


Machine-learning prediction of optimal cancer drug therapies

scriptsutilized for theseefforts.Overthe lastfewyearstherehasbeena numberof alternative
machine-learnindML) approachesmployedn personalizead¢ancerdrug prediction,each
associatewvith variabledegree®f succesgl+3]. For examplepRRocpheti¢4] isarecently
designedR packagelesignedo run the entirelearningand subsequentallingof patientdata.
Otherrecentcontributionsincludethe Bioconductor{5] package&SsCANthat allowsfor single-
samplearraynormalizationfor precisionmedicineworkflows.While anumberof ML applica-
tionsfor precisionmedicinehavebenefitedrom community assessments predicteddrug
responsge.g., [1,2]), sucheffortshavenot alwayssharedcode andfor the majority of efforts
only the organizersof the community assessmeigixercisevereableto seethe sourcecodeto
evaluateeachindependensolution. Thisis unfortunatebecaus¢he opensharingof codehas
beendemonstratedo beasignificantcatalysin the optimizationof ML applicationsasin the
LargeScaleVisualRecognitionChallenggILSVRC)wherecomputationalsolutionsareopenly
availablg6,7].

We presentherean opensourcesoftwareplatform usingahighly versatilesupportvector
machine(SVM) algorithmthat utilizesstandardrecursivefeatureelimination (RFE)methods
to predictcancerdrug responseln pilot applicationsye utilized publicly availabledatasets
from NCBI GeneExpressiorOmnibus(GEO)[8] thatweformattedandthe arrayfileswere
partitionedinto learningsetsandexperimentaketsEachindividual arrayis accessiblasa.
CELfile with individual identifiersatapublicallyaccessibl&itHub sitethatoutlinesthelearn-
ing, validationandtestsetsemployedn our initial studieghttps://github.com/chuang95/
KEA_DrugResponsellsoavailabletthis GitHub sitearegenerajproceduregor open
applicationof our softwareto additionaldatasetghttps://github.com/chuang95/KEA_
DrugResponselLearnindVe haveemployedhe algorithmsto explorethe effectof a varietyof
alternativelearningdataset®n predictiveaccuracyeadingto severaunanticipatedindings.
First, predictiveaccuracywvassignificantlyimprovedwhenmicroarrayprobelevelexpression
dataratherthan averagegeneexpressiovaluesvereemployedn the modelbuilding process.
Secondpredictiveaccuracywasimprovedwhenmodelswerebuilt upon adiversityof cancer
types.Third, the pre-filtering of learningdatasetdasedipon preconceivedbiologicalmodels
significantlyreducegredictiveaccuracyApplication of our optimizedmodelsto publically
availableovariancancer(OC) patientgeneexpressiomlatasetgenerategredictionshighly
consistentith observedesponseto avarietyof drugs.By providing true openacces$o our
softwareweseeko encouragadditionalimprovementsn currentmethodsaswellas,con-
structivecomparisonsvith alternativeapproacheseadingto the developmenbf optimal ML-
basedstrategiesor personalized¢ancemedicine.

Results

Support vector machine (SVM) model building and recursive feature
selection

A varietyof ML techniquesindstrategiefhiavebeenemployedn the questfor optimal accu-
racy,sensitivityand specificityin drug responseredictions.In thiswork, weutilize an SVM
approachpairedwith recursivefeatureelimination (RFE).SVM hasbeensuccessfullgpplied
in avarietyof biologicalapplicationsn recentyearge.g.[9]). Our SVM modelswerebuilt
usinggeneexpressiorghttps://www.ncbi.nlm.nih.golgeo/query/acc.cgi?acc=GSE32)(see
alsoTableA in S2File)anddrug sensitivityprofiles(https://wiki.nci.nih.govdisplay/
NCIDTPdata/NCI-60+Growth+Inhilition+Data)) (seealsoTableB in S2File) of the NCI-60
panelof humancancercelllines.Predictivemodelswerebuilt for severdrugsoftenemployed
in the treatmentof ovariancancer(carboplatin cisplatin,paclitaxeldocetaxelgemcitabine,
doxorubicin,gefitinib). The drug sensitivitiegG150) of the NCI-60 celllinesapproximatea
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normal distribution (Fig 1A; Fig A in S1File).Forour learningdatasetyweconservatively
excludeccelllinesdisplayingGl50valueswithin +0.50SD of the mean.Thetestdatasethow-
everwasselectedrom all celllines.In all cases;elllinesusedto build the modelsweredistinct
from thoseusedin testingthe models.

