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Introduction

Gliomasconstitute60%of all primary brain tumors[1]. Themaximumresectiorof the tumor
remainsthe keypoint in the managemenof gliomaswith adirectinfluenceon the survivalof
patients[2]. Theprogressnadeoverthelasttwo decade surgicaltechniquesncluding
microsurgenyby the operatingmicroscopepreoperativdunctionalimaging(e.g. functional
MRI, MRI tractography)jntraoperativeelectricalstimulationin awakenedraniotomyand
intraoperativeémaging(surgeryguidedby real-timeimagingusingneuronavigatioror intrao-
perativeMRI) havelargelycontributedto significantlyincreaseesectedumor volumewhile
improving morbidity and mortality [3].

Providingfeedbaclon left-overmaligntissueduring surgerycanhelpsurgeonslelineate
more preciselthelimits of atumor infiltration, especiallyafteramacroscopicallgompleteexci-
sion.Severainnovativetechniguedasen opticalspectrometry4+16]or massspectrometry
[17+25]arenow proposedo helpsurgeondo evaluateéhe marginsof resectiorand possiblyto
amplify the surgicalprocedure Metabolicprofiling of abiopsysampleby High ResolutionMagic
Angle SpinningNuclearMagneticResonancéHRMAS NMR) spectroscopis arecentnovel
techniquefor efficientlydistinguishingmalignandhealthytissuesn excisioncavityduring sur-
gery.Thistechniques particularlywell-suitedfor this taskdueto its ability to analyzesmallsam-
plesof unprocessetlssuespecimendt hasanondestructivenatureandallowsotheranalytical
techniguen the samespecimerwhich isimportant whensmallamountsof tissueareavailable
[26]. Moreover the preparationof biopsysampless fastasit doesnot requirelengthychemical
extractionproceduresBattini et al. showedhatHRMASNMR spectroscopusingintacttissue
providessolidinformation in the characterizatiorof pancreati@denocarcinomandalsoon the
long-termsurvival.Theinformation canbeobtainedin twenty minutesduring surgenf27]. A
recentlyreleasednetabolicdatabasen HRMASNMR signature®f seventysix biomarker
metabolitedhastakenthe nextstepin wideningthe usagef thetechnique28].

Onechallengdo overcoméor this techniqueto beusedin the surgeryroom isits depen-
denceon humanexpertswith backgroundon chemistryandcancetiology. Theraw NMR
signalis evaluatedy the NMR technicianwho canreporton the existencef certainbio-
markermetabolitesisuallywith no insighton the tumor metabolismEvaluationof the raw
signalcomeswith severabbstacledgrirst, theidentification of biomarkermetabolitesnight
not bepossibledueto superimposeaignaturesignalof certainmetabolitege.g. creatineand
lysine[29]). Secondcertainpeakamight shift dueto experimentatonditions(e.g. dueto
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benign or malignant to inform the surgeon.

Fig 1. The figure shows the pipeline proposed for machine learning assisted tumor margin assessment during brain tumor
surgery. After thetumor removaj the surgeorresectsamplesrom the excisioncavity.SamplesireanalyzedriaHRMASNMR
technique Producedspectraareprocessedtiaarandomforestclassifieto labeleachregionin the cavity(malignant/benigntumor
vshealthytissue) Thefeedbaclks sentto the surgeorfor resectingnoretissuefor regionslabeledpositivefor tumor tissue.

https://cbi.org/10.137/ournal.pchi.108184.g001

temperaturepndthenaninformed gues®on whetherthat peakbelonggo the targetednetab-
olite mustbemade.Third, theintra-tumor heterogeneitynight resultin aconvolutedsignal
andmight makeit hardfor the technicianto detectmalignanttissuedueto unusualrelative
peakintensitiesMoreover,anexpertpathologisineedgo bepreseniatthetime of the surgery
to relatethe findings of thetechniciango the tumor metabolismMaybethe mostrestricting
factorof this analysigipelineis the targetedanalysif theraw NMR signal.This meanghe
humanexpertis limited by the knowledgeof certainbiomarkermetabolitesandtheir corre-
spondingpeaksHowever the spectrumcontainsmanyuncharacterizedegionswhich might
harborpeakghatarecapableof distinguishingtumor cellsandyetareunknown.

In this study,weproposeusingmachinelearningapproache$ addresshe above-men-
tioned problemsandto automatedistinguishinghealthytissuefrom benign/malignantumor
tissueobtainedfrom the excisioncavityduring tumor surgery.Thealgorithmis fastandcan
work within thetime frameof surgerylt directly outputswhetherasamplencludestumor
cells.Thus,it doesnot requireatechnicianto analyzethe signal.lt performsanuntargeted
analysiof the signalandis ableto extractinformation from uncharacterizedegionsin the
spectrum.The systenfigure representinghe proposedipelineis shownin Fig 1.

Here,weutilize anewdatase{n = 565)of gliomaandcontrol samplesnalyzedising
HRMASNMR. All samplesrealsoanalyzedy aclinical pathologistandlabeledvhetherit is
normal,benignor malignant.To the bestof our knowledgethisis the largesiof its kind with
pathologicalabelsWe benchmarkvariousmachinelearningarchitecturesand showthatit is
possibldo distinguishtumor and control samplesvith amedianAUC of 85.6%&and AUPR of
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93.4%We showthat we canalsodistinguishbenignand malignanttumor samplesvith a
medianAUC of 87.1%and AUPRof 96.1%Thebestperformingmethodis arandomforest
basedpproachThis methodfor thefirst time performsan untargetedanalysiof the spec-
trum. Moreover themodelis interpretableandinforms the userabouttherangesn the spec-
trum thatweremostinformativefor the classificationusingSHAPvaluesof the features
which quantifytheir importance[30]. We validatethat the modelfocuse®n known cancer
biomarkermetabolitesuchascreatineand 2-hydroxylglutaratevhile distinguishingbenign
andmalignantgliomasamplesWe alsoobservehat branchedchainaminoacidshavebeen
importantin the classificationWefind evidencen literaturethatindeedalteredbranchchain
aminoacidconcentrationsarerelatedto gliomametabolismyet,their statusasbiomarkers
arenot well-establishede alsofind someuncharacterizedegionsin the spectrumthatare
informative,which bringsup further researchyjuestionson establishingan understandingon
thecompoundsin thoseregionsandtheir relationto tumor metabolism.

Materials and methods
Ethics statement

All datausedin this studywerecollectedrom two sourcesandapprovedoy the EthicsCommit-
teeof StrasbourgComitdde protectiondespersonnesEstlV). Tissuespecimensverecollