


scriptsutilizedfor theseefforts.Overthelastfewyears,therehasbeenanumberof alternative
machine-learning(ML) approachesemployedin personalizedcancerdrugprediction,each
associatedwith variabledegreesof success[1±3].Forexample,pRRocphetic[4] isarecently
designedRpackagedesignedto run theentirelearningandsubsequentcallingof patientdata.
OtherrecentcontributionsincludetheBioconductor[5] packageSCANthatallowsfor single-
samplearraynormalizationfor precisionmedicineworkflows.While anumberof ML applica-
tionsfor precisionmedicinehavebenefitedfrom communityassessmentsof predicteddrug
response[e.g., [1,2]),sucheffortshavenot alwayssharedcode,andfor themajority of efforts
only theorganizersof thecommunityassessmentexercisewereableto seethesourcecodeto
evaluateeachindependentsolution.This isunfortunatebecausetheopensharingof codehas
beendemonstratedto beasignificantcatalystin theoptimizationof ML applicationsasin the
LargeScaleVisualRecognitionChallenge(ILSVRC)wherecomputationalsolutionsareopenly
available[6,7].

Wepresenthereanopensourcesoftwareplatformusingahighlyversatilesupportvector
machine(SVM) algorithmthatutilizesstandardrecursivefeatureelimination(RFE)methods
to predictcancerdrugresponse.In pilot applications,weutilizedpubliclyavailabledatasets
from NCBI GeneExpressionOmnibus(GEO)[8] thatweformattedandthearrayfileswere
partitionedinto learningsetsandexperimentalsets.Eachindividual arrayisaccessibleasa.
CELfile with individual identifiersatapublicallyaccessibleGitHub sitethatoutlinesthelearn-
ing,validationandtestsetsemployedin our initial studies(https://github.com/chuang95/
KEA_DrugResponse).Alsoavailableat thisGitHub sitearegeneralproceduresfor open
applicationof our softwareto additionaldatasets(https://github.com/chuang95/KEA_
DrugResponseLearning).Wehaveemployedthealgorithmsto exploretheeffectof avarietyof
alternativelearningdatasetson predictiveaccuracyleadingto severalunanticipatedfindings.
First,predictiveaccuracywassignificantlyimprovedwhenmicroarrayprobelevelexpression
dataratherthanaveragegeneexpressionvalueswereemployedin themodelbuilding process.
Second,predictiveaccuracywasimprovedwhenmodelswerebuilt uponadiversityof cancer
types.Third, thepre-filteringof learningdatasetsbaseduponpreconceivedbiologicalmodels
significantlyreducespredictiveaccuracy.Applicationof our optimizedmodelsto publically
availableovariancancer(OC) patientgeneexpressiondatasetsgeneratedpredictionshighly
consistentwith observedresponsesto avarietyof drugs.Byproviding trueopenaccessto our
software,weseekto encourageadditionalimprovementsin currentmethods,aswellas,con-
structivecomparisonswith alternativeapproachesleadingto thedevelopmentof optimalML-
basedstrategiesfor personalizedcancermedicine.

Results

Support vector machine (SVM) model building and recursive feature

selection

A varietyof ML techniquesandstrategieshavebeenemployedin thequestfor optimalaccu-
racy,sensitivityandspecificityin drugresponsepredictions.In thiswork,weutilizeanSVM
approachpairedwith recursivefeatureelimination(RFE).SVMhasbeensuccessfullyapplied
in avarietyof biologicalapplicationsin recentyears(e.g.,[9]). Our SVMmodelswerebuilt
usinggeneexpression(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE32474)(see
alsoTableA in S2File)anddrugsensitivityprofiles(https://wiki.nci.nih.gov/display/
NCIDTPdata/NCI-60+Growth+Inhibition+Data)) (seealsoTableB in S2File)of theNCI-60
panelof humancancercelllines.Predictivemodelswerebuilt for sevendrugsoftenemployed
in thetreatmentof ovariancancer(carboplatin,cisplatin,paclitaxel,docetaxel,gemcitabine,
doxorubicin,gefitinib).Thedrugsensitivities(GI50)of theNCI-60celllinesapproximatea
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normaldistribution (Fig1A;FigA in S1File).Forour learningdataset,weconservatively
excludedcelllinesdisplayingGI50valueswithin ±0.50SDof themean.Thetestdataset,how-
ever,wasselectedfrom all celllines.In all cases,celllinesusedto build themodelsweredistinct
from thoseusedin testingthemodels.

