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Abstract

ThenotionthatDNAchangescoulddrivethegrowthofcancerwasfirst

speculatedmorethanacenturyago,andhasacquiredoverwhelmingevidence

inthepastseveraldecades. Therecentdecreaseincostofnext-generation

sequencinghasspurredthegrowthofcancersequencingstudiesthatcatalog

mutationsobservedincancer.However,thevastmajorityofmutationsincan-

cerdonotincreasethefitnessofcancercells.Asaconsequence,computational

methodshavebecomeessentialtodistinguishthespecificdrivermutationsim-

plicatedincancerbyleveragingstatisticalpatternsofgeneticvariationob-

servedacrossmanycancersamples.

Here,Iintroduceseveralnewcomputational methodstoanalyzecancer

driversatdifferentlevelsofresolution–includingatthegene(20/20+),pro-

teinregion(HotMAPS),andmutation(CHASMplus)level.Iusethesemeth-

odstointerrogatefundamentalquestionsregardingcancerdrivermutations,

suchastheircancertypespecificity,commonnessorrarity,andthecharacteris-

ticsofoncogenesandtumorsuppressorgenes.Differenttypesofcancervaried
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substantiallyontheprecisecancerdrivergenesandthebalanceofoncogenes

versustumorsuppressorgenes,butsharedclustersofcancerdrivergeneswere

seenincancertypeswithacommoncelloforigin.Resultsalsoindicateapromi-

nentemergingroleforraredrivermutations,suggestinginterpretationofa

cancergenomewillneedtobeincreasinglypersonalized,asapatient’sdriver

mutationmayhavenotbeenpreviouslyobserved.

Ialsoprobetheefficacyofcomputationalmethods,whichisdifficultbecause

thereisnoacceptedgold-standard.Ifirstanalyzeconsequencesexpectedana-

lytically,andthencompareexistingmethodsonnewlydevelopedbenchmarks.

Ifoundmanypriorcomputationalmethodsdonotappropriatelymodelthehet-

erogeneityofmutationsexpectedbychance.

TherecentcompletionofTheCancerGenomeAtlashasprovidedaunique

capabilitytounderstandcanceratanunprecedentedscale.Icomprehensively

discoverbothcancerdrivergenesandmutationsacrossnearly10,000cancers

from33cancertypes.Thisrevealed299cancerdrivergenesand>3,000driver

mutations.Althoughthisexpansiveanalysisfound59novelgenesnotprevi-

ouslyassociatedascancerdrivers,someevidencepointstodiminishingreturns

forfuturedriverdiscovery.

PrimaryReaderandAdvisor:Dr.RachelKarchin

SecondaryReader:Dr.JoelBader
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Chapter1

Introduction

Cancerisadiseasedefinedbyaberrantproliferationofcellsthathaveac-

quiredinvasivenessintosurroundingtissuesofthehumanbody[1]. Asa

whole,cancerisestimatedtohavecaused600,000deathsintheUnitedStates

in2017[2]. Thebiologicalprocessofcancerdevelopmenthasbeenassoci-

atedwithnumeroushallmarksknowntocircumventtheotherwiserestricted

growthofanormalcell[3]. Theongoingefforttoreducecancer mortality,

whetherbypreventionornewtreatments,mayrequireadeeperunderstand-

ingoftheprocessesthatleadtothedevelopmentandprogressionofcancer.

Giventhelimitedthroughputtostudyhumancancersexperimentally[4],my

dissertationisfocusedondevelopingnewcomputationalmethodstoidentify

mutationaldriversofcancerfromthebigdataarisingthroughlarge-scaleDNA

sequencing.Specifically,Iwillanalyzeprotein-codingmutationsthathappen

1



CHAPTER1.INTRODUCTION

somatically,i.e.,startingfromembryogenesis,mutationsthatoccurinthecells

ofthebody(excludinggermcells),andthereforearenotinherited.

1.1 Cancerasageneticdisease

Cancer’sfoundationasageneticdiseasewasfirstproposedmorethanacen-

turyagobyobservationsofcellswithchromosomalaberrations[5].Therewas

onlysparsesupportforthishypothesisuntiltheobservationthatchickencells

containedahomologoussequencetoageneinaknowncancer-relatedvirus,

aviansarcomavirus,[6]and,further,thatasinglenucleotidechangeatcodon

12ofthehumangeneHRAScouldoncogenicallytransformbladdercells[1,7].

Endogenoushumangenes,when mutated,couldthereforecontributetothe

growthofcancer.Asatechnicalnote,Iwillrefertosuchgenesthatcontainmu-

tationswhichincreasethenetgrowthofcellstowardcanceras“cancerdriver

genes”. However,itwasnotclearatthetimewhetherallsuchcancerdriver

geneswouldfitthe moldofHRAS.Nowitisunderstoodthatcancerdriver

genesfallintotwobroadcategories,oncogenesandtumorsuppressorgenes.

Oncogenes,likeHRAS,acquiremutationsthatgenerategain-of-function,while

tumorsuppressorgenesacquiremutationsthatcauselossoffunction. Origi-

nallytheviewoftumorsuppressorgeneswasasbiallelicloss-of-functionof

bothgenecopies(the“two-hithypothesis”[8]),suchasbythecombinedeffect
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ofadeletion(orloss-of-heterozygosity)andamutation,likeRB1inretinoblas-

toma[9]andTP53incolorectalcancer[10].However,forsometumorsuppres-

sorgenesthatareeitherhaploinsufficientordominant-negative,themutation

ofonlyonecopymaybesufficient[11–13].

Aparticulardrivermutationmaybeneithernecessarynorsufficientforthe

developmentofcancer.Rather,carcinogenesis,thedevelopmentofcancer,often

isamulti-stepprocess(estimated2-8[14])involvingseveraldrivermutations,

wherethecombinedeffectofmultiplemutationsissufficient.Inthecaseof

colorectalcancer,itisestimated3mutationaldriversarerequired[15].The

drivermutationateachstepcausesaclonalexpansionofcellsbecauseoftheir

selectivegrowthadvantage;thus,leadingtoprogressionfromasmalladenoma

toalargeadenomaandeventuallytoacarcinomaincolorectalcancers[16].As

anexample,aparticularcancer’ssequenceofdrivermutationscouldinitiate

withanAPCgene mutationfollowedbyaKRASmutationandsubsequent

TP53mutations.Butparticulardrivermutationsarenotnecessarilyexclusive

toeachstagethatleadstocolorectalcancer[16].Moreover,inanotherpatient’s

cancer,drivermutationsindifferentgenescouldalsoleadtocolorectalcancer

[17].Lastly,evenwithinasingletumor,theremaybemultiplecompetingsub-

cloneswithdifferentcompositionsofdriver mutations(termed“intra-tumor

heterogeneity”). Carcinogenesis,therefore,isnotasimplefixedlinearpath

ofdrivermutations,butinsteadaremarkablyheterogeneousmixofmultiple
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possiblepaths.

OnlyinthepastdecadehaveimprovementsinDNAsequencingtechnology

madecancersequencingstudiesfeasibleforcataloginglargenumbersofmuta-

tionsinhumancancers.Thefirstwaveofcancersequencingstudies[18–20]an-

alyzedcommoncancers,suchasbreastandcolorectalcancers,andsequenced

onlytargetedportionsoftheexome(theregionsencodinggenes).Duetotech-

nicallimitationsandprohibitivecost,theyemployedaDiscovery-Validation

studydesignwheremutationswerefirstdetectedmorecomprehensivelyina

smallernumberofsamplesbutthenvalidatedagainstalargersetofsam-

ples.Althoughsoonafter,milestonestudieswouldsequencethewhole-exome

ofpancreaticcancers[21]andglioblastomamultiforme[22].Also,inthesame

year,thefirstpilotprojectoftheTheCancerGenomeAtlas(TCGA)analyzed

glioblastomamultiforme[23],thebeginningofaconsortiumthatwouldana-

lyzethousandsofhumancancersinthecomingyears.Thegenomicbreadthof

sequencingwasexpandedbyseveralwhole-genomesequencingstudiesanalyz-

ingafewsamplesinleukemia,lungcancer,andmelanoma[24–26].By2011

theTCGAanalyzed316ovariancarcinomasamplesbywhole-exomesequenc-

ing[27],whichstartedtoreachthelargesamplesizesnecessaryforstatisti-

callyimplicatingcancerdrivers.
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CHAPTER1.INTRODUCTION

1.2 Positiveselectionandthestatistical

identificationofcancerdrivers

Cancersequencingstudiesquicklymadeitevidentthatdrivermutations

onlyconstituteasmallpercentageofthepotential100’sor1,000’sofmutations

observedwithasingleexome[14].Themajorquestionisthereforenotwhat

mutationsaredetectedincancerbut,rather,whichmutationsaredriversas

opposedto“passengers”thatdonotcontributetotumorigenesis?Becausethe

vastmajorityofmutationsarepassengers,itisdifficulttodistinguishadriver

mutationfrommanypassengermutations;also,likeadrivermutation,many

passengermutationsmaybecompletelyclonalinaparticularcancersample,

becausetheyhappenedbeforethefoundingclone’sdriver mutation[28,29].

Passenger mutationseffectivelyhitchhikeoffoftheselectivegrowthadvan-

tageprovidedbydrivermutations. Thekeydistinctionis,whenconsidered

acrossmanycancersamples,thatdrivermutationsarepositivelyselectedfor

incancerandthereforeshouldbedisproportionatelyrepresented. Computa-

tionalmethodshavethereforeevaluatedsignalsofpositiveselectionincan-

ceratvariousscales,includingattheprotein,domain/region,andmutation

level[30].Althoughtheprecisewaypositiveselectionisstatisticallymeasured

varies[31],theessenceistoanalyzepatternsofmutationsacrossmanysam-

plesandruleoutthepossibilitythatthemutationsareexplainablebyaran-
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dombackgroundaccumulationofmutationsalone.

Asaconsequence,identifyingpositiveselectionofdrivermutationsalsore-

quiresunderstandingtheconverse,howpassengermutationsaccumulatein

cancer. Passenger mutationshaveonly<1%ofnon-silent mutationselimi-

natedbynegativeselection,indicatingthatmostofthevariabilityinthenum-

berofpassengermutationsisduetomutationratesratherthanselection[32].

Asimplemodelisthatpassengermutationsaccumulateatauniversalback-

groundrateperbaseacrossthegenome[20],afteradjustmentsforthenu-

cleotidesequencecontext.Thismodelfailstocapturekeymutationalprocesses

incancer,suchasthebackgroundmutationratevaryingbyovertwoorders

ofmagnitudesbetweencancertypes[33]andalsovaryingpatient-by-patient,

especiallywhenatumorhasdefectiveDNAdamagerepairormutagenexpo-

sure[34]. Moreover,regionalvariationwithinthegenomeofreplicationtim-

ing,geneexpression,andchromatinstructureleadsto∼3-folddifferencesin

thebackgroundmutationrate[33].Incertaincancers,kataegiscausesgenom-

icallylocalizedhypermutation[35].Accuratemodelsthereforeneedtoaccount

forthegreaterdispersioncausedbythismutationalheterogeneity.

Afocusformanylargecancersequencingstudieshasbeentoidentifycan-

cerdrivergenes,usuallydoneinoneofthreeways. The mostcommonap-

proach,whichItermasasignificantlymutatedgenemethod,hasbeentocom-

parethenumberofmutationswithinagenetothatexpectedbyabackground
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mutationrate[18,20,36,37].Theaccuracyofthebackgroundmutationrate,

therefore,becomesthecriticalparametertoestimate.Recentimprovementsin

estimatingregionalvariationinmutationrateacrossthegenomeleadtore-

ducedfalsepositivesinthemethodMutSigCV[38,39].Thesecondapproach,

functionalimpactbias,evaluateswhetheragenecontainsmutationsthatare

skewedtowardshigherpredictedimpact[40].Thescoreofamutationusually

reflectseitherevolutionaryconservationoftheproteinsequenceormachine

learningmethodsthatpredictthedeleteriousnessofavariant.Lastly,evalu-

atingthepositionalclusteringofmutationshasalsobeenusedatthesequence-

andstructure-levelofaprotein[38,41–55].However,notalltumorsuppressor

genesmayexhibitmutationalclustering,andthereforethesemethodsmaybe

betteratidentifyingoncogenesduetotheirhighlylocalizedactivatingmuta-

tions.

Althoughacancerdrivergene,bydefinition,containsadrivermutation,

notallmutationswithinacancerdrivergenearenecessarilycancerdrivers.

Especiallyconsideringthelargesizeofgenes,passengermutationswillbeob-

servedinlargenumberswhenanalyzingmanycancersamples[32].Toaddress

thisissue,recentmethods,knownashotspotmutationdetection,havethere-

forefocusedonsmallerregions,suchasproteindomains[55],protein-protein

interfaces[40],andindividualcodons[9].

However,ifdriver mutationsareinseparatelocationsoftheproteinse-
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quence,hotspotdetectionbasedonproteinsequencemaylosestatisticalpower.

Oftenthisresultsfromresiduesbeingfarapartinproteinsequencebutac-

tuallyproximalinthefoldedproteinstructure.Sincethereisarelationship

betweenproteinstructureandfunction[56,57],Iandothershavedeveloped

computationalmethodsforhotspotdetectionin3Dspaceofproteinstructure

[41,43,45,46,48,52–54,58].Hotspotdetectioninproteinstructurehasthead-

vantageofgeneratingplausiblehypothesesaboutthefunctionofthemutation

giventhespatialproximitytoknownfunctionalsitesintheprotein[43,59].

Cancerdriverpredictionatthelevelofindividual mutationshaslargely

focusedonmissensemutations,themostcommontypeofprotein-codingmu-

tationincancer[14].Typically,machinelearningapproacheshavebeenused

toleveragefeaturescharacterizing mutations. Althoughfeaturesvarysub-

stantiallybymethod[39,60–65],theyusuallyincludeinter-speciesevolution-

aryconservationoftheproteinsequence,featuresofthelocalproteinenvi-

ronment,molecularfunctionannotations,andbiophysicalcharacterizationsof

theaminoacidsubstitution.Cancer-focusedmachinelearningmethodshave

previouslytriedtoenhanceperformancebytrainingcancertype-specificmod-

els[26,66]orboostingdatawithsyntheticpassengermissensemutations[26].

Despitethecapabilityofutilizingmanyfeatures,withtheexceptionofafew

gene-levelfeaturesinParsSNP[25],machinelearningmethodstypicallyhave

notusedmutationalpatternscharacterizingthegeneticvariationobservedin
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humancancers.Furthermore,asystematiccomparativestudyof15methods

concludedthatnoneofthemweresufficientlyreliableforexperimentalorclin-

icalfollow-through[49].I,andothers,havehypothesizedthatdeterminingthe

impactofmissensemutationsrequirespropercontext[59,67],whichhavenot

beensufficientlyleveragedinacomprehensivemannerfromthecurrentgener-

ationofmethods.Contextincludesbothpriorknowledgeaboutthefunctional

importanceofgenesorgenesubregionsinwhichamutationoccurs,andmuta-

tionalpatternsthatarenowevidentfromcancersequencingstudiesofmany

thousandsofpatients.

1.3 Large-scalecancerdriverdiscovery

Theapplicationofcomputationalmethodstoidentifymutationaldriversof

cancerhasexpandedwiththegrowthinsamplesizeofcancersequencingstud-

ies[33,36,51,55,58,66,68–73].Acomprehensiveanalysisof3,281cancerscom-

prising12cancertypesfromtheTCGArevealed125associatedcancerdriver

genes[66].Asubsequentstudyidentified224cancerdrivergenesin21cancer

types,andfurthersuggestedbysub-samplinganalysisthatthediscoveryof

newcancerdrivergenesdoesnotshowevidenceofsaturationatcurrentsam-

plesizes[69].Combinedwiththelowmutationfrequencyofmanyidentified

cancerdrivergenes,ithasbeenhypothesizedthereisa“longtail”ofdriversof
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increasingrarity,withmorecancerdriversonthehorizon[74,75].Priorstatis-

ticalpowercalculationssuggestthisisreasonablegivendrivergenesestimated

ata2%frequencyofcancersmayrequiresamplesizeashighas5,000forcer-

taincancertypeswithhighmutationrateand,intotalacrossallcancertypes,

100,000sequencedcancersamplesmaybeneeded[69].Thisiswellabovethe

numberofsamplespercancertypeavailableinTheCancerGenomeAtlas.

Onlyarelativelyfewstudieshavestartedtofocusonidentifyingcancer

driversatsub-generesolution.Initially,studiesfocusedonidentifyingpro-

teindomains[49,50]. Morerecently,studieshaveprogressedtovaryingsized

hotspotsandtowardscodon-levelresolution[38,42,76].However,Iandothers

havenotedsuchapproachescurrentlyarebiasedtowardsfindinghotspotre-

gionsinoncogenesasopposedtotumorsuppressorgenes.Thisisaresultof

tumorsuppressorgeneshavingloss-of-functiondrivermutationsthataremore

diverseandspreadoveralargerregionoftheprotein[43].

1.4 Relevancetocurrentstudy

Ultimately,computationalmethodshaveprogressivelysoughttounderstand

whetheraparticularmutationinapatient’scancerisacancerdrivermutation.

However,givencurrentapproachesmayrequire100,000cancersamplestojust

identifycancerdrivergenes,identifyingparticulardriver mutationswithin

10
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thosegenesmayrequireanevengreaternumberofsequencedcancers. Due

tothemillionsofmutationscurrentlybeingidentifiedinhumancancers,labo-

riousexperimentalvalidationofallmutationsisnotfeasiblebecauseoflackof

throughput[4,59].Amorestatisticallypowerfulcomputationalmethodwould

begreatlybeneficialtothecancergenomicscommunity;enablingimproved

utilizationofcancersequencingstudies.Insightintocancerdrivermutations

canbeofsubstantialclinicalrelevance,suchasindicatorsofprognosis[22,77],

therapeuticresponse[78],drugtargets[79],andasbiomarkersforearlydetec-

tionofcancer[80].

Mydissertationcoversfourprimaryaims: (1)themodelingofsomaticmu-

tations,(2)developmentofnewcomputationalmethods,(3)benchmarkingof

computationalpredictions,and(4)systematicdriverdiscoveryacrossthou-

sandsofhumancancersamples. Wherepertinent,resultsofmethodological

benchmarks(3)andsystematicdriverdiscovery(4)arecombinedinthesame

chapterasthecorrespondingdevelopedcomputationalmethod(2).

Althoughtherearemanyexistingcomputationalmethods,Ifindthatprior

methodshavenotyetadequatelycombinedmultiplesignalsofpositiveselec-

tionofdriver mutationsincancer.Ihypothesizebettercharacterizationof

cancerdrivers,particularlythosethatoccuratrelativelylowprevalence,can

beobtainedbyacarefullydesignedmachinelearningapproach,whichlever-

agesmutationalpatternsincancersequencingstudiesthatarecharacteristic
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ofoncogenesandtumorsuppressorgenes. Moreover,Ishowthatcombining

multiplescalesofinformation-includingatthegene,region,andmutation

level-hassubstantialbenefits.

Ithasbeendifficulttoevaluateprogressinthisareabecausemanypub-

lishedmethodsdonotrigorouslycomparetheirrelativemeritstothosedevel-

opedbyothers.Iestablishextensivebenchmarksforcancerdriverprediction

toaddressthisshortcoming.Importantly,Idevelopnovelmetricstoassessthe

currentlandscapeofpredictions,whichaddressestheneedforrigorousevalua-

tioncriteriagiventhelackofatruegoldstandardforpredictingcancerdrivers.

Myanalysispointstothestrengthsandweaknessesofeachofthecurrently

availablemethodsandoffersguidanceforimprovingtheminthefuture.

TherecentcompletionofTheCancerGenomeAtlashasprovidedaunique

capabilitytounderstandcanceratanunprecedentedscale. Here,Ipredicted

protein-codingdrivermutationsinnearly10,000cancersandcharacterizethe

landscapeofdriversacrosshumancancers.Thisinvolvesinterrogatingfunda-

mentalquestionsregardingcanceranddrivermutations,suchastheircancer

typespecificity,commonnessorrarity,thebalanceandcharacteristicsofonco-

genesandtumorsuppressorgenes,andthelikelyfuturetrajectoryofcancer

driverdiscovery.
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Chapter2

Statisticallymodelingthe

accumulationofsomatic

mutationsincancer

Somaticmutationsaccumulaterandomlyinallcellsofthebody,starting

fromthebeginningofembryogenesisthroughtheentirelifetimeofanindivid-

ual[81].Somaticmutationsarisebecauseofbothendogenousandexogenous

sources,orfromamutatorphenotypeacquiredinacancercell. Endogenous

sourcesincludeintrinsicDNAreplication mistakes,damagecausedbyfree

radicalsfrommetabolism,andspontaneousdeaminationofnucleotides[82].

Incontrast,exogenoussourcesoriginatefromtheenvironmentandinclude

ultravioletradiation[82]andvarious mutagenicchemicalslikearistolochic

13
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acid[83]. Also,defectiveDNAdamagerepairinacancercellmayleadtoa

mutatorphenotypewhereasubstantialnumberofunrepairedmutationsbe-

comefixed,suchasdefectivemismatchrepairgenesleadingtomicrosatellite

instability[84].Eachmutationalsourceleavesamarkonthecancergenome

thatreflectsthemutationalsignaturesduringthelifetimeofthecell’sprogeny

leadingtocancer[82].

Anessentialfirststeptowardsimplicatingcancerdrivergenesfromacan-

cersequencingstudyrequiresunderstandinghow mutationsaccumulatein

cancer.

2.1 Variabilityinthebackgroundaccu-

mulationofmutations

Toinvestigatethepotentialforusingelevatedmutationrateperbaseas

ameanstodetectcancerdrivers,Isoughttoexaminethebackgroundvari-

abilityof mutationrateinhumancancers. The medianbackground muta-

tionrateperbaseforeachcancertypein mypan-cancerdataset(seeAp-

pendixB)[85]variedbyovertwoordersofmagnitude(Figure2.1),within-

dividualsamplesvaryingoveranevenlargerrange,whichisconsistentwith

priorobservations[33,34].Becauseonlyasmallfractionofthetotalsomatic

mutationsinanycommonsolidtumoraffectsdrivergenes,theremainingmu-
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tationscanbeconsideredpassengers.Thetotalnumberofmutations(drivers

pluspassengers)perbaseisthereforeonlyslightlylargerthanthenumberof

passengermutationsperbase,and,forsimplicity,Irefertothisnumberas

thebackgroundmutationrate. Mutationratesarealsoknowntovaryacross

thegenome[33]andareinfluencedbynucleotidesequencecontext,geneex-

pression,chromatinstate,transcriptionfactoroccupancy,replicationtiming,

DNAstrand,andperhapsbyavarietyoffactorsthathaveyettobediscov-

ered[34,86–88]. Forexample, melanomamutationsinTheCancerGenome

Atlas(TCGA)arepredominatelyCtoTtransitionmutations,whichisnotseen

inothercancertypes(Figure2.2).

However,mutationrateisnottheonlystatisticcapableofstatisticallyim-

plicatingcancerdrivers. Onealternativeistouseratiometricfeaturesthat

normalizeforthetotalnumberofmutationswithinagene.Forexample,the

ratioofnon-silenttosilentmutationswithinageneisrelativetosilentmu-

tations.Figure2.1showsthevariabilityofthemedianratioofnon-silentto

silentmutationsforcancertypesinourpancancerset. Ratiometricfeatures

hadsignificantlylessvariabilityamongcancertypesthanbackgroundmuta-

tionrates.Theconsiderablylowervariabilitysuggestslesscovariateswould

needtobemodeledwhendevelopingastatisticalmodelofsomaticmutations.
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Figure2.1:Backgroundmutationrateismorevariablethantheratioofnon-
silenttosilentmutationsacross34cancertypesindatafrom[69,89].Boxplots
areplottedonalog10scale.Thetopboxplotshowsthemutationrateincoding
sequenceforthesamplesinourpancancerdataset.Thebottomboxplotshows
theratioofnonsilenttosilentmutationsincodingsequenceforthesamesam-
ples.Apseudocountforasilentmutationwasaddedforeachsampletoavoid
dividingbyzero.Notchesindicatebootstrap95%confidenceinterval(1,000it-
erations)forthemedian.Outliers,definedas1.5*IQRawayfromthefirstand
thirdquartile,arenotshown.
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Figure2.2: Transitionandtransversionproportionsareshownfor6nu-
cleotidechangesfrom33cancertypesavailablefromtheTheCancerGenome
Atlas(https://synapse.org/MC3).Thestackedproportionbarchartissortedby
increasingtransition/transversionfraction.

2.2 Expectedconsequenceofvariableback-

groundmutationrate

2.2.1 Increasedmutationalheterogeneityresults

inreducedstatisticalpowerorincreased

falsepositives

Ianalyzedthepossibleimpactofunexplainedvariabilityinbackgroundmu-

tationrateonexpectedfalse-positivedrivergenepredictions.First,Iapplieda
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binomialmodelpreviouslyusedfordrivergenedetectionpoweranalysis[69].

Themodelassumesagene-specificbackgroundmutationrateµ,whichissetto

arelativelyhighvalue,correspondingtogenesinthe90thpercentileofgenes

formutationrate.Iusedthebinomialdistributiontosetthecriticalvaluefor

drivergeneprediction,thatis,thenumberofmutationsrequiredforageneto

beconsideredsignificantlydifferentfromthebackground.Next,Imodeledthe

situationwherethegenesactuallyhadmutationratesthatvariedaroundµus-

ingabeta-binomialmodel.Iestimatedthefalsepositivesexpectedunderthe

binomial,afterahighlyconservativemultiple-testingcorrection(Bonferroni),

forlevelsofvariability[beta-binomialcoefficientsofvariation(CVs)],andfor

samplesizerangingupto8,000(Figure2.3).Levelsofvariabilitydefinedby

CVs(CV=0.05,0.1,and0.2)werechosentoapproximatelow,medium,and

highunexplainedvariationaroundthemean. Asthenumberofsamplesin-

creased,sodidthenumberofexpectedfalsepositives.Atthelowendofback-

groundmutationrates(0.5mutationspermegabase(MB)),theexpectedfalse

positivesremainedlow,evenwhen8,000sampleswereevaluated,regardless

ofthelevelofvariability.Atanintermediatebackgroundmutationrateof3.0

mutationsperMBandwithhighunexplainedvariability,1,000falsepositives

wereexpectedfrom8,000samples.Atahighbackgroundmutationrate(10.0

mutationsperMB),bothmediumandhighunexplainedvariabilityproduced

manythousandexpectedfalsepositives.
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Figure2.3:Expectedfalsepositivesforamutationrate-basedpredictorthat
identifiesgeneswithincreasedmutationrateoverbackground.

