


recurrence.Onecananalyzetissuesamplestakenfrom thecavityusingNuclearMagnetic
Resonancetechnologywhichproducesasignal,andthencanclassifysamplesashealthy
or tumor during surgery.However,theanalysisis limited byknown indicatorpeaksin the
signalandit requirespeoplewith chemistrybackgroundandtumor metabolismknowl-
edgeto bepresentduring surgery.Here,weshowthatwecanaccuratelyandimmediately
analyzethesignalwithout theneedof suchbackgroundknowledgeor ahumanexpert.
Wework on anewandlargedatasetof tumor andhealthytissuesamples.Our results
showthatmachinelearningbasedapproachcandistinguishsampleswith andwithout
tumor cellsaccuratelyandeffectively.Furthermore,wevalidatethatpreviouslyidentified
biologicalindicatorsof tumorsplayanimportant rolefor thisclassification.Thealgorithm
alsosuggestsnewanduncharacterizedtumor indicators.

This isaPLOS Computational Biology Methodspaper.

Introduction

Gliomasconstitute60%of all primary brain tumors[1]. Themaximumresectionof thetumor
remainsthekeypoint in themanagementof gliomaswith adirect influenceon thesurvivalof
patients[2]. Theprogressmadeoverthelasttwo decadesin surgicaltechniquesincluding
microsurgeryby theoperatingmicroscope,preoperativefunctionalimaging(e.g.,functional
MRI, MRI tractography),intraoperativeelectricalstimulationin awakenedcraniotomyand
intraoperativeimaging(surgeryguidedbyreal-timeimagingusingneuronavigationor intrao-
perativeMRI) havelargelycontributedto significantlyincreaseresectedtumor volumewhile
improvingmorbidity andmortality [3].

Providingfeedbackon left-overmaligntissueduring surgerycanhelpsurgeonsdelineate
morepreciselythelimits of atumor infiltration, especiallyafteramacroscopicallycompleteexci-
sion.Severalinnovativetechniquesbasedon opticalspectrometry[4±16]or massspectrometry
[17±25]arenowproposedto helpsurgeonsto evaluatethemarginsof resectionandpossiblyto
amplifythesurgicalprocedure.Metabolicprofiling of abiopsysamplebyHigh ResolutionMagic
AngleSpinningNuclearMagneticResonance(HRMASNMR) spectroscopyisarecentnovel
techniquefor efficientlydistinguishingmalignandhealthytissuesin excisioncavityduring sur-
gery.Thistechniqueisparticularlywell-suitedfor this taskdueto its ability to analyzesmallsam-
plesof unprocessedtissuespecimens.It hasanondestructivenatureandallowsotheranalytical
techniqueson thesamespecimenwhichis importantwhensmallamountsof tissueareavailable
[26].Moreover,thepreparationof biopsysamplesis fastasit doesnot requirelengthychemical
extractionprocedures.Battini et al. showedthatHRMASNMR spectroscopyusingintact tissue
providessolidinformation in thecharacterizationof pancreaticadenocarcinomaandalsoon the
long-termsurvival.Theinformation canbeobtainedin twentyminutesduring surgery[27].A
recentlyreleasedmetabolicdatabaseon HRMASNMR signaturesof seventysixbiomarker
metaboliteshastakenthenextstepin wideningtheusageof thetechnique[28].

Onechallengeto overcomefor this techniqueto beusedin thesurgeryroom is its depen-
denceon humanexpertswith backgroundon chemistryandcancerbiology.TherawNMR
signalisevaluatedby theNMR technicianwhocanreporton theexistenceof certainbio-
markermetabolitesusuallywith no insighton thetumor metabolism.Evaluationof theraw
signalcomeswith severalobstacles.First,theidentificationof biomarkermetabolitesmight
not bepossibledueto superimposedsignaturesignalsof certainmetabolites(e.g.,creatineand
lysine[29]). Second,certainpeaksmight shift dueto experimentalconditions(e.g.,dueto
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temperature)andthenaninformedguesson whetherthatpeakbelongsto thetargetedmetab-
olite mustbemade.Third, theintra-tumor heterogeneitymight resultin aconvolutedsignal
andmight makeit hardfor thetechnicianto detectmalignanttissuedueto unusualrelative
peakintensities.Moreover,anexpertpathologistneedsto bepresentat thetime of thesurgery
to relatethefindingsof thetechniciansto thetumor metabolism.Maybethemostrestricting
factorof thisanalysispipelineis thetargetedanalysisof therawNMR signal.Thismeansthe
humanexpertis limited by theknowledgeof certainbiomarkermetabolitesandtheir corre-
spondingpeaks.However,thespectrumcontainsmanyuncharacterizedregionswhichmight
harborpeaksthatarecapableof distinguishingtumor cellsandyetareunknown.

In thisstudy,weproposeusingmachinelearningapproachesto addresstheabove-men-
tionedproblemsandto automatedistinguishinghealthytissuefrom benign/malignanttumor
tissueobtainedfrom theexcisioncavityduring tumor surgery.Thealgorithmis fastandcan
work within thetime frameof surgery.It directlyoutputswhetherasampleincludestumor
cells.Thus,it doesnot requireatechnicianto analyzethesignal.It performsanuntargeted
analysisof thesignalandisableto extractinformation from uncharacterizedregionsin the
spectrum.Thesystemfigurerepresentingtheproposedpipelineisshownin Fig1.