SVMmodelsbuilt uponlargedatasetstypicallycontainuninformativefeatures,andanum-
berof featureselectionmethodshavebeendevelopedto identify subsetsof featureswith opti-
malpredictiveaccuracy[10±12].WeemployedapreviouslydescribedRFE[13,14]methodto
selectfor features(geneprobesets)thatoptimallydistinguishcellspredictedto besensitiveto
adrug from thosethatarenot. TheRFEmethodstartsbydiscardingtheleastrelevantfeatures
of themodelfrom thebottomof thesortedfeaturelist (TableC in S2File).Thesubsequent
SVMmodelisbuilt on theremainingfeaturesandagain,featureswith thelowestweightsare
removed.Thisprocessproceedsin arecursivemanneruntil aminimal subsetof featuresis
identifiedthat isessentialto maintainoptimalpredictiveaccuracy.Forexample,Fig1Bdepicts
theevolutionof predictiveaccuracyusingSVM-RFEfeatureselectionfor increasedsensitivity
to carboplatin(seeFigB in S1Filefor featureselectionof theotherdrugs).In thiscase,initial
removalof uninformativefeaturesincreasedaccuracydueto theeliminationof featuresthat
negativelyinteractwith predictiveaccuracy.Our SVM-RFEapproachcomparesfavorablywith
othercommonlyemployedmethodsof featureselection(seeFigF in S1File).

Theminimal numberof informativefeaturesassociatedwith optimallypredictedrespon-
sivenessto thesevendrugsmodeledin thisstudyrangedfrom 10to 32(TableD in S2File).
While thebiologicalcontribution of themajority of thesegenesto drugresponsivenessiscur-
rentlyunknown,potentiallyinformativetrendsareoftenapparent.Forexample,severalof the
mostinformativegenespredictiveof carboplatinsensitivityhavebeendirectlyor indirectly
implicatedwith apoptosis(TableE in S2File),acellularfunction knownto beinducedin
responseto carboplatintreatment[15].

TheSVMmodelsgeneratedrugpredictionscoresfor eachcellline.Scoreshigherthan"0"
indicateapredictedsensitiveresponse,lessthan"0"apredictedresistantresponse(e.g.,seeFig1C,

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.

https://doi.org/10.1371/journal.pone.0186906.g001
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X-axis).Theoverallaccuracy,specificityandsensitivityareevaluatedby leave-one-outcross-vali-
dation(LOOCV).TheSVMcomputedpredictivescoresareplottedagainstobservedGI50values
to graphicallydisplaytheaccuracyof eachmodel.Forexample,thequadrantplot for carboplatin
(Fig1C)showsthat theSVMmodelis84%accurateacrosstheNCI-60testdataset.Thepredictive
accuraciesof eachof thesevenmodelsrangedfrom 75%to 85%(seeFigC in S1Filefor predictive
accuraciesof theother6chemotherapeuticdrugs).

