCA (1080
patients). Variablesignificantlyassociateith survivalareshaded.
(PDF)

S4Table.Clinical variablessignificancefor single-variablecoxmodelfor HNSC (526
patients). Variablesignificantlyassociateith survivalareshaded.
(PDF)

S5Table.Signaturesadaptedfrom Bindeaet al. [38]. Genedd werematchedfrom tables
availableat https://github.conmfjudithabk6/ITH_TCGA/tree/mater/external_data.
(PDF)
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