Ireasonedthatunexplainedvariabilitymightalsohaveanimpactonpower

calculationstoestimatehowmanysamplesmustbesequencedtofindthema-

jorityofcancerdrivergenes.Tothisend,Irepeatedpreviouscalculationsper-

formedwithabinomialpowermodel,inwhichtherequiredsamplesizewas

estimatedtobe600-5,000percancertype[69].Thepreviousanalysiswaspa-

rameterizedtodetectintermediatefrequencydrivergenes,having2-20%mu-

tationratesabovebackgroundpersample,withbackgrounddefinedbygenesin

the90thpercentileofbackgroundmutationrates.First,Icalculatedthesam-

plesizerequiredtodetect90%ofthesedrivers,givenexome-widebackgrounds

of0.1-10mutationsperMB,andaconservativeestimateof2%effectsize(see

subsection2.2.2fordetails).Next,Icalculatedthesamplesizerequiredifthe

genemutationratevariedaroundtheoriginalestimate,usingabeta-binomial

modelwithdifferentCVs(CV=0.05,0.1,0.2).Thebinomialpowermodelwas

inaccordwithpreviousestimates.However,whenunexplainedvariabilitywas
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(beta-binomialmodel).Iusedabinomialmodelsimilartopreviouslydeveloped

fordrivergenepoweranalysis[69].Thegene-specificmutationratefactorFg

calculatedbyMutsigCV[69]wassettorepresentageneatthe90thpercentile,

givenanexome-widebackgroundmutationrateofπ,sothatµ=Fgπ(Fg=

3.9).Averagegenelength(L)wassetto1,500basesand3/4mutationswere

assumedtobenon-silent.Effectivegenelengthfornon-silentmutationswas

thereforeadjustedasLeff=3/4L. Genebackgroundmutationratewascal-

culatedusingthetotalnumberofpotentiallymutatedbasesthatcouldyield

anon-silentmutation(Neff),whichistheeffectivegenelengthmultipliedby

numberofsamples(S).Apredicteddriverwasdefinedasagenewithsignif-

icantlyhighernon-silentmutationrateperbasethanthatgene’sbackground

mutationrate,wherenon-silentmutationrateperbaseisthefollowing:

µes=1−((1−µ)Leff−r)1/Leff (2.1)

andristhefractionofsampleswithnon-silentmutationsinthegeneabove

background. Exome-widebackgroundmutationratesof(π=0.5e-6,3e-6,or

10e-6)wereconsidered.

Thebeta-binomialwasdesignedtomodelseverallevelsofunexplainedvari-

abilityaroundµ. Toparameterizethebeta-binomialwithlow, medium,and

highvariabilitylevels,Iuseddifferentcoefficientsofvariation(CVs)forthe

mutationrate(0.05,0.1,0.2). Beta-binomialαandβparameterswerecom-
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putedasfollows:

α=µ
µ(1−µ)

(CV∗µ)2
−1 (2.2)

β=(1−µ)
µ(1−µ)

(CV∗µ)2
−1 (2.3)

Tocomputethenumberoffalsepositivesexpectedfromabinomialmodel

whenunexplainedvariabilityispresent,Iexaminedtheprobabilitythatthe

numberofmutationsinagenefromabeta-binomialmodel(Kbb)wouldmeetor

exceedthecriticalvalue(foragenome-widesignificantdrivergeneatα=5e-6)

bythebinomial,kb:

E[FP]=g∗Pµ,Neff[Kbb≥kb] (2.4)

wheregisthetotalnumberofhumangenes(assumed18,500)andboth

modelsusethesamemeanmutationrateµandtotalnumberofpotentially

mutatedbasesNeff.

Asimilarmodelisapplicabletotheeffectofvariouslevelsofunexplained

variabilityinmutationrateonthepowertodetectdrivergenes.Ireproduced

thebinomialmodelpoweranalysisof[69]toestimatethenumberofsamples

requiredfor90%powertodetectgenesinthe90thpercentileofgene-specific

backgroundrate,with2% mutationrateabovebackground(r=0.02). Us-

ingEquations2.2and2.3toparameterizethebeta-binomialmodel,Icalcu-
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latedthenumberofsamplesrequiredfor90%powerataBonferronigenome-

widesignificancelevelof5e-6.Sampleswereiterativelyaddeduntiltherewas

greaterthanorequalto90%probabilitythatadrivergenewithmutationrate

µeswouldbefoundsignificant.

Asatechnicaldetail,discretedistributionsoftendonotobtainexactlythe

statedsignificancelevel,butratherachieveatleastthetargetsignificance

level.Dependingontheprecisecriticalcountthreshold,theactualsignificance

levelvariesonhowoverlyconservativeitis. Thisresultsinajaggedpower

curvefordiscretedata[90],andconsequentlyIfoundtheminimumnumberof

samplesrequiredtoachieve90%power.

2.3 AMonteCarlosimulationapproach

2.3.1 Implementation

Giventhepreviouslyhighlightedlimitationsofusingthemutationrate,I

decidedtoinsteadmodelratiometricfeaturesandstatisticallyconditiononthe

totalnumberofmutationswithinagene.Thisstrategytriestolimittheef-

fectofnuisancecovariatesinfluencingmutationratethatarenotalwaysmea-

suredorknown. Briefly,foreachgene,singlenucleotidesomaticmutations

weremovedwithuniformprobabilitytoanymatchingpositioninthegenese-
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quence,holdingthetotalnumberofsinglenucleotidesomaticmutationsfixed

(Fig.5).Amatchingpositionwasrequiredtohavethesamenucleotidebase

context(C*pG,CpG*,TpC*,G*pA,A,C,G,T)astheobservedposition.This

methodofgeneratinganulldistributioncontrolsfortheparticulargenese-

quence,genelength,andmutation’snucleotidesequencecontext.Thenumber

ofsomaticmutationsremainsthesame,butthemutationconsequenceofaso-

maticmutationmaychange.Forexample,asomaticmutationthatgenerates

amissensemutationmaygenerateanonsensemutationinitsnewposition.

Sincemutationsthatresultininsertionsanddeletionswillnotchangetheir

mutationconsequencetypebybeingrandomlymovedtoanotherpositionin

thesamegene,theyweremovedtoarandompositioninadifferentgene.The

genewasselectedbasedonamultinomialmodel,withprobabilityproportional

tothecodingDNAsequencelengthoftheoriginatinggene.Thisresultsina

multinomialmodelwithalargenumberofcategories(equaltothetotalnum-

berofprotein-codinggenes)andnumberoftrialsbeingthetotalnumberof

indelmutations.

Thesimulatedmutationsallowcalculatingthestatisticalsignificanceofan

arbitraryteststatisticcomputedfromthemutationdata. Let’ssaythereis

afunctionTofsomesetofmutation(s)M.Icanthencomputeanestimated

p-valuebasedonthesimulatedmutationsM0asfollows,
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P(M)=
#{T(M0i):T(M

0
i)≥T(M),i∈1..S}

#{T(M0i):i∈1..S}
(2.5)

whereP(M)istheestimatedp-valueandSisthetotalnumberofsimula-

tions.

2.3.2 ComparisontosimulationsinCHASM

ArelatedsimulationmethodwasfirstestablishedinthemethodCancer-

specificHigh-throughputAnnotationofSomaticMutations(CHASM)[39].How-

ever,therewereseverallimitationsthatneededtobeaddressed. First,mu-

tationsarenowsimulatedinacohort-levelmanner,ratherthanconsidering

eachuniquemutationinisolation.Thisallowscomputationofteststatistics

thatmaybeafunctionofmanymutationsfoundinasingleregion,asingle

gene,orinmultiplegenes.Second,theoriginalCHASMsimulationsassumed

abackgroundrateformutationsatcertainnucleotidecontexts(termed’passen-

gertables’).Instead,Iconditionontheobservednucleotidesequencecontext

andrandomlyselectanotherpositionwiththesamecontext.Third,Idonot

assumeahomogenousmutationrateforsinglenucleotidemutationsingenes

acrossthegenome(highlightedasproblematicabove).Fourth,myMonteCarlo

simulationsalsoapplytoallcodingmutations,ratherthanjustmissensemu-

tations.Lastly,anissuewiththeoriginalsimulationsbyCHASMwasthatit
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assumedeverymutationinacancerdrivergenewasacancerdriver,which

weknownottobethecase.Asaconsequence,thesimulationsfromCHASM

blacklistedallsimulatedmutationsinlikelycancerdrivergenes. Here,Ido

notblacklistsimulatedmutationsindrivergenes.

2.3.3 Applicationtosalivaryglandadenoidcys-

ticcarcinoma(ACC)

2.3.3.1 ACCoverview

Aspartofthestatisticalanalysis,Ianalyzedcoding mutationsfrom25

whole-genomesequencedAdenoidCysticCarcinomas(ACC)[91].Specifically,

itwasnoticedthatseveralchromatinregulatorgeneshadmorethanonenon-

silentmutation.Thequestionwaswhetherthesechromatinregulatorgenes

hadahighproportionoftruncatingmutations,suggestingthattheycouldbe

tumorsuppressorgenes.

2.3.3.2 Modeloftruncatingpointmutations

Iperformedarandomization-basedstatisticaltestofincreasedproportion

oftruncating mutations(K)outoftotalnon-silent mutations(N)forgenes

involvedinchromatinregulation,controllingfortheeffectofgenesequence
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andthenucleotidesequencecontextofthemutation.Foreachgenei,ourtest

statisticwas

Ti=
#{t:t∈K}

|N|
,whereK⊂N (2.6)

Truncatingmutationsweredefinedasanynonsense,consensussplice-site

mutations,orout-of-frameinsertions/deletions(frameshift). MonteCarlosim-

ulationswereperformedtoapproximatethenullprobabilitydistributionof

theteststatisticTi.Becauseframeshiftmutationsdonotchangeconsequence

whenmovedtoadifferentposition,intheMonteCarlosample,theywerere-

tainedwithprobabilityequaltotheobservedproportionofframeshiftmuta-

tionsoutofallmutations(maximumlikelihoodestimate),otherwisetheywere

changedtoanon-truncatingmutation. Aftereachiterationofthissampling

procedure,thenumberofmutationsinageneisalwaysthesame,butthemu-

tationconsequenceofeachmutationmaychange.Thus,theteststatisticTifor

thegenewillchangevaluesateachiteration,andrepeatediterationsyielda

nulldistributionofteststatisticstoestimatethePvalueofthegene’sobserved

teststatistic.Forthegenegroupanalysis,myteststatisticwas

Tc=
i∈c#{t:t∈Ki}

i∈c|Ni|
(2.7)

anditwascomputedbothfortheobservedandsimulatedmutations.Aone-
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tailedempiricalPvaluewascalculatedasthefractionofMonteCarlosamples

inwhichtheobservedvalueoftheteststatisticwasequaltoorhigherthanthe

simulatedvalue.IncreasingthenumberofiterationsofMonteCarlosampling

increasestheprecisionofthePvalue;10,000,000iterationswerechosento

achieveadequateprecision.

2.3.3.3 Results

Severalgeneswithwell-knownrolesinchromatinregulationweremutated

inmultipletumors:MLL2,MLL3,EP300,SMARCA2,SMARCC1,andKDM6A.

Theproportionoftruncatingmutations(nonsensecodons,splice-sitealterations,

oroutof-frameinsertionsanddeletions)outofthetotalnumberofnon-silent

mutationsinthesegeneswashigh(6of11),significantlygreaterthanexpected

bychance(P=3.8e-6).Furthermore,MLL2andEP300,whenconsideredin-

dividually,hadasignificantlyhigherproportionoftruncatingmutationsthan

expectedbychance(P=0.008forMLL2andP=0.01forEP300).Thisfindingis

consistentwiththehypothesisthatseveralofthesegenesplayedanimportant

roleinthesecancersamples.
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2.4 Conclusions

Thegoalinthischapterwastofirstunderstand“how”somaticmutationsac-

cumulateintheabsenceofselectionsoasto,later,correctlyinterpret“which”

mutationsarecancerdriversinthepresenceofpositiveselection. Arecent

studyindicatesthereislimitedpurifyingselectionofpointmutationsincan-

cer[32],suggestingthelackofincorporatingnegativeselectioninstatistical

modelsisnotamajorconcern.Ihaveshowninthischapterthatbackground

mutationrateishighlyvariableatmultiplescalesandthereforeisdifficultto

statisticallymodel.Thiscaneitherleadtoincreasedfalsepositivesorreduced

statisticalpowerwhenattemptingtoidentifycancerdrivergenes. However,

manyoftheknowncovariatesarenotatthesameresolutionasgenes,asthey

varyacrossthegenomeatthescaleofmegabases[88],whilenearlyallgenes

span<1MB.Ithereforedeveloped MonteCarlosimulationstotestanyarbi-

traryteststatisticbyconditioningonthetotalnumberofmutationswithina

genewhileaccountingfornucleotidesequencecontext. Theflexibilityofthe

MonteCarlosimulationswillbecriticalinlaterchapterswhenevaluatingthe

significanceofresultsfrommachinelearningmethods.
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20/20+:amachinelearning

methodtopredictcancerdriver

genes

3.1 Introduction

Thefirstexomicanalysesattemptedtoidentifycandidatedrivergenesas

thosehavingmoremutationsthanexpectedfromsomepresumedbackground

somaticmutationrate,correctedforbasecontext,genesize,andothervari-

ables[19,92].Subsequentworkhasconsiderablyrefinedthevariablesinvolved

indeterminingwhetherageneismoremutatedincancersthanexpectedby

chance.Thishasledtoavarietyof“significantlymutatedgene”methodsthat
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adjustforcovariatessuchasreplicationtimingandgeneexpressionaswell

asincludingmoresophisticatedmetricsofmutationalbasecontexts[33,73].

Althoughmethodshavebeenextendedtoutilizegeneexpressiontoidentify

cancerdrivers[93–98],Iwillfocussolelyondrivergeneanalysisbasedonso-

maticpointmutations.

Analternativemethodtofindingcancerdriversemploysaratiometricap-

proach.Ratherthanattemptingtodeterminewhethertheobservedmutation

rateofageneincancersishigherthanexpectedbychance,thesemethodssim-

plyassessthecompositionofmutationsnormalizedbythetotalmutationsina

gene.Theratiometric20/20rule[14]evaluatestheproportionofinactivating

mutationandrecurrentmissensemutationsinageneofinterest. Otherra-

tiometricapproachesusemutationfunctionalimpactbias[40,99],mutational

clusteringpatterns[51,55,89],orpatternsofmutationcomposition[89].

Here,Idescribeamachine-learning-based,ratiometricmethod(20/20+)that

formalizesandextendstheoriginal20/20ruleandenablesautomatedintegra-

tionofmultiplefeaturesofpositiveselection.

3.2 Original20/20rule

Theoriginal20/20rulewasa manuallydesignedsetofdecisionrulesto

identifycancerdrivergenesaseitheranoncogeneortumorsuppressorgene
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(Figure3.1)[14].Thenamederivesfromtherulethatoncogenesshouldhave

atleast20%ofmutationsbeingrecurrent(observedmorethanonce)andtumor

suppressorgenesshouldhaveatleast20%inactivatingmutations(i.e.,frame

shiftindels,nonsense mutations,etc.).Inaddition,therearecountthresh-

oldsthatarespecificallytunedforanalyzingaspecificversionoftheCOSMIC

database[100]. WhenIappliedthisruletoalaterversionofCOSMIC,ithad

inadequatespecificity(datanotshown). Moreover,scalingthecountthresh-

oldsrelativetodatabasesizealsoproducedsimilarresults,whichsuggests

additionalmanualcurationofresultswouldbenecessary.Consistentwiththis

observation,the20/20rulehadgoodperformanceatdistinguishingoncogenes

versustumorsuppressorgeneswithinalreadypre-defineddrivergenes[101].

3.3 Machinelearningpredictionofcan-

cerdrivergenes

20/20+utilizesamachinelearningalgorithmcalledRandomForeststopre-

dictcancerdrivergenes.Theadvantageofmachinelearningisthatmultiple

featurescanautomaticallybeincorporatedwhenmakingpredictions.Theran-

domforestalgorithmwaschosenbecausetheyoutperformedlogisticregres-

sion,boosting,andsupportvectormachines(datanotshown).Iwillfirstgo

overthe mathematicalbackgroundofrandomforestsandthendescribethe
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Figure3.1:Decisiontreeunderlying20/20rule.Eachgeneisinputintothe
treeandoncogene(OG)andtumorsuppressorgene(TSG)scorecomputed.
ThresholdsofeachscoreandthenumeratoroftheOGscore(recurrencecount)
andTSGscore(inactivatingcount)areusedtodeterminewhetherageneisan
OG,TSG,orpassenger.
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implementationin20/20+.

3.3.1 Mathematicaloverviewofrandomforests

3.3.1.1 Decisiontree

Thebasecomponentofarandomforestisthedecisiontree,which,effec-

tively,isahierarchicallyorganizedsetofquestions. Sincemyfocuswillbe

onclassification,adecisiontreeπ(X)willreturn1ifthepredictionisacan-

cerdriverand0forapassenger. Adecisiontreeisconstructedfromasetof

possiblequestionsQ={Q1,...,QN},withaquestiontakingthefollowingform,

Q.(X)=IXi≤c (3.1)

whereIistheindicatorfunction,Xiisthei’thfeaturevalue,andcisacon-

stant.Thequestionaskedbyadecisiontreedependsonthepreviousquestion

asked.Tokeeptrackoforderofquestions,theindexofthefirstquestionwill

bedenotedρ1,whereρ1∈{1...N}. Thesecondquestionwillthereforebea

functionoftheanswerfromthefirstquestion,ρ2=ρ2(a1),wherea1=Qρ1.

Moregenerallythereisaseriesofquestionsβn={Qρ1=a1,...,Qρn−1=an−1}

priortothen’thquestion.

Eachquestionwillsplittrainingexamplesdependingontheanswertothe

question.Thegoalofthedecisiontreeistoutilizequestionsthatreducethe
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uncertaintyinthedistributionofclasslabels.Iwillregardthedistributionof

classlabelsastheprobabilityofobservingaclasslabelgiventheanswertoa

questionnasfollows,

pk=Pr(Y=1|Qn=k,βn) (3.2)

wherekistheanswertothequestionandpkistheproportionoflabeled

drivers.Forthedecisiontreealgorithm,thebestquestiondefinedbyminimiz-

ingtheexpectedginiimpurityateachstep:

ρn=argmin
1≤b≤N

2
1

k=0

Pr[Qb=k]pk(1−pk) (3.3)

Therearevariouspracticalcriteriatodecidewhentostopaskingfurther

questionsinadecisiontree,butIwillnotcoverthishere. Assumingadeci-

siontreeisconstructed,thepredictedclassischosenbythemostlikelyclass

followingtheterminalquestion.

π(X)=argmax
l
Pr(Y=l|β∗) (3.4)

wherel∈{0,1}istheclasslabelandβ∗containsthehistoryofanswersfor

allquestions.
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3.3.1.2 RandomForest

Arandomforestisanensembleofmanyrandomizeddecisiontrees[102,

103],whereeachtreeistrainedonarandomselectionoftrainingsetexamples

andcandidatefeatures,viaarecursivesplittingprocess[104].Thisinvolves

constructingeachtreeπjfromabootstrappedsampleofthetrainingdataDj=

{(X(i),Y(i)),...}i=1..m.Theninsteadofallowingallquestionsforeachsplit,a

randomsubsetofquestionsisusedQs⊂Q,werethenumberoffeaturessis

usuallytakentobeproportionaltothesquarerootofthetotalfeaturesp,|s|=

√
p. Lastly,onceJdecisiontreesareconstructed,randomforestpredictions

resultinascorebetween0and1thatreflectstheproportionoftreesagreeing

withtheclasslabelofcancerdriver:

f(X)=
1

J

J

j=1

πj(X) (3.5)

3.3.2 RandomForestimplementation

Althoughtheabove mathematicaldescriptionofarandomforestwasin

termsoftwoclasses(driversandpassengers)forsimplicity,randomforestclas-

sificationalsoextendstomulti-classclassification.20/20+usesathree-class

classifierwhichpredictsageneaseitheranoncogene,tumorsuppressorgenes,

orpassengergene.Iusedthesetofoncogenesandtumorsuppressorgenes
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identifiedbytheoriginal20/20ruleasatrainingset[14]. Consideringcan-

cerdrivergenes(oncogenesortumorsuppressorgenes)constituteonlyasmall

proportionofallgenes,Ilabeledallothergenesaspassengerforthepurpose

oftraining.

3.3.2.1 Features

Idesignedasetof24predictivefeaturesandwhosefeatureimportanceis

showninFigure3.2,asassessedbythemeandecreaseinginiimpurity.Ade-

scriptionofthefeaturescanalsobefoundinTable3.1. Manyofthefeatures

arecomponentsofthe20/20ruleOGandTSGscores,andIincludedseveralra-

tiometricfeaturesnotintheoriginal20/20rule,forexample,ratioofmissense

tosilentmutations,aswellasfeaturesthatrepresentedmutationfunctional

impactandgeneimportance.Normalizedmissenseentropy,ameasureofposi-

tionalclustering,wascalculatedasfollows:

Ek=
− ipilog2pi
log2k

(3.6)

wherekisthetotalnumberofmissensemutationsinageneandpi=(count

ofmissensemutationsintheI’thcodon)/k.Threeofthe24featuresrepresented

p-valuesandwerecalculatedusingthe montecarlosimulationdescribedin

section2.3.
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Figure3.2:RandomForestfeatureimportancerankingforthe24predictive
features.ThemeandecreaseinGiniindexisplottedforeachfeature. Error
barsindicateSDwhenfeatureimportancecalculationwasrepeatedon10dif-
ferentcross-validationpartitions.CCLE,CancerCellLineEncyclopedia[33];
HiC,3Dchromatininteractioncapture[33];MGAEntropy,Shannonentropyin
columnofavertebrategenome46-wayalignmentcorrespondingtolocationof
themutation[105];SNV,single-nucleotidevariant;VEST,VariantEffectScor-
ingTool[106].
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Feature name Source Description 

silent fraction Calculated from mutations Fraction of mutations that are silent mutations 

nonsense fraction Calculated from mutations Fraction of mutations that are nonsense mutations 

splice site fraction Calculated from mutations Fraction of mutations that are 2bp consensus splice site mutations 

missense fraction Calculated from mutations Fraction of mutations that are missense mutations 

recurrent missense fraction Calculated from mutations Fraction of mutations that are recurrent missense 

frameshift indel fraction Calculated from mutations Fraction of mutations that are frameshift indel mutations 

inframe indel fraction Calculated from mutations Fraction of mutations that are inframe indel mutations 

lost start and stop fraction Calculated from mutations Fraction of mutations that are either lost start or lost stop mutations 

normalized missense position entropy Calculated from mutations See above 

missense to silent Calculated from mutations Ratio of missense to silent mutations. A pseudo count is added to silent 
mutations to avoid divide by zero. 

non-silent to silent Calculated from mutations Ratio of non-silent to silent mutations. A pseudo count is added to silent 
mutations to avoid divide by zero. 

normalized mutation entropy Calculated from mutations Normalized entropy score (see above). Missense mutations are binned 
together based on codon position. Each silent mutation is regarded in its own 
bin. Potentially inactivating mutations (nonsense, splice site, lost stop, and 
lost start) mutations are grouped into a single bin.  

mean missense MGAEntropy Calculated from mutations. 
MGAEntropy scores obtained from 
SNVBox (30). 

Mean MGAEntropy score for missense mutations (30). MGAEntropy for a 
missense mutation is the entropy of the column for a protein-translated 
version of UCSC's 46-way vertebrate alignment 

mean VEST score  Calculated from mutations Mean score. Score for missense mutations are taken as the VEST score, silent 
mutations receive a score of 0, and other mutations receive a score of 1. 

inactivating SNV p-value Calculated from mutations Statistical significance of proportion of inactivating mutations. SNV=single 
nucleotide variant. 

missense entropy p-value Calculated from mutations Statistical significance of normalize missense position entropy 

missense VEST p-value Calculated from mutations One-tailed tatistical significance of proportion of having higher mean VEST 
score for missense mutations 

missense combined p-value Calculated from mutations Combined p-value composed of missense entropy and missense VEST p-value 
using Fisher’s method 

gene degree BioGrid  Number of other genes that are connected in the BioGrid interaction network 

gene betweenness centrality BioGrid  Fraction of shortest paths that pass through a gene's node in the BioGrid 
interaction network 

gene length Longest SNVBox transcript CDS length of reference transcript 

expression CCLE MutsigCV (4) Average expression of a gene in the Cancer Cell Line Encyclopedia  

replication time MutsigCV (4) DNA replication time during cell cycle 

HiC compartment MutsigCV (4) HiC measures open vs closed chromatin  
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Table3.1: Featuresusedin20/20+. Featuresuse mutationsthatare
smallsomaticvariants,includingsinglebasesubstitutionsandsmallinser-
tions/deletions.CCLE=cancercelllineencyclopedia.SNV=singlenucleotide
variant.SNVBox=databaseoffeaturesofsinglenucleotidevariants.Biogrid
=databaseofgenenetworks.
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3.3.2.2 Handlingclassimbalance

Withonly54OGsand71TSGslabeledbytheoriginal20/20rule,thenum-

berofpassengergenesfarexceedsthenumberoflabeleddrivergenes,creating

aproblematicclassimbalance[107].Iusedasubsamplingapproach,previ-

ouslyrecommendedforrandomforests[108],inwhich,formycase,thepas-

sengergenesaresampledata1:1ratiotoOGsplusTSGs.Tocompensatefor

theremainingOGandTSGimbalance,theRandomForestistrainedwithclass

weightsinverselyproportionaltothesampledfrequencyoftheclass.Predic-

tionsweremadewitharandomforestof200trees.Thenumberoftreesonly

hadminorimpactontheoverallperformance.