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

predictive accuracy

While featureselectionmethodsaredesignedto identify themostinformativefeaturesbysys-
tematicallyeliminatinglessinformativeones,thepredictiveaccuracyof ML modelsisheavily
dependenton thepresumptionthat theoriginal learningdatasetencompassesthefull spec-
trum of featurespotentiallyrelevantto thepredictedvariable[10]. Theselectionof appropriate
learningdatasetsfor building predictivemodelsof cancerdrugresponseisespeciallychalleng-
ing becauseafull understandingof themolecularprocessesunderlyingcanceronset/progres-
sionhasyetto beattained[16]. For this reason,subjectivelimitations in thescopeof data
employedin learningdatasetsmaynegativelyaffectpredictiveaccuracyof derivedmodelsif
informativefeaturesareinadvertentlyexcluded.Forexample,it is frequentlyassumedthat
modelsdesignedto predictoptimal therapiesfor aparticularcancertypeshouldappropriately
bebuilt usinglearningdatasetsderivedexclusivelyfrom thatsametypeof cancer.However,a
growingbodyof evidenceindicatesthat themolecularpathwaysunderlyingcanceronset/pro-
gressionarenot necessarilydefinedbyatumor'stissueof origin [17]. Thus,ageneexpression
patternassociatedwith aparticularcancertypemayunderliecancerdevelopmentin other
cancertypesaswell.

To explorethis issue,wecomparedtherelativeaccuraciesof two SVM-derivedmodels
designedto predictresponseto thecommonlyprescribedcancerdrugcarboplatin.Therespec-
tivemodelswerebuilt usinggeneexpressionprofilesanddrugresponseprofiles(i.e.,learning
datasets)derivedfrom 18of theNCI-60celllines.In onecase,the18celllineswererepresenta-
tiveof only two typesof cancers(lung andmelanoma)while in theothercase,the18celllines
wererandomlyselectedto berepresentativeof all 9 typesof cancercomprisingtheNCI-60
dataset(lung,colon,breast,ovarian,leukemia,renal,melanoma,prostateandCNS).Asshown
in Fig2A, themodelbuilt usingdatafrom the9 cancertypeswasmoreaccuratein predicting
carboplatinsensitivity(87.5%)thanthemodelbuilt upononly 2cancertypes(75.0%)(FigD
in S1File).This finding isconsistentwith growingevidencethat themolecularbasisof indi-
vidualcancersmaynot necessarilybedefinedby tissueof origin [17]. In addition,thefactthat
variationin geneexpressionlevelsis typicallygreateramongmultiple cancertypes(seeFigG
in S1File)maybeanadditionalrelevantfactorsincethepredictiveaccuracyof ML modelsis
wellknown to improvewith increasingdiversityof thelearningsetdata[10].

The averaging of microarray probe set expression values reduces

predictive accuracy

Anotherwayin whichtheinformation contentof learningdatasetsmaybecompromisedisby
theemploymentof averageratherthanrawexperimentalvalues.Forexample,Affymetrix and
othermicroarraygeneexpressionsystemstypicallyincorporatemultiple probesetspergene,
therebyproviding thepossibilityof monitoring differencesin levelsof alternativesplicingand
otherpost-transcriptionalexpressionvariants(e.g.,FigE in S1File).While theuseof average
geneexpressionvaluesmaybeappropriatefor manyapplications,thelossof information asso-
ciatedwith theuseof suchaveragevaluesin learningdatasetscouldnegativelyaffectthe
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accuracyof drugpredictionalgorithmsif, for example,raresplicevariantsturn out to bepar-
ticularly informativefeatures.

To testthispossibility,wecomparedtherelativepredictiveaccuraciesof two SVM-based
algorithmsdevelopedto predictthesensitivityof thesetof breastcancercelllinesrecently
employedin theNCI-DREAM Challengeto thedrugdoxorubicin[1]. In onecase,we
employedtheaverageAffymetrix geneexpressiondatasetthatwasprovidedto theChallenge
participants(https://www.synapse.org/#!Synapse:syn2785783).In theothercase,wedown-
loadedandemployedtheoriginalprobedataasour learningset(ArrayExpressE-MTAB-181,
http://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-181/). Theresultspresentedin Fig
2B,2Cand2D demonstratethat themodelbuilt usingtheprobesetdataissubstantiallymore
accurate(89%)in predictingthesensitivityof thebreastcancercellslinesto doxorubicinthan
themodel(78%)built usingtheaveragedgeneexpressionvalues.