SVMmodelshbuilt uponlargedatasetsypicallycontainuninformativefeaturesandanum-
berof featureselectiormethodshavebeendevelopedo identify subset®f featureswith opti-
mal predictiveaccuracy10+12].We employeda previouslydescribedRFE[13, 14] methodto
selecfor featureggeneprobesetsthat optimally distinguishcellspredictedto besensitiveo
adrug from thosethatarenot. The RFEmethodstartsby discardingthe leastrelevantfeatures
of the modelfrom the bottom of the sortedfeaturelist (TableC in S2File). Thesubsequent
SVMmodelis built on theremainingfeaturesandagain featureswith the lowestweightsare
removed.This procesgproceedsn arecursivemanneruntil aminimal subsebf featureds
identifiedthatis essentialo maintain optimal predictiveaccuracyFor examplefFig 1Bdepicts
theevolutionof predictiveaccuracysingSVM-RFEfeatureselectiorfor increasedensitivity
to carboplatin(seeFigB in S1Filefor featureselectiorof the otherdrugs).In this caseinitial
removalof uninformativefeaturesncreasedccuracydueto the elimination of featureghat
negativelyinteractwith predictiveaccuracyOur SVM-RFEapproachcomparegavorablywith
othercommonlyemployedmethodsof featureselection(seerigFin S1File).

Theminimal numberof informativefeaturesassociateith optimally predictedrespon-
sivenes$o the severdrugsmodeledin this studyrangedfrom 10to 32(TableD in S2File).
While the biologicalcontribution of the majority of thesegenego drug responsiveness cur-
rently unknown, potentiallyinformativetrendsareoftenapparentFor exampleseverabf the
mostinformativegenegpredictiveof carboplatinsensitivityhavebeendirectly or indirectly
implicatedwith apoptosigTableE in S2File),acellularfunction knownto beinducedin
responséo carboplatintreatment[15].

The SVM modelsgeneratairug predictionscoredor eachcellline. Scoredigherthan"0"
indicatea predictedsensitivaresponsedgsshan "0"apredictedresistantesponsée.g., see~ig 1C,
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Fig 1. An SVM-RFE predictive model of carboplatin sensitivity for NCI-60 cell lines. (A) Ranked display of -log transformed GI50 values for carboplatin
for each of the NCI-60 cell lines. Blue circles = carboplatin resistant cells; red circles = carboplatin sensitive cell lines. Cell lines with GI50 values within “0.5
SD of the mean (green circles) are less reliably classified as resistant or sensitive and were, thus, not employed in learning datasets. Test sets were selected
from cell lines across the entire distribution; (B) Evolution of accuracy of predicted response to carboplatin using SVM-RFE selection for gene probe
classifiers; (C) Visualization of the optimal separation between carboplatin sensitive and resistant NCI-60 cell lines. The X-axis is the optimal weight vector
(prediction score) of the SVM model for carboplatin; the Y-axis is the -log transformed GI50 values for carboplatin.
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PLOS ONE | https://doi.org/10.1371/journal.pone.0186906 October 26, 2017 3/14


https://doi.org/10.1371/journal.pone.0186906.g001
https://doi.org/10.1371/journal.pone.0186906

Machine-learning prediction of optimal cancer drug therapies

X-axis).Theoverallaccuracyspecificityand sensitivityareevaluatedy leave-one-outross-vali-
dation (LOOCV). The SVM computedpredictivescoresreplottedagainsobserveds150values
to graphicallydisplaythe accuracyf eachmodel.For examplethe quadrantplot for carboplatin
(Fig 1C) showghat the SVM modelis 84%accurateacrosshe NCI-60 testdatasetThe predictive
accuraciesf eachof the severmodelsrangedfrom 75%to 85%(seeFig C in S1Filefor predictive
accuraciesf the other 6 chemotherapeutidrugs).