Becauseofthelimitednumberofdrivergenes,Idecidedtouse10-foldcross-

validationinsteadofatrain-testsplitofthedatatoevaluateperformance.Out-

of-bagestimatesofperformancebyrandomforestsisalsoanalternative,but

itdoesnotgeneralizetoscenarioswithbiologicallycorrelatedpredictions.The

procedureof10-foldcross-validationwasrepeatedfivetimes(1,000treesin

total),andtheresultingscoresfromeachgenewereaggregatedtolimitminor

fluctuationsinscoresduetorandomizationinthecross-validationfolds.

3.3.2.3 Randomforestprediction

Eachgenewasscoredasthefractionoftreesthatvotedforoncogene,tumor

suppressorgene,orpassengergene.Adriverscoreforagenewascalculatedas
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thesumoftheoncogeneandtumorsuppressorgenescores.Thepurposeofa

generaldriverscorewasincludedforcaseswherethegenewaslikelyacancer

driverbuttheprecisetypeofcancerdrivergenewashardtodetermine(i.e.

oncogeneortumorsuppressorgene).

3.4 Statisticalsignificance

Thestatisticalsignificanceofeachgenescorewascomputedwithanexten-

sionoftheMonteCarlosimulationalgorithmdescribedinsection2.3.Foreach

gene,theMonteCarlosimulationwasrepeated10times,andforeachsimula-

tionall24featureswerecomputed.Inthisprocess,proteininteractionnetwork

features(degreeandbetweenness)were,additionally,permutedasapair.The

featuresofgenelength,replicationtiming,HiCvalue,andaverageCancerCell

LineEncyclopedia(CCLE)geneexpressionwerenotaltered.Next,each“sim-

ulated”genewasscoredwiththeRandomForestpreviouslytrainedonthereal

data.TheresultingOG,TSG,anddriverscoresforallsimulatedgeneswere

usedasanempiricalnulldistribution.TocomputeaPvalueforagenescore,

Iusedthefractionofsimulatedgeneswithascoreequaltoorgreaterthan

thescore.PvalueswereadjustedbytheBenjamini-Hochbergmethod[109]for

multiplehypotheses.IcomputeaBenjamini-Hochbergq-valueasfollows,
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q(i)=minmin
i..n

p(i)

i/n
,1 (3.7)

wherep(i)isthei’thsmallestp-value,q(i)isthecorrespondingq-value,nis

thetotalnumberofp-values,andmini..nisthecumulativeminimumfromin-

dexntoi.Consistentwithotherdrivergenepredictionmethods,Iconsidereda

genetobesignificant(q≤0.1)ifanyoftheOG,TSG,ordriverscoresweresig-

nificant.Thestrategyofconvertingp-valuestoq-valuesisforconvenienceand

doesnotchangethesignificantp-valuesbytheprocedureoriginallyoutlined

byBenjaminiandHochberg[109].

3.5 Conclusions

Inthischapter,Idevelopedanewmethod,20/20+,whichaddressestwoma-

jorissueswiththeoriginal20/20rule:useofalimitednumberoffeaturesand

alackofastatisticallyprincipledthresholdtolimitfalsepositives.20/20+uses

therandomforestalgorithmtomakepredictionsusinganon-linearcombina-

tionoffeatures.Importantly,20/20+usesratiometricfeaturestonormalizear-

tifactualdifferencesbetweencancertypesandregionsofthegenome.Because

RandomForestsdonotintrinsicallyincludehypothesistestingtechniques,I

usedsimulatedmutationstoassessthestatisticalsignificanceofscores. P-

valueswereestimatedfromasimulatednulldistribution,controllingforse-
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quencecomposition,andcorrectedfor multipletestingwiththeBenjamini-

Hochbergmethod[109].Theapplicationandbenchmarkingof20/20+willbe

consideredinChapters4and7.
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Benchmarkingcancerdriver

genepredictions

Rigorousandunbiasedevaluationisnecessarytoinformusersaboutthe

comparativeutilityofprediction methods. In manyinvestigativedomains,

thereisagenerallyacceptedgoldstandardagainstwhichpredictionscanbe

benchmarked[110,111]. However,onlyalimitednumberofgeneshavebeen

fullyvettedascancerdrivers.Inpreviouswork,driverpredictionhasbeen

benchmarkedbysignificantoverlapwiththeCancerGeneCensus(CGC)[112],

whichisamanuallycuratedlistoflikelybutnotnecessarilyvalidateddriver

genes[40,55]orbyagreementwithaconsensusgenelistofdriverspredictedby

multiplemethods[70].Toourknowledge,asystematicframeworkfortheeval-

uationofsomaticmutationsthatcanbegenerallyappliedhasnotbeenprevi-
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ouslydeveloped.Eightmethodswereevaluated: MutsigCV[33],ActiveDriver

[71],MuSiC[73],OncodriveClust[55],OncodriveFM[40],OncodriveFML[99],

TumorSuppressorandOncogenes(TUSON)[89],and20/20+[85].

Inthischapter,Ipresentaframeworkforsuchevaluations.Theframework

hasfivecomponents,someofwhichhavebeenpreviouslyappliedinisolation,

butnotaspartofaunifiedsystem.IconsideredoverlapwithCGC,agreement

betweenmethods,comparisonofobservedvs.theoreticalPvalues,numberof

significantgenespredicted,andpredictionconsistencyonindependentparti-

tionsofthedataset. Toimplementthisframework,Ifirstcollected729,205

publishedsomaticmutationsfrom34cancertypes(Figure4.1)[69,89].These

mutationswerecomposedofsinglebasesubstitutionsandin-frameandout-

of-frameinsertionsanddeletions(indels)oflessthan10bp.Ithencompared

variousmethodsonthefullpancancerset.

4.1 OverlapoftheDriverGenesPredicted

byEachMethod

First,IassessedoverlapofthepredicteddrivergeneswiththeCGC.Icon-

sideredonlythoseCGCgenestypedassomatic, missense,frameshift,non-

senseorsplicesite,excludingtranslocations,largeamplifications/deletions,

andother mutationconsequencetypesnotaddressedinourstudy,yielding
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Figure4.1:Summaryofevaluationdataset.Theevaluationdatasetconsisted
of mutationsspanning34cancertypes. Allincluded mutationsweresmall
somaticvariants. CancertypesareorderedfromLefttoRightbynumberof
samples,rangingfrom15forsoft-tissuesarcomato1,093forbreastadenocar-
cinoma,withanaverageof232samplespercancertype.Thesecancertypes
spanawiderangeofsolidandseveralliquidcancers,includingmultipletis-
suesandcelltypesoforigin,differentbackgroundmutationrates,anddiffer-
entnumbersofavailablesamples.Foreachcancertype,totalmutationsand
numberofavailablesamplesareshown.

46



CHAPTER4. CANCERDRIVERGENEBENCHMARK

atotalof188CGCgenes.Althoughthedrivergenespredictedbyallmethods

wereenrichedforCGCgenes,thepredicteddriversbyanyindividualmethod

didnotcontainamajorityofCGCgenes(Figure4.2A).Threemethods(20/20+,

MutsigCV,andTUSON)hadsubstantiallyhigherfractionsofpredicteddrivers

intheCGCthantheothermethods. WhenIconsideredasubsetof99CGC

genessupportedbyfunctionalstudies[68],theresultswereverysimilar.The

rankingofmethodsbyfractionpredictedwasessentiallythesameaswiththe

fullCGC,withthethreemethodslistedabovehavingsubstantiallyhigherfrac-

tionsthantherest.

Genespredictedbymorethanonemethodmaybemorelikelytobetrue

drivers[70]. Foreachmethod,Icalculatedthefractionofpredicteddrivers

thatwereuniqueorpredictedbyatleastone,two,orthreeothermethods(Fig-

ure4.3). AsshowninFigure4.3,therewaslittleconsensusinpredictionof

drivergenesamongthemethods.Themajority(59-80%)ofgenesidentifiedby

MuSiC,ActiveDriver,OncodriveClust,OncodriveFML,orOncodriveFMwere

notobservedbyanyoftheothersevenmethods.Thefractionsofgenesidenti-

fiedbyTUSON,20/20+,andMutsigCVthatwerenotidentifiedasdrivergenes

inatleastoneoftheothersevenmethodswas14%,19%,and33%,respectively.

Althoughitislikelythatsomeoftheuniquelypredicteddriversarebonafide,

Icouldnotfindconvincingliteraturesupportforthetop-rankeduniquepredic-

tionsofMuSiC,ActiveDriver,andtheOncodrivemethods.
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Figure4.2:Outputsofeightdriverpredictionmethodsrunthroughtheeval-
uationprotocol.(A)Fractionofpredicteddrivergenes(q0.1)thatarefoundin
theCancerGeneCensus(CGC)(downloadedApril1,2016).Rawcountofpre-
dicteddrivergenesindicatedonTopofeachbar.(B)Divergencefromuniform
Pvalues,measuredasmeanlogfoldchange(MLFC)betweenamethod’sob-
servedanddesiredtheoreticalPvalues.(C)Numberofpredicteddrivergenes.
DrivergeneisdefinedashavingBenjamini-HochbergadjustedPvalue,q≤0.1.
(D)ConsistencyofeachmethodmeasuredbyTopDropconsistency(TDC)at
depthof100inthemethod’srankedlistofgenes.Errorbarsindicate+/-1SEM
across10repeatedsplitsofthedata.
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Figure4.3:Fractionofpredicteddrivergenesforeachmethodbyconsensus
amongmethods.Fractionofpredicteddriversuniquetoeachmethod,predicted
bytwotothreemethodsorpredictedbymorethanthreemethodsareshown.
ApredicteddrivergeneisdefinedbyBenjamini-HochbergadjustedPvalue
(q≤0.1)
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4.2 Observedvs.ExpectedPValues

Giventhelackofagreementamongthesevariousmethods,IcomparedP

valuesreportedbyeach methodtothoseexpectedtheoretically. Suchcom-

parisonsareoftenusedinstatisticsandcanindicateinvalidassumptionsor

inappropriateheuristics.Theoretically,thePvaluedistributionshouldbeap-

proximatelyuniformafterlikelydrivergenesareremoved[113]. Therefore,

Iremovedallgenespredictedtobedriversbyatleastthree methodsafter

Benjamini-Hochbergmultiple-testingcorrection(q≤0.1)andanyremaining

genesintheCGC.Iassumedthatthenumberofbonafidedrivergenesnot

removedbythisprocedurewouldbesmallenoughtohaveminimalimpacton

thePvaluedistribution.ToquantifythedifferencesbetweentheobservedP

valuesandthoseexpectedfromauniformdistribution,Idevelopedameasure

namedmeanabsolutelog2foldchange(MLFC)(seesubsection4.2.1). MLFC

valuesnearzerorepresentthesmallestdiscrepanciesandtheclosestagree-

mentbetweenobservedandtheoreticalPvalues.

Onemethod(20/20+)hadanMLFCthatwasfivefoldlowerthantheseven

others(Figure4.2B).IalsocomparedobservedandtheoreticalPvalueswith

quantile-quantileplots,whichprovideadetailedviewofPvaluebehavior(Fig-

ure4.4A).20/20+Pvalueshadbyfarthebestagreementwiththeoreticalex-

pectationacrosstheentirerangeofsupportedvalues.Inthecriticalrange
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typicallyusedtoassessstatisticalsignificance(P≤0.05),OncodriveClust,On-

codriveFM,OncodriveFML,ActiveDriver,and MuSiCsubstantiallyunderes-

timatedPvalues,whereasMutsigCVsubstantiallyoverestimatedthem(Fig-

ure4.4B).FormethodsthatcombinemultiplePvaluesforeachgene,failureto

modelcorrelationbetweenPvaluesmayberesponsibleforthisunderestima-

tion.ThenullPvaluedistributionsattheotherendofthedistribution(0.2-1.0)

shouldalsobeuniformandinthiscaseindependentoftheactualnumberof

truedrivergenes.Thisisbecauseregardlessofwhetherallcancerdrivergenes

areknownandeliminatedfromthePvaluedistribution,onlyasmallpropor-

tionofallgenescontainpotentialdrivermutations.

4.2.1 MLFCandmathematicaljustification

TheMLFCisametricofdiscrepancybetweenanobservedPvaluedistribu-

tionreportedbyamethodandatheoreticaluniformnulldistribution.Idefine

MLFCasfollows,

MLFC=1/n

n

i=1

log2
P(i)

i/n
(4.1)

whereP(i)=i’thsmallestPvalue,nisthetotalnumberofgenesafterex-

cludinglikelydrivergenes,andi/nisthecorrespondingexpectedPvaluefrom

auniformdistribution. Valuesof MLFCnearzeroindicatesmallerdiscrep-
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Figure4.4:(Captionnextpage.)
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Figure4.4: (Figure:previouspage)Quantile-quantileplotscomparingob-
servedandtheoreticalPvaluesforthetestedmethods.(A)FullPvaluerange
from0to1.(B)BlowupofPvaluesfrom0to0.1. ObservedPvaluesforthe
methods(blue)arecomparedwiththoseexpectedfromauniformdistribution
(red).Genespredictedasdriversbyatleastthreemethodswereremovedalong
withgenesintheCGC.TUSONOGandTSGPvaluesareshownseparately.

ancies,andthereforebetterstatistical modelingofthepassengergenenull

distribution.

Theabsolutevaluewasincludedinthe MLFCtopreventp-valuedistri-

butionswhichshowevidenceofover-dispersionfromeffectivelycancelingout

over-estimationofp-valueswithunder-estimationatotherrangesofthep-

valuedistribution(seeOncodriveFM,Figure4.4A).Togetabetterunderstand-

ingoftheeffectofover-dispersiononreducingMLFCvalueswithouttheabso-

lutevalueterm,Ianalyzedasimplecaseinvolvingtwonormaldistributions.

Saythesignificanceofastatisticis measuredagainstthestandardnormal

distributioncenteredatzero(standarddeviation=1,mean=0),whileinactual-

itythedataisgeneratedfromanormaldistributionwiththesamemeanbut

greatervariance(standarddeviation≥1, mean=0).Ifthenumberofgener-

atedsamplesis18,500,roughlymatchingthetotalnumberofgenes,thanthe

MLFCmetricwithoutanabsolutevaluesystematicallyunderestimatesthedi-

vergenceofthep-valuedistributioncomparedtotheMLFCwiththeabsolute

valueFigure4.5.ThereisnodifferencebetweentheMLFCvalueswhenthere

isnoover-dispersion,anditgrowsasthestandarddeviationgetslarger.
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ThereisacloseconnectionbetweentheMLFCandtheBenjamini-Hochberg

(BH)method[109]tocontrolthefalsediscoveryrate,whichisusedbyallmeth-

odsevaluatedinthebenchmark.TheBHprocedurerejectshypothesesbyse-

lectingthelargestindexgsuchthat,

P(i)

i/n
≤q∗ (4.2)

whereq∗isthedesiredfalsediscoveryratecontrol,andthenrejectingallhy-

pothesesH(i)fromindexi=1,..,g.ThecriticalpartoftheMLFCequationis

theratioofobservedp-valuetoexpected,whichisintentionallythesamestatis-

ticusedintheBenjamini-Hochbergmethod.Therearealternativeapproaches

fortestingwhetheraprobabilitydistributiondifferfromtheoreticalexpecta-

tions,suchastheKolmogorov-Smirnov(KS)test[114].TheKStestevaluates

thesignificanceofthemaximumabsolutedifferencesbetweencumulativedis-

tributionfunctions.However,giventhelargenumberofhypothesistests,even

smallabsolutedifferencesinthecumulativedistributionatsmallp-valuesmay

resultinmanyfalsepositives. Moreover,IreasonedthatincontrasttoMLFC,

theKSstatisticdoesnotdirectlyrelatetotheBHprocedureanddispropor-

tionatelyfocusesondiscrepanciesatlargep-values,whichareoflesspractical

interest.
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4.3 NumberofPredictedDriverGenes

Thenumberofpredicteddrivergenes(q≤0.1)rangedfrom158(MutsigCV)

to2,600(OncodriveFM)(Figure4.2C).Thereweretwoobviousgroupsofmeth-

odswithrespecttopredicteddrivergenes: MutSigCV,20/20+,andTUSON

predicted158-243genes,whereastheremaininghadover400drivergenes.

4.4 DriverGenePredictionConsistency

Statisticalmethodssufferfrombothsystematicandrandompredictioner-

rors. Whennogoldstandardisavailable,itisdifficulttoestimatesystematic

error,butpossibletoestimaterandomerrorbymeasuringthevariabilityof

predictions.Itestedtheeightmethodson10repetitionsofarandomtwo-way

splitoftheallsamplesinourdataset,while maintainingtheproportionof

samplesineachcancertype.Anidealmethodwouldproducethesamelistof

drivergenes,rankedbyPvalue,foreachhalfofthesplit.Forafaircompar-

ison,Iconsideredthatmethodspredictingmanydriverswouldbelesslikely

tohaveconsistentrankingsthanthosepredictingonlyafew. Thus,Idevel-

opedameasurenamedTopDropconsistency(TDC)(seesubsection4.4.1)that

examinestheoverlapbetweengenesrankedatadefineddepth(e.g.,thetop

100genes)foreachhalfoftherandomsplit. ExaminingTDCatadepthof

100genesshowedMuSiC,20/20+,andTUSONtobethethreewiththehigh-
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estconsistency(Figure4.2D).Mostmethodsdecreasedinconsistencywhenthe

genedepthwasvariedbetween20and300,buttheorderingoftheTDCscores

amongtheeightmethodsremainedrelativelystable.

4.4.1 TopDropconsistencyandlimitations

Consistencyassessesstabilityingeneranking. Eachmethodwasapplied

to10repeatedrandomsplits,consistingoftwodisjointhalvesofthefulldata.

Forpancancerassessment,theproportionofsamplesfromeachcancertype

wasmaintainedineachhalf. Disjointhalveswerescoredseparatelybyeach

method,andgeneswererankedfromlowtohighPvalues.Forafaircompari-

sonbetweenmethods,Iconsideredaspecificdepthoftop-rankedgenes,rather

thanafixedqvaluethreshold.Thisisbecauseconsistencybecomesharderto

achieveasthenumberoftop-rankedgenesgetslarge.Forexample,amethod

thatpredicts100significantgenesatq≤0.1hasanadvantageinconsistency

overamethodthatpredicts1,000significantgenesatthatthreshold.Idefine

TopDropconsistency=|Id|/d,wheredisthedesignateddepthofinterestforthe

rankedgenelistandIdistheTopDropintersection,Id=A
(1:d)∩B(1:2d),defined

astheintersectionbetweenpredictionsfromthetworandomhalves“A”and

“B”suchthatthetopdgenesin“A”donotfallpasttwicethedesignateddepth

(2d)in“B.”

Iexpectthatallmethodswilllosestatisticalpowerandhavegreaterran-
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domsamplingerrorwhentheyarepredictingonadatasetthathasbeensplit

inhalf.Therefore,Ichosetoallowgenestofalltwiceasfardownthelistin

the“B”halfofthesplit,tobetterdistinguishrandomeffectsandmethodswith

intrinsicallylowconsistency. Onenotableexceptionisthemethod MuSiC.I

suspectthatbecauseMuSiCprioritizesgeneslargelybasedonthetotalnum-

berofmutationswithinagene,thatitisgenerallystablewhensplitinhalf.

AsubstantiallimitationisTopDroponlyevaluatesconsistencywithinde-

pendentidenticallydistributedsamplesfromthesamedataset.Abetteral-

ternativewouldbetoevaluatecross-studyconsistency[115],astheremaybe

multiplereasonswhyfindingsinonestudywouldnotgeneralizetoanother.

However,fromapracticalperspective,Icanonlyusedatacurrentlyavailable

toevaluateperformanceasthisrepresentsasubstantialfractionofthedataas

itexistedatthetime.

4.5 OverallPerformance

InTable4.1,Isummarizetheperformanceofeachmethodaccordingtothe

criteriadescribedaboveonthepancancermutationdata.Theoverallprotocol

isshownasaflowchartinFigure4.6.Iassumethatapreferablemethodwould

predictahigherfractionofdrivergenesthatoverlapwiththeCGC,thatover-

lapwithatleastoneothermethod,thathavetheleastdeviationfromexpected
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nullPvalues,andthathavethehighestconsistency.Eachmethodisaccord-

inglyrankedbythesefourcriteriaandtheaveragerankisshown. Thetop

rankedmethodsinorderare20/20+,TUSON,OncodriveFML,andMutsigCV.

4.6 Conclusion

Amajorgoalofthehugepublicinvestmentinlarge-scalecancersequencing

hasbeentofinddrivergenes.Robustcomputationalpredictionofdriversfrom

smallnumbersofsomaticvariantsiscriticaltothismission,anditisessen-

tialthatthebestmethodsforthispurposebeidentified.Althoughmanysuch

methodshavebeenproposed(seereview[31]),ithasbeendifficulttoevaluate

thembecausethereisnogoldstandardtouseasabenchmark.Here,Idevel-

opedanevaluationframeworkfordrivergenepredictionmethodsthatdoesnot

requireagoldstandard.Theframeworkincludesalargesetofsmallsomatic

mutationsfromawiderangeofcancertypesandfiveevaluationmetrics.Itcan

beusedtosystematicallyevaluatenewpredictionmethodsandcomparethem

toexistingmethods.Theresultswouldbemoreinformativetousersofthese

methodsthancurrentadhocapproaches.

Toapplytheframeworktoanewmethod(Figure4.6),arankedlistofpre-

dicteddrivergenescanbegeneratedfromthepancancermutationdataset(see

AppendixB),includingaPvalueandaBenjamini-Hochbergcorrectedqvalue
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CHAPTER4. CANCERDRIVERGENEBENCHMARK

Figure4.6:Flowchartofevaluationprotocol.Overviewofhowadrivergene
predictionmethodofinterestcanbeevaluated.Theinputtothemethodisthe
pancansomaticmutationsetprovidedinthiswork[85].Theinitialoutputfrom
themethodtobeevaluatedisalistofpredicteddrivergeneswithassociatedP
valuesandqvalues.Alistofsignificantdrivergenesisproducedbyselectinga
qvaluethreshold.Tocomputefractionoverlapofgenespredictedassignificant
withCancerGeneCensus(CGC)andwiththeeightmethodsevaluatedhere,
afreezeofCGCandpredictionsfromtheeightmethodsareprovided.These
genelistsarealsousedtosubtractoutputativedrivergenesandyieldalistof
filteredPvalues. Methodconsistencyisestimatedby10iterationsofsplitting
thepancansomaticmutationset,outputtinggenePvaluesandscoresforboth
halves,andapplyingtheTopDropmetric.Jupyternotebooksforcomputing
MLFCandqqplotsfromthefilteredPvaluelist,andtheaverageTDCscore
areavailableatgithub.
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foreachgene.Thechoiceofathresholdq≤0.1todefinedrivergenesworked

wellinourevaluationsbutcanbeadjustedifsodesired.Thesamethreshold

shouldbeusedforfaircomparisonofdifferent methods.Ifadriverpredic-

tiontooldoesnotproducePvalues,arawscorethresholdthatrepresentsthe

desiredfalse-discoveryratecouldbeselected.

TheMLFCalsohassubstantialimplicationsfortheaccuracyofdrivergene

predictionmethods.TherelativelyhighMLFCofseveralmethodsbringsinto

questionthevalidityoftheassumptionsoranalyticmethodsusedintheircon-

struction.Ibelievethatthemostlikelyproblemiswiththeassumptionsrather

thantheanalyticmethods,whichallappeartobewellthought-out.Inaddi-

tion,themostlikelyproblemwiththeassumptionsisthatthereisunexplained

variabilityinthebackgroundmutationrates(seechapter2).Thisvariability

maybetumortypespecificorevenpatientortumorspecific.IfPvaluesare

underestimatedintherangeoflowp-values,toomanygeneswillbecalledas

drivers.Infact,themethodsthatunderestimatePvaluespredictthelargest

numberofdriversandhavethehighestfractionofuniquelypredicteddrivers.
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Chapter5

HotMAPS:Exome-scalediscovery

ofmutationhotspotsin3D

proteinstructure

5.1 Introduction

Missensemutationsareperhapsthemostdifficultmutationtypetointer-

pretinhumancancers.Truncating(loss-of-function)mutationsandstructural

rearrangementsgeneratemajorchangesintheproteinproductofagene,buta

singlemissensemutationyieldsonlyasmallchangeinproteinchemistry.The

impactofamissensemutationonproteinfunction,cellularbehavior,cancer

etiology,andprogressionmaybenegligibleorprofound,forreasonsthatare
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notyetwellunderstood.

Therecurrentobservationacrossmultiplecancersamplesofmissensemu-

tationsatthesameaminoacidresiduepositioniswellknowntobeacharacter-

isticfeatureofbothoncogenes(OG)andtumorsuppressorgenes(TSG;[116]).

Theideathatsomaticmutationsalsofrequentlyoccurinpositionsproximal

inproteinsequencetothemosthighlyrecurrentpositionshassuggestedthat

positionalclusteringofsomaticmissensemutationsmightbeusedtoidentify

drivers[117].Theseclusters,knownas“hotspots,”areregionswheresomatic

missensemutationsoccurclosertogetherinproteinsequencethanwouldbe

expectedbychance. Hotspotregionscanberationalizedasareasinaprotein

underpositiveselectioninthecancerenvironment;missensemutationsoccur-

ringintheseregionsareselectedforbecausetheyalterproteinfunctionina

manneradvantageoustothecancercell.Numerousmethodshavebeendevel-

opedtoidentifyhotspotsbasedonthelinearproteinsequence[38,42,49–51,55].