Pre-filtering of learning datasets can reduce predictive accuracy

Somemethodsto assessrisk of cancerprogressionand/orseverityfocusalmostexclusivelyon
genespreviouslyidentifiedasdriversof canceronset/progression[18]. Theadvantageof such
datapre-filtering isareductionin thecomplexityof downstreamanalysesbut,asdiscussed
above,it mayalsonegativelyimpacttheaccuracyof derivedpredictivemodelsif thetruncated
datasetsdo not encompassall genesassociatedwith drugsensitivity.

To explorethisquestion,wecomparedthepredictiveaccuracyof two SVM-basedmodels
usingtheabovebreastcancercellline data.In onemodel,thelearningdatasetconsistedof
expressionpatternsof 297genespreviouslyimplicatedin canceronset/progression[19]
(http://foundationone.com/docs/FoundationOne_tech-info-and-overview.pdf).In thesecond
model,thelearningdatasetincludedprobesof all significantlyexpressedgenes(TableA in S2
File).Themodelsbuilt usingthepre-filtereddatafrom the297genesweresubstantiallyless
accurate(59.6%)in predictingresponsesto doxorubicinthanthemodelbuilt uponunfiltered
data(89.4%)(Fig3).

Model applications to human cancer datasets

While our predictivemodelswereestablishedusinggeneexpressionanddrugsensitivitydata
from humancelllines,wewereinterestedin conductingpreliminaryevaluationsof themod-
els'ability to predicttheresponseof humancancerpatientsto chemotherapeutictreatments.
Towardthisend,wedownloadedthreeindependentlyderived(Affymetrix) geneexpression
datasetsof 273ovariancancerpatienttumorsfrom theGeneExpressionOmnibus(GEO)
repository(GSE30161,GSE18521,GSE20565;http://www.ncbi.nlm.nih.gov/gds). Theexpres-
sionvaluesfor eachindividual arraywerenormalizedbackto theNCI-60geneexpressiondata
matrix.

Usingthesedata,weemployedour modelsto predicttheresponseof the273cancer
patientsto cisplatin,doxorubicin,paclitaxel,carboplatin,docetaxel,gemcitabineandgefitinib.

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.org/10.1371/journal.pone.0186906.g002
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Forexample,Fig4A and4Bdisplaythepredictedresponseof two randomlyselectedpatients
from theGEOdataset.Oneof thepatients(Fig4A) ispredictedto respondfavorablyto the
standardfirst-line therapy(carboplatin/paclitaxel)while thesecondpatient(Fig4B)isnot.
Interestingly,thepatientpredictednot to respondto first line therapy,ispredictedto respond
favorablyto gemcitabine.Unfortunately,theobservedresponseof theseindividual patientsto
therapyisnot available.However,thecollectiveresponseof ovariancancerpatientsto the
sevendrugsanalyzedin thesestudieshasbeenpreviouslyreported(TableF in S2File).To
comparethecollectivepredictiveaccuracyof our modelsto thecollectiveobservedresponse
rates,wecombinedthepredictivesensitivitiesof the273patientscomprisingthe3 GEOdata-
setsanddisplayedtheresultsasadistribution of thecombinedSVMpredictedscores(Fig4C).
Theresultsindicatethatwhileat leastsomepatientsarepredictedto respondto eachof the
sevendrugs,thevastmajority (75%)of patientsarepredictedto respondfavorablyto carbopla-
tin (Fig4C),followedcloselybygemcitabine,cisplatin(58%)andpaclitaxel(56%).Of interest
is thefactthatcarboplatin,givenconcurrentlywith paclitaxel,is thecurrentfirst-line chemo-
therapyfor ovariancancerpatients,with approximately75±80%of patientsbeingresponsive
to thiscombination[20]. Our predictionssuggestthat thedrugprimarily responsiblefor this
favorableresponseiscarboplatin.Gemcitabineiscommonlygivenasasecond-linechemo-
therapyfor OCandhasbeenfound to beof moderateclinicaleffectiveness,in line with our
predictivemodels[21]. Fig4D displaysthelinearregressionbetweenthepredictedresponse
ratesto thesevenchemotherapeuticdrugsbyour modelsandtheobservedresponseratefrom
clinicalstudies(TableF in S2File).Theoverallpredictiveaccuracyof our modelsin thisdata-
setis> 80%(R2= 0.8201).