Building SVM-based models across a variety of cancer types improves
predictive accuracy

While featureselectiormethodsaredesignedo identify the mostinformativefeaturedy sys-
tematicallyeliminatinglessnformative onesthe predictiveaccuracyf ML modelsis heavily
dependenbn the presumptionthat the original learningdataseencompassdbe full spec-
trum of featuregpotentiallyrelevantto the predictedvariable][10]. The selectiorof appropriate
learningdataset$or building predictivemodelsof cancerdrug responsés especiallghalleng-
ing becausafull understandingpf the molecularprocesseanderlyingcanceronset/progres-
sionhasyetto beattained[16]. For this reasonsubjectivdimitations in the scopeof data
employedn learningdatasetsnaynegativelyaffectpredictiveaccuracyof derivedmodelsif
informativefeaturesareinadvertentlyexcludedFor exampleit is frequentlyassumedhat
modelsdesignedo predictoptimal therapiedor aparticularcancertypeshouldappropriately
bebuilt usinglearningdatasetslerivedexclusivelfrom that sameypeof cancerHowevera
growingbodyof evidencendicatesthat the molecularpathwaysinderlyingcanceronset/pro-
gressiorarenot necessarilgefinedby atumor'stissueof origin [17]. Thus,ageneexpression
patternassociatewith aparticularcancertypemayunderliecancerdevelopmenin other
cancettypesaswell.

To explorethisissuewecomparedherelativeaccuraciesf two SVM-derivedmodels
designedo predictresponseo the commonlyprescribeccancerdrug carboplatin.Therespec-
tive modelswerebuilt usinggeneexpressiomprofilesanddrug responsgrofiles(i.e.,learning
datasetsjylerivedfrom 18of the NCI-60 celllines.In onecasethe 18celllineswererepresenta-
tive of only two typesof cancerglung andmelanoma)whilein the othercasethe 18celllines
wererandomlyselectedo berepresentativef all 9 typesof cancercomprisingthe NCI-60
dataseflung, colon,breastpvarian Jeukemiarenal,melanomaprostateand CNS).As shown
in Fig 2A,themodelbuilt usingdatafrom the 9 cancertypeswasmoreaccuraten predicting
carboplatinsensitivity(87.5%thanthe modelbuilt upononly 2 cancertypes(75.0%)Fig D
in S1File).Thisfinding is consistentvith growingevidencehatthe moleculamasisof indi-
vidualcancersnaynot necessarilpedefinedby tissueof origin [17]. In addition,thefactthat
variationin geneexpressioreveldstypicallygreateramongmultiple cancertypes(seefFig G
in S1File)maybeanadditionalrelevantfactorsincethe predictiveaccuracyf ML modelsis
wellknown to improvewith increasingdiversityof the learningsetdata[10].

The averaging of microarray probe set expression values reduces
predictive accuracy

Anotherwayin whichtheinformation contentof learningdatasetsnaybecompromiseds by
theemploymentof averageatherthan raw experimental/aluesFor example Affymetrix and
othermicroarraygeneexpressiorsystemsypicallyincorporatemultiple probesetspergene,
therebyproviding the possibilityof monitoring differencesn levelsof alternativesplicingand
otherpost-transcriptionakxpressiorvariants(e.g., FigE in S1File). While the useof average
geneexpressiovalueamaybeappropriatefor manyapplicationsthelossof information asso-
ciatedwith the useof suchaveragealuesn learningdatasetsould negativelyaffectthe
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Fig 2. The influence of learning datasets on the predictive accuracy of SVM-RFE models. (A) Comparison of predictive accuracy (ROC curves) for two
SVM models of response to carboplatin using a learning dataset derived from 2 cancer types (lung, melanoma) vs. 9 cancer types (brain, breast, lung,
leukemia, renal, colon, ovarian, prostate and melanoma). In each case, the data were derived from a total of 18 cell lines. The results indicate that the model
built using learning set data from 9 cancer types generates a more accurate prediction (see also Fig D in S1 File); (B,C,D) Prediction of the sensitivity of breast
cancer cell lines to doxorubicin. In one case, the model was built using a learning dataset comprised of average gene expression values. In the other case, the
model was built using a learning dataset comprised of the expression values of all gene probes. The results demonstrate that the model built using probe set
data is more accurate than the model built using average gene expression data; (C) prediction score accuracy using average gene expression values; (D)
prediction score accuracy using expression values of all gene probes (Red circles = drug sensitive training set; Blue circles = drug resistant training set; Black
diamonds = breast cancer cells test set).

https://doi.0g/10.1371§urnal.pon®186906.9g002

accuracyof drug predictionalgorithmsif, for exampleraresplicevariantsturn out to bepar-
ticularly informativefeatures.