However,onlyusingthelinearsequenceofaproteinmayfailtocapture

hotspotsthatappearinthe3-dimensional(3D)structureofaprotein[58].Pro-

teinstructurehaslongbeenknowntorelatetothefunctionofaprotein[56,57],

andclusteringofmutationswithinastructuremayindicatemutationsthatare

cancerdrivers.Afewalgorithmsleveragingthisproteinstructure-functionre-

lationshiphaveshownearlysignsofpromise.Analgorithmthatleverages3D

proteinstructureinformation,butstillperformsclusteringin1Dthrougha
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dimensionalityreductionstep,hasshownutilityindetectingoncogenes[54].

ArecentstudyofanaggregatedcollectionofTCGAcancermutationsfrom21

tumortypespresentedanalgorithmtoidentifycancergenesbasedon3Dclus-

teringofsomaticmissensemutations,yieldingtensuchgenes[58].

Here,IpresentHotMAPS(Hotspot Missense mutationAreasinProtein

Structure),anew,sensitivealgorithmforhigh-throughputanalysisofcancer

3Dhotspotregionsofmissensemutation. HotMAPSfindsclustersofamino

acidresidueswithsignificantlyincreasedlocalmutationdensityin3Dprotein

space,comparedtoanempiricalnulldistribution.Thestatisticalmodelisde-

signedtohandlehigher-orderproteincomplexesandcancaptureregionsthat

spanprotein-proteininterfaces.IapplyHotMAPStomissensemutationsfrom

23tumortypessequencedbyTCGA.Bycarefuluseofbothexperimentally

derivedproteinbiologicassembliesintheProteinDataBank(PDB)andtheo-

reticalproteinstructuremodels,Isubstantiallyincreasethenumberofamino

acidsthatcanbemappedinto3Dproteinspaceandthenumberofdetectable

hotspotregionscomparedtoapriorapproach[58].

5.2 HotMAPSalgorithm

Standardclusteringalgorithmsarenotwellsuitedfordetectingrareclus-

teringpatternsinalargenumberofproblems.Iconsideredmanystandard
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clusteringalgorithmsforclusteringmutationsinproteinstructure[118–121],

buteachhassubstantialweaknesses.MethodslikeK-meansandspectralclus-

teringrequirethenumberofclusterstobespecifiedasaparameter,butthe

numberofclustersisnotnecessarilythesameforeveryproteinstructure.In

practice,the“elbow-method”isusedtomanuallyselectthenumberofclus-

tersbyexaminingwherethereisanoticeableflatteninginperformanceasthe

numberofclustersisincreased[122]. However,whenapplyingclusteringto

∼65,000proteinstructures,manualproceduresareinfeasible.Eveniftheclus-

teringalgorithmdoesnotrequirethenumberofclustersasaparameter,such

asthealgorithmsaffinitypropagation[119]orDBSCAN[118],theygenerally

assumetheminimumnumberofclustersisone.Sincedrivermutationsare

rarerelativetoallmutations,mostproteinstructuresshouldhavenoclusters

duetotheclusteringofdrivermutations.

Therearealsoapplicationspecificconcernsforclusteringmutationsinpro-

teinstructure.Aclusteringalgorithmwouldpreferablyadjustforthetopology

ofaproteinstructureasthisaffectswheremutationscouldpossiblybelocated.

Additionally,sinceproteinstructure maycontain multipleidenticalprotein

subunits,aclusteringalgorithmneedstocompensateforthenon-independence

ofmutations.Lastly,thealgorithmshouldideallyadjuststatisticallyforpoten-

tialfalsediscoveryofclustersduetothelargenumberofclusteringproblems

(∼65,000proteinstructures).
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CHAPTER5. HOTMAPS

Figure5.1:HotMAPSwasrunon65,372proteinstructuresandmodels.For
eachstructureormodel,mutationsweremappedfromTCGAgenomiccoordi-
natesto3Dproteinspaceandforeachmutatedresidue,itsobservedlocalmu-
tationdensitywascalculated.P-valueswereestimatedbasedonsimulations.
Ifp-valuesforthesameresiduedifferedacross multiplestructures/models,
theminimumwasusedandadjustedformultiplehypothesestestingwiththe
Benjamini-Hochbergalgorithm. Hotspotregionswereidentifiedasconnected
componentsinagraphofsignificantlymutatedresidues.

TheHotMAPSalgorithmwasdevelopedtoaddressallofthesenotedlimi-

tationsandisdescribedbelow(Figure5.1).

5.2.1 Mutationdensity

HotMAPSdependsoncalculatingamutationdensityforeachaminoacid

residue.LetKbethesetofallproteinstructures.Eachproteinstructureor
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modelwasanelementk∈K.Foreachk,thecenterofgeometryinEuclidean

space(i.e.,centroid)wascalculatedforeachresidue(r),consideringallback-

boneandside-chainatoms,

Ckr=
1

|r|
a∈r

a (5.1)

whereCkristhecenterofgeometryforresiduerink,andaisa3Dposition

vectorforeachatominresiduer.Theneighborsofresiduerwereidentified

usinga10angstromradiuscutofffromthecenterofgeometry,

Nkr={r:dist(C
k
r,C

k
r)≤10,r∈R

k} (5.2)

whereRkisthesetofresiduesfork,Nkristhesetofneighborresidues

forresiduer,anddististheEuclideandistancefunction. ThedensityDof

mutationsatresiduerwascalculatedasthesumofmutationsintheresidue’s

neighborhood,

Dkr=

n∈Nkr

Mkn (5.3)

Dkobs={D
k
r:M

k
r>0,r∈R

k} (5.4)

whereMknisthenumberofmissensemutationsforthen’thresidueneigh-

bor,Dkristhedensityofmutationsforaspecificresidueandk,andD
k
obsisthe
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setofobservedmutationdensitiesforallmutatedresiduesinagivenk.

5.2.2 Statisticalmodel

Next,Isimulatedtheexpectednullhypothesisifmutationsontheprotein

structurewereundernoselectivepressuretooccurinanyparticularregion.

Thenulldistributionisreasonablymodeledbyadiscreteuniformdistribution.

Mutationsoccurringunderthenullweresimulatedbysamplingwithreplace-

mentanumberofresiduesequaltothetotalobservedmutations,

Mksim∼Uniform(R
k,Size= Mkr) (5.5)

whereMksimisthesimulated missensecountsforallresiduesink. The

procedurewasmodifiedslightlyforproteincomplexes,whichcontainmultiple

proteinchainsthatoriginatefromasinglegeneproduct(e.g.,ahomodimer).I

accountedforthisnon-independencebyrunningidenticalsimulationssimul-

taneouslyonmultipleduplicatedproteinchains.Duplicatechainswereiden-

tifiedbasedoneitherhavingsamePDBchainletterand/orthesamechain

description.Themutationdensityforsimulatedmutationswascalculatedin

thesamemannerastheobservedmutations.Theprocedurewasrepeatedfor

10,000iterationsoneachstructure.

Basedontheempiricalnulldistributionestablishedfromsimulations,Ical-

69



CHAPTER5. HOTMAPS

culatedtheone-tailedp-valueforeachresidue’smutationdensitybeingequal

orlarger,

Pkr=
#{d:d≥Dkr,d∈D

k
sim}

#{d∈Dksim}
(5.6)

whereDksimisthesetofallsimulatedmutationdensitiesandP
k
risthep-

valueforresiduerink.Sincetheremaybemanystructuresand/ormodels

thatcoverthesamecorrespondingportionofthegenome, multiplep-values

werecollapsedbytakingtheminimump-valueamongresiduesthatmappedto

thesamegenomiccodon.Theseuniquegenomic-levelp-valueswerethencor-

rectedformultiplehypothesesbytheBenjamini-Hochbergmethod[109]and

deemedsignificantataq-valueof0.01.Iselectedtheveryconservativeq=0.01

empirically,tominimizethenumberoffalsediscoveriesinourstudy.Identify-

ingthecorrespondingsignificantresiduesatthestructure(ormodel)levelwas

backtrackedbyusingthesupremumofsignificantp-valuesatthecodonlevel

asacutoff,

P∗=sup{Pc:qc<0.01,∀c} (5.7)

Rksignif={r:P
k
r≤P

∗,∀r} (5.8)

wherePcandqcarethegenomicp-valueandq-value,respectively,forcodon

c,P∗isthep-valuecutoffadjustedformultiplehypotheses,Rksignifisthesetof
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significantresiduesfork.

5.2.3 Constructinghotspotregions

3D mutationhotspotregionswereidentifiedasgroupingsofsignificant

residues,accordingtotheprincipleof maximumparsimony. Specifically,I

foundtheminimumnumberofnon-contiguoushotspotregionsthatexplained

allsignificantresidues.Ifirstconstructedaneighborgraphamongstsignifi-

cantresiduepositions,whereedgeswerecreatediftworesiduescouldbecon-

sideredasneighbors,definedaswithin10angstroms(1nm),whichistheorder

ofmagnitudeforthelengthofanaminoacidresiduesidechain.3Dmuta-

tionhotspotregionsforeachkwerethenfoundastheconnectedcomponents

oftheneighborgraphusingbreadth-firstsearch. Ourresultswerenotvery

sensitivetosmallperturbationsofthisparameter(8̊A,9Å,11Å,12Å).The

10̊Amaximumdistanceidentified85%ofthehotspotresiduesidentifiedatthe

fourotherthresholdvalues.
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5.3 Mappingmutationstoproteinstruc-

ture

5.3.1 Mutationaldataset

Mutationannotationformat(MAF)filedatafor23tumortypesfromThe

CancerGenomeAtlas(TCGA)wasdownloadedbytheXenadatastore(https:

//genome-cancer.soe.ucsc.edu/proj/site/xena/hub/)usingtheirAPI.

5.3.2 Proteinstructure

PDBstructureswereobtainedfromtheWorldwideProteinDataBank(PDB)

(10/17/2015). Onlystructuressolvedbyx-raycrystallographyandcontaining

atleastonehumanproteinchainwereused.Toavoidcomputationoncrystal-

packingartifactsthatarecommoninPDBmulti-domainproteinstructuresand

proteinsincomplexwithotherproteinsorDNA/RNAstructures,IusedPDBbi-

ologicalassembliesthatmodelhowproteinsexistinvivo(ftp://ftp.wwpdb.

org/pub/pdb/data/biounit).Additionally,single-domain,theoreticalpro-

teinstructuremodelsconstructedbasedonhomologytonon-humanproteins

wereincludedtoincreasecoverageoveragreaterproportionofgenes.Theo-

reticalmodelswereobtainedfromtheModPipehuman2013dataset(ftp://

salilab.org/databases/modbase/projects/genomes/H_sapiens/2013/),
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builtwith Modeller9.11[123].Inadditiontocriteriarequiredby ModPipe

(ModPipeProteinQualityScore>1.1),theoreticalmodelswerefurtherfiltered

toincreasethequalityofstructuresusedinourassessment,requiringthat:1)

modelshadaminimumlengthof75residues.2)Thesequenceofthetarget

humanproteinandthesequenceofthenon-humanhomologusedforhomol-

ogymodelingwere≥10%identical.3)The“loop”contentoftheproteinmodel

was≤30%.4)CompactnessscoreC(seeEquation5.9)was≤1̊A/residue.The

compactnessscorewasbasedontheproteinradiusofgyration(Rg),andwas

employedtorejectoverlyextendedorunfoldedstructures.Allthresholdswere

selectedbyvisualinspectionofstructuresmeetingeachofthefourcriteria.

Theoreticalproteinstructurecompactnessscorefilter:

C=
4Rg
N

(5.9)

whereRg=
imi(ri−rc)

2

imi
(5.10)

whereNistotalnumberofresidues. miisthemassofthei’thatom,riis

thecenterofthei’thatom,andrcistheproteincenterofgeometry.
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5.3.3 Mappingalgorithm

Mappingofgenomecoordinateswasdoneusingamodifiedversionofthe

TransMapalgorithm(Figure5.2),previouslydescribedin[124].Inaminority

ofcasesmutationsdidnothaveaone-to-onemappingwithinaproteinstruc-

ture(0.6%ofmutationsanalyzedinthisstudywereimpacted). Anyhotspot

regionresiduepositionswithambiguousmappingsweredroppedfromthefinal

analysis.ProteinsequencesintheUniProtdatabase(SwissProtcuratedonly)

[125]werealignedtoalltranscriptsinRefSeq,CCDSandEnsembldatabases

withtBLASTn[126]. Transcriptswerethenalignedtohumangenomeas-

semblyGRCh37(hg19)withBLAT[127]. BLATwasalsousedtoalignthe

UniProtproteinsequenceswithPDBSEQRESaminoacidresiduesequences

(Figure5.2).Fortheoreticalmodels, ModPipeprovidedaRefSeqorEnsembl

transcriptidentifierandtranslationofeachtranscriptintoproteinsequence,

eliminatingtheneedforthetBLASTnsteptoalignproteinsequencetotran-

script.

74



CHAPTER5. HOTMAPS

Figure5.2:Themappingisdonewiththreepairwisealignmentsteps,using
tBLASTnandBLAT.ProjectionofproteinsequencecoordinatestomRNAtran-
scriptcoordinates(1)andfinallygenomiccoordinates(2)isdone“topdown”.
Theprocessenableshandlingofsplitcodons,suchasthe“AGC”shown.Pro-
teinsequencecoordinatesaresubsequentlyprojectedintothePDBcoordinate
systemofproteinstructure(3).

5.4 3Dmutationhotspotregionsareim-

portantincancer

5.4.1 3Dhotspotregionsareenrichedin well-

knowncancergenes

Amongthesetofgeneswithavailableproteinstructureor models(n=

15,697),thegenesharboringa3DhotspotregionareenrichedforOGsand

TSGs(P=6.1E30forOGsandP=2.4E13forTSGs;one-tailedFisherexact

test).TheyarealsoenrichedforgenesintheCGClist(P=1.4E30;one-tailed

Fisherexacttest).Thesubsetofthesegenesharboringonlya3Dhotspotre-
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gionnotdetectablein1Disalsosignificantlyenriched(P=4.3E09forOGs,P

=7.9E12forTSGs,P=8.0E11forCGCgenes;one-tailedFisherexacttest).

Anadditional23genesthatareproposedOGs,TSGs,and/ordrugtargetsor

hereditarycancergenescontainedatleastone3Dhotspotregion.Thisenrich-

mentofknownandcandidatedrivergenessupportsmyclaimthatmanyofthe

regionsarebiologicallyrelevantandnotsimplyartifacts. Whileregionswere

detectedinonlyapproximately18%ofestablishedcancergenes,Iexpectthat

manyofthesegenesharbordriversotherthanmissensemutations,someare

driversintumortypesnotrepresentedinourstudyandmanylackstructural

coverage.

5.4.2 Mutationsin3Dhotspotregionsarediffer-

entfromothersomatic mutationsincan-

cers

Iexaminedwhethertheaminoacidresiduepositionsandthe missense

mutationsinthe3Dhotspotregionshaddistinctivefeaturessuggestiveofa

specialbiologicimportance,whencomparedwiththeremainingmutationsin

ourstudy.Fourcandidatedistinguishingfeaturesweretested:(i)vertebrate

evolutionaryconservation;(ii)occurrenceataprotein-proteininterface,which

increasesthepotentialforamissensemutationtodisruptprotein-proteinin-
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teractions;(iii)insilicocancerdriverscoresgeneratedwiththeCHASMal-

gorithm[39];and(iv)insilicopathogenicityscoresgeneratedwiththeVEST

algorithm[106],whicharepredictorsofincreasedmissensemutationimpact

(Figure5.3).Incomparisonwithmutatedresiduesnotin3Dhotspotregions,

vertebrateevolutionaryconservationwashigherandprotein-proteininterface

occurrencewashigherinthe3Dhotspotregions(conservationP=2.9E29,

Mann-WhitneyUtest;proteininterfaceP=5.2E13,one-tailedFisherexact

test).Insilicodriverscoresandpathogenicityscoreswerehigherformissense

mutationsin3Dhotspotregions(driverscoreP=3.0E47,pathogenicityscore

P=3.0E16; Mann-WhitneyU-test)thanfortheremaining mutations(Fig-

ure5.3).

5.4.3 3Dhotspotregionsaredifferentinonco-

genesandtumorsuppressorgenes

Thecatalogcontains37regionsstratifiedbytumortypeinbonafidetumor

suppressorgenesand77inbonafideoncogenes(114regionsin30genes),us-

ingasabenchmarktheclassificationsofVogelsteinandcolleagues(landscapes

benchmark;[14]).Iusedthesedatatoexplorepossibledifferencesbetweentu-

morsuppressorgeneandoncogeneregionsataminoacidresolution.Ifound

thatintumorsuppressorgenes,3Dhotspotregionswerelargerthaninonco-
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Figure5.3:ThreedistinguishingfeaturesofHotMAPSregions.A,HotMAPS-
mutatedresiduesare moreconservedinvertebrateevolutionthan mutated
residuesnotinhotspotregions,asshownbylowermultiplealignmententropy
(P=1.2E29;Mann-WhitneyUtest). Multiplealignmententropyiscalculated
astheShannonentropyofprotein-translated46-wayvertebrategenomealign-
mentsfromUCSCGenomeBrowser,whichislowestforthemostconserved
residues.BandC,HotMAPSmissensemutationshavehigherinsilicocancer
driverscoresfromtheCHASMalgorithm(P=5.3E47;Mann-WhitneyUtest)
thanthosemutationsnotinhotspotregions(B)andhigherinsilicopathogenic-
ityscoresfromtheVESTalgorithm(P=7.0E162; Mann-WhitneyUtest;C).
Finally,HotMAPS-mutatedresiduesoccurmorefrequentlyatprotein-protein
interfaces(P=1.3E11;one-tailedFisherexacttest).
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genes(regionsizeP=9.6E06; Mann-WhitneyUtest). Theywerealsomore

mutationallydiverse(mutationaldiversityP=2.1E07;Mann-WhitneyUtest).

Inaddition,oncogene3Dhotspotregionsweremoreconservedinvertebrate

evolutionandmoresolventaccessibleinproteinstructure,meaningthatthey

tendtooccurattheproteinsurface(evolutionP=4.7E07,solventaccessibleP

=1.5E06;Mann-WhitneyUtest). Hotspotregionsintumorsuppressorgenes

harboredincreasednetchangeinhydrophobicity(P=3.3E07;Mann-Whitney

Utest)andnetchangeinvolume(P=2.2E07; Mann-WhitneyUtest),sug-

gestingthattheirimpactonproteinfunctioncouldbeduetodecreasedsta-

bility. Theinsilico missense mutationcancerdriverscoreswerehigherfor

oncogeneregions(P=0.003; Mann-WhitneyUtest).Ialsotesteddifferences

betweeninsilicopathogenicityscoresandoccurrenceatprotein-proteininter-

facesbetweenOGandTSGregions,butthesewerenotsignificant(pathogenic-

ityscoresP=0.37,proteininterfaceP=0.34;Mann-WhitneyUtest).

Thefactthatthesedifferencesbetweenoncogeneandtumorsuppressor

generegionswerestatisticallysignificantsuggestedthattheymighthavepre-

dictivevalue.Principalcomponentsanalysis(PCA)ofthesixsignificantfea-

turesindicatedsomeseparation(Figure5.4A).Next,ItrainedaNaiveBayes

machinelearningclassifiertodiscriminatebetweenoncogeneandtumorsup-

pressorgenehotspotregions,usingregionsize, mutationaldiversity,verte-

brateconservation,residuesolventaccessibility,mutationnethydrophobicity
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change,andresiduevolumechangeasfeatures.Arigorousgene-levelholdout

protocolwasusedtoavoidoverfitting.ANaiveBayesscorecloserto1.0indi-

catesthatthehotspotregionislikelyinanOGwhileascorecloserto0.0in-

dicatesthatitisinaTSG.Areaunderreceiveroperatingcharacteristic(ROC)

curveorAUC,astandardmeasureofclassifierperformance,was0.84outof

1.0,aresultthatsupportsmyclaimthat3Dhotspotregionsinoncogenesand

tumorsuppressorgeneshavedistinctivecharacteristics(Figure5.4B).AUCof

aclassifierwithrandomperformanceis0.5.Performancedidnotimprovewhen

theotherfeatureswereincludedintheclassifier.TheROCperformanceand

PCAplotsupportmyclaimthatcharacteristicdifferencesbetweenoncogenes

andtumorsuppressorgeneshotspotscanbequantified.

5.4.4 Whatisgainedby3Dhotspotregiondetec-

tionversus1D?

Thelargersizeandmutationaldiversityofhotspotregionsintumorsup-

pressorgenes(TSGs)versusoncogenes(OGs)suggestthattheycouldbemore

difficulttodetectandperhapstheyhavebeenunderreportedby1Dapproaches.

OGhotspotregionsconsistingofrecurrentmissensemutationsatoneortwo

residuescanbeseenbyeyewithlollipopplotsandarestraightforwardtodetect

computationallybasedon1Dprimarysequence.Ihypothesizedthatdetection
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Figure5.4:A,PCAplotshowsaclusteringpatterninhotspotregionsiden-
tifiedinoncogenes(OG=red)andtumorsuppressorgenes(TSG=blue). Each
pointisaregionrepresentedbysixnumericfeatures,projectedintotwodimen-
sions.Thefeaturesareregionsize,mutationaldiversity,vertebrateevolution-
aryconservation,residuerelativesolventaccessibility,mutationnetchangein
hydrophobicity,andmutationnetchangeinresiduevolume.B,OGandTSG
HotMAPSregionscanbediscriminatedwithmachinelearning,basedonsix
features.AGaussianNaiveBayesclassifiertrainedwiththelandscapesbench-
markprovidesareasonableseparationbetweenthetwoclasseswithAUC=
0.84outof1.0.PerformanceofarandomclassifierisAUC=0.5.ROC,receiver
operatingcharacteristic;AUC,areaundertheROCcurve.
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ofmanyTSGhotspotregionsmightrequirea3Dalgorithm.Tomaximizethe

interpretabilityofthisanalysis,regionsthatoccurredinmultipletumortypes

weremergedsothateachregionwasrepresentedonlyonceineachgene.

Forawell-controlledcomparisonof3Dand1Dhotspotregiondetection,I

applieda1Dversionofourmethodtotheproteinchainsequencesofthesame

setofPDBproteinbioassembliesandtheoreticalproteinstructuremodelsto

detectnonuniformclusteringpatternsonprimaryproteinsequence.Seventy-

twopercentofhotspotregionsidentifiedin3Dwereidentifiablein1D.

Next,IcomparedthenumberofhotspotregionsidentifiedinOGsandTSGs.

Iconsideredregionsidentifiedin3Donly,inboth3Dand1D,andin1Donly.

UsingthebonafideOGsandTSGs(Table5.1),thereweresignificantlymore

OGregionsthatTSGregionsidentifiedbythe1Dalgorithm(P=0.03;one-

sidedFisherexacttest).The1D-onlyversionofthealgorithmdetected5OG

and2TSGregions;1Dfurtherdetectedanadditional25OGand7TSGregions

thatwerealsoidentifiedbythe3Dalgorithm.The3Dalgorithmidentifiedan

additional4OGand6TSGregions. Toincreaseourpower,Irepeatedthis

testagainusingthebonafideOGsandTSGsplusadditionalregionsinfive

candidateOGsandTSGsreportedintheliterature(OGswereFSIP2,MTOR,

RANBP2,CHEK2,andMAPK1;TSGswereRASA1,SMARCA2,KEAP1,CUL1,

TGFBR2;allarelistedandcitedinTable5.2),yieldingincreasedstatisticalsig-

nificance(P=0.009,one-sidedFisherexacttest).Theresultssuggestthat1D
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detectionmethodsmaybebettersuitedtodetectingregionsinOGsratherthan

TSGs.

Afurtherproblemwithsequence-based1Dhotspotregiondetectionisthat

largerregionsdetectablein3Dmaybeonlypartiallycharacterizedand/orsplit

intomultiplepieces.Figure5.5showsanexampleofaTSGhotspotregionin

FBXW7foundin3DbyHotMAPSthathasbeensplitintotwopiecesbythe1D

algorithm.In1Dproteinsequence,residue465isnotcloseenoughtoresidues

502and505tobeidentifiedinonehotspotregion.Onthe3Dproteinstructure

ofFBXW7(PDBcode2OVQ),thethreeresiduesarespatiallycloseandasingle

hotspotregionisdetected.

5.5 3Dhotspotregionsmayincreasein-

terpretabilityofdrivermechanisms

Three-dimensionalconsiderationofhotspotregionsinproteinstructurecan

potentiallyprovideresearcherswitharichsourceofhypothesisgeneration

aboutdrivermechanisms. Whilegene-ordomain-levelmutationenrichment

analysiscanpointtopotentialproteinfunctions,interactions,biologicpro-

cesses,andpathwaysimportantforcanceretiologyandprogression,morede-

tailedinformationmaybeavailableonceaspecificsetofmutatedaminoacid

residueshasbeenidentifiedassignificant.
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Table 1: Cancer genes with 3D HotMAPS regions identified in TCGA tumor types and in Vogelstein genes or Cancer 

Gene Census. 