Here,weutilizeanewdataset(n = 565)of gliomaandcontrol samplesanalyzedusing
HRMASNMR. All samplesarealsoanalyzedbyaclinicalpathologistandlabeledwhetherit is
normal,benignor malignant.To thebestof our knowledge,this is thelargestof its kind with
pathologicallabels.Webenchmarkvariousmachinelearningarchitecturesandshowthat it is
possibleto distinguishtumor andcontrol sampleswith amedianAUC of 85.6%andAUPRof

Fig 1. The figure shows the pipeline proposed for machine learning assisted tumor margin assessment during brain tumor

surgery. After thetumor removal, thesurgeonresectssamplesfrom theexcisioncavity.SamplesareanalyzedviaHRMASNMR
technique. Producedspectraareprocessedviaarandomforestclassifierto labeleachregionin thecavity(malignant/benigntumor
vshealthytissue).Thefeedbackissentto thesurgeonfor resectingmoretissuefor regionslabeledpositivefor tumor tissue.

https://doi.org/10.1371/journal.pcbi.1008184.g001
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93.4%.Weshowthatwecanalsodistinguishbenignandmalignanttumor sampleswith a
medianAUC of 87.1%andAUPRof 96.1%.Thebestperformingmethodisarandomforest
basedapproach.Thismethodfor thefirst time performsanuntargetedanalysisof thespec-
trum. Moreover,themodelis interpretableandinforms theuserabouttherangesin thespec-
trum thatweremostinformativefor theclassification,usingSHAPvaluesof thefeatures
whichquantifytheir importance[30]. Wevalidatethat themodelfocuseson knowncancer
biomarkermetabolitessuchascreatineand2-hydroxylglutaratewhiledistinguishingbenign
andmalignantgliomasamples.Wealsoobservethatbranchedchainaminoacidshavebeen
important in theclassification.Wefind evidencein literaturethat indeedalteredbranchchain
aminoacidconcentrationsarerelatedto gliomametabolism,yet,their statusasbiomarkers
arenot well-established.Wealsofind someuncharacterizedregionsin thespectrumthatare
informative,whichbringsup further researchquestionson establishinganunderstandingon
thecompoundsin thoseregionsandtheir relationto tumor metabolism.

Materials and methods

Ethics statement

All datausedin thisstudywerecollectedfrom two sourcesandapprovedby theEthicsCommit-
teeof Strasbourg(ComiteÂdeprotectiondespersonnes,EstIV). Tissuespecimenswerecollected,
eitherbyapneumaticsystemconnectedbetweentheoperatingtheaterof neurosurgeryandthe
NMR room (HautepierreHospitalÐUniversity Hospitalsof Strasbourg),or bysamplesstoredin
two Tumor Bio-bank,StrasbourgandColmar(EthicsCommitteeno.2003-100,09.12.2003and
no.2013-37,12.11.2013).A written informedconsentwasobtainedfrom all patientsincluded.

Dataset

In thissubsection,weprovidedetailson thegliomaHRMASNMR datasetandcorresponding
quantitativepathologicalanalysisto obtainthelabels.Thedatasetisavailableathttps://
zenodo.org/record/3951448.

Patient’s cohort and tissue sample collection. Themetabolomics-basedstatisticalmodel
wasconstructedfrom spectraof 247primary brain tumor samplesfrom 218patients,74non-
tumor brain tissuesamplesfrom epilepsysurgeryof 54patientsandspectraof 244samples
from excisioncavityof patients.Thehistopathologicalclassificationof primary brain tumors
is:Pilocyticastrocytoma(AST-I,n = 3),astrocytomagradeII (AST-II, n = 6),astrocytoma
gradeIII (AST-III, n = 5),glioblastoma(GBM,n = 123),oligodendrogliomagradeII (ODG-II,
n = 25),oligodendrogliomagradeII-III (ODG-II_III, n = 7),oligodendrogliomagradeIII
(ODG-III or ODIII, n = 41),oligoastrocytomagradeII (OAST-II,n = 3),oligoastrocytoma
gradeIII (OAST-III, n = 4),oligoastrocytomagradeII-III (OASTII-III, n = 1) ganglioglioma
gradeII (GG-II, n = 5),gangliogliomagradeIII (GG-III, n = 1),dysembryoplasticneuroe-
pithelialtumors(DNET,n = 22),gliosarcoma(GS,n = 1).

Tissuespecimenswerecollectedwith minimum ischemicdelaysafterresection(average
time 2± 1min).All tissuesamplesusedin thisstudyhadaviabletumor/necrosisratio and
werequantitativelyandqualitativelyadequateto performsatisfactoryNMR HRMASanalysis.
In orderto wait for thisgoal,afterNMR HRMASanalysis,theinsertswerecut,andfor half the
contentof eachsample,thepercentageof tumor cellsin thetotal sampleof cellswith regardto
thetotal surfacewerecalculatedbasedon frozenhematoxylin& eosin-stainedsections.SeeS1
Tablefor detailson collectedsamples.

HRMAS NMR data acquisition. Eachbrain biopsysamplewaspreparedat−20ÊCby
introducinga15-to 18-mgbiopsyinto adisposable30μLKelFinsert.To providealock fre-
quencyfor theNMR spectrometer,10μLofD2O wasalsoaddedto theinsert.
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All HRMASNMR spectrawereacquiredon aBruker(Karlsruhe,Germany)AvanceIII 500
spectrometeroperatingataproton frequencyof 500.13MHz andequippedwith a4-mm tri-
ple-resonancegradientHRMASprobe(1H, 13Cand31P).Thetemperaturewasmaintainedat
4ÊCthroughouttheacquisitiontime in orderto reducetheeffectsof tissuedegradationduring
thespectrumacquisition.A one-dimensional(1D) proton spectrumusingaCarr-Purcell-Mei-
boom-Gill (CPMG)pulsesequencewasacquiredwith a285μsinter-pulsedelayanda10-min
acquisitiontime for eachtissuesample.Thenumberof loopswassetat328,givingtheCPMG
pulsetrain atotal lengthof 93ms.