To testthis possibility, we comparedherelativepredictiveaccuraciesf two SVM-based
algorithmsdevelopedo predictthe sensitivityof the setof breastcancercelllinesrecently
employedn the NCI-DREAM Challengeo thedrug doxorubicin[1]. In onecasewe
employedhe averagé\ffymetrix geneexpressiomatasethatwasprovidedto the Challenge
participants(https://www.synapse.gi#!Synapse:syn2785788)the other caseywedown-
loadedandemployedhe original probedataasour learningset(ArrayExpres&-MTAB-181,
http://www.ebi.ac.uk/arrayexpss/experiments/E-MTAB-181 Theresultspresentedn Fig
2B,2Cand 2D demonstratehat the modelbuilt usingthe probesetdatais substantiallymore
accuratg89%)in predictingthe sensitivityof the breasicancercellslinesto doxorubicinthan
themodel(78%)built usingthe averagedeneexpressiovalues.

Pre-filtering of learning datasets can reduce predictive accuracy

Somemethodsto assesssk of cancermprogressiorand/or severityfocusalmostexclusivelyon
genegpreviouslyidentified asdriversof canceronset/progressiofiL8]. Theadvantagef such
datapre-filteringis areductionin the complexityof downstreamanalysesut, asdiscussed
abovejt mayalsonegativelyjmpactthe accuracyof derivedpredictivemodelsif thetruncated
datasetslo not encompasall genesassociatedith drug sensitivity.

To explorethis questionwe comparedhe predictiveaccuracyf two SVM-basednodels
usingthe abovebreasttancercellline data.ln onemodel,thelearningdatasetonsistedf
expressiompatternsof 297genegpreviouslyimplicatedin canceronset/progressiofiL9]
(http://foundationone.com/@cs/FoundationOne_tech-inforal-overview.pdf)In thesecond
model,thelearningdatasetncludedprobesof all significantlyexpressedenegTableA in S2
File). Themodelsbuilt usingthe pre-filtereddatafrom the 297genesveresubstantiallyess
accuratg59.6%)n predictingresponses doxorubicinthanthe modelbuilt upon unfiltered
data(89.4%)Fig 3).

Model applications to human cancer datasets

While our predictivemodelswereestablishedisinggeneexpressiorand drug sensitivitydata
from humancelllines,wewereinterestedn conductingpreliminary evaluation®of the mod-
els'ability to predictthe respons®f humancancerpatientsto chemotherapeutitreatments.
Towardthis end,wedownloadedhreeindependentlyderived(Affymetrix) geneexpression
datasetsf 273ovariancancermpatienttumorsfrom the GeneExpressiorOmnibus(GEO)
repository(GSE30161GSE18521GSE205635)ttp://www.ncbi.nim.nih.gov/gds The expres-
sionvaluedor eachindividual arraywerenormalizedbackto the NCI-60 geneexpressiorata
matrix.