Discussion

A primary goalof personalizedcancermedicineis theaccuratepredictionof optimaldrug
therapiesbaseduponindividualizedmolecularprofilesof patienttumors[22]. In anideal
world, suchpredictionsarebaseduponfirmly establishedcauseandeffectrelationships

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).

https://doi.org/10.1371/journal.pone.0186906.g003
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betweenidentifiedmolecularaberrationsandspecificaspectsof theonsetandprogressionof
thedisease.An exampleis thewell-establishedrelationshipbetweenconstitutivelyactiveBcr-
Abl tyrosinekinase(TK) expressionandtheleukemicphenotypeassociatedwith CML
(chronicmyelogenousleukemia)[23]. Patientsidentifiedwith thismolecularaberrationare
effectivelytreatedwith targetedTK inhibitors thatwork to reducetheelevatedactivityand
restoreregulatorybalanceto thecell.Regrettably,theunderlyingmolecularcausesof most
tumorsare,asyet,not aswellunderstoodasfor CML. Thishasledto growinginterestin the
applicationof ML approachesto thepredictionof optimaldrug therapies[18]. ML-basedpre-
dictivemodelsarenot predicateduponknowledgeof underlyingcauseandeffectrelationships
but ratheron theidentificationof significantcorrelationsbetweenspecificcomponentsof
tumor molecularprofilesandthefavorableresponseof tumorsto specificdrugs.

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, R2 =

0.8201) (Table F in S2 File).

https://doi.org/10.1371/journal.pone.0186906.g004
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Theopensourceavailabilityof ML predictionalgorithmsprovidestheresearchcommunity
with uniqueopportunitiesfor creativemodificationsandimprovementsof existingalgorithms
not otherwisepossible.Forexample,opensharingof codehasbeencritical to improvements
in ML approachesto imagerecognition[6,7].

Despitethedocumentedadvantagesof theopensharingof code,to date,thepracticehas
beenextremelylimited within thefield of cancerdrugprediction.Forexample,thereisanota-
blelackof GitHub, Sourceforge,RBioconductorandotheronlinerepositoriesof cancerdrug
predictionapplicationsin contrastto theresourcesavailablefor otherML applicationssuchas
theLargeOnline Image(LOI) repositorycompetitionswherealternativecomputationalsolu-
tionsareopenlydeposited[7]. Webelievethatmakingcancerdrugpredictionalgorithms
opensourcecouldresultin similarbenefitsin thefield of personalizedcancermedicine.

Towardthatend,wepresenthereanopenaccesssupportvectormachine(SVM)-based
algorithmfor thepredictiveresponseof cancersto sevenwidelyemployedchemotherapeutic
drugs.ThealgorithmcombinesastandardSVMapproachwith a"one-byone"datanormaliza-
tion pipeline.Wehaveemployedthealgorithmto exploretheeffectof avarietyof alternative
learningdatasetson predictiveaccuracyleadingto severalunanticipatedfindings.Forexam-
ple,althoughit mayseemintuitive thatdrugpredictivemodelsfor aspecifictypeof cancer
shouldoptimallybebuilt upondatafrom thesamecancertype,our resultssuggestthat this
maynot alwaysbethecase.Thepredictiveaccuracyof thedrugresponseof aparticularcancer
typewassignificantlyincreasedwhenthemodelwasbuilt usingdatafrom avarietyof cancer
types.Thisfinding isconsistentwith growingevidencethatmolecularsignaturesof optimal
cancerdrugresponsearenot necessarilydefinedby thecancer'stissueof origin [17].