HRMAS NMR data preprocessing. Thefreeinduction decay(FID) signalfor eachsample
hadalengthof 16,384.Thesignalis left-shiftedby70pointsto removetheBrukerdigital filter
in theprefix.ObtainedrawFID spectrumis thentransformedto frequencydomainandis
phasecorrected.Thesuffixof thesignalwhichcontainedalmostno varianceiscroppedto
obtainthefinal signalusedfor analysis,whichisof length8,172.Themagnitudeof thesignalis
usedfor thepresentedanalysis.

Problem formulation

In thisstudy,our main taskisdistinguishingtumor tissuefrom thenormal tissue.Theprob-
lemismodelledasabinaryclassificationtask.ForagivenHRMASNMR signali in thesample
setS, thefeaturevectorxi isad-dimensionalvector:~xi ¼ ½x1

i ; x
2
i ; . . . ; xdi � whichrepresents

thesignalintensityateachppm.Thelabelfor thatsampleisyi andyi = 1 if samplecontains
tumor tissueandyi = 0,otherwise.Then,themodelwelearnisafunction f suchthat
f ð~xiÞ ¼ ŷi ; 8i 2 S. Thesecondandoptionaltaskis to distinguishbenignandmalignanttumor
samples.In this task,asamplej haslabelzj = 1,if thesamplehasmalignanttumor cells,and
zj = 0,if samplecontainsbenigntumor cells.This taskisalsoabinaryclassificationtaskand
welearnafunction g suchthatgð~xiÞ ¼ ẑi . Wewould like to notethatwealsoconsidereda
multi-classclassificationtaskwhichunitestheabovementionedbinaryclassificationtasks.
However,aswediscussin Discussionsection,weobtainedbetterperformancewith two sepa-
ratetasks.Giventhefirst taskisof utmostimportanceandthesecondisoptional,weoptedfor
thisapproach.

Learning algorithms

In thissection,wedescribethemethodsemployedfor theproblemsformulatedabove.We
benchmarkvariousmachinelearningalgorithmsto find theonesuitablefor thetasksathand
giventhesizeandnatureof the1H HRMASNMR signal.Forall methods,theonly input is
~xi for both tasks(d = 8,172).SeeExperimentalSetupsectionfor parameterdetailsof each
approach.

First,werun partial leastsquaresdiscriminantanalysis(PLS-DA)asabaselinewhichisa
commonmethodusedin metabolomicsanalysis[31]. Asthesecondalgorithm,weusedaRan-
domForest(RF)classifier,whichtrainsmanyweakclassifiertreeson samplesubsetswhich
arecreatedusingbootstrapping[32] andresultsareaggregatingviamajority voting.Thethird
algorithmisasupportvectormachineclassifier(SVM).Weemployedlinearandradialbasis
function (RBF)kernelswith asoftmargin.

Asabaselineneuralnetworkarchitecture,weemployafully connectedmulti-layerpercep-
tron. Our MLP [33] modeltakes~xi andappliesanumberof fully connected(FC) layerswhich
makesuseof rectifiedlinearunit (ReLU)activation.Weusefull batchgradientdescentfor
training.At theoutput layer,weusesoftmaxto assignprobabilitiesto eachclass(e.g.,benign)
andfocallossasour lossfunction to addresstheclassimbalancein our dataset(i.e.,smaller
numberof benignsamples)[34].
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Convolutionalneuralnetworks(CNN) arewell-establishedarchitecturesfor learningcom-
plexpatternson 2D imagedata.CNNshavealsoprovenusefulfor processing1D data.Some
examplesaredrugchemicalstructurerepresentation(e.g.,SMILES[35,36]),naturallanguage
(i.e.,sentences[37]) andEEGsignals[38]. Thus,weconjecturedthataCNN isagoodcandi-
datefor theclassificationtasksmentionedabove.Asour final model,weusea1D CNN-based
architectureto process~xi . Thearchitectureconsistsof 2 layersof convolutionaloperations.
First,C1 kernelsof sizekx1arepassedoverthesignalwith strides anddilation rated (no pad-
ding).Thesamesetof operationsareappliedon theoutputof thefirst convolutionallayer
with C2 kernels.Theoutput ispassedthroughasetof fully connectedlayersto produceclass
probabilitiesusingsoftmaxat theoutput layer.Again,weusefull-batchgradientdescentas
our optimizerandfocallossasour lossfunction.

Results

Experimental setup

Welabelthesamplesin our datasetasaggressive,benignor control usingthefollowing
method.SeeDatasetsectionfor details.Perall individualsin thedataset,wehavemultiple
typesof samplesthatoriginatefrom (i) thegliomatumor tissue(i.e.,glioma),(ii) thehealthy
brain tissue(i.e.,control),and(iii) from theexcisioncavity(i.e.,test).Forsamplesin (i), the
aggressivelabelandthebenignlabelareassignedwith respectto thepathologicalanalysis
result.Forsamplesin (ii), control labelisassigned.Forsamplesin (iii), if thepathologyreport
indicatesthat tumor cellsexist(i.e.,positive),thenaggressivelabelisassignedif thetumor of
that individual isaggressiveandbenignlabelisassignedif thetumor of that individual is
benign;otherwise,control labelisassigned.In theend,weobtained179control,88benign
and301malignantsamples.SeeS1Tablefor detailson thelabelsfor collectedsamples.We
generate2 datasetsfor thetwo tasksexplainedin ProblemFormulationsection.Thefirst one
unitesthelabelsbenignandmalignantandsetstheir labelsto tumor for task1.Thesecond
oneonly retainsthebenignandmalignantsamplesfor task2.