Usingthesedata,weemployedour modelsto predictthe responsef the 273cancer
patientsto cisplatin,doxorubicin, paclitaxelcarboplatindocetaxelgemcitabineand gefitinib.
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Fig 3. Pre-filtering of learning datasets can reduce the accuracy of predictive models. Shown is the predicted sensitivity of breast cancer cell
lines to doxorubicin by two SVM models built using different learning datasets. In one case, the model was built using a learning dataset limited to
the expression of 297 genes previously associated with cancer onset/progression [19]. In the other case, the model was built using a learning
dataset drawn from all significantly expressed genes (Table A in S2 File). The results indicate that pre-filtering of the learning dataset to only include
gene expression values of previously identified cancer related genes reduces predictive accuracy. (A) Quadrant plot of SVM predicted sensitivity to
doxorubicin vs. observed sensitivity to doxorubicin of model built using a learning dataset pre-filtered for genes previously associated with cancer
onset/progression; (B) Quadrant plot of SVM predicted sensitivity to doxorubicin vs. observed sensitivity to doxorubicin of model built using all gene
expression data (Table A in S2 File); (C) ROC curves of the two models showing reduced predictive accuracy associated with the pre-filtered
learning dataset (Red circles = drug sensitive training set; Blue circles = drug resistant training set; Black diamonds = breast cancer cells test set).
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Forexamplefig 4A and4Bdisplaythe predictedresponsef two randomlyselecteghbatients
from the GEOdataset.Oneof the patients(Fig 4A) is predictedto respondfavorablyto the
standardirst-line therapy(carboplatin/pacliaxel)while the secondoatient(Fig 4B)is not.
Interestingly the patientpredictednot to respondto first line therapy is predictedto respond
favorablyto gemcitabineUnfortunately,the observedesponsef thesandividual patientsto
therapyis not availableHowever the collectiveresponsef ovariancancerpatientsto the
severdrugsanalyzedn thesestudieshasbeenpreviouslyreported(TableF in S2File). To
comparethe collectivepredictiveaccuracyf our modelsto the collectiveobservedesponse
rateswecombinedthe predictivesensitivitief the 273patientscomprisingthe 3 GEOdata-
setsanddisplayedheresultsasadistribution of the combinedSVM predictedscoregFig 4C).
Theresultsindicatethatwhile atleastsomepatientsarepredictedto respondto eachof the
severdrugs,thevastmajority (75%)of patientsarepredictedto respondfavorablyto carbopla-
tin (Fig 4C),followedcloselyby gemcitabinegisplatin(58%)and paclitaxe(56%).0f interest
isthefactthat carboplatin givenconcurrentlywith paclitaxeljsthe currentfirst-line chemo-
therapyfor ovariancancerpatientswith approximately75+80%of patientsbeingresponsive
to this combination[20]. Our predictionssuggesthat the drug primarily responsibldor this
favorableresponseés carboplatin Gemcitabinds commonlygivenasasecond-linechemo-
therapyfor OC andhasbeenfound to be of moderateclinical effectiveness line with our
predictivemodels[21]. Fig 4D displayghelinearregressiorbetweerthe predictedresponse
ratesto the severchemotherapeutidrugsby our modelsandthe observedespons&atefrom
clinical studieg(TableF in S2File). Theoverallpredictiveaccuracyf our modelsin this data-
setis > 80%(R2=0.8201).

Discussion

A primary goalof personalizedancemedicineis the accurateprediction of optimal drug
therapiedasediponindividualizedmolecularprofilesof patienttumors[22]. In anideal
world, suchpredictionsarebasediponfirmly establishedauseand effectrelationships
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Fig 4. Individual and aggregate prediction of response to chemotherapeutic drugs. The SVM algorithms output binary classifications for
each drug (sensitive/resistant) established through a decision function that numerically separates cancer cells predicted to respond to the drug
(positive score) from those predicted to be non-responders (negative score). (A) The predicted response of an individual patient (GSM516724) to
seven chemotherapeutic drugs. This patient is predicted to respond favorably to the first line therapies of carboplatin (score 2.88) and paclitaxel
(score 3.20). (B)The predicted response of a second individual OC patient (GSM516801) to seven chemotherapeutic drugs. The patient is predicted
NOT to respond favorably to the first line therapies of carboplatin (score -0.28) and paclitaxel (score -2.53). (C) Density plot of aggregate prediction
scores for 3 GEO data sets of 273 ovarian cancer patients and the predicted group response rate for each drug. (D) Scatter plot of the predicted
group response rates vs. the observed group responses of OC patients to seven chemotherapeutic drugs (Linear regression p value = 0.0031, R% =
0.8201) (Table F in S2 File).
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betweeridentified molecularaberrationsand specificaspect®f the onsetand progressiorof
thediseaseAn examples the well-establishedelationshipbetweerconstitutivelyactiveBcr-
Abl tyrosinekinase(TK) expressiorandthe leukemicphenotypeassociatedith CML
(chronic myelogenouseukemia)[23]. Patientddentified with this molecularaberrationare
effectivelytreatedwith targetedTK inhibitors that work to reducethe elevatedctivity and
restoreregulatorybalanceo the cell. Regrettablythe underlyingmolecularcausesf most
tumorsare,asyet,not aswellunderstoodasfor CML. This hasledto growinginterestin the
applicationof ML approacheto the predictionof optimal drug therapie§18]. ML-basedore-
dictivemodelsarenot predicatedupon knowledgeof underlyingcauseandeffectrelationships
but ratheron the identification of significantcorrelationsbetweerspecificcomponentsof
tumor molecularprofilesandthe favorableresponsef tumorsto specificdrugs.
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The opensourceavailabilityof ML predictionalgorithmsprovidesthe researclcommunity
with uniqueopportunitiesfor creativemodificationsandimprovementsof existingalgorithms
not otherwisepossibleFor exampleppensharingof codehasbeencritical to improvements
in ML approache$o imagerecognition[6,7].