Gene 
Landscapes 
Annotation 

Cancer Gene Census (CGC) TCGA Tumor Type(s) 

FGFR3 OG Dom BLCA 

SF3B1 OG Dom BRCA, BLCA 

FGFR2 OG Dom BRCA, UCEC 

KRAS OG Dom CESC, UCS, PAAD, STAD, BLCA, UCEC, LUAD, BRCA 

PIK3CA OG Dom 
ESCA, CESC, UCS, LUSC, GBM, STAD, LGG*, BLCA, UCEC, PRAD, 
LUAD, KIRC, BRCA, HNSC 

NFE2L2 OG Dom ESCA, HNSC, BLCA, UCEC, LUSC 

IDH1 OG Dom GBM, LGG, SKCM 

IDH2 OG Dom LGG 

PTPN11 OG Dom LGG 

MAP2K1 OG Dom LUAD*, SKCM 

GNAS OG Dom PAAD 

BRAF OG Dom THCA, GBM, LUAD, SKCM, PRAD* 

HRAS OG Dom THCA, PCPG, BLCA, HNSC, LUSC* 

NRAS OG Dom THCA, SKCM 

PPP2R1A OG Dom? UCS, UCEC 

SPOP OG Rec PRAD 

ERBB2 OG  ESCA*, BRCA, BLCA 

EGFR OG  GBM, LGG, LUAD 

RET OG  PCPG 

PIK3R1 TSG Rec BRCA*, GBM, UCEC*, LGG* 

FBXW7 TSG Rec CESC*, UCS, LUSC*, STAD, BLCA, UCEC, HNSC 

TP53 TSG Rec 
ESCA, UCS, PAAD, LUSC, GBM, STAD, LGG, BLCA, UCEC, PRAD, 
LUAD, OV, BRCA, HNSC 

CIC TSG Rec LGG 

SMARCA4 TSG Rec LGG* 

BCOR TSG Rec UCEC 

PTEN TSG  BRCA, GBM*, UCEC 

CDKN2A TSG  ESCA* 

VHL TSG  KIRC* 

NOTCH1 TSG  LGG* 

SMAD4 TSG  STAD* 

RHOA  Dom BLCA*, HNSC, STAD 

RAC1  Dom HNSC, SKCM 

ERBB3  Dom STAD 
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Table5.1:Cancergeneswith3DHotMAPSregionsidentifiedinTCGAtumor
typesandinlandscapesbenchmarkorcancergenecensus
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Table 2: Genes with HotMAPS regions identified in TCGA tumor types with previous literature support. 

Gene 

TCGA Tumor 
Type(s) Gene Details 

AP2B1 ESCA 
Involved in FGFR signaling.   Knockdown promotes the formation of matrix degrading invadopodia, adhesion structures linked to invasive 
migration in cancer cells  (Pignatelli 2012). 

CAND1 BLCA* 

Component of many protein complexes involved in proteasome-dependent protein degration via ubiquitination and neddylation. CAND1 binding 
to the complexes inactivates ubiquitin ligase activity and may block adaptor and NEDD8 conjugation sites. (Bosu 2008). May play a role in PLK4-
mediated centriole overduplication and Disrupted in prostate cancer (Korzeniewski 2012). 

CHEK2 

ESCA, LGG, BLCA, 
HNSC, PRAD, 
LUAD, PCPG, KIRC 

Checkpoint kinase involved in DNA damage response signaling. Significantly mutated gene and candidate OG in papillary thyroid carcinoma (PTC) 
cohort of 296 patients (TCGA 2014 #85).  Breast cancer susceptibility gene (inherited germline variants) (Vogelstein 2013) 

CUL1 BLCA 
Candidate TSG.  SCF complex E3 ubiquitin ligase scaffold protein.  Suppressor of centriole multiplication through regulation of PLK4 level 
(Korzeniewski 2009) 

ERCC2 BLCA, LGG* 

DNA-repair (Nucleotide excision repair) protein.  Significantly mutated in cisplatin-responders vs. non-responders in cohort of 50 patients with 
muscle-invasive urothelial carcinoma (MIUC).  ERCC2 mutation status may inform cisplatin-containing regimen usage in MIUC (Van Allen 2014).   
Recurrently mutated in cohort of 17 patients with urothelial bladder cancer (UBC) (Balbas-Martinez 2013). Xeroderma pigmentosum 
susceptibility gene (inherited germline variants) (Vogelstein 2013) 

FSIP2 ESCA* Candidate OG.  Recurrently amplified in testicular germ cell tumors (TGCTs)(Litchfield 2015). 

GNA13 BLCA Significantly mutated in cohort of 55 patients with diffuse large B-cell lymphoma (DLBCL) (Lohr 2012) 

GTF2I UCEC Highly recurrent missense mutation in Thymic epithelial tumors and associated with increased patient survival (Petrini 2014). 

HDAC4 ESCA 

Histone de-aceytlation enzyme.  Drug target.  Overexpression shown to promote growth of colon cancer cells via p21 repression.  Regulator of 
colon cell profliferation. (Wilson 2008).  May regulate cancer cell response to hypoxia via its regulates HIF1a acetylation and stability  (Geng 2011)   

HLA-A 

BLCA, HNSC, LGG, 
PRAD 

Immune system.  Encodes MHC-Class 1A protein, which presents antigens for T cell recognition.  Somatic mutations previously suggested to 
contribute to tumor immune escape (Shukla 2015). 

KEAP1 LUAD* 

Candidate TSG. Inhibits NRF2 (aka NFE2L2). In cohort of 76 non-small cell lung cancer (NSCLC) patients, KEAP1 found mutated in 2 patients with 
advanced adenocarcinoma and smoking history.  KEAP1 mutation was mutually exclusive of EGFR, Kas, ERBB2 and NFE2L2 mutation in the cohort 
and KEAP1 mutation status proposed as marker for personalized therapy selection. (Sasaki 2013)  Proposed TSG in lung squamous cell carcinomas 
(Hast 2014) Proposed as therapeutic target for thyroid-transcription-factor-1 (TTF1)-negative lung adenocarcinoma (LUAD) (Cardnell 2015). 

KLF5 BLCA* 

Transcription factor that promotes breast cancer cell proliferation, survival, migration and tumour growth.  Upregulates TNFAIP2, which interacts 
with the two small GTPases Rac1 and Cdc42, thereby increasing their activities to change actin cytoskeleton and cell morphology (Jia 2015).  
Proposed as playing dual role as both TSG when acetylated and OG when de-acetylated in prostate cancer (Atala 2015).  Recurrently mutated in 
mucinous ovarian carcinoma (Ryland 2015) 

MAPK1 CESC*, HNSC 

Kinase involved in cell proliferation, differentiation, transcription regulation, and development; key signaling component of the toll-like receptor 
pathway. Candidate OG in pancreatic cancer (Furukawa 2006), laryngeal squamous cell carcinoma cell lines (Kostrzewska-Poczekaj 2010). 
Significantly mutated in cohort of 91 chronic lymphocytic leukemia CLL patients.(Wang 2011).  

MSN ESCA* 

Protein homolog of TSG NF2 (Merlin) (Golovnina 2005). Member of the Ezrin-Radixin-Moesin (ERM) protein family. Links membrane and 
cytoskeleton involved in contact-dependent regulation of EGFR (Chiasson-MacKenzie 2015).  Regulates the motility of oral cancer cells via MT1-
MMP and E-cadherin/p120-catenin adhesion complex.  Cytoplasmic expression of MSN correlates with nodal metastasis and poor prognosis of 
oral squamous cell carcinomas (OSCCs), may be potential candidate for targeted gene therapy for OSCCs (Li 2015).  

MTOR KIRC 

Candidate OG. Serine/threonine protein kinase regulates cell growth, proliferatin and survival.  Frequently activated in human cancer and a major 
therapeutic target.  Randomly selected mutants in HEAT repeats and kinase domain induced transformation in NIH3T3 cells and rapid tumor 
growth in nude mice (Mueugan 2013) 

NBPF10 BLCA* 

Somatic missense mutation reported in prostate cancer cohort of 141 patients (Manson-Bahr 2015). In gene family with numerous tandem 
repeats and pseudogenes, possible read alignment and mutation calling errors. 

PARG 

GBM, LGG, BLCA, 
HNSC, PRAD, 
LUAD, PCPG, KIRC* 

Involved in DNA damage repair (with PARP1). Cells deficient in these proteins are sensitive to lethal effects of ionizing radiation and alkylating 
agents (17).  Potential Drug target for BRCA2-deficient cancers (Fathers 2012). 

RANBP2 ESCA 

Candidate OG (Gylfe 2013).  A large multimodular and pleiotropic protein with SUMO E3 ligase function. (Zhu 2015)  Interacts with mTOR (to 
regulate cell growth and proliferation via cellular anabolic processes) (Kazyken 2014). Hot spot mutation previously found in MSI colorectal cancer 
(CRC).  Hot spot suggested as useful for personalized tumor profling and therapy in CRC.  (Gylfe 2013) 

RASA1 HNSC* Identified as TSG in another squamous cell cancer, cutaneous squamous cell skin cancer (cSCC) (Pickering 2014) 

RGPD3 

BLCA*, UCEC, 
PAAD Component of ubiqutin E3 ligase complex.  Named for similarity to RANBP2. 

SIRPB1 HNSC, PRAD Ig-like cell-surface receptor.  Negatively regulates RTK processes.  Related to FGFR signaling. 

SMARCA2 BLCA* 

Actin-dependent regulator of chromatin.  Its ATPase domain named as Drug target in SWI/SNF mutant cancers (e.g., lung, synovial sarcoma, 
leukemia, and rhabdoid tumors) (Vangamudi 2015).  Proposed TSG, and synthetic lethal target in SMARCA4 (aka BRG1) -deficient 
cancers.(Hoffman 2014) 

TGFBR2 HNSC  

TSG in HNSC (Rothenberg,2012) MSI CRC (Biswas 2008), epithelial transformation and invasive squamous cell carcinoma in the mouse 
forestomach (Yang 2014). 

	

CHAPTER5. HOTMAPS

Table5.2:GeneswithHotMAPSregionsidentifiedinTCGAtumortypes
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Figure5.5:ComparisonofhotspotdetectionintheTSGFBXW7in1Dand3D.
A,asimplified1DversionofHotMAPSfoundtworegionsinFBXW7.The3D
versionofHotMAPSfoundasinglelargerregion,encompassingbothregions.
DiagramshowsproteinsequenceofFBXW7,whichcontainsasingleF-box
functionaldomain.Region-1,residue465(leftlollipop);Region-2,residues502
and505(rightlollipops).B,HotMAPSidentifiesasingle3Dhotspotregionin
FBXW7. StructureofSCFFbw7ubiquitinligasecomplex(PDB2OVQ),con-
tainingFBXW7(green),SKP1(blue),andCCNE1fragment(degronpeptide;
black). Residuecoloring:1DRegion-1,gold;1DRegion-2,purple. Residues
missedby1DdetectionbutincludedinHotMAPS3D,gray.Althoughthe1D
regionsarefarintheprimaryproteinsequence,residues505and465spatially
contactattheinterfacewithCCNE1.Proteinstructurefiguresweregenerated
byJSMolinMuPIT(http://mupit.icm.jhu.edu/).
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CHAPTER5. HOTMAPS

Formanyofthe3DhotspotregionsfoundbyHotMAPS,theliteraturecon-

tainsevidencethattheyareindirectcontactwithorproximaltoaminoacid

residuesofknownfunctionalimportance.Figure5.6showssixcancer-associated

proteinsinwhichthehotspotregioniseitheroverlappingorproximaltoim-

portantfunctionalsites.

5.5.1 RAC1hotspotinsquamousheadandneck

cancer

RAC1isaRhoGTPaseimportantinsignalingsystemsthatregulatethe

organizationofactincytoskeletonandcellmotility.Thehotspotoverlapsthe

GTP/GDP-bindingsiteandcouldimpactregulationofnormalRAC1cycling

betweenGTP-andGDP-boundstates(Figure5.6A).Itcontainsapreviously

identifiedrecurrentmutationinmelanoma(P29S),whichdysregulatesRAC1

byafastcyclingmechanism[128].

5.5.2 SPOPhotspotinprostatecancer(PRAD)

SPOPisthesubstraterecognitioncomponentofacullin3-basedE3ubiquitin-

proteinligasecomplex,whichtargetsmultiplesubstratesforproteasomaldegra-

dation.Thehotspotoverlapswithabindinggrooveharboringfiveresidueposi-

tions(pink)wheremutagenesishasstronglyreducedaffinityforthesubstrate
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Figure5.6: HotMAPShotspotregionsoverlapandareproximaltoimpor-
tantfunctionalsites. A,HNSCChotspotregion(red)inRAC1(green)and
GTP/GDP-bindingresidues(darkgray;PDB2FJU).B,PRADhotspotregion
(red)inSPOP-substratecomplex(PDB3HGH)withSPOP(blue)andH2AFY
substrate(green).Left,fiveresidues(pink)thatwhenmutatedshowstrongly
reducedaffinityforsubstrate.C,BLCAhotspotregion(red)inERCC2(gray)
shownontheoretical modelofERCC2helicaseATP-bindingdomain. The
hotspotisproximaltotheDEAHbox(blue),ahighlyconservedmotifcontain-
ingresiduesthatinteractwithMg2+andarecriticalforATP-bindingandhe-
licaseactivity.D,UCEChotspotregion(red)inPTEN(PDB1D5R)withactive
sitephosphocysteineresidue(blue),residueswhenmutatedannotatedtore-
ducephosphataseactivity(pink).E,STADhotspotregion(red)inRHOAwith
aGTPanalogbound(sticks;PDB1CXZ).GTP-bindingresiduesandeffectorre-
gion,darkblue.F,KIRChotspotregion(red)inVHL-TCEB1-TCEB2complex,
boundtoHIF1Apeptide(PDB4AJY).ProximitytotheinteractionsiteofVHL
(green)andHIF1A(blue)suggestspossibledecreasedubiquitinationofHIF1A,
resultinginincreasedproteinexpressionofHIF1A.TCEB1andTCEB2,gray.
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(annotatedintheUniProtKB)(Figure5.6B).

5.5.3 ERCC2hotspotinbladdercancer

ERCC2isanATP-dependenthelicasethatispartoftheproteincomplex

TFIIHinvolvedinRNApolymeraseIItranscriptionandnucleotideexcision

repair(NER).Iidentifiedahotspotregion,proximaltotheDEAHbox,ahighly

conservedmotifcontainingresiduesthatinteractwith Mg2+andarecritical

forATPbindingandhelicaseactivity(Figure5.6C).Thisproximitysuggests

thatthehotspotmutationscoulddisruptATPaseactivityandyielddefective

NER[129].

5.5.4 PTENhotspot

PTENisaphosphataseforbothproteinsandphosphoinositides,anditre-

movesaphosphatefromPIP3,criticalforsignalingtoAKT.Thehotspotre-

gionidentifiedinendometrialcancer(UCEC)spanstwofunctionallyimportant

loopsintheprotein(PandWPDloops)attheboundaryoftheactivesitepocket

(Figure5.6D).Residuesintheseloopsarecriticalforcatalysis(bluedot)and

areimportantfortheP-loop’sconformation. Mutagenesisofresiduesinthe

WPDloopreducesphosphataseactivityandincreasescolonyformationincell

culture[130].Pinkdotsshowresiduesthatimpactphosphataseactivity.
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5.5.5 RHOAhotspots

RHOAisasmallGTPaseoncogene,andlikeRAC1isa memberofthe

Rassuperfamily[131].Iidentifiedhotspotregionsinbladdercancer(BLCA),

headandnecksquamouscellcancer(HNSCC),andstomachadenocarcinoma

(STAD).ThehotspotregionsoverlapwiththeRHOAeffectorregion,ahighly

conservedmotifthatisinvolvedinRassuperfamilysignalingwithdownstream

effectorproteins(Figure5.6E).Theregionsareimmediatelyproximaltoamag-

nesiumion,whichhasbeenimplicatedinregulatingthekineticsofRhofamily

GTPases[132].

5.5.6 VHLhotspot(KIRC)

VHLisacomponentofanE3ubiquitinproteinligasecomplex,anditubiq-

uitinatestheOGtranscriptionfactorHIF1A,targetingitforproteasomaldegra-

dation[133]. OneimpactofVHLlossoffunctionwithfailuretoubiquitinate

HIF1AisincreasedproteinexpressionofHIF1A.Thehotspotregionisprox-

imaltoitsinteractionsitewithHIF1Aandcouldpotentiallyhaveanimpact

onthisinteraction(Figure5.6F).TheTCGAkidneycancer(KIRC)samples

werestratifiedonthebasisoftheirmissensemutationstatus:VHLhotspot,

non-hotspot,ornomissense(WT).HIF1Aproteinexpressionwasnotsignifi-

cantlydifferentbetweenVHLnon-hotspotandVHLWTgroups(P=0.5;Mann-
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WhitneyUtest),butwassignificantlyhigherbetweenVHLhotspotandVHL

WTgroups(P=0.03; Mann-WhitneyUtest). Thisresultisconsistentwith

aspecialroleforVHLhotspotmissensemutationsinregulatingHIF1Apro-

teinexpression.However,increasedHIF1AexpressionintheseKIRCsamples

islikelyimpactedbyadditionalgeneticandotherfactors.Imightseeasub-

stantiallylowerPvalueifVHLhotspotmutationsweretheonlycauseofthe

observedincrease. Also,therearemanyVHLmissensemutationsoutsideof

thehotspotregion,anditislikelythatseveralofthesealsohaveafunctional

impact.Inparticular,severalofthemareattheinterfaceofVHLandthe

TCEB1andTCEB2inthecomplexandcouldimpactVHL/TCEBbinding.

5.6 Conclusions

Isystematicallyidentified3D missensehotspotregionsusingTCGAso-

maticmutationdatafrom6,594samplesin23tumortypes. HotMAPSiden-

tified107uniqueregionsand216cancertype-specificregions. Thiscatalog

enablesassessmentofhowthespecificmissensemutationsinahotspotcon-

tributetocancer-associated molecular mechanisms. Unlike many machine

learningalgorithms,thevisualizationofHotMAPSregionwithproteinstruc-

tureallowsmodelinterpretabilitybybiologistswithdomainknowledgeofa

particularprotein.
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Atthetimeofpublication,severalotheralgorithmswerepublishedwhich

alsosupportedthenotionthatmutationalclusteringinproteinstructurewas

advantageous[41,45,46].Inacomparisonfrom[41],HotMAPShadperfor-

manceequivalenttoothertop methodsondiscriminatinglikelydriver mis-

sensemutationsfromaninvivoexperiment. TheHotMAPSalgorithmdoes

havesimilaritieswiththeDBSCANalgorithm[118],whichisalsobasedon

usingdensityestimatesforclustering. However,DBSCANdoesnothavea

statisticallyprincipledcriterionforcontrollingfalsediscoveries.

Althoughrecurrentmissensemutationshavelongbeenknowntooccurin

bothoncogenesandtumorsuppressorgenes[116],theyhavebeenobserved

morefrequentlyinoncogenes. HereIshowedthattherearesystematicdif-

ferencesinhotspotregionsfoundinoncogenesandtumorsuppressorgenes.

Oncogeneregionsaresmaller,lessmutationallydiverse,moreevolutionarily

conserved,andmoresolventaccessiblethantumorsuppressorgeneregions.

Tumorsuppressorgeneregionsaremorelikelytoharbormutationsthatmay

impactproteinstabilitythroughchangesinhydrophobicityorvolume.Poten-

tialexplanationsforthesedifferencesarethattherearemorewaystolosethe

functionofaproteinthantogainfunction[134].Loss-of-functiontumorsup-

pressormutationscanoccuratmanyresiduepositionsandinvolvemanytypes

ofaminoacidresiduesubstitutions,whileoncogenemutationswilloccurata

fewfunctionallyimportantpositionsandinvolvefewersubstitutiontypes.
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CHASMplus:enhancedcontext

revealsthescopeofsomatic

missensedriversinhuman

cancers

6.1 Introduction

Inpreviouschapters,Ihaveshownlarge-scalesequencingstudiesofpa-

tientcohortshaveenabledidentificationofmanygenesorregionsthatwhen

mutatedcanactascancerdrivers. However,noteverymutationinadriver

geneorregionisnecessarilyadriverofcancer;thus,requiring methodsto
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discriminatewhetheranindividualmutationisadriverorpassenger.

Themostcommonapproachhasbeentoapplymachinelearningtopredict

thecancerdriverstatusofindividualmissensemutationsbyleveragingfea-

turescharacterizingamutation,e.g.,inter-speciesevolutionaryconservation,

featuresofthelocalproteinenvironment,molecularfunctionannotations,and

biophysicalcharacterizationsoftheaminoacidsubstitution. Cancer-focused

machinelearningmethodshavepreviouslytriedtoenhanceperformanceby

trainingcancertypespecificmodels[39,63]orboostingdatawithsyntheticpas-

sengermissensemutations[39].Unfortunately,arecentsystematicstudycom-

paring15suchmethodsconcludedthatnoneofthemweresufficientlyreliable

forexperimentalorclinicalfollow-through[135,136].Iandothershavehypoth-

esizedthatdeterminingtheimpactofmissensemutationsrequirespropercon-

text[67],whichhasnotbeensufficientlyleveragedinacomprehensivemanner

inthecurrentgenerationofmethods.Contextincludesbothpriorknowledge

aboutthefunctionalimportanceofgenesorgenesubregionsinwhichamu-

tationoccurs,andmutationalpatternsthatarenowevidentfromcancerse-

quencingstudiesofmanythousandsofpatients.

Inthischapter,Ipresentanewdrivermissensemutationpredictionmethod,

CHASMplus,thatusesmachinelearningtointegratemissensemutationcon-

textatmultiplescales. ThenewCHASMplusconsistentlyoutperformscom-

parablemethods,includingtheoriginalCHASM,oneightdifferentbenchmark
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sets–includinginvitroexperiments,invivoexperimentsandliteraturebench-

marks.Encouragedbytheseresults,IappliedCHASMplusto8,657TheCan-

cerGenomeAtlas(TCGA)samplesfrom32cancertypestosystematicallyiden-

tifydrivermissensemutations.

6.2 CHASMplusalgorithm

6.2.1 Overview

CHASMplususestheRandomForestalgorithmtodiscriminatesomatic

missense mutations(referredtohereafteras missense mutations)thatare

driversofhumancancersfrompassengermissensemutations.ARandomFor-

estisanensembleofmanyrandomizeddecisiontrees(seechapter3)[102,103].

Eachtreeistrainedonarandomselectionoftrainingsetexamplesandcan-

didatefeatures,viaarecursivesplittingprocess[104](Figure6.1A).CHASM-

plusistrainedusingsomaticmutationcallsfromTheCancerGenomeAtlas

(TCGA)covering8,657samplesin32cancertypes. Becausethereisnogold

standardsetofdriverandpassengermissensemutations,Idevelopedasemi-

supervisedapproachtoassignclasslabelstomissensemutations,takingad-

vantageofRandomForestrobustnesstonoisyclasslabels.Briefly,classlabels

areassignedsoastoenrichthepositiveclassfordrivermissensemutations
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Figure6.1: OverviewofCHASMplusalgorithm. a)CHASMpluspredicts
driversomaticmissensemutationsbyusingarandomforestalgorithm,con-
sistingofanensembleofdecisiontrees.Eachdecisiontreeisconstructedby
selectingarandomsetofexamplesandfeaturesandrecursivelysplittingex-
amplesbythebestsplitcriterion.b)Diagramoftrainingandtestingproce-
durebyCHASMplus.c)Featureswithanet-positivefeatureimportanceby
CHASMplusaccordingtoapermutationadjustedz-score.Boxedtextindicates
broadfeaturecategoriesthatwereimportant.d)DiagramofhowCHASMplus
identifiesstatisticallysignificantdriversomaticmissensemutationsineachof
the32cancertypesindividuallyandinaggregate(pan-cancer).

(Figure6.1B).CHASMplustrainingisdonewitharigorousgeneholdoutcross-

validationprotocoltoavoidoverfitting,byensuringallmutationswithinagene

arewithinthesamefold[132,137].Therefore,missensemutationsarenever

scoredbyaRandomForesttrainedonany missense mutationharboredby

thesamegene. Finally,predictedscoresfromCHASMplusareweightedby

the20/20+drivergenescore,producinggene-weighted(gwCHASMplus)scores

(Figure6.1B).
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6.2.2 Semi-supervisedtraininglabels

UsingtheTCGA mutationdataset,Iestablishedtraininglabelswitha

semi-supervisedapproach,designedtominimizebias(Figure6.2A).Theposi-

tiveclass(likely-drivermissensemutations)wasselectedbythefollowingcri-

teria:1)missensemutationshadtooccurinacuratedsetof125pan-cancer

drivergenes[14];2)foreachofthe32TCGAcancertypes, missensemuta-

tionsfoundinthatcancertypehadtooccurinasignificantlymutatedgene

forthatcancertypeaccordingtoMutSigCVv1.4[69].IranMutSigCVusing

recommendedsettingsandafullsequencingcoveragefile(http://archive.

broadinstitute.org/cancer/cga/mutsig).Importantly, MutSigCVv1.4

onlyassessthetotalnumberofmutationsinagene,andnotanycharacter-

isticsofthosemutations;thus,Iavoidmakingstrongassumptionsaboutthe

propertiesofaparticulardrivermutation;3)missensemutationshadtooccur

insampleswithrelativelylowmutationrate(lessthan500mutations,halfthe

minimumhypermutatorthreshold).Thisfilterwasintendedtolimitthenum-

berofpassengermutationsmislabeledasdrivers.Thenegativeclass(likely-

passengermissensemutations)consistedoftheremainingmissensemutations

intheTCGAmutationset.Fortrainingpurposes,Ionlyuseduniquemutations

toavoiddoublecountingamutationseenmorethanonce.If,however,thesame

mutationconsequenceobservedindifferentcancertypeshadcontradictoryla-

bels,Iregardedthemutationasadriverbecausemutationrecurrenceisoften
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citedassupportiveevidenceforacancerdriverrole.Thisestablishedasetof

2,051likely-drivermissensemutationsand623,996likely-passengermissense

mutations,forwhichIfoundsufficientannotationtocomputeourselectedfea-

tures.

6.2.3 Features

CHASMplusscoresbenefitfromrepresentationofmissensemutationcon-

textatmultiplescales.TheRandomForestwastrainedon95features,andthe

34featureswithanetpositivefeatureimportanceareshowninFigure6.1C.