Performanceof theproposedmodelsareassessedusingastratifiedandgrouped8-fold
crossvalidationapproachon eachdataset.Eachdatasetisshuffledbeforethefoldsaregener-
ated.Foldsaregeneratedin astratifiedmannerbysamplingfrom thedatasetaccordingto the
labeldistribution of thedataset.That is,eachfold hasasimilardistribution of labelsto the
wholedataset.Thereisno sampleor patientoverlapbetweenthegeneratedfolds.That is,an
individual'sall samplesarealwaysin asinglefold andthefoldsareexclusive.In eachiteration,
first, thetestandvalidationfoldsareremoved.Themodelsaretrainedon 6 remainingfolds
andthebestperformingparametersetis foundon thevalidationfold.Then,eachmodelis
trainedon 7 folds(training + validation)andis testedon thetestfold. Thisprocedureis
repeatedthreetimesfor eachtaskwith arandomweightinitialization of themodels.AUC,
AUPRdistributionsarecalculatedusingtheperformancefor eachteston eachtestfold.

For thePLS-DAapproachweused30componentswhichsetsthenumberof latentvari-
ables.For theSVMmodelweperformedagrid searchon thesoft-marginregularization
parameter(i.e.,C: 0.01,0.1,1,10,100)andon thekernelchoice(i.e.,RBFvslinear).For theRF
model,weperformedasearchon (i) numberof estimators:100,300,500,800,and1200;(ii)
maximumtreedepth:5,10,15,20,25,and30;andfinally, (iii) minimum numberof samples
to split anode:2,5 10,15,and20.Wealsosettheminimum numberof samplesin aleafnode
to 10to avoidoverfitting.For the4-layeredfully connected(baseline)network,theinput layer
has8,127neurons,thesecondlayerhas4,000neurons,thethird layerhas1,000neuronsand
theoutput layerhas2 neurons,whichusessoftmaxto produceprobabilitiesperclassin both
tasks.ReLUactivationisusedfor all hiddenlayers.Finally,for theCNN model,weusetwo
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convolutionallayerssuchthat thenumberof kernelsin both layersareC1 = C2 = 4.These1D
kernelsareof size16,32,64,and128.Wesetstrideanddilation to 1.After passingthrough
maxpooloperationsof size1x4,andReLUactivation,concatenatedactivationmapsareinput
to fully connectedlayerswhichareof size8,112,4,000and1,000,respectively.Similarto the
baseneuralnetworkmodel,output layerhas2nodeswith asoftmaxoperationto produce
classprobabilitiesandReLUactivationisusedfor all hiddenlayers.Wetrainedthenetworks
with afixedepochnumberof 200,whichwasdecidedon thevalidationfolds.

All consideredmachinelearningalgorithmsotherthanneuralnetworksareimplemented
in Pythonlanguageusingscikit-learnlibrary.PytorchframeworkandPythonwereusedto
implementneuralnetworks.All modelsaretrainedandtestedon aSuperMicroSuperServer
4029GP-TRTwith 2 Intel XeonGold6140Processors(2.3GHz,24.75Mcache),768GBRAM
and8 NVIDIA GeForceGTX 1080Ti GPUs(11GB,352Bit).

Performance comparison and the model of choice

Wecomparetheperformancesof theabove-mentionedmethodsusingAUC andAUPRmet-
rics.PleaseseeFig2 for results.For thefirst task,distinguishingthetumor (glioma)andcon-
trol cells,all methodsperformwellandthelowestmedianAUC achievedis78.9%andthe
lowestmedianAUPRachievedis87.7%(Fig2a).Weobservethat theRFmodelhasthebest
medianAUC valuewith 85.6%whichis� 1%improvementovertheclosestperformanceby
theCNN model.TheAUC varianceof theRFmodelissimilar to CNN andPLS-DAand
smallerthanothermodels.SimilarlyRFis thebestperformingmodelwith respectto the
AUPRmetricwith anAUPRof 93.4%.ThesecondbestmedianAUPRis92.6%andisachieved
byCNN model.CNN modelhasthelowestAUPRvarianceandRFis thesecondbest.In con-
clusion,CNN alsoperformsalmostaswellasRFfor this taskandisslightlyedgedby theRF
model.RFisalesscomplexmodelthanCNN andmoreinterpretablecomparedto CNN.
Thus,it isour methodof choicefor this task.

Thesecondtaskin our pipelineisoptionalandisperformedwhenthesurgeonalsowould
like to know if thetumor isbenignor malignant.Resultsareshownin Fig2b.Again,all meth-
odsperformwellandthelowestmedianAUC achievedis80%andthelowestmedianAUPR
achievedis93.4%.Weobservethat theRFmodelhasthebestmedianAUC valuewith 87.1%
whichis� 2%improvementovertheclosestperformanceby theCNN model.Wealsoseethat

Fig 2. The performance comparison of the benchmarked machine learning models with respect to the AUC and AUPR metrics. Boxplots
representtheperformanceof themodelsobtainedon thetestfolds,in an8-foldcrossvalidationsettingwhichis repeated3 times.

https://doi.org/10.1371/journal.pcbi.1008184.g002
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theRFmodelhasthelowestAUC varianceamongall models.SimilarlyRFis thebestperform-
ing modelwith respectto theAUPRmetricwith anAUPRof 96.1%.All othermethodshavea
medianAUPRof 94%,thusalsoin thiscategoryRFprovidesa� 2%improvement.The
AUPRvarianceof RFis thelowestandison parwith CNN. Thus,RFis themodelof choice
for this taskaswellbecauseof its robustnessandhighsensitivityandspecificity.