Despitethe documentedadvantagesf the opensharingof code to date the practicehas
beenextremelylimited within thefield of cancerrug prediction.For examplethereis anota-
blelackof GitHub, SourceforgelR Bioconductorandother online repositoriesof cancerdrug
predictionapplicationsn contrastto theresourcesvailabldor other ML applicationssuchas
the LargeOnline Image(LOI) repositorycompetitionswherealternativecomputationalksolu-
tionsareopenlydeposited7]. We believethat makingcancerdrug predictionalgorithms
opensourcecouldresultin similar benefitsn thefield of personalizedancemedicine.

Towardthat end,wepresentherean openaccessupportvectormachine(SVM)-based
algorithmfor the predictiveresponsef cancergo severwidelyemployedchemotherapeutic
drugs.ThealgorithmcombinesastandardSVM approachwith a"one-byone"datanormaliza-
tion pipeline.We haveemployedhe algorithmto explorethe effectof a varietyof alternative
learningdataset®n predictiveaccuracyeadingto severaunanticipatediindings.For exam-
ple,althoughit mayseenintuitive thatdrug predictivemodelsfor aspecifictypeof cancer
shouldoptimally bebuilt upon datafrom the samecanceitype,our resultssuggesthat this
maynot alwaysbethe caseThe predictiveaccuracyof thedrug responsef aparticularcancer
typewassignificantlyincreasedvhenthe modelwasbuilt usingdatafrom avarietyof cancer
types.Thisfinding is consistentvith growingevidencehat molecularsignatureof optimal
cancerdrug responsearenot necessarilgefinedby the cancer'sissueof origin [17].

Microarray platformstypicallymonitor geneexpressiortevelsusingmultiple probesets.
This allowsdiscriminationbetweerthe expressiompatternsof alternativesplicevariantsand/or
othergenetranscriptisoforms.Most often, the input expressiomatafor the building of ML
predictivemodelsutilizesaverag@xpressiorvaluesacrossll geneprobesWe found that
higheraccuracys attainedwhenall probesareincorporatedin the learningdatasepresumably
becaussomeisoformsaremoreinformativethan otherswith respecto drug responsendthis
information islostor diluted whenindividual probedataarecombinedin anaveragealue.

Personatancerdrugtherapy,ascurrently envisionedjnvolvesthetargetednhibition of
oneor more"cancemdriver" genesi.e.,geneshat havebeenpreviouslyidentified asplaying
keyrolesin cancemnsetand progressionkFor this reasonthe molecularprofilesof putative
cancerdriver gener other pre-definedsubset®f genesareoften consideredsufficientfor
theaccuratepredictionof optimal drug therapiesWe found that predictiveaccuracycan,in
fact,besignificantlyreducedwhenexpressiorprofile datasetarepre-filteredprior to ML-
basednodelbuilding. Thisresultsuggestthat genesnvolvedin cancerdrugresponsearenot
necessarilfimited to thoseinvolvedin canceronsetevenwhenthedrugin questionis
designedo targetaspecificgroup of driver genes.

Although our modelswerebuilt usingthe publicallyavailableNCI-60 cancercellline data-
setsweareencouragedhat predictionsusingpublicallyavailablehumanpatientdatasetsire
generallyconsistentwvith clinical observationsBy makingour predictivemodelsopensource,
wehopeto encouragehe testingof predictionsin additionalhumandatasetsepresentativef
adiversityof tumor types.