Microarrayplatformstypicallymonitor geneexpressionlevelsusingmultiple probesets.
Thisallowsdiscriminationbetweentheexpressionpatternsof alternativesplicevariantsand/or
othergenetranscriptisoforms.Mostoften,theinput expressiondatafor thebuilding of ML
predictivemodelsutilizesaverageexpressionvaluesacrossall geneprobes.Wefound that
higheraccuracyisattainedwhenall probesareincorporatedin thelearningdatasetpresumably
becausesomeisoformsaremoreinformativethanotherswith respectto drugresponseandthis
information is lostor dilutedwhenindividual probedataarecombinedin anaveragevalue.

Personalcancerdrug therapy,ascurrentlyenvisioned,involvesthetargetedinhibition of
oneor more"cancerdriver"genes,i.e.,genesthathavebeenpreviouslyidentifiedasplaying
keyrolesin canceronsetandprogression.For this reason,themolecularprofilesof putative
cancerdriver genesor otherpre-definedsubsetsof genesareoftenconsideredsufficientfor
theaccuratepredictionof optimaldrug therapies.Wefound thatpredictiveaccuracycan,in
fact,besignificantlyreducedwhenexpressionprofile datasetsarepre-filteredprior to ML-
basedmodelbuilding.Thisresultsuggeststhatgenesinvolvedin cancerdrugresponsearenot
necessarilylimited to thoseinvolvedin canceronsetevenwhenthedrug in questionis
designedto targetaspecificgroupof driver genes.

Althoughour modelswerebuilt usingthepublicallyavailableNCI-60cancercellline data-
sets,weareencouragedthatpredictionsusingpublicallyavailablehumanpatientdatasetsare
generallyconsistentwith clinicalobservations.Bymakingour predictivemodelsopensource,
wehopeto encouragethetestingof predictionsin additionalhumandatasetsrepresentativeof
adiversityof tumor types.

In summary,our findingsdemonstratethatsignificantimprovementscanbemadein the
predictiveaccuracyof ML-basedalgorithmsbymodulatingtheformatand/or typeof learning
datasetsemployedin themodelbuilding process.Thisfinding is likely to berelevantregardless
of thetypeof ML approachemployed.While our resultsillustrateseveralpathsbywhichthe
predictiveaccuracyof our ML-basedcancerdrugpredictionalgorithmwasimproved,these
andadditionalpossibilitiesneedto betestedwith largerandmoreextensivedatasets.We
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believethatsuchgoalsaremosteffectivelyattainedbycommunaleffortswheretheresearchcom-
munity isprovidedopenaccessto theunderlyingcodeandpipelinesemployedsothatmeaningful
improvementsandcomparisonswith alternativemethodscanbemade[24].Towardthisend,we
currentlyprovideanopensourceRpackageandpipelinefor applicationof our predictionmeth-
ods(https://github.com/chuang95/KEA_DrugResponse).In addition,auser-friendlywebserver
iscurrentlyunderconstructionthatwill further enhancepublicaccessto our methods.

It isour hopethat throughcommunitysharingof thisandotheropensourcecancerdrug
predictionalgorithmsandassociateddataformatting/normalizationproceduresthat the
attainmentof amajorgoalof personalizedcancermedicinewill befacilitated.

Materials and methods

Microarray data normalization

Standardgeneexpressiondataanalyseswereconductedaspreviouslydescribed[25]. Individ-
ualgeneexpressionmicroarray(.CEL)fileswerenormalizedone-by-oneagainsttheoriginal
NCI-60geneexpressionmicroarraydataspecificto eacharray(both Affymetrix U133Plus2
andHumanExonArray) usingstandardquantilenormalization[26,27]andusingthemean
of eachprobe.Thisapproachcreatesdistributionsfor eacharraythatareassimilaraspossible
in termsof statisticalproperties.