Interpreting the model predictions

Weanalyzethefeatureimportanceof thefeatures(i.e.,ppm) that leadto correctclassification
of thesamplesin eachtaskwith theRFmodel.For thispurpose,wemakeuseof theSHapley
AdditiveexPlanation(SHAP)valuesfor eachfeature[30,39].Thisapproachhasits rootsin
theShapleyvaluesfrom coalitionalgametheory.Here,thefeaturesareplayersin acoalition
andtheir valuesindicateafair weightthat representtheir contribution (i.e.,successof the
classification.)

Here,afterrunning theRFmodelfor both tasks,wecomputetheSHAPvaluesof eachfea-
ture (i.e.,ppm in thesignal)for eachtask.Here,wemapall featuresbackto thetheppmspec-
trum (x-axis)andshowthecorrespondingSHAPvalues(y-axis)for eachsample.Eachdot on
this figuredenotesasampleandthecolorof thesampledenotesthevalueof thecorresponding
feature.That is,if asampleispurpleit meansits featurevalueishigh,andif blue,featurevalue
is low.They-axis(SHAPvalues)indicatesin whichdirectionthat featureaffectsthepredic-
tion. That is,for control vstumor classificationtask,apositiveSHAPvalueindicatesthat fea-
ture for thatsamplewasimportant to labelit asatumor sample.On theotherhand,anegative
SHAPvalueindicatesthefeaturewasimportant to labelit asacontrol sample.For instance,
manypurpledotswith highSHAPvaluesindicatepositivecorrelationbetweenthetumor and
themagnitudeof thepeakat thatppm.Forbenignvsmalignantclassificationtask,apositive
SHAPvalueindicatesmalignantlabelandanegativeSHAPvalueindicatesbenignlabel.

Weshowour resultsin Fig3.Here,weonly annotatethepeaksin theSHAPvalues(most
important in eitherdirection) that reachanabsoluteSHAPvalueof 0.005.Weusethemetabo-
lite databaseprovidedbyRuhlandet al. for annotationof peaks.Weonly list thenamesof the

Fig 3. The SHAP Values (y-axis) for each ppm in the spectrum (x-axis) is shown for each sample (dots). Dot colorpurpleindicatesahigh feature
value,andblueindicatesalow value.A positiveSHAPvalueindicatesthat featurewasimportant to classifythatsampleas(i) tumor asopposedto
control in PanelA; andas(ii) malignant asopposedto benignin PanelB.Conversely,anegativeSHAPvalueindicatesthat featurewasimportant to
classifythatsampleas(i) controlasopposedto tumor in PanelA; andas(ii) benignasopposedto malignantin PanelB.

https://doi.org/10.1371/journal.pcbi.1008184.g003
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metaboliteswhichhaveagroupthatexactlymatchwith thebaseof thepeakregion(i.e.,isa
subsetof thepeakregion).Notethat thereareusuallymanymetabolitegroupsoverlapwith
suchregions.To limit thenumberof candidatemetabolites,weusesuchastringentcriterion.
Wealsoannotatethepeaksof two wellknowncancerbiomarkers2-hydroxyglutarateand
creatine.

First,wefind that2-hydroxyglutaratehashigh featureimportancesin bothclassification
tasks.IsocitrateDehydrogenase(IDH) isaratelimiting enzymein theKrebscycleandplays
animportant role in theregulationof theenergymetabolism.IDH mutationsareknownto
affecttumor metabolism.For instance,mutationsof IDH areknownto producehigh levels
of 2-hydroxyglutaratethat inhibits gliomastemcelldifferentiation[40,41].So,low levelsof
2-hydroxyglutarateindicatemalignancy.In line with this information,weobservethatwhen
thecorrespondingpeak(feature)valuesarelow (i.e.,blue),SHAPvaluesarehighwhich indi-
catesthat thosesamplesarepredictedto containtumor andmalignantcells,respectively.Simi-
larly,creatineisawell-knownbiomarkerfor gliomas.Lowcreatinelevelsareobservedin
gliomasindicatinghighgradetumors[42,43].In both tasks,weobservebluepeakswith high
SHAPvaluesfor theppmrangethatcoincideswith creatinegroups.This indicatesthatwhen
creatinelevelsarelow,wepredictthesampleto betumor andmalignant,respectively.Thus,
our modelhadlearntto focuson regionsin thespectrumwhichareusedby technicianstoday
asindicators.

Forboth tasks,weconsistentlyfind thatpeaksbelongto branchedchainaminoacidsisoleu-
cineandleucinearefocusedby themodel.Theseaminoacidsareknownto havealteredcon-
centrationsin thepresenceof IDH mutations,but their statusasabiomarkerfor gliomasare
not stronglyestablished.Wealsoobservethatvariousotheraminoacidsarealsofocusedby
themodelasannotatedin Fig3.Thissuggestspossiblebiomarkersdueto thealteredamino
acidmetabolism.Finally,whiledistinguishingbenignandmalignantgliomas,weobservethat
2-ketoglutarateandIsocitratearealsoimportant factorsfor successfulclassification.This is
alsomeaningfulastheIDH enzymecatalyzesthereactionthatconvertsoneto otherin revers-
ible fashion.IDH mutationsaffectthisprocessandproducemore2-hydroxyglutaratefrom
2-ketoglutarateratherthento produceisocitrate[40]. Thus,thesearealsocandidatebiomark-
ersstressedin thepredictionof thealgorithm.