Importantfeaturesassessfivebroadcategories:multi-resolutionmissensemu-

tationhotspots(HotMAPS1Dalgorithm[43]),evolutionaryconservation/human

germlinevariation, molecularfunctionannotations(e.g.,protein-proteinin-

terfaceannotationsfrom[138]),sequencebiasedregions,andgene-levelco-

variates(e.g.,replicationtiming). Missensemutationcontextisfurtherrepre-

sentedbythe20/20+driverscoreofthegeneharboringthemissensemutation

andthespecificcancertypeinwhichitwasobserved. Whilegene-levelfeatures

havebeenpreviouslyappliedtomissensemutationdriverprediction[62],tomy

knowledge,thisisthefirsttimethatgene-levelandmissensemutation-level

driverscoreshavebeencoupledinacancertype-specificmanner.
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Figure6.2: Trainingsetlabelingprocedureandcalibrationofstatistical
model.a)DiagramdemonstratinghowthecancertypespecificityofCancer
GenomeLandscape(CGL)genesweredetermined.b)Somaticmissensemu-
tationswerelabeledeitheras“likely-passenger”or“likely-driver”basedon
asemi-supervisedapproachusingtwosteps:overlapwithpreviouslyknown
genesfromCGLinacancertypespecificmannerandsampleswithlowmu-
tationburden.c)QQplotofobservedp-valuesforamethod(blueline)com-
paredtotheoreticallyexpectedunderthenullhypothesis(redline). Allmu-
tationsingenesfoundintheCancerGeneCensuswereremovedtoelimi-
natepossibledriver mutationsinthiscomparison. CHASMplusrepresents
unweightedCHASMplusscores,gwCHASMplusrepresentsgene weighted
CHASMplusscores,andHotspotisapreviouscodon-level mutationhotspot
detectionmethod.
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6.2.4 Statisticalsignificance

CHASMpluscanalsoevaluatethestatisticalsignificanceofcancertype-

sepcificpredictionsforeachof32cancertypesfromTheCancerGenomeAtlas

(TCGA),andpan-cancerpredictionsforallTCGAcancertypesinaggregate

(Figure6.1D).BecauseRandomForestsdonotintrinsicallyincludehypothesis

testingtechniques,Iusedsimulatedmutationstoassessthestatisticalsignif-

icanceofscores.P-valueswereestimatedfromasimulatednulldistribution,

controllingforsequencecomposition,andcorrectedformultipletestingwith

theBenjamini-Hochbergmethod(seesection2.3).TheresultingP-valuedis-

tributionssuggestourstatisticalmodeliswellcalibrated(Figure6.2B). Well-

calibratedP-valuesenablequantitativeestimatesoffalsediscoveryrateand

thusinformauserabouthowtoselectasuitablescorethresholdforpredicted

drivermissensemutations.
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6.3 CHASMplusdramaticallyimproves

identificationofmissensemutation

drivers

InextsoughttocomparetheperformanceofCHASMplusonsevenmutation-

levelbenchmarkswithrespectto12comparablemethods:VEST[106],CADD

[139],FATHMMcancer[64],SIFT[121],MutationAssessor[140],REVEL[60],

MCAP[61],ParsSNP[62],CHASM[39],Polyphen2[141],transFIC[142]and

CanDrA[63].Scoreswereobtainedbymeansmadeavailablebyeachofthe

methods.

Mybenchmarksfallunderthreebroadcategories:invitroexperiments,

highthroughputinvivoscreens,andcurationfrompublishedliterature.Each

ofthesecategorieshasweaknesses,but,inaggregate,theyspanmultiplescales

ofevaluationandamountofsupportiveevidence(Figure6.3A).Forexample,

severalbenchmarksarelimitedtooneorafewwell-establisheddrivergenes,

whileothersareexome-wide,butlackexperimentalsupport.Arangeofbench-

marksiscriticalbecausemissensemutationswiththemostestablishedexper-

imentalsupportforadriverroletendtobeinafewwell-understoodcancer

drivergenes.However,limitingbenchmarkingtothesegenesmakesitdifficult

toassessthegeneralizabilityofamethod’sperformancetomissensemutations
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Figure6.3:Cancerdriverpredictionbenchmark.a)Conceptualdiagramof
how8benchmarkscompareintermsofthescaleofevaluationandamount
ofsupportiveevidence.b)Aheatmapshowingperformancemeasuredbythe
areaundertheReceiverOperatingCharacteristicCurve(auROC)onthe7
mutation-levelbenchmarks(shownintext).Thecolorscalefromredtoblue
indicatesmethodsrankedfromhightolowperformance.Benchmarksarecat-
egorizedbyinvitro(green),invivo(yellow),andliterature-basedbenchmarks
(turquoise).ThebargraphshowsthemeanauROCacrossthebenchmarks.c)
Heatmapshowingperformance(F1score)onacancertypespecificbenchmark.
Theoverallperformanceonfourcancertypes(BLCA,BRCA,GBM,andLUAD)
ismeasuredbytheaverageF1score(rightcolumn).

inothergenes.AllbenchmarkevaluationsusedtheareaundertheReceiver

OperatingCharacteristicCurve(auROC)asametric(Figure6.3B).Overall,

CHASMplushadameanauROCof0.09higherthanthenextbestmethod.

Thiscommonmetricisusedinmachinelearningtodescribehowwellpredic-

tionsseparatetwoclasseswithoutaprioriselectingascorethreshold,which

formanymethodsisnotwelldefined[143].Inourassessment,thetwoclasses

representlikelydriverandpassengermissensemutations.Ingeneral,auROC

valuesrangefrom0.5(randompredictionperformance)to1.0(perfect).

Iusedthreebenchmarksbasedoninvitroexperiments. Thefirstwasa

setofmissensemutationsassessedbyanassayofcellviabilityintwogrowth-
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factordependentcelllines,Ba/F3andMCF10A(pro-Bandbreastepithelium

celllines),covering747mutationsin48genes[144].CHASMplushadsignif-

icantlyhigherperformancethanthenextbestperformingmethod(ParsSNP)

(p<0.05,delongtest).Inthesecondbenchmark,aninvitroassayofEGFR

resistancetoerlotinibfrommissensemutationsobservedinlungadenocarci-

noma[145],CHASMplus(auROC=0.92)outperformedallothermethods,with

thenextbestmethod(CanDrA)havinganauROCof0.87. CHASMplusau-

ROCwassignificantlybetterthanthatof7ofthemethodstested(p<.05,de-

longtest). Fortheremaining5 methods,theimprovementwasnotsignifi-

cant,possiblyduetolackofpowergiventhesmallnumberofmutations(n=75)

testedintheassay.Inthethirdbenchmark,anassayofreducedtransactiva-

tion(<50%WT,medianof8targets)inTP53fromtheIARCdatabase(n=2,314

mutations)[146],CHASMplussignificantlyoutperformedthenextbestmethod

(REVEL)(p=0.02,delongtest).

ToinvestigatewhetherCHASMpluswouldalsoperformwellwhencom-

paredtoresultsofinvivoexperiments,Iconsideredtwobenchmarksbasedon

pooledinvivoscreensinmicethatassessedmutationdriverstatusbyfitness

inacompetitionassay. Thefirstwasperformedfrommutationsobservedin

lungcancers(44missensemutations)[145]andthesecondfrommutationsob-

servedin27cancertypes(71missensemutations)[147].CHASMplushadthe

highestauROCofthe13testedmethodsonbothbenchmarks,withanincrease
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inauROCby0.09and0.1,respectively,comparedtothenextbestmethods

(ParsSNPinthefirstbenchmarkandFATHMMinthesecond).Theincrease

wassignificantinthesecondlarger,benchmark(p=0.03,delongtest,n=72),

butnotinthefirst,whichmaybetheresultofthesmallersamplesize.Inthe

firstbenchmark,CHASMpluswassignificantlybetterthan9outof12tested

methods(p<0.05,delongtest,n=44).

Experimentaltestingof mutationsacrosslargenumberofgenesorthe

wholeexomeiscurrentlynotfeasible. Therefore,evaluationofCHASMplus

atlargerscalesreliedontwobenchmarksbasedonliteratureanddatabase

curation.Thefirstbenchmarkinthiscategorylabeledrecurrentmissensemu-

tationswithingenesintheCancerGeneCensus[112]asdrivers.Ifoundthat

thegeneweightedCHASMplusscores(auROC=0.934)weresubstantiallybet-

teratthiswholeexome-wideprioritizationtaskcomparedtotheunweighted

CHASMplusscores(auROC=0.893)(p<2.2e-16,delongtest).CHASMplusscores

werealsosignificantlybetterthanthenextbestmethod(ParsSNP)(p=0.001,

delongtest). Thesecondbenchmarkwasderivedfromalargedrivergene

panel(MSK-IMPACT,414genes)and10,130sequencedcancerpatients[148].

Missensemutationswerelabeledasdriversiftheywereannotatedassuchin

OncoKB[149],aknowledge-basethataggregatesknownliterature.CHASM-

plussignificantlyoutperformedallothermethods,thenearestbeingParsSNP

(p=7e-14,delongtest).

104



CHAPTER6. CHASMPLUS

6.4 CHASMplusimprovesidentification

ofcancertypespecificdrivergenes

IevaluatedtheperformanceofCHASMplusonidentifyingcancer-typespe-

cificdrivergenes,usingapreviouslypublishedbenchmarkandassessmentof

15computational methodsdesignedforthispurpose[30]. The15 methods

are: Hotspot[42],NMC[150],OncodriveCLUST[55], MutSig-CL[69],iSiM-

PRe[151],iPAC[54],GraphPAC[52],SpacePAC[53],CLUMPS[58],e-Driver

[152],e-Driver3D[48],ActiveDriver[72],LowMACA[47],OncodriveFM[40],

and MutSigCV[33]. GeneswerelabeledbytheirdesignationsintheCancer

GeneCensusasacancerdrivergeneforaspecificcancertype. Outofthe4

cancertypecohortsassessed(BLCA,BRCA,GBM,andLUAD),CHASMplus

hadthehighestaverageF1score,abalancebetweenprecisionandrecallthat

wasusedasaperformancemetricby[30](Figure6.3C).Iadditionallynote

thatofthemethodstested,CHASMpluswastheonlyonenotprimarilyde-

signedtopredictdrivergenesthathadhighrecall(averagerecall=.45)while

maintainingprecision(averageprecision=.23).
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6.5 CHASMplusidentifiedbothcommon

andrarecancerdrivers

Certaincancerdrivermutationsprimarilyoccurinaspecificcancertype,

whileothersappearinmanycancertypes.Thepowertodetectdrivermuta-

tions,whichoccuratlowfrequencyinmanycancertypes,isincreasedwhen

manycancertypesareaggregated,knownasapan-canceranalysis. Con-

versely,drivermutations,whicharespecifictoaparticularcancertype,are

bestidentifiedwhencancertypesareanalyzedindividually[80].UsingCHASM-

plus,Iidentified3,527uniquemissensemutationsasstatisticallysignificant

driversbypan-canceranalysisatanestimatedfalsediscoveryrateof1%.

Whenappliedtoeachcancertypeindividually,thenumberfoundsignificant

variedsubstantiallyfrom8inthymomato572inbladderurothelialcarci-

nomawithamedianof78(Figure6.4A).Themedianoverlapwithliterature-

basedoncogenicityannotationfromOncoKBwas53%,suggesting47%ofthe

drivermissensemutationsidentifiedbyCHASMpluseitherhavenotbeenpre-

viouslycharacterizedornotsufficientlycharacterizedforinclusioninOncoKB.

WhileOncoKB missense mutationannotationsarenotcancer-typespecific,

thegeneswithhighestfrequenciesofcancer-typespecificdrivermissensemu-

tationsidentifiedbyCHASMplushavewell-knownrolesincancer[21](Fig-

ure6.4B).
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Figure6.4:Discoveryofdrivermissensemutations.a)Bargraphsshowing
thenumberofuniquedriversomaticmissensemutations(top)andthepro-
portionpreviouslyknowninOncoKB,aliteraturecurateddatabase(bottom).
b)Heatmapofthetop25genescontainingthemostfrequentdriversomatic
missensemutationsinTCGAacrossthecancertypespecificanalyses.Shown
arethepercentageofsamplesthataremutated.c)Proportionofoverallfre-
quencyofdriversomaticmissensemutationsfoundinrare(<1%ofsamples
orsingleton mutations),intermediate(1-5%),andcommon(>5%)driverso-
maticmissensemutations. Correspondinglyshownaslighttodarkblue.d)
StructureofthePhosphatase2Aholoenzyme(PDB2IAE).e)Structuresofthe
ERBB2extracellulardomain(left,PDB2A91)andkinasedomain(right,PDB
3PP0).
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Thelongtailhypothesis,proposedfromexaminingoverall mutationfre-

quencyofdrivergenes[74,75],suggeststherearemanyraredrivers.However,

theoverallmutationfrequencyofagenedoesnotaccountfortheconfounding

presenceofpassengermutationswithinadrivergene.Fromourmutation-level

analysis,Iobservedthattherelativeprevalenceofrare(<1%ofsamples),in-

termediate(1-5%),andcommon(>5%)drivermissensemutationsvariedsub-

stantiallyamongcancertypes(Figure6.4C).Forexample,uveal melanoma

wasdominatedbycommondrivermissensemutations(88%),whileheadand

necksquamouscellcarcinoma(HNSC)wasdominatedbyraredrivermissense

mutations(63%).Interestingly,fromthepan-canceranalysis,theoverallpro-

portionofdrivermissensemutationsconsideredrarewasonlyslightlysmaller

thanforcommondrivers(35.4%and35.5%,respectively),but4-foldgreater

thanfoundbyapreviousmethod(8%,P¡2.2e-16,Fishersexacttest)[9].

Raredriver missense mutationsexistnotonlyinraredrivergenes,but

alsomaybespatiallyproximalinproteinstructuretocommondrivermissense

mutations.Forexample,theproteinphosphatasePPP2R1A,whichhasbeen

implicatedasatumorsuppressorgeneinmanytumortypes[59],contained

commondrivermissensemutationsinourpan-canceranalysisatresiduepo-

sitions179and183,whichislocatedattheproteininterfacecomposingthe

phosphatase2Acomplex(Figure6.4D).Italsohadamuchbroadersetofrare

driversthroughouttheproteininterface,suchasR105QandR459C.Similarly,
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CHASMplusidentifiedcommondrivermissensemutations(S310A/F/Y)inthe

extracellulardomainofthewell-knownoncogeneERBB2,butalsofindsrare

drivermissensemutationsinboththeextracellularandkinasedomain(e.g.,

L313VandR678Q)(Figure6.4E).Thisissupportiveofpreviousexperimen-

talworkimplicatingrarecancerdriver mutationsincommoncancerdriver

genes[19].

6.6 Mutationhotspotdetectionhaslim-

itedpower

Acodonorsmallregionofproteinsequenceorstructurewhererecurrent

mutationsareobservedisknownasahotspot.Similartostatisticalmethods

fordrivergenedetection,hotspotdetectionidentifiesanexcessnumberofmu-

tationscomparedtoexpectation.usingalargenumberofcancersamples.I

askedwhether,givencurrentcohortsizes,codon-basedhotspotdetectionhad

sufficientstatisticalpowertoidentifyraredrivermutations.Iassessedthe

numberofsamplesrequiredtodetectdrivermutationsacrossarangeoffre-

quencies(proportionofsamplesinwhichamutationoccurs)andsomaticback-

groundmutationrates.InFigure6.5A,eachofthe32TCGAcancertypesis

placedaccordingtoitssamplesizeandbackgroundmutationrate,relativeto

sixcurveswhichrepresenttherequiredsamplesizetodetectdrivermutations
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ofacertainfrequency,with90%power,usinghotspotdetection.Forexample,

theTCGACervicalSquamousCellCarcinomaandEndocervicalAdenocarci-

noma(CESC)cohorthas274samplesandabackgroundmutationrateof3.5

mutations/Mb. Thissamplesizeissufficienttodetectdrivermutationsthat

occurin2%ofthesampleswith90%power.

AtcurrentTCGAsamplesizes,Ifoundcodon-basedhotspotdetectionap-

proacheswerenotwellpoweredtoidentifydrivermutationsthatoccurredat

lessthan1%frequencyin mostcancertypes. Exceptionswerethyroidcar-

cinoma(THCA),lowgradeglioma(LGG)andbreastcancer(BRCA),which

areseentolieabove(orcloseto)thecurverepresenting1%frequency(Fig-

ure6.5A).Notably,thesecohortshadlargenumbersofsamplesandlow-to-

mediumbackgroundmutationrates.Ialsofoundthatwhencancertypeswere

aggregatedinpan-canceranalysis,powertodetectcodon-basedhotspotsim-

provedsubstantially,butonlywhentherecurrentmutationsweresharedin

morethanonecancertype. Forthesemutations,pan-canceranalysisusing

10,000TCGAsamplesshouldenabledetectionofdrivermutationsatfrequency

aslowas0.1%.

Inourpan-canceranalysis,CHASMplushadgreatersensitivitytodetect

putativelyoncogenicmissensemutationsthanarecentlypublishedcodon-based

hotspotdetectionmethod(Figure6.5B).Icomparedthemissensemutations

intheTCGApan-cancercohortthatwerecalledstatisticallysignificantby
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CHASMplusandthosecalledbyahotspotmethoddescribedby[9](q≤0.01
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Figure6.5:(Figure:previouspage)Saturationandcharacteristicsofdriver
somaticmissensemutations.a)Statisticalpowertodetectsignificantlyele-
vatednon-silentmutationsforindividualcodonsasafunctionofsamplesize
andmutationrate.CirclesrepresenteachcancertypefromtheTCGA,andis
placedaccordingtosamplesizeandmedianmutationrate.Curvesarecolored
bytheeffectsizeofthedrivermutations(fractionofnon-silentmutatedcancer
samplesabovethebackgroundmutationrate).b)Bargraphcomparingsen-
sitivitytodetectlabeledoncogenicdrivermissensemutationsfromOncoKB
betweenCHASMplusandahotspotdetectionapproach.c)Plotdisplayingnor-
malizeddriverdiversityanddriverprevalence(fractionofsamplesmutated)
fordriversomaticmissensemutationsin32cancertypes.K-meansclustering
identified5clusterswithcentroidsshownasnumericallydesignatedcircles.d)
Prevalenceofdriversomaticmissensemutationsasafunctionofsamplesize.
LinesrepresentLOWESSfittodifferentraritiesofdriversomaticmissense
mutations.

oncogenicmutationsintheOncoKBdatabase.CHASMplussensitivitytode-

tecttheOncoKB-labeledmutationswas0.83. Thesensitivityofthehotspot

method(0.46)wassignificantlylower(p<2.2e-16,McNemar’stest,n=896).To

minimizegenebias,Ialsorepeatedtheanalysisafterexcludingall389TP53

mutations,yieldingsensitivityof0.76forCHASMplusand0.49forhotspot

detection,adifferencewhichisstillstatisticallysignificant(p¡2.2e-16,McNe-

mar’stest,n=507). Moreover,theseresultsarealsoreflectedinthenumberof

significantpredictionsofthetwomethods. Thecodon-basedhotspotmethod

onlyidentified360uniquecodonsassignificantinourTCGAdataset,while

CHASMplusfoundsignificantmissensemutationsin2,588codons.Ibelieve

thattheincreasedsensitivityistheresultofCHASMplususingabroadrange

ofimportantfeatures,includingmulti-resolutionhotspotdetectionandweight-

ingbydrivergenescores(Figure6.5C).Importantly,myincreasedsensitivity
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didnotcomeatthecostoflowspecificity,asevidencedbyourp-valuecalibra-

tionandextensiveROCanalysisacrosssevenbenchmarkeddatasets,which

measuresabalanceofsensitivityandspecificity.

6.7 Characterizingcancertypesandthe

trajectoryofdiscovery

Thediversityandprevalenceofdrivermissensemutationsvariedconsider-

ablyacrossTCGAcancertypes(Figure6.5C).Idefineddiversitywithrespect

tothedistributionofdrivermissensemutationsacrosscodonsandprevalence

withrespecttothefrequencyofthemutationsintumorsamples. Highdiver-

sityindicated mutationswerebroadlydistributedacrosscodons,whilehigh

prevalenceindicateddrivermissensemutationsthatoccurredinalargenum-

beroftumorsamples. UsingK-meansclustering,Ifoundthatcancertypes

groupedintohighdiversityandlowprevalence(12cancertypes),highdiver-

sityandhighprevalence(15cancertypes),andlowdiversityandhighpreva-

lence(5cancertypes).Thesedifferenceswerenotassociatedwithintra-tumor

heterogeneityornormalcontamination,asassessedby meanvariantallele

fraction(VAF)ofacancertype(p>0.05,correlationtest).Thedifferencesalso

couldnotbeassociatedonlywithTCGAsamplesizeforaparticularcancer

type.Forexample,whilebothpancreaticductaladenocarcinoma(PAAD)and

113



CHAPTER6. CHASMPLUS

sarcoma(SARC)hadsimilarsamplesizes(n=155,n=204respectively),PAAD

hadhighprevalenceandlowdiversity,whileSARChadlowprevalenceand

highdiversity. Afteradjustingforsamplesize,Iobservedthattheaverage

mutationburdenforacancertypepositivelycorrelatedwiththeprevalenceof

rare(butnotcommon)drivermissensemutations(R=0.63,P=4.7e-5,likelihood

ratiotest).

Aretheresubstantiallymorecancerdrivermissensemutationsyettobe

discovered?Ifdiscoverywasmeasuredbythenumberofuniquedrivermis-

sensemutationsidentified,subsamplinganalysisshowedallcancertypeshad

alinearincrease(R2>0.5)withnoevidenceofsaturationatcurrentsample

sizes(Figure6.6). However,Ididobservesubstantialvariabilityintrajecto-

riesifdiscoverywasmeasuredbydriverprevalence(averagenumberofdriver

missensemutationspercancersample)(Figure6.5D),ametricwhichgoesdi-

rectlytoutilityofdriverdiscoveryinclinicalpractice(Discussion). Forsar-

coma(SARC),adrenocorticalcarcinoma(ACC),andprostateadenocarcinoma

(PRAD),driverprevalenceremainedminimalassamplesizeincreased. While,

incontrast,thymoma(THYM),uvealmelanoma(UVM),andpancreaticductal

adenocarcinoma(PAAD)containedcommondriver missense mutationsthat

couldbedetectedbyusingonlyafewsamplesfromthecohort,e.g.,GTF2I

L424HinTHYM.Duetoalackofrareorintermediatedrivermissensemu-

tations,IobservedTHYMandUVMsaturateddiscoveryassamplesizein-
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creased. AlthoughPAADdidshowagrowingsetofintermediate/raredriver

missensemutations,theoveralldriverprevalenceexhibitedadiminishingrate

ofdiscovery.Incontrast,breast(BRCA),headandnecksquamous(HNSC),and

coloncancers(COAD)harboredafullspectrumofdrivermissensemutations,

withraredriversincreasingsubstantiallyasafunctionofsamplesize.

6.8 Discussion

CHASMpluswasdesignedtobetterrepresentthecontextinwhichmissense

mutationsoccur,bycouplingpriorinformationaboutamutation’slikelyfunc-

tionalimportanceandmutationalpatternsevidentfromlargecancersequenc-

ingstudies.IcomparedCHASMpluswith27othercomputationalmethods,

includingtheoriginalCHASM,oneightbenchmarkscoveringinvivoexperi-

ments,invitroexperiments,andliteraturecuration,CHASMplushadthebest

performanceatpredictingdriversateachscaleofevaluation-awholeexome,a

targetedgenepanel,andwithinasinglegene.Individually,noneofthebench-

markswasideal.Forexample,mutationsintheinvitroorinvivobenchmarks,

wereselectedbycomplicatedstudyinclusioncriteriaandlimitedbyresource

constraints.However,Ibelievethatapplicationofmultipleindependentbench-

marksspanningawidearrayofgenesisthecurrentbestpractice.

Thelongtailhypothesis[74,75]positsthattherearemanyraredrivermu-
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tationsinhumancancers.Toassessthishypothesis,Ileveragedtheimprove-

mentsmadeinCHASMplustosystematicallypredictdrivermissensemuta-

tionsin8,657samplesfromtheTCGA.Althoughindividuallyrare,Ifound

thatraredrivermissensemutationsplayedaprominentroleinaggregate,con-

sistentwiththelongtailhypothesis.Thisresultsupportsthecriticalroleof

assessingtheprevalenceofdriver mutations–failuretocaptureandiden-

tifyraredrivermutations,whichoccurinaggregateatreasonableprevalences,

mayresultincrucial missedopportunities. Becausehigh-throughputfunc-

tionalvalidationstudiesofmissensemutationsarenotyetwidespread,com-

putationalmethods,likeCHASMplus,areneededtoprioritizemutationsfor

low-andmedium-throughputstudies.AkeyadvantageofCHASMplusisthat

Icanprecomputeascoreforeverypossiblemissensemutation,forminganin

silicosaturationmutagenesisacrossallgenestocaptureraredrivermutations

yetseenmutated.

Tomyknowledge,mineisthefirststudytoshowthattheprevalenceanddi-

versityofdrivermissensemutationsishighlyvariableacrossthecancertypes

representedintheTCGA.Iobservedthatmutationburdenforacancertype

positivelycorrelatedwithprevalenceofrare(butnotcommon)drivermissense

mutations,evenaftercorrectingforsamplesize,suggestingthataccumulating

agreaternumberofmutationsinacancermayincreasethecompetitiveness

ofraredrivers. Moreresearchintotheoriginsofraredrivermutationsiswar-
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ranted,becausedifferencesintherarityofdrivermissensemutationscould

arisefromavarietyoffactors,includingthedrivermutation’sstrength,de-

pendenceongeneticorenvironmentalfactors,competitionfromothertypesof

tumor-derivedalterations,orroleincancersubtypes.
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Comprehensivediscoveryof

drivergenesandmutationsin

cancer

Overthepastdecade,TheCancerGenomeAtlas(TCGA)hascoordinated

amonumentalenterpriseofdatagenerationandgenomicinvestigationacross

33cancertypes,andnumerousnotablefindingshaveemergedfromthisproject

(https://cancergenome.nih.gov/publications).TheindividualTCGA

projectsalsomotivatedthedevelopmentofmanybioinformaticalgorithmsori-

entedtowarddiscovery,characterization,andprioritizationofcellularpro-

cessesdrivingcancerbasedonpathways[153],genes[31],orindividualvari-

ations[154]. However,despitethisremarkableprogress,algorithmsdonot
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entirelyagreeoncertaincandidatecancerdrivergenesandmutations,neces-

sitatingcontinuedexpertcurationtofilterlikelyfalsepositivefindings. More-

over,previousPanCanceranalyses[70]havebeenlimitedtofewercancertypes

andhavelargelyavoidednominatingraredrivermutations. Thischapteris

workdoneasaco-leadinganalystintheDriver’sgroupwithintheTCGAPan-

canAtlas(hereafterreferredtoasdriver’sgroup).