In summary our findingsdemonstratehat significantimprovementscanbemadein the
predictiveaccuracyf ML-basedalgorithmsby modulatingthe format and/or typeof learning
datasetemployedn the modelbuilding processThisfinding is likely to berelevantregardless
of thetypeof ML approachemployedWhile our resultsillustrateseverapathsby whichthe
predictiveaccuracyof our ML-basedcancerdrug predictionalgorithmwasimproved,these
andadditionalpossibilitiesneedto betestedwith largerand more extensivalatasetsWe
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believethat suchgoalsaremosteffectivelyattainedby communaleffortswherethe researcttom-
munity is providedopenaccesto the underlyingcodeand pipelinesemployedsothat meaningful
improvementsand comparisonsvith alternativemethodscanbe made[24]. Towardthis end,we
currently providean opensourceR packagend pipelinefor applicationof our predictionmeth-
ods(https://github.com/chang95/KEA_DrugResponsd). addition,auser-friendiywebserver
is currently underconstructionthat will further enhanceublic access our methods.

It is our hopethatthrough community sharingof this and otheropensourcecancerdrug
predictionalgorithmsandassociatedataformatting/normalizationprocedureghat the
attainmentof amajor goalof personalizedancemedicinewill befacilitated.

Materials and methods
Microarray data normalization

Standardyeneexpressiomataanalysesvereconductedaspreviouslydescribed25]. Individ-
ual geneexpressiomicroarray(.CEL)fileswerenormalizedone-by-oneagainsthe original
NCI-60 geneexpressiomicroarraydataspecificto eacharray(both Affymetrix U133Plus2
andHuman ExonArray) usingstandardquantilenormalization[26, 27] and usingthe mean
of eachprobe.This approachcreatedlistributionsfor eacharraythat areassimilar aspossible
in termsof statisticaproperties.

Bifurcation of response data

We definethe negativdog transformedGI50valuefor eachcellline. In this approachthe higher
thetransformedGI50value the more sensitivethe cellline is to the drug. Threelabelswverecol-
lectedsensitivgmarked1l), resistani{marked-1) andindeterminate(marked0). The sensitive
labelindicatesGI50valuesabovernean+0.50 SD while resistantabelindicatesG150valueselow
mean+0.50 SD. G150valueghat lie within +0.50SD of the meanaremarkedasindeterminate.

Machine-Learning. SVM: Recursive feature elimination (RFE)

Themicroarraygeneexpressiovaluesof the NCI-60 celllinesareformattedasa matrix, and
sub-dividedinto training (75%)andvalidation(25%)datasetsEachprobeof agenes ana-
lyzedasaseparatéeaturefor eachsampleWe appliedSVM on training datato getweightsfor
eachfeature andsortthe featuresbasedn the weights(TableC in S2File). Modelsarebuilt
usingalearningdatasetandevaluatedisingatestdatasetlLinearsupportvectormachine
(SVM)is employedrecursivelyasaclassificatiormodelto separatsamplesnto two classes:
sensitiveandresistantThelearningfunction is svmtrain (MatlabR2013bversion8.2.0.701),
andthekernelfunctionislinear. Thesamplesrerepresente@savectorx, andthetwo classes
aredividedin the dataspacby ahyperplanevx’ + b = 0 thatmaximizeghe marginsbetween
thelearningsample®f the two classesThis marginis definedsuchthat:

wx +b>1,c=1
wy +b<—-1,c=-1

Binaryclassifications performedfor thetestprediction. The predictionscorefor testsamples
arecalculatedy usingthe decisionfunction asfollows:
prediction_socre = —1 X (Z w;x; + b)
f=1

wherew and b arethe weightvectorandbiasparameterérom the SVM model. Theinput x is the
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normalizedtestsamplegeneexpressiomatawith RFEselected numberof featuresThe classifi-
cationof the patientdrug responsés basecn this score We callasamplearespondeto the
drugif this scoreis higherthan 0,andanon-respondeto thedrugif the scoreis lowerthanO.
Recursivdeatureelimination (RFE)wasperformedto find the minimum setof features
thatmaximizedaccuracyin the classificatioron the testdatasetFig 5). Theapproactstartsby

Algorithm 1 SVM: RFE
1: inputdata <+ NCI-60 microarray probe level expression data;

2: procedure SORT FEATURES
svm <— svmtrain on inputdata(allFeatures);
remainFeatures < allFeatures;

K]
4
5 array sortedFeatures[];
6

n + 100;