Theinterpretationof theresultsis limited by the76metabolitesandtheir ppmsignatures
providedin [28]. Wehaveperformedananalysisto find anySHAPvaluepeaksthatarenot
associatedwith anymetabolite.Weobtainedtop 200peaksout of 8,172andfoundarelatively
shortattentionpeaknear1.00ppmwhich indicatesmalignancywhentheconcentrationis
high.This isanuncharacterizedregionandmight suggestanewbiomarker.Furtherresearch
andvalidationisneededto establishanunderstandingof thecompoundsin thoseregionsand
their relationto tumor metabolism.Yet,thisshowsthepotentialfor theuntargetedanalysiswe
proposehere,assuchregionsarediscardedbyanhumananalyst.

Discussion

Usingamachinelearningapproachin thisapplicationhasadvantagesoveratechniciancom-
mentingon thepresenceor absenceof knownbiomarkermetabolitesusingtherawsignal.
Our currentcatalogueof metabolitesin the1H HRMASNMR spectrumis limited which
meanswepotentiallydiscardvaluableinformation with this targetedanalysis.On theother
hand,theRFalgorithmweusegeneratesdecisiontreeclassifiers,eachof whichfocuson
differentpartsof thespectrumandprocessfeaturesin combinations.Thus,thealgorithm
performsanuntargetedanalysisasthereisno metaboliteidentification/quantification. The
analysisisalsonon-linearandmultivariateunlike thecurrentapproachbasedon onebyone
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quantificationof certainmetabolites.Moreover,fluctuationsin chemicalshift iscommonin
NMR resultsandabinaryguessisneededto concludewhetherapeakbelongsto acertain
metabolite.TheRFmodelcanaverageout suchinconsistencies.Asseenin Fig3,thefocus
(i.e.,givenimportance)of thealgorithmresemblesapeakaroundcertainppmregions,indicat-
ing asmoothadjustmentof theweightsassociatedwith eachppm,accordingto thecomposi-
tion in thetraining cohort.While thisuntargetedanalysiscanbeperformedusingmany
machinelearningalgorithms,in our detailedbenchmarkwhichcomparesmanymethodsin
varioussettings,wefind thatRFprovidesthebestresults.

Our resultsprovidedin PerformanceComparisonandModelof Choicesectionshowthat
our modelsachievehighAUC andAUPRvaluesindicatingthat theRFisaviablemethodto
beusedin thesurgeryroom.Theaveragetesttime of themodelisnegligible(i.e.,0.01secs.)
whichmakesit possibleto useit in real-time.Thetraining phaseisperformedoffline andon
averagetakes25.2mins.Weinterpret theresultsof theRFmodelusingSHAPvaluesprovided
for eachppm in thespectrum.Wevalidatethatgroupsof knowncancerbiomarkerssuchas
creatineand2-hydroxyglutaratehadanimportant role in thedecisionmadeby themodel.
This isanimportant featurefor thisanalysisasusuallyasurgeonwould like to knowtherea-
soningbehindthedecisionmadebyaprogram.Wealsoindicateseveralppmregionswhich
havebeenimportant for theclassifications.Theseregionsharborsharedgroupsof several
metabolitesandfurther researchisneededto validatetheir tiesto gliomametabolismandtheir
statusasagliomabiomarker.

Wefurther investigatedthevalueof anuntargetedanalysisby training anotherRFmodel
whichusesonly thetop 200peaksasthesoleinput (i.e.,afeaturevectorof size200insteadof
8,172,all othersettingsaresame).Fordistinguishinghealthyandtumor cells,wehaveseen
slightimprovements(0.5%and0.02%)overmedianAUC andAUPRvaluescomparedto the
untargettedanalysisassomenoisefeaturesareeliminated.However,using200regionsin a
targetedmanualanalysisisnot feasible.Whenwegodownto using5 top peaksasinput,
whichisamoremanageablesizefor manualprocessing,weobserve2.7%and1.3%decreases
in medianAUC andAUPRvalues,respectively.Thus,theuntargetedanalysisperformsbetter
thantargetingasmallnumberof peaksasdonein themanualanalysisanddoesnot require
thepreciousprocessingtime during surgery.

Weobservethat formulatingtheproblemasamulti-classclassificationproblemandtrying
to distinguishbenign,malignantandcontrol samplesdoesnot performwell.Thenumberof
benignsamplesissmallandit ishardto distinguishthemastheir signalresemblesthecontrols.
Thus,themedianclassAUCsweobtainedfor control andbenignsamplesweredownto 60%
and40%,respectively.malignantsamplesaresuccessfullyclassified(medianAUC = 90%)
Since,theprimary goalis to distinguishtumor andhealthytissueweoptedfor thepresented
schemein thisstudy.

While benchmarkingseveralmachinelearningalgorithms,weobservefor both tasksthat
convolutionoperationimprovestheperformanceof thebaselineneuralnetworkmodel
slightlyandhassomewhatlowervariancein theperformance.Despitebeingedgedby theRF
model,wethink CNN modelcanperformwellwhentrainedon largerdatasets.Our datasetis,
to thebestof our knowledge,thelargestcohortwith closeto 600labeledsamples.However,
CNN usesadeeparchitectureandrequireslargercohortsto learnmorecomplexfeatures.We
would like to notethatweperformedextensivetestingon theCNN architecture,whichvaried
thenumberof layers,numberof kernels,activationfunctions,poolingoperationsetc.Wealso
experimentedwith aself-attentionmechanismto find regionsof interestin thespectrum.The
resultspresentedarethebestsetof resultsobtainedfor CNN model.Weconcludedthat the
modelis too complexto belearntwith thissamplesize.
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Conclusion

In thisstudy,wedevelopedarandomforestbasedmachinelearningapproachto distinguish
gliomasamples(benignor malignant)from thecontrol samplesusingthe1H HRMASNMR
signalasthesoleinput. In our experiments,weshowthat theapproachisefficient,accurate
andinterpretable.It canwork in real-timeandthus,canbeusedasameansof providing feed-
backto thesurgeonson theleft-overtumor samplesduring surgery.