7.1 Materialandmethods

7.1.1 Mutationcallingqualitycontrol

ApubliclyavailableMAFfile(https://synapse.org/MC3)wasrecently

compiledbytheMC3WorkingGroupandisannotatedwithfilterflagstohigh-

lightpotentialartifactsordiscrepancies.Thisdatasetrepresentsthemostuni-

formattempttosystematicallyprovidemutationcallsforTCGAtumors.The

MC3effortprovidedconsensuscallsfrom7softwarepackages[155].Flagged

artifactsinclude:non-exonicregions,whole-genomeamplified(WGA)samples,

exclusionlists,blood/tumorderivedpairs,strand-bias,contaminationestima-

tions,oxo-guanineartifacts,lownormalreaddepth,polymorphismscommonin

EXAC[156],mutationspresentinapanelofnormalsamples,non-preferredtu-

mornormalpairs,andmutationsoutsidetheregionsofinterestforanycaller.
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Ifamutationwasnotassignedanyflagandwascalledby2ormorevariant

callingsoftwarepackages,itreceiveda’PASS’identifier.Irestrictedouranal-

ysistoPASScallswiththeexceptionofsamplesfromOVandLAML,which

weresomeoftheearliestsequencedbyTCGA.Preparationsforthesesamples

utilizedwholegenomeamplified(WGA)DNA,animportantfactorinthatthe

WGAprocesscaninduceartefactualmutations.Ofthe412OVand141LAML

samplespresentinourdata347(84%)and141(100%),respectively,hadvari-

antsderivedfromWGADNA.Inordertomaintainsamplesizesanduniformity

inmutationcalling,Ididnotfiltermutationscontainingonly’wga’filtertags

fromthesetwocancertypes.Irecognizemultiplelimitationsofthismutation

callsetincludingthelackofstructuralvariantsandcopynumberalterations,

aswellasvariabilityinsequencingdepthandtumorpurity.Theabovelimita-

tionsmayleadtovariabilityinmutationdetection;however,theMC3dataset

reflectsthestate-of-the-artinconsensusmutationdetection.

Ialsoexcludedhighly mutatedsamples. Thesehypermutatorswerede-

finedassampleswithamutationcountexceedingTukey’soutliercondition,

i.e.greaterthan1.5timestheinterquartilerangeabovethethirdquartilein

theirrespectivecancertypes(3Q+1.5*IQR).Designationasahypermutator

alsorequiredthenumberofmutationsinasampletoexceed1000,aheuris-

ticthatlimitedthenumberofdiscardedsamplesinlowmutationratecancer

types.LUAD,SKCM,andUCEChadhypermutatorthresholdsgreaterthan
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1000mutations(1047,2122,and2545respectively).Ialsoexcludedsamples

thatwereflaggedbytheanalysis-workinggroupbasedonpathology,butal-

lowed“RNAdegradation”samplestoremain,asthisfactorisnotparticularly

relevantformostdriverpredictiontoolsbasedonmutations.Thefinaldriver-

discoverydatasetconsistedof9,079sampleshavingatotalof791,637 mis-

sensemutations,323,884silentmutations,96,1963’UTRmutations,57,900

nonsensemutations,42,251intronicmutations,42,251Frameshiftdeletions,

34,2665’UTR,21,804splicesitemutations,19,856RNAmutations,11,305

frameshiftinsertions,7,6223’flankingmutations,6,4195’flankingmutations,

6,144in-framedeletions,1,362translationstartsitemutations,964nonstop

mutations,and632in-frameinsertions.

7.1.2 Drivergenediscoveryapproach

Usingmultipletoolscanovercomenumeroustechnicalissuesthatconfound

individualstatisticalanalysestofinddrivergenes,suchasheterogeneousmu-

tationrateacrossthegenome[33],inflatedsignificanceforlonggenes[157],

andfalsepositivecallsincancerswithhighmutationrates[85].Inthefirst

phase,8differenttoolscomprisingalgorithmsbasedon mutationfrequency

(MuSiC2[73]andMutSig2CV[69]),features(20/20+[85],CompositeDriver(in

preparation)andOncodriveFML[99]),clustering(OncodriveCLUST[55]),and

externallydefinedregions(e-Driver[152]andActiveDriver[71])wereused
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Figure7.1:(Figurepreviouspage)ConsensusGenescoresandSMGfiltering.
(A)Left,outlierdetectionwasperformedonaperanalysisandmethodbasis.
Outliersweremarked(red)basedonthequasi-majorityofthreecriteria:(1)
lowconcordancewithknowncancergenesfromVogelsteinetal(lowerthan
median);(2)highdivergenceofp-valuedistributionfromtheoreticalexpecta-
tion(higherthanmedian);and(3)abnormallyhighnumberofsignificantgenes
(>1.5xtheinterquartilerangeabovethethirdquartile).Thefirsttwocriteria
wereassessedbasedontheothertoolswithinasingleanalysis,whilethethird
criterionwasassessedbasedonthesametool’sresultsoveralltheindividual
cancertypes(excludingthePanCanceranalysis). Right,examplecalculation
ofthegeneconsensusscoreforARID1AinthecancertypeLIHC.Aresultfrom
anoutlierisdownweighted,receivingaweightof0.5insteadof1.0.Thegene
consensusscoreisthesumofweightsfortoolsfindingthatgeneassignificant.
(B)OverlapofconsensusgenelistwithpriorTCGAmarkerpapers.(C)Likely
falsepositivesweredetectedwithahighLinearDiscriminantAnalysis(LDA)
scorethresholdrepresenting90%sensitivityforkeepingassociationsfoundin
CancerGeneCensusgenes.LDAwastrainedtodistinguishcommonfalsepos-
itivesinexomesequencingfrompreviousTCGAPanCancer markerpapers.
TheLDAthresholdwasonlyappliedtothepotentialsourceoffalsepositive
genes.(D)Fractionofmarkerpapergeneshighlightedinthemaintextthat
werealsofoundinourconsensusgenelist.(E)Fractionofourconsensusgene
listfoundinpreviousTCGAmarkerpapers.(F)Fractionofassociationsfound
intheCancerGeneCensus(CGC)thatwereeitherfoundonlyintheconsensus
genelistorTCGAmarkerpaper.

7.1.2.1 Consensusmethodology

Iidentifiedapreliminarytotalof2,101potentialdriversbytakingtheunion

ofgenespredictedbytheeightdriver-genediscoverytools. Asillustratedin

Figure7.1A,theincreasednumberoffalsepositivegenesislikelyduetoany

individualtool’scapabilitytomaintainsoundstatisticalpropertiesthathan-

dleacomplexsetoffactorssuchastumorheterogeneity,increasedmutation

rates,andvariablesamplesizes.Irefinedthislistbycalculating,foreachgene

predictedineachcancertype,aconsensusscorethatcompensatedforoutlier
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resultsandcorrelationamongtools(Figure7.1).Theconsensusscorewasde-

finedasaweightedsumofthenumberoftoolsthatpredictedthegenetobea

driverineachcancertype(seesubsubsection7.1.2.2).Irequiredaminimum

oftwotoolstoagree,wherebothcouldnotbeoutliers(score≥1.5). Although

itisdifficulttodistinguishtheoverallperformanceimprovementonasmall

numberofheldoutCGCgenes(Figure7.2A),theweightingstrategydidhave

higherspecificity(p=4.3e-8,McNemartest),whichispreferablegivenconcerns

offalsepositives.Regardless,theconsensusscoreperformanceonidentifying

CGCgenes(Figure7.2A)supportpreviousreportsthat mergingtheresults

fromdifferentalgorithmsimprovecancerdriverdiscovery[70].

Tomaximizethecoverageofouranalysisandensuretheaccuracyofour

finallist,previousfindingswerereviewedin31individualcancertypesand

PanCancer-12fromTCGA.ForcancertypesnotyethavingaTCGApubli-

cation,therelevantanalysisworkinggroupswereconsulted(LIHC,TGCT,

UVM,SARC,PAAD,andTHYM).Iincludedinourfinalconsensuslistall

thosegenesthatwerepreviouslydescribedasdriversbyexpertsinthecancer-

specificanalysisofTCGAdatasetsandwerealsoidentifiedbyatleastoneof

theeightalgorithms,eveniftheydidnotmeetourconsensusscorethreshold

(≥1.5)(Figure7.3A).Thisresultedinanadditional54gene-cancerpairs,such

asATR,CHEK2,IDH2,andERCC2inthePanCancerdatasetandFOXA1in

BLCA,HRASinSKCM,andMET inLUAD(Figure7.1B-F).Themajorityof
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Figure7.2:(Figurepreviouspage)Characteristicsofconsensusgenes.(A)Pre-
dictivepowerofeachindividualdrivergenedetectionmethod(ingray)andof
theweightedandweightedscores(inorange).Thepredictivepowerwasmea-
suredasprAUC,usingallthegenesintheCancerGeneCensusandasetthat
additionallyexcludesCancerGenomeLandscapegenesusedinoutlierdetec-
tion.Errorbars,calculatedbybootstrapping,indicateonestandarddeviation.
(B)Thenumberofconsensusgenesineachcancertypepositivelycorrelated
withtheaveragemutationburden.Shadedareaindicates95%bootstrapped
confidenceinterval.(C)Giventhevariabilityinpoweredeffectsize(fraction
ofmutatedsamplesabovebackgroundwith90%power)inthisstudy,thereis
anegativebutnotsignificantcorrelationwiththenumberofconsensusgenes
ineachcancertype. COADandREADwereexcludedbecauseanalysiswas
performedseparately,butthefinalconsensusgenesweremerged.(D)Pear-
soncorrelationbetweenthenumberdrivergenesidentifiedandmedianpurity
wascalculatedandplotted.(E)Pearsoncorrelationbetweenthenumberdriver
genesidentifiedandmeanpuritywascalculatedandplotted.Summarystatis-
ticsforp-valueandr-squaredvaluearereportedinthetoprightcornerofpan-
elsDandE.(F)Percentofsamplescontaininganon-silentmutationstratified
bycancertype.Theredlineindicatesthemedianacrosscancertypes(left)and
averagenumberofnon-silentmutationsinconsensusgenespersample(right).
(G)Apiechartshowingthepercentofconsensusgeneswhicharefoundin
theCancerGeneCensuswithannotationsforsmallsomaticmutations(mis-
sense,splicesite,indel,andnonsense)(H)Consensusgenesshowedahigher
probabilityforloss-of-functionintoleranceandmissensemutationconstraintof
germlinemutationsbasedonExAC,andwereexpressed(RPKM>1)inawider
numberoftissuesfromGTeX(version6). Giventhehighcorrelationofgene
expressioninthe11brainregionsassessedfromGTEx,wetookthemedianof
multiplebraintissues,asdoneinLeketal.,2016.

thiseffortresultedinlinkingcancergenesidentifiedbyourstrategytoaddi-

tionalcancertypesbasedonpreviousliterature(32/54).

Tolimitfalsepositivesintheexpandedlist,lineardiscriminantanalysis

wasapplied(Figure7.1C).45geneswereidentifiedandremovedfromthecon-

sensusastheyarelikelyfalsepositives. TheseincludedCACNA1EinPan-

Cancer,COL11A1inLUAD,DSTinGBM,andTTNinSKCM.Theconsensus
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Figure7.3: (Figurepreviouspage)Cancerdrivergenediscovery:(A)Cir-
cos[158]plotdisplays299cancergenes.Eachsectorindicatesauniquecan-
certype(textinblue)withpredicteddriversuniquetothatcancertypelisted
(genenameinblack). Onlytissueswithatleastoneuniquedrivergeneare
shown.Thetoprightsectorshowsallgenesfoundsignificantinmultiplecan-
certypes. Next,acategoricalscoreofgold,silver,orbronzeisassignedto
eachgenebasedonthehighestconsensusscore.Ifagenewasnotscored
andrequiredrescuethenthefieldisempty. Thenextringillustratesthe
mutationfrequencyofageneinourdataset. Forthetoprightwedge,the
PanCancerfrequencyisused,whilecancer-type-specificfrequenciesareused
intheremainingsectors. Wherefrequenciesexceedthey-axislimitof10%,
theinnermostlabelindicatesthefrequency. Thefinalringusesa5-point
scalefromorangetotealtorepresenteachgenefromlikelytumorsuppres-
sortolikelyoncogene,respectively,bythe20/20+algorithm. Finally,inthe
toprightsliceweshowhierarchicalclusteringofthegeneconsensusscores
forgenesthatwerefoundin morethanonecancertype(note: CRCrefers
totheCOADREADcancertype). Additionally,significantgeneclusters(per-
mutationtest)identifiedPan-Gastrointestinal(red),Pan-Squamous(purple),
andPan-Gynecologicaltissues(green). Themiddleringillustratesallgenes
thatwereonlyfoundusingPanCancerresults,orwereotherwiserescued.(B)
Heatmapshowingclusteringofdifferentcancertypesbypathway/biological
processaffectedbyassociatedconsensusdrivergenes. Celloforiginforpan-
gynecological,pan-gastrointestinal,andpan-squamousarecoloredasabove.

listfromtheabovesystematicapproachconsistedof258uniquegenes. The

averagenumberofnon-silentmutationspersampleinourconsensusgenelist

variedsubstantiallybycancertyperangingfrom¡1in12cancertypes(ACC,

CHOL,KICH,KIRP,LAML,MESO,PCPG,PRAD,SARC,TGCT,THCA,and

THYM)to7.3inUCEC.Amedianof85%oftumorsharborednon-silentmuta-

tionsinconsensusgenesacrosscancertypes(Figure7.2F).

Giventhelimitationsofasystematicapproach,41genesweremanuallyres-

cued.Intherescueattempt,Istartedwithalistofgenesidentifiedfromprevi-

ousTCGAmarkerpapersbutnotfoundfromoursystematicapproach.Genes

129



CHAPTER7. COMPREHENSIVEDRIVERDISCOVERY

wererescuedwithsupportiveevidencefromthefollowingsources:hypermuta-

torphenotyperelatedgenes(sinceweexcludedhypermutatedsamplesinour

systematicdiscovery;6genes),establishedcancergenesfromLAMLbecauseof

lowqualityvariantcallingoriginatingfromliquidtumorcontaminationofthe

normalsamples(6genes),genessupportedbyomicnetworktools(DriverNet

andOncoIMPACT;25genes),andagenesupportedbyallthreeapproaches

fromthedrivermutationdiscovery(1gene).Additionofgenestothefinallist

wassubjectedtoexpertmanualcuration(3genes).

Thefinalconsensusgenelistconsistedof299uniquegenesacross33cancer

typesandthePanCancerdataset(Figure7.3A).Thelistcapturesmostprevi-

ouslydescribeddrivergenesforthemajorityofcancertypes.Ioverlappedthe

cancerdrivergenesobtainedfromtheconsensusapproachwithoutmanualcu-

rationwiththosefrom5independentstudiesin4cancertypes(BRCA,PRAD,

PAAD,andLIHC)ofwhichoneiswhole-genomesequencing.Theconsensusap-

proachalwayshadagreaterinter-studyoverlap,withanaverageincreaseof

26%overonlyusingasingletool,eitherMuSiC2orMutSig2CV[59,159–163].

Amongthe299genes,59novelgeneswerenotpreviouslyidentifiedin6pre-

viousPanCancerpublications[10,14,59,69,70,164,165]orthecancergene

censuslist(http://cancer.sanger.ac.uk/census/)[112].
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7.1.2.2 Weightingstrategy

Toolspredictingcancergeneswereweightedaccordingtotheirperformance

ineachcancertype,receivinghalftheweightifaresultwasdeemedanoutlier,

therebyobligatingadditionaltoolagreement.Specifically,Iexaminedquality

metricsacrosstoolsandwithinthesametool,whichallowedustoidentifyout-

lierresults.Imarkedoutliersbasedonthequasi-majorityofthreecriteria:

lowconcordancewithknowncancergenes,highdivergenceofp-valuedistribu-

tionfromtheoreticalexpectation,andabnormallyhighnumberofsignificant

genes. Thefirstcriterionevaluatedthefractionoverlapofsignificantgenes

withapreviously manuallycuratedsetofdrivergenesfrom[14]compared

withthemedianacrossalltools.Thesecondcriterionexaminedwhetherthe

divergenceofobservedp-valuesfromthosetheoreticallyexpectedbytheMean

LogFoldChange(MLFC)[85]wasgreaterthanthemedianofalltools,which

mayindicateatool’sstatisticalassumptionsmaynotbewellsatisfied. The

thirdcriterionexaminedwhetheratool’spredictionforparticularcancertypes

appearedasanoutlierintermsofthenumberofsignificantgenescompared

againstalloftheresultsforthattool(Tukey’soutliercriterion:numbersignifi-

cant>3Q+1.5*IQR).Icalculatedageneconsensusscorebysummingthetools

thatdeclaredthegeneasbeingsignificant,withaweightof1fornon-outlier

resultsand0.5foroutlierresults.
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7.1.3 Drivermutationapproach

TomaximizethecoverageofouranalysisIused12toolsthatlookforthree

distincthallmarksof“driverness”.Thecollectionwascomprisedof8mutation-

levelalgorithms(SIFT[25],PolyPhen2[26], MutationAssessor[140],trans-

FIC[40],fathmm[64],CHASM[39],CanDrA[63]andVEST[106]),and4

structure-based(HotSpot3D[46],HotMAPS[43],3DHotSpots.org[41]ande-

Driver3D[48]).Inordertocombinethepredictionsfromthesequence-based

approachesIusedprincipalcomponentanalysistodevelopaCombinedTool

AdjustedTotal(CTAT)scoresforboth,population-basedandcancer-specific

scores.Principalcomponentanalysishasbeenpreviouslyshownsuccessfulin

asimilartaskofprioritizinggermlinemutations[166].Ialsocombinedthe

resultsfromthree-dimensionaltoolsbyaddingthenumberoftoolsthatpre-

dictedaspecificpositionasbelongingtoacancer-mutationcluster.Finally,to

limitthenumberoffalsepositives,Ifocusedouranalysisonthegenesofour

consensusdriverlist.

TheCTATscorecombinesmultipleindividualtoolsthatprioritizemissense

mutations. Tonormalizeeachscore,Icalculatedthez-scorebysubtracting

themeanscoreandthendividingbythestandarddeviation.Ithenperformed

principalcomponentanalysis(PCA)usingScikitLearnv0.18.0andusedthe

scorealongthefirstprincipalcomponentasourCTATscore,representingthe

scalarprojectionontothefirsteigenvector.Onlymissensemutationsthathad
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nomissingvaluesforeachofthecombinedtoolswereusedingeneratingthe

principalcomponentanalysis.Iperformedthisprocedureontwodistinctcate-

goriesoftools,“population-based”toolsthatdistinguishdamaging/pathogenic

germlinemissensevariantsfromcommonpolymorphisms(SIFT,PolyPhen2,

VEST,and MutationAssessor),and“cancer-focused”toolsdesignedtodistin-

guishsomaticmissensemutationsthataredriversfrompassengers(CHASM,

CanDrA,fathmm,andtransFIC).Toscoretheremainingmissensemutations

thatdidhaveamissingscore,Iimputedmissingscoresoftheindividualtool

withthemeanforthemethod.Imputationwasonlyperformedforthecancer-

focusedtoolsasthepopulation-basedtoolshadtoomanymissingvalues.

TodefinetheCTATscorethresholds,Iusedthe maximumbalancedac-

curacywhenpredictingOncoKBmutations“oncogenic”or“likelyoncogenic”.

Thisyieldedathresholdof1.2forCTAT-populationand2.4forCTAT-cancer.

Forthestructuralalgorithms,Ireportamutationaslikelydriverifatleast2

algorithmsidentifyitwithinacluster.Finally,Ievaluatedtheperformanceof

eachCTATscoreusingmutationsfromOncoKBlabeledas“likelyoncogenic”

or“oncogenic”astrue-positives.
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7.2 Results

7.2.1 Mutationaldataset

MutationcallswereproducedbytheMulti-CenterMutationCallinginMul-

tipleCancers(MC3)workinggroupbyharmonizingresultsof7algorithms

[155].ToreducethefalsepositiveratefordrivergenediscoveryIimplemented

threestrategiesaddressingknownissuesaffectingdriverdetectionanddata

quality(see Mutationcallingqualitycontrol). Thedriverdetectiondataset

ultimatelyconsistedof9,079sampleshaving1,457,702totalmutations,where

thenumberofmutationspersamplewaswidelydistributedacrosscancertypes

andwasconsistentwithpreviouspublications[33,66,70].

7.2.2 Thelandscapeofcancerdrivergenes

Thefinalconsensuslistconsistsof299uniquegenes:258genesobtained

fromasystematicapproachand41additionalgenesrecoveredaftermanual

curationofpreviousTCGAmarkerpaperswiththemajority(26outof41,63%)

supportedbyadditional-omicnetworktools(DriverNetandOncoIMPACT)not

usedinoriginalSMGdetection. Notethat,fortherestoftheanalysespre-

sentedhere,Iwillfocusonthe258genesset,butIacknowledgethelimitations

ofasystematicapproachbyincludingthe41genesrescuedbymanualcuration
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inourfinallisttoachievecomprehensiveness.

Thelistrecoversmostofthepreviouslydescribeddrivergenesforthemajor-

ityofcancertypes.Infact,in20outthe31cancertypesincludedinourstudy

thathadeitherbeenpreviouslypublishedorforwhichIhadaninternallist

ofknowncancerdrivergenes,therecoveryrateis80%orhigher(Figure7.1D

andFigure7.1E).The mostsignificantoutliersareSTADandtheprevious

PanCancerstudy,forwhichIonlyrecoveredaround70%ofthepreviouslyde-

scribedgenes(Figure7.1D).Theconsensuslistalsoincludes59novelgenes

thathadnotbeendescribedpreviouslyandotherknowndriversnotpreviously

associatedwithagiventissue. Predictionsofknowncancerdrivergenesin

newtissuesincludeATRXinACC,KMT2C,CTNNB1andPTENinBLCA,

andARID1AandKRASinBRCA.EntirelynovelpredictionsincludeGNA13

inBLCA(ahomologueoftheknowndriversGNAQandGNA11),RRAS2in

UCEC(withsharedhomologyinKRASandHRAS),andKIF1AinHNSC(a

kinesinofthesamefamilyofthecancerdriverKIF5B).

Thenumberofdetectedcancerdrivergenesvariesamongcancertypes,with

KICHhavingthefewest(2genes)andUCEChavingthemost(55genes).Fur-

thermore,theratioofpredictedtumorsuppressorgenesandoncogenesvary

widelybytissue(Figure7.4).Iobservedasignificantpositivecorrelation(Pear-

sonR=0.66,Pvalue=4.1e-5)betweentheaveragemutationburdeninacancer

typeandthenumberofidentifiedconsensusgenes(Figure7.2B).Study-based
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calculationsforpoweredeffectsizeineachcancertypedidnotentirelyexplain

thisphenomenon(PearsonR=-0.31,Pvalue=0.09)(Figure7.2C).Regardingthe

associationsofdrivergeneswithdifferentcancertypes,manygenes(142outof

258)areassociatedwithasinglecancer,whereas87geneshavedriverrolesin

twoormorecancertypes,withanadditional29genesuniquelyidentifiedusing

allsamplescombined-PanCancerapproaches. Asexpected,TP53isthemost

extremecase,asitisassociatedwith27cancertypes,followedbyPIK3CA,

KRAS,PTENandARID1A,eachofwhichisassociatedwith15ormoretissue

types(Figure7.3A).

Iclusteredthedifferentcancertypesaccordingtotheconsensusscoresof

theirassociatedgenes. Remarkably,somecancertypesgroupedaccordingto

theirtissueoforigin,suchasLGGandGBM;whileothersaccordingtotheir

celloforigin. The mostsignificantofthecelloriginclustersspansallthe

squamouscancertypes(BLCA,CESC,ESCA,HNSCandLUSC,(permutation

test,adjustedp<0.01)andincludesseveraltranscriptionfactors(ZNF750,

NFE2L2orKLF5),chromatinandhistonemodifiers(KMT2D,EP300,orNSD1),

andvariousPI3Kpathwaygenes(PIK3CA,PTENorMAPK1).Ifoundtwoad-

ditionalsignificantclusters(permutationtest,adjustedp<0.05)thatgroup

gynecological(UCS,CESC,UCEC,OV,andBRCA)aswellasgastrointestinal

cancers(COADREAD,PAAD,ESCAandSTAD)(Figure7.3A).