Bifurcation of response data

WedefinethenegativelogtransformedGI50valuefor eachcellline.In thisapproach,thehigher
thetransformedGI50value,themoresensitivethecellline is to thedrug.Threelabelswerecol-
lected:sensitive(marked1),resistant(marked-1) andindeterminate(marked0).Thesensitive
labelindicatesGI50valuesabovemean+0.50 SDwhileresistantlabelindicatesGI50valuesbelow
mean+0.50 SD. GI50valuesthat lie within ±0.50SDof themeanaremarkedasindeterminate.

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

Themicroarraygeneexpressionvaluesof theNCI-60celllinesareformattedasamatrix,and
sub-dividedinto training (75%)andvalidation(25%)datasets.Eachprobeof ageneisana-
lyzedasaseparatefeaturefor eachsample.WeappliedSVMon training datato getweightsfor
eachfeature,andsort thefeaturesbasedon theweights(TableC in S2File).Modelsarebuilt
usingalearningdataset,andevaluatedusingatestdataset.Linearsupportvectormachine
(SVM) isemployedrecursivelyasaclassificationmodelto separatesamplesinto two classes:
sensitiveandresistant.Thelearningfunction is svmtrain (MatlabR2013bversion8.2.0.701),
andthekernelfunction is linear.Thesamplesarerepresentedasavectorx, andthetwo classes
aredividedin thedataspacebyahyperplanewx’ + b = 0 thatmaximizesthemarginsbetween
thelearningsamplesof thetwo classes.Thismarginisdefinedsuchthat:

wx0 þ b � 1; c ¼ 1

wx0 þ b � � 1; c ¼ � 1

Binaryclassificationisperformedfor thetestprediction.Thepredictionscorefor testsamples
arecalculatedbyusingthedecisionfunction asfollows:

prediction socre ¼ � 1� ð
Xi

f¼1

wf xf þ bÞ

wherew andb aretheweightvectorandbiasparametersfrom theSVMmodel.Theinput x is the
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normalizedtestsamplegeneexpressiondatawith RFEselectedi numberof features.Theclassifi-
cationof thepatientdrugresponseisbasedon thisscore.Wecallasamplearesponderto the
drugif thisscoreishigherthan0,andanon-responderto thedrugif thescoreis lowerthan0.

Recursivefeatureelimination(RFE)wasperformedto find theminimum setof features
thatmaximizedaccuracyin theclassificationon thetestdataset(Fig5).Theapproachstartsby

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://doi.org/10.1371/journal.pone.0186906.g005
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removingtheleastrelevant100featuresfor themodelfrom thebottom(lowestweights)of the
sortedfeaturelist.ThefollowingSVMmodelisbuilt usingtheremainingfeatures,andthen
againremovesthe100featureswith lowestweights.Thisprocessproceedsrecursivelyuntil the
numberof remainingfeaturesreaches100.Thereafter,featuresareremovedoneatatime until
themostinformativesetof featuresisobtained[28±30].If therearemultiple modelswith the
highestaccuracy,themodelwith thefewestnumberof featuresisselected.Eachmodelis
forcedto containaminimum of tenprobes.Thepredictivemodelfor eachdrug isbasedon
themostinformativesetof featuresdeterminedfor thatdrug.Leaveoneout cross-validation
(LOOCV) isusedto evaluatetheperformanceof eachof themodelsaspreviouslydescribed
[14].

Receiver operating characteristic (ROC)

ROCcurvesweregeneratedusingthestandardfunction asoutlinedbelow:

AUC ¼ ðtpr � fpr þ 1Þ=2 ¼ ðtpr þ tnrÞ=2 ¼ 1 � ðfpr þ fnrÞ=2

whereAUC = area under the curve, tpr = true positive, fpr = false positive, tnr = true negative
andfnr = false negative. WeoptimizeAUC bymaximizingtpr—fpr or minimizing asumof
(absolute)normalizederror fpr + fnr. Optimalmodelsareassociatedwith higherAUC values.
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