Supporting information

S1 Table. This table contains the meta-data about the samples dataset. Specifically(i) infor-
mationaboutsampleidentifiers,groupsandpathologicclassification;and(ii) identifiersof
samplesin eachdatasetfold areprovided.
(XLS)

S2 Table. This table contains (i) AUC and AUPR values obtained to plot the boxplots

shown in Fig 2 in the three 8-fold cross validation setup; (ii) information about dataset

folds used for the plots shown in Fig 3; and (iii) random seeds used to initialize model

parameters.

(XLS)

Acknowledgments

Wewould like to acknowledgethehelpfuldiscussionsof FurkanOzden.

Author Contributions

Conceptualization: Doruk Cakmakci,IzzieJacquesNamer,A. ErcumentCicek.

Data curation: Doruk Cakmakci,ElisaRuhland,Marie-PierreChenard,FrancoisProust,Mar-
tial Piotto,IzzieJacquesNamer.

Formal analysis: Doruk Cakmakci,ElisaRuhland,Martial Piotto,IzzieJacquesNamer,A.
ErcumentCicek.

Funding acquisition: IzzieJacquesNamer.

Investigation: Doruk Cakmakci,ElisaRuhland,IzzieJacquesNamer,A. ErcumentCicek.

Methodology: Doruk Cakmakci,Emin Onur Karakaslar,A. ErcumentCicek.

Project administration: IzzieJacquesNamer,A. ErcumentCicek.

Resources: ElisaRuhland,FrancoisProust,IzzieJacquesNamer,A. ErcumentCicek.

Software: Doruk Cakmakci,Emin Onur Karakaslar.

Supervision: IzzieJacquesNamer,A. ErcumentCicek.

Validation: Doruk Cakmakci.

Visualization: Doruk Cakmakci,A. ErcumentCicek.

Writing – original draft: Doruk Cakmakci,IzzieJacquesNamer,A. ErcumentCicek.

Writing – review & editing: Doruk Cakmakci,IzzieJacquesNamer,A. ErcumentCicek.

PLOS COMPUTATIONAL BIOLOGY Machine learning based brain tumor margin detection using HRMAS NMR spectroscopy

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008184 November 11, 2020 11 / 14

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008184.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1008184.s002
https://doi.org/10.1371/journal.pcbi.1008184


References
1. Ostrom QT, Gittleman H, Liao P, Vecchione-Koval T, Wolinsky Y, Kruchko C, et al. CBTRUS statistical

report: primary brain and other central nervous system tumors diagnosed in the United States in 2010–

2014. Neuro-oncology. 2017; 19(suppl_5):v1–v88. https://doi.org/10.1093/neuonc/nox158 PMID:

29117289

2. McCrea HJ, Bander ED, Venn RA, Reiner AS, Iorgulescu JB, Puchi LA, et al. Sex, age, anatomic loca-

tion, and extent of resection influence outcomes in children with high-grade glioma. Neurosurgery.

2015; 77(3):443–453. https://doi.org/10.1227/NEU.0000000000000845 PMID: 26083157

3. Stummer W, van den Bent MJ, Westphal M. Cytoreductive surgery of glioblastoma as the key to suc-

cessful adjuvant therapies: new arguments in an old discussion. Acta neurochirurgica. 2011; 153

(6):1211–1218. https://doi.org/10.1007/s00701-011-1001-x

4. Stummer W, Pichlmeier U, Meinel T, Wiestler OD, Zanella F, Reulen HJ, et al. Fluorescence-guided

surgery with 5-aminolevulinic acid for resection of malignant glioma: a randomised controlled multicen-

tre phase III trial. The lancet oncology. 2006; 7(5):392–401. https://doi.org/10.1016/S1470-2045(06)

70665-9 PMID: 16648043

5. Tsugu A, Ishizaka H, Mizokami Y, Osada T, Baba T, Yoshiyama M, et al. Impact of the combination of

5-aminolevulinic acid–induced fluorescence with intraoperative magnetic resonance imaging–guided

surgery for glioma. World neurosurgery. 2011; 76(1-2):120–127. https://doi.org/10.1016/j.wneu.2011.

02.005 PMID: 21839963

6. Colditz MJ, Jeffree RL. Aminolevulinic acid (ALA)–protoporphyrin IX fluorescence guided tumour resec-

tion. Part 1: Clinical, radiological and pathological studies. Journal of Clinical Neuroscience. 2012; 19

(11):1471–1474. https://doi.org/10.1016/j.jocn.2012.03.009

7. Montcel B, Mahieu-Williame L, Armoiry X, Meyronet D, Guyotat J. Two-peaked 5-ALA-induced PpIX

fluorescence emission spectrum distinguishes glioblastomas from low grade gliomas and infiltrative

component of glioblastomas. Biomedical optics express. 2013; 4(4):548–558. https://doi.org/10.1364/

BOE.4.000548 PMID: 23577290

8. Li Y, Rey-Dios R, Roberts DW, Valdés PA, Cohen-Gadol AA. Intraoperative fluorescence-guided resec-

tion of high-grade gliomas: a comparison of the present techniques and evolution of future strategies.