Finally,Iclassifiedtheconsensusdrivergenesaccordingtothecancer-
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Figure7.4:Balanceofoncogenesandtumorsuppressorgenes.Percentageof
consensusgenespredictedaseitheroncogene(brown),tumorsuppressorgene
(green),orunknown(gray)bythe20/20+algorithm,animprovedversionofthe
20/20rule.The20/20+algorithmusesasupervised-learningapproach(random
forests)andbasespredictionsonthemutationalpatternsobservedwithina
gene.“Likely”and“Possible”statusesweredeterminedatathresholdof0.05
forq-value(Benjamini-Hochbergmethod)andp-value,respectively.Consensus
genesweredesignatedas“Unknown”iftheydidnotmeetthesethresholds.N
representsthenumberofsignificantgenesineachcancertype.
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relatedbiologicalprocessesandpathwayswithwhichtheywereassociated

(Figure7.3B).Formostgenes,thecategories(excluding“other”and“othersig-

naling”)clearlyreflectknownprocessesinvolvedincarcinogenesis,astheyare

“transcriptionfactor”(39genes),“RTKsignaling”(16)and“RNAabundance”

(15),“proteinhomeostasis/ubiquitination”(15),“chromatinhistonemodifiers”

(15),“genomeintegrity”(14),“chromatinother”(14)and,remarkably,“immune

signaling”(10).Thelastgroupisofparticularinterest,giventheconnection

betweendrivergenesandimmuneresponse.Intermsofcancertypes,most

haveatleastonecancerdriverthatbelongstoeithergenomeintegrity(28out

of33cancertypes)ortheMAPKorPI3Ksignalingpathways(24and22can-

certypes,respectively).Interestingly,thesquamouscancertypeswereagain

groupedtogetherwhenlookingatwhichprocessesandpathwaysassociated

withtheirdrivergenes,havinghigherproportionsofgenesinvolvedinchro-

matinhistone modificationaswellasreceptor-tyrosinekinaseandimmune

signaling.

7.2.3 Discoveryofdrivermutations

Notallmutationsinacancerdrivergenehavethesameimpactonitsfunc-

tion[167].Theirconsequencesfrequentlydependonwhichpositionwithinthe

proteinisaffectedandwhataminoacidchangeisinduced[39].Here,Isought

toexplorethistopicacrosstheentirePanCancerdataset,classifying751,876
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uniquemissensemutationsbyexaminingthe299cancerdrivergenesthatI

identified,accordingtotheirpredictedoncogeniceffect.Icombinedtheout-

putofthreedifferentcategoriesoftoolsintoconsensusesapproaches:(I)tools

thatdistinguishbetweenbenignandpathogenic mutationsusingsequence-

basedfeatures(CTAT-population);(II)toolsthatdistinguishbetweendriver

andpassengermutationsusingsequence-basedfeatures(CTAT-cancer);and

(III)toolsthatdiscoverstatisticallysignificantthree-dimensionalclustersof

missensemutations(Structure-based);theseidentified10,098(1.3%oftheto-

tal missense mutations),4,595(0.6%),and1,469(0.2%)uniqueaminoacid

substitutions,respectively(Figure7.5A).Thedifferencesinthenumberofpre-

dicteddrivermutationsforeachapproacharelikelyduetothedesignandre-

quirementsofthetools,i.e.,dependenceofstructuralclusteringtoolsonavail-

ablethree-dimensionalproteinstructures(eitherexperimentalorhomology-

based)yieldsfewerpredicteddrivermutations.Nevertheless,structuraltools

mayprovideadditional molecularbiologicalcontextfortheidentified muta-

tions,whichcanbeparticularlyrelevantforvariantsofunknownsignificance

(VUS)[168].

WhenbenchmarkedagainstOncoKB[149]-amanuallycurateddatasetof

cancermutationsannotatedaccordingtolikelyoncogeniceffect,cancer-focused

algorithmshadhigherpredictivevaluethanalgorithmsthatdistinguishedbe-

tweenbenignandpathogenicmutations.Inaddition,theCTAT-cancerscore
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outperformedallindividualsequence-basedapproaches.

Overall,thereare9,919predictedcancerdriver mutationsinourcohort

(3,437uniquemutations)identifiedby2ormoreapproachesfromCTAT-population,

CTAT-cancer,orstructuralclustering. These mutationsaffect5,782tumor

samples.Iobservedthatthesemissensedrivermutationsrepresentagreater

fractionofthetotalmutationsinoncogenesthanintumorsuppressors(Fig-

ure7.5B).Inthislattergroup,mostmutationsseemtobetruncatingorframeshift,

aresultinagreementwithpreviousobservations[169]. Nevertheless,there

arealsotumorsuppressorgeneshavinghighnumbersofmissensedrivermu-

tations,suchasEP300,CREBBP,CASP8,PIK3R1andTP53(Figure7.5B).

AninterestingexampleisCDH1,whichis mostlyaffectedbytruncatingor

frameshiftmutationsinBRCA(75outof85mutations),butmostlytargeted

bymissensedrivermutationsinSTAD(21outof25mutations). Thiscould

suggestdifferentrolesforCDH1inthesetwocancertypes.

Iwasalsointriguedbymissensedrivermutationsdetectedincancertypes

wherethegenewasnotpredictedtobeadriver. Thissubsetisparticularly

importantforgenotype-drivenclinicaltrials[170].Overall,thereare1,719of

tissue-unmatchedlikelydrivermutations(19%ofthetotal)in1,431patients

(16%)andthereare502patientswhoseonlypredictedmissensedrivermu-

tationsaffectgenesnotyetknowntoplayaroleinthatcancertype.Forex-

ample,Iidentified28patientswithpredictedEGFRdrivermutationsincan-
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certypeswhereEGFRisnotyetidentifiedasacommondrivergene,suchas

HNSC,STAD,LUSC,UCEC,ESCAandLIHC.Insomeextremecases,such

asERBB4orGNAS,thesemutationsactuallyrepresentthemajorityofpre-

dicteddrivermissensemutationsinthegene(Figure7.5B).Additionally,2%

(10/457)ofIDH1missenseeventsthatoccurattheaminoacidpositionR132

arefoundintissuesnottypicallyknowntocarrysuchmutationsi.e. BLCA

(n=2),BRCA(2),COADREAD(2),LUAD(2),PCPG(1),andTHYM(1)(Fig-

ure7.5C).Furthermore,IobservedthatRRAS2Q72,apredictedoncogenein

UCEC(n=5samples)withstronghomologytoKRASQ61andHRASQ61,was

alsomutatedincancertypesinwhichitwasnotpredictedtobeanoncogene

-UCS(n=1),LUSC(1),LUAD(1),PRAD(1),HNSC(1),andTCGT(1).Any

analysisfocusingonlyoncommondrivergenesandmutationsknowninthat

cancertypewouldverylikelymisspresumeddrivermutationsforthosepa-

tients.TheseresultsemphasizetheadvantageofPanCancerpanelsofdriver

mutationsinordertomaximizethecoverageofdriver-detectionanalyses.

7.2.4 Structure-guideddiscovery

Resultswerecomparedtoanindependentdatasetof1,049experimentally

testedsomatic mutationstovalidateourdriver mutationpredictions[144].

Briefly,SNVswereintroducedtotwocancercelllines,Ba/F3andMCF10A,and

wereevaluatedfortheironcogenicitybasedonsurvivalandgrowth.Intotal,
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160mutationsfrom19geneswerevalidatedinthisdataset.Thepercentage

offunctionallyvalidatedmutationsincreasedfrom60%predictedwithCTAT-

population,to61%forthosefoundbyCTAT-cancer,and78%forStructure-

basedanalysis(Figure7.6A).Amongthe579mutationspredictedbyallthree

approaches,39ofthe46thatweretested(85%)werealsovalidated.Further,

thesensitivityandspecificityofidentifyingdrivermutationsannotatedbyOn-

coKBsuggestsperformanceisgeneralizabletoalargersetofgenes. These

resultssupportthevalueofthepredictionalgorithmsusedinourstudyand

theadvantageofcombiningmultipletools.Also,Iwouldliketonotethatthis

approachonlyaddressestruepositivefindingsandrepresentsafloorestimate

forcomputationalpredictions.

Structural-basedmutationsclusteredon66proteins,includingonecluster

onKLF5,agenenotpreviouslyidentifiedinPanCancerstudiesandranked

amongthetop30clustersbyPanCancermutationfrequency(Figure7.6B).I

soughttoexamineinmoredetailthepredictionsofthethreeapproachesin

variouswell-establishedcancerdrivergenes,suchasPIK3CA/PIK3R1,BRAF,

andKEAP1/NFE2L2(Figure7.6C-4H).TheinterfacebetweenPIK3CAand

PIK3R1containsaclusterofmutationsthatwerefoundbyatleast2ofthe

approachesandincludesboth mutationsthatwerevalidatedandthosenot

tested.D560G,N564D,andK567Earevalidatedmutationsthatclusterclosely

tonon-testedmutationsR577P/Q,S565R,andP568TinPIK3R1. Similarly,
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Figure7.6: (Figure: previouspage) Driver mutationdiscoveryandval-
idation:(A)Thisschematicdisplaysthestepstakentoassessconsensus
amongmutation-levelpredictionsusingsequence-basedandstructuralclus-
teringtoolsandcomparingthemtoanorthogonalsetoffunctionallyvalidated
mutations.Fromlefttoright:thegreyboxrepresentsthemissensemutations
thatwereprocessedby12toolsfrom3categories(population-based,cancer-
focused,andstructuralclusteringtools)andcombinedintothreeconsensus
approaches(CTAT-population,CTAT-cancer,andstructuralclustering). Fi-
nally,thetotalnumberandpercentageoffunctionallyvalidated/tested mu-
tationsisshown.(B)Thenumberofmutations(y-axis)foundbystructural
toolsforeachgene(x-axis)areshadedaccordingtosupportbystructuraltools
(green).Thosemutationswithoutsupportaredistinguishedbytwocategories,
with(grey)andwithout(white)availableproteinstructure. Heatmaps(D,F,
H)coupledwithproteinstructure(C,E,G)areshowninpanelsforthepro-
teinsPIK3CA/PIK3R1(PDBID:4OVU),BRAF(4MBJ),andKEAP1/NFE2L2
(3ZGC),respectively,anddisplaywhetheraparticularmutationwasdetected
bysequence-based(CTAT-populationorCTAT-cancer)orstructure-basedap-
proaches(atleasttwostructuraltools). Purple/tealcolorsdistinguishpro-
teins(PIK3CA/PIK3R1andKEAP1/NFE2L2pairs)for mutationsfoundby
structure-basedapproaches,whilepinkboxesindicatemutationsfoundonly
bysequence-basedapproach.Additionally,foreachmutation,frequency(blue
gradient),OncoKBstatus(redgradient),testingstatus(tan),andvalidation
status(grey)areprovided.Allmutationsfoundbystructure-basedapproaches
ineachofthe3genesareshownwithafewadditionalmutationsthatareonly
foundbysequence-basedapproaches.Keymutationsarehighlightedfromthe
heatmapsandlabeledwithwhite,grey,andtanlabelsreferringtonovel,vali-
dated,andtested(notvalidated)mutations,respectively.

PIK3CAcontainsvalidated mutationsC378Y,V344G/M,N345T/I/K,P471L,

C420R,andE418Kclusteringwithnon-testedmutationsS379T,N380S,and

E418K.Thesenon-tested mutationsareexcellentcandidatesforfurtherex-

perimentalvalidationduetotheircloseproximitytoknownvalidateddriver

mutationsaswellassupportfromsequence-basedapproaches(Figure7.6C

and7.6D).BRAFalsocontainsclusterssimilartothisPIK3CA/PIK3R1cluster,

withamixtureofvalidatedandnovelmutations(Figure7.6EandFigure7.6F).
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Additionally,thereare manygenesthatcontain mutationsfoundbyall

threeapproachesbutthatwerenottestedexperimentally,includingKEAP1,

NFE2L2,RHOA,MTOR,MAP2K1,andVHL.Nevertheless, manyofthese

driver mutationshaveorthogonalevidencefromOncoKB.Forexample,the

mutationsG333D/SinKEAP1haveanOncoKBstatusoflikelyoncogenicand

oncogenic,respectively(Figure7.6Gand7.6H).TherearealsoNFE2L2muta-

tionsthatclustercloselywiththeKEAP1mutationsalongtheprotein-protein

interface(D77,E82,G81,E79)andwerenotexperimentallyvalidatedbuthave

anOncoKBstatusofeitherlikely-oncogenicoroncogenic. OtherKEAP1mu-

tationsinthesameclusterfoundbyallthreeapproachesareR483C,Y525C,

G524C,G571D,andR413H.However,noneofthese mutationsweretested

inourdataset,norhaveevidencefromOncoKB.Giventheirproximitytothe

validatedKEAP1sitesandthebioinformaticevidencethatIfound,thesemu-

tationsareidealcandidatesforfollow-upvalidationexperiments.

Overall,thisanalysisreinforcesthenotionthatsequence-basedapproaches

andstructure-basedapproachesoughttobeusedinconjunctionandtendtobe

complementary. Forexample,E365V,C604R,andC901FinPIK3CA,F646S

inPIK3R1,andH725YandP731SinBRAFwerefoundbysequence-based

approachesbutnotthestructure-basedapproachandareexperimentallyval-

idated(Figures7.6Dand7.6F).Conversely,R462TinBRAFwasonlyfound

throughastructuralapproachandnotsequence-basedapproachesandisan-
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notatedaslikelyoncogenicinOncoKB(Figures7.6Fand7.6H).Finally,Inote

that,whilelookingatmutationsdetectedbyall3approachesprovideshigh

confidentdrivermutations,theremaystillbeimportantdrivermutationsthat

weremissed.

7.3 Discussion

Asaleadanalystmember,thedriver’sgrouphasdoneaPanCancerand

PanSoftwareanalysisononeofthelargestavailablecancergenomicsdatasets

atthemoment,allowingustoidentify299cancerdrivergenes.Thegenelist

islimitedinthatthestudyfocusedonpointmutationsandsmallindels,but

didnotconsiderdriversaffectedbycopy-numbervariations[171],genomicfu-

sions[172],ormethylationevents[173].Nevertheless,itrepresentsthemost

comprehensiveeffortthusfartoidentifycancerdrivergenesandwillservethe

communityasanimportantresearchassetwellintothefuture.

Anotherimportantresultisthedatasetof3,442predicteddrivermutations

frombothsequence-basedandthree-dimensionalstructure-basedapproaches.

Toemphasizeapreviouspoint,itisevidentthatnotallmutationsindriver

genesareactuallydriversthemselves,soidentifyingthetrue-drivermutation

subsetwillbeakeychallengeinthecomingyears.Alsoresultswerecompared

usinganexternalindependentexperimentaldatasettosuccessfullyvalidate
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thepredictionsfromthreedifferentapproachesthatpredictcancerdrivermu-

tations.Theseresultssuggestthatcancer-specificsequence-basedapproaches

outperformthoseaimedatdetectingpathogenicvariantsingeneral. Like-

wise,thestructure-basedapproachesaremorespecificthansequence-based

approachesatpredictingdrivermutations,butataslightcostofreducedsen-

sitivity. Whilefunctionalvalidationconfirmedtruepositivepredictions,itgives

noinformationregardingfalsenegatives.Thus,whatisreportedhererepre-

sentsalowerbound.Theassayisunabletocaptureotherfactorsrelevantto

positiveselection,suchastumormicroenvironment,metastasis,orinteractions

withtreatmentortheimmunesystem. Whilecaution mustbetakenwhen

extrapolating,theseobservationsareconsistentwithotherfunctionalstud-

iesonindividualproteinsorasubsetoftheproteomethathaveshownthat

mutationsaffectingthesamethree-dimensionalfunctionalregionsarelikely

tohavesimilarphenotypes[174]. However,therewereseveralinstancesin

whichsequence-basedapproachescaptureddrivermutationsthatweremissed

bystructure-basedapproaches. Consideringbothapproachesascomplemen-

tarycanimprovepredictionsensitivity.

ThefindingsreportedhereandbythelargerTCGAenterpriserepresent

earlystepstowardaneweraincancerresearchandultimatelyincancertreat-

ment.Studieswillmovebeyondfocusingonindividualgenestowardsystem-

aticallyintegratingthe myriadaspectsofthecancergenome,includingthe
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interrelationshipsamongitssomaticandgermlinevariations[175],thetumor

microenvironmentandtheimmunesystem. Althoughthisstudyrepresents

thelargestcancergeneandmutationstudytodate,thedriver’sgroupismind-

fulthatthecorpusofcancerdrivergenesandmutationsmaystillbeincom-

plete.However,itislikelythatthecommunityisnearingthebeginningofthe

endofthisphaseofresearch,aslargercohortscontinuetobeexaminedwith

longer-rangeandlonger-readsequencingtechnologies.
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Concludingremarks

Thefirstconfirmedhumancancerdrivergene, HRAS,wasidentifiedin

1982[1,7]. Thepastdecadehasseenthelistoflikelycancerdrivergenes

growrapidly. Althoughpartlyreflectingthegrowthinsizeofstudiesdueto

advancesinnextgenerationsequencing,italsoreflectsimprovementsincom-

putationaltechniques. Computationalmethodsarestartingtobecomemore

robustwithrealisticmodelsofhowsomaticmutationsaccumulateincancer.

Moreover,studiesarenowmovingtounderstandingcancerdriversatincreas-

ingresolution–movingfromgenestoindividualmutations.

Thefirstpartofmydissertation(Chapter2)focusedonhowtoappropriately

statisticallymodeltheaccumulationofsomaticmutationsincancer.Thetypi-

calchoiceofmodelingthebackgroundmutationrateisproblematicbecauseit

ishighlyvariableatmultiplescales.However,akeyinsightisthatcovariates
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usuallymodulatemutationrateatthescaleofmegabaseswithinthegenome,

butnearlyallgenesspan<1MB.Bystatisticallyconditioningonthetotalnum-

berofmutationswithinagenewhilesimulatingmutations,nuisancefactors

influencingmutationrate,whicharenotalwaysmeasuredorknown,aresub-

stantiallylessened.Thisapproachallowssubstantialflexibilityincomprehen-

sivelymodelingthemanymutationalpatternsindicativeofpositiveselection

incancer.

Here,Iintroducedseveralnewcomputationalmethodstoanalyzecancer

driversatdifferentlevels–suchasthegene(20/20+,Chapter3),region(HotMAPS,

Chapter5),andmutation(CHASMplus,Chapter6).Iusedthesemethodsto

interrogatefundamentalquestionsregardingcancerdrivermutations,suchas

theircancertypespecificity,commonnessorrarity,thebalanceandcharacter-

isticsofoncogenesandtumorsuppressorgenes,andthelikelyfuturetrajectory

ofcancerdriverdiscovery.20/20+identifiedthatthebalanceofoncogenesand

tumorsuppressorgenes(TSG)variesconsiderablybycancertype,somehav-

ingallTSGswhileothershavingmostlyoncogenes.Also,CHASMplusfound

significantlymorerarecancerdrivermutationsthanpreviouslyunderstood,

whichissupportiveofthelong-tailhypothesis. Thehighprevalenceofrare

drivermutationssuggestsinterpretationofacancergenomewillneedtobe

increasinglypersonalized,sinceapatientsdrivermutationmayhavenotbeen

previouslyobserved.
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Duetothelackofagold-standardforcancerdrivers,Ialsodevelopeda

benchmarkforcancerdrivergeneprediction(Chapter4). Thisincludedfive

components: numberofsignificantgenes,overlapwithpreviousliterature,

overlapwithothermethods,divergenceofp-valuesfromexpectation,andcon-

sistency.Ifoundthatsomemethodsdidnotaccuratelymodeltheheterogeneity

ofaccumulationofmutationsbychance. Asnewcomputationalmethodsare

developed,itwillbecriticaltoeffectivelybenchmarkthemagainstexisting

state-of-the-art.

Ialsousedcomputationalmethodsinanattempttocomprehensivelydis-

coverdrivergenesandmutationsinnearly10,000humancancers(Chapter

7).ThiswasdoneasaconsensusacrossinstitutionsfromTheCancerGenome

Atlas,andbyextensionaconsensusofcomputationalmethods. Thisideaof

aconsensusisnotnew,andhasbeenusedsuccessfullyin manyotherdo-

mains[176,177]. Theanalysisrevealed299cancerdrivergenesacross33

cancertypes. Manyofthecancerdrivergeneswerecancertypespecific,but

otherswerefoundinmultiplecancertypesthathadacommoncelloforigin.

Analysisalsofound3,400uniquemissensemutationsaslikelycancerdrivers,

withhighvalidationratescomparedtoaninvitroassay. Theresultsfrom

CHASMplus,however,suggestthatinsomecancertypestherateofdiscovery

isstartingtoexhibitdiminishingreturns.

Althoughthelandscapeofcancerdriversinprimarytumorsareprogres-
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sivelygettingmorefullyexplored,thereremainsmanyaspectsthatarestill

poorlyunderstood. Sequencinguntreatedprimarytumorsgivesanunder-

standingofonetimepointinthenaturalevolutionaryhistoryofcancers.Un-

derstandingthefullheterogeneityanddynamicsofcancerwillrequirese-

quencingbothbefore(pre-cancerouslesions)andafter(metastases).Thiswill

providemoreunderstandingofsuchquestionsas:docancersneedparticular

gatekeeperdriverstoinitiatetumorigenesis?,andhowmuchdoesthetempo-

ralorderingofdrivermutationsmatterasopposedtooveralldrivermutation

burden?Inaddition,theroleofdriversinthenon-codingregionofthegenome

isonlybeginningtobecharacterized,butearlystudiesindicatethat>90%of

driverpointmutationsmayactuallyresideincodingregions[178].Thedis-

crepancyofwhyothercommondiseasesareestimatedtohavethemajorityof

heritabilityinnon-codingregions[179,180]remainstobeunderstood.

Acompletecatalogofallcancerdrivers,initofitself,willnotsuffice.Can-

cerdrivermutationswillneedtoberelatedtotheirfunctionalconsequence,

interactionwiththemicroenvironment,andtootherdrivermutations.Given

theprevalenceofraredrivermutations,thescaleofexperimentsdesignedto

functionallycharacterizeorvalidatepotentialdriver mutationswillneedto

matchpace.Onthebasisofthis,amechanisticinsightwillbecriticalforara-

tionalunderstandingoftheeffectsoftargeteddrugsandoptimizationofdrug

combinations.Lastly,drivermutationsmaynotexerttheireffectinisolation,
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butratherepistaticallyinteractwithotherdrivermutations.Forinstance,co-

mutationsofKRAS,ATM,STK11,andKEAP1inlungadenocarcinomadefine

acancersubtypewithdifferentbiologyandimmunesignatures[181].

Insummary,cancerwasfirstunderstoodasageneticdiseasebyobserving

largechangesinchromosomesthroughamicroscope[5]. Now,computational

methods,likethosedevelopedhere,areservingasamathematicalmicroscope

intounderstandingdrivermutationsincancer. Thetoolsfromstatisticsal-

lowcontroloffalsediscoveries,whichpreventserrantmistakes. Whilema-

chinelearningtranslatesmanybiologicalfeaturesindicativeofpositiveselec-

tionintoconcretepredictionsofdrivermutations.Theconvergenceofthisand

large-scalecancersequencinghasturnedmanyaspectsofcancerresearchinto

adatascience.Asfutureresearchfocusesongreaterprecisionrequiredforin-

terpretingindividualmutationsinapatient’scancer,thetrendofdatascience

incancerresearchwilllikelycontinue.
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GlossaryofTerms

cancerdrivergeneAgenethatcontainsatleastonecancerdrivermutation.

cancerdrivermutationAmutationthatincreasesthenetgrowthadvan-

tageofacancercell*underthespecificmicroenvironmentalcontexten-

counterinvivoinhumans.*=cancerdrivermutationsmayoccurpriorto

acellcloneofficiallybecomingcancerandhasthetheoreticalpossibility

thatthemutationisnolongeradvantageousforthecancercellatalater

time.However,acancerdrivermutationshouldbeadvantageousatleast
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atcertainpartstowardsthedevelopmentorprogressionofcancer.

cancerdriversAgeneticlocithatcontainsdrivermutations,withoutrefer-

encespecificallytowhetheritisagene,region,oramutation.

decisiontreeAdecisiontreeisasetofquestionsaskedrecursively(inatree-

likemanner)topredicteitheracategoricalvalue(classification)orcon-

tinuousvalue(regression).

drivermutationShorthandforcancerdrivermutation.

intra-tumorheterogeneityHeterogeneityamongcellswithinatumor.Here,

specificallyreferringtodifferentusageofcancerdrivermutations.

microenvironment Thelocalenvironmentsurroundingandwithinthetu-

mor.

mutationhotspot Agenomicorproteinlociwithhighlylocalizedmutations.

OG oncogene.

oncogeneAcancerdrivergenethatisactivateduponadrivermutation.

pan-cancerAnanalysisconsideringallormanytypesofcancertogether.

randomforestAsupervisedmachinelearningalgorithmconsistingofanen-

sembleofrandomizeddecisiontrees.
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somaticmutationstartingfromembryogenesis,mutationsthatoccurinthe

cellsofthebody(excludinggermcells),andthereforearenotinherited.

TSGtumorsuppressorgene.

tumorsuppressorgeneAcancerdrivergenethatisinactivateduponadriver

mutation.
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Pan-cancermutationdataset

Thepancancerdatasetconsistsof729,205smallsomaticvariantsencom-

passing7,916distinctsamplesfrom34specificcancertypesbymergingdatain

publishedwhole-exomeorwhole-genomesequencingstudiesusedbyTUSON

(Dataset)[89]andMutsig(Tumorportal)[69]andremovingduplicatesamples

inbothstudies.Anystudiesthatdidnotreportsilentmutationswereremoved.

Datainrefs.[89]and[69]originatedfromTheCancerGenomeAtlas,Inter-

nationalCancerGenomeConsortium,theCatalogueofSomaticMutationsin

Cancerdatabase[112],anddbGAP. Wedidnotseeevidenceofbatcheffects

bydatasourceinthenumberofvariantspertumortype,single-nucleotide

mutationspectra,orspecificmutationconsequencetypes. Wefurtherapplied

qualitycontroltothisdatabyfilteringouthypermutatedsamples(¿1,000in-

tragenicsmallsomaticvariants)[14],andregionspronetomutationcallingar-
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APPENDIXB.PAN-CANCERMUTATIONDATASET

tifacts[anysequencingreadmappabilitywarningcatalogedintheUniversity

ofCalifornia,SantaCruz(UCSC),GenomeBrowser].Thecleanedpancancer

datasetishere.TheCRAVATwebserver(version3.0)wasusedtoautomati-

callyretrievethemappabilitywarningcodes.Genenameswerestandardized

toHUGOGeneNomenclatureCommitteethroughconvertingprevioussym-

bolsandsynonymstotheacceptedgenename(downloadedJanuary29,2015:

here).
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