7: while remainFeatures > 0 do

8: if remainFeatures < 100 then

9: n <« 1
10: end if
11: svm <— svmtrain on inputdata(remainFeatures);
12: W < svm weights;
13: sort remainFeatures base on w;
14; remainFeatures < remainFeatures - last n features;
15: sortedFeatures < [last n features,sortedFeatures];

16: end while

17: end procedure

18: procedure SVM TEST

19: array accf]

20: for i 1:length(sortedFeatures) do

21: svm < svmtrain on inputdata(sortedFeatures(1:i));
22: classOut < svmclassify on test data;
23: acc(i) < CorrectRate of classOut;

24: end for
25: bestModel < sortedFeatures(max(acc));
26: end procedure

27: return bestModel

Fig 5. Pseudo code for the RFE approach. This approach takes the microarray expression data of NCI-60
cancer cell lines as input data, and the output is a model with the most informative features.

https://dbi.org/10.1371durnal.por.0186906.406
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removingtheleastrelevantl00featuredor the modelfrom the bottom (lowestweights)of the
sortedfeaturelist. Thefollowing SVM modelis built usingthe remainingfeaturesandthen
againremoveghe 100featureswith lowestweightsThis procesgroceedsecursivelyuntil the
numberof remainingfeaturegeached4 00.Thereafterfeaturesareremovedoneat atime until
themostinformative setof featuress obtained[28+30].If therearemultiple modelswith the
highestaccuracythe modelwith the fewesnumberof featuress selectedEachmodelis
forcedto containaminimum of ten probesThepredictivemodelfor eachdrugis basen
themostinformativesetof featuresleterminedfor thatdrug. Leaveoneout cross-validation
(LOOCV)is usedto evaluatehe performanceof eachof the modelsaspreviouslydescribed
[14].

Receiver operating characteristic (ROC)
ROCcurvesweregeneratedisingthe standardfunction asoutlined below:

AUC = (tpr — fpr +1)/2 = (tpr + tnr) /2 = 1 — (fpr + fur) /2

whereAUC = area under the curve, tpr = true positive, fpr = false positive, tnr = true negative
andfnr = false negative. We optimize AUC by maximizingtpr—fpr or minimizing asumof
(absolutenormalizederror fpr + fnr. Optimal modelsareassociatedith higher AUC values.

Supporting information

S1 File. Supporting information with additional figures. Fig A. Rankeddisplayof -log trans-
formed GI50valuedor the other six chemotherapeutidrugsfor eachof the NCI-60 celllines.
Fig B. Evolutionof accuracyof predicteddrug responsefor the other sixchemotherapeutic
drugsusingSVM-RFEselectiorfor geneprobeclassifiers.

Fig C. Visualizationof the optimal separatiorbetweerdrug sensitiveandresistantNCI-60 cell
linesfor the other six chemotherapeutidrugs.

Fig D. Themodelsbuilt usingdatafrom the 9 cancertypesvs.2 cancertypes.

Fig E. Exampleof expressioreveldor probesfrom the samegene NEAT]I.

Fig F. Comparisonof LOO-crossvalidationof predictedresponseo carboplatinusingour
SVM-RFEmethodvs.two othercommonlyemployedmethods.

Fig G. Comparisonof the averaggeneexpressioror the learningdatasetslerivedfrom 2
cancettypes(lung, melanoma)vs.9 cancertypes(brain, breastjung, leukemiayenal,colon,
ovarian,prostateandmelanoma).

(PDF)

S2 File. Supporting information with additional tables. Table A. Expressiorvaluesof gene
probes(Affymetrix_U133 2.0 pludpr the NCI-60celllines.

Table B. Sensitivity(GI50) of NCI-60 celllinesto severchemotherapeutidrugs.

Table C. Rankingof probe(feature)weightsfor employedn therecursivefeatureelimination
(RFE)processor the predictionof carboplatinsensitivity.

Table D. Probesassociatewith optimal predictiveaccuracyor 7 chemotherapeutidrugs.
Table E. Severabf the mostinformative genegredictiveof carboplatinsensitivityhavebeen
directly or indirectly implicatedwith apoptosis.

Table F. Comparisorbetweerpredictedresponseatesof ovariancancerpatientsto 7 chemo-
therapeutiddrugsandresponseatesasreportedin theliterature.

(XLSX)
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