World neurosurgery. 2014; 82(1-2):175–185. https://doi.org/10.1016/j.wneu.2013.06.014 PMID:

23851210

9. Lu FK, Calligaris D, Olubiyi OI, Norton I, Yang W, Santagata S, et al. Label-free neurosurgical pathology

with stimulated Raman imaging. Cancer research. 2016; 76(12):3451–3462. https://doi.org/10.1158/

0008-5472.CAN-16-0270 PMID: 27197198

10. Jermyn M, Mercier J, Aubertin K, Desroches J, Urmey K, Karamchandiani J, et al. Highly accurate

detection of cancer in situ with intraoperative, label-free, multimodal optical spectroscopy. Cancer

research. 2017; 77(14):3942–3950. https://doi.org/10.1158/0008-5472.CAN-17-0668 PMID:

28659435

11. Jermyn M, Desroches J, Mercier J, St-Arnaud K, Guiot MC, Leblond F, et al. Raman spectroscopy

detects distant invasive brain cancer cells centimeters beyond MRI capability in humans. Biomedical

optics express. 2016; 7(12):5129–5137. https://doi.org/10.1364/BOE.7.005129 PMID: 28018730

12. Chan DTM, Sonia HYP, Poon WS. 5-Aminolevulinic acid fluorescence guided resection of malignant gli-

oma: Hong Kong experience. Asian journal of surgery. 2018; 41(5):467–472. https://doi.org/10.1016/j.

asjsur.2017.06.004 PMID: 28844780

13. Orringer DA, Pandian B, Niknafs YS, Hollon TC, Boyle J, Lewis S, et al. Rapid intraoperative histology

of unprocessed surgical specimens via fibre-laser-based stimulated Raman scattering microscopy.

Nature biomedical engineering. 2017; 1(2):0027. https://doi.org/10.1038/s41551-016-0027 PMID:

28955599

14. Poulon F, Mehidine H, Juchaux M, Varlet P, Devaux B, Pallud J, et al. Optical properties, spectral, and

lifetime measurements of central nervous system tumors in humans. Scientific reports. 2017; 7(1):1–8.

https://doi.org/10.1038/s41598-017-14381-1 PMID: 29070870

15. Hollon TC, Lewis S, Pandian B, Niknafs YS, Garrard MR, Garton H, et al. Rapid intraoperative diagnosis

of pediatric brain tumors using stimulated Raman histology. Cancer research. 2018; 78(1):278–289.

https://doi.org/10.1158/0008-5472.CAN-17-1974 PMID: 29093006

16. Xue Z, Kong L, Pan Cc, Wu Z, Zhang Jt, Zhang Lw. Fluorescein-Guided Surgery for Pediatric Brainstem

Gliomas: Preliminary Study and Technical Notes. Journal of Neurological Surgery Part B: Skull Base.

2018; 79(S 04):S340–S346. https://doi.org/10.1055/s-0038-1660847 PMID: 30210988

17. Brown MV, McDunn JE, Gunst PR, Smith EM, Milburn MV, Troyer DA, et al. Cancer detection and

biopsy classification using concurrent histopathological and metabolomic analysis of core biopsies.

Genome medicine. 2012; 4(4):33. https://doi.org/10.1186/gm332 PMID: 22546470

PLOS COMPUTATIONAL BIOLOGY Machine learning based brain tumor margin detection using HRMAS NMR spectroscopy

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008184 November 11, 2020 12 / 14

https://doi.org/10.1093/neuonc/nox158
http://www.ncbi.nlm.nih.gov/pubmed/29117289
https://doi.org/10.1227/NEU.0000000000000845
http://www.ncbi.nlm.nih.gov/pubmed/26083157
https://doi.org/10.1007/s00701-011-1001-x
https://doi.org/10.1016/S1470-2045(06)70665-9
https://doi.org/10.1016/S1470-2045(06)70665-9
http://www.ncbi.nlm.nih.gov/pubmed/16648043
https://doi.org/10.1016/j.wneu.2011.02.005
https://doi.org/10.1016/j.wneu.2011.02.005
http://www.ncbi.nlm.nih.gov/pubmed/21839963
https://doi.org/10.1016/j.jocn.2012.03.009
https://doi.org/10.1364/BOE.4.000548
https://doi.org/10.1364/BOE.4.000548
http://www.ncbi.nlm.nih.gov/pubmed/23577290
https://doi.org/10.1016/j.wneu.2013.06.014
http://www.ncbi.nlm.nih.gov/pubmed/23851210
https://doi.org/10.1158/0008-5472.CAN-16-0270
https://doi.org/10.1158/0008-5472.CAN-16-0270
http://www.ncbi.nlm.nih.gov/pubmed/27197198
https://doi.org/10.1158/0008-5472.CAN-17-0668
http://www.ncbi.nlm.nih.gov/pubmed/28659435
https://doi.org/10.1364/BOE.7.005129
http://www.ncbi.nlm.nih.gov/pubmed/28018730
https://doi.org/10.1016/j.asjsur.2017.06.004
https://doi.org/10.1016/j.asjsur.2017.06.004
http://www.ncbi.nlm.nih.gov/pubmed/28844780
https://doi.org/10.1038/s41551-016-0027
http://www.ncbi.nlm.nih.gov/pubmed/28955599
https://doi.org/10.1038/s41598-017-14381-1
http://www.ncbi.nlm.nih.gov/pubmed/29070870
https://doi.org/10.1158/0008-5472.CAN-17-1974
http://www.ncbi.nlm.nih.gov/pubmed/29093006
https://doi.org/10.1055/s-0038-1660847
http://www.ncbi.nlm.nih.gov/pubmed/30210988
https://doi.org/10.1186/gm332
http://www.ncbi.nlm.nih.gov/pubmed/22546470
https://doi.org/10.1371/journal.pcbi.1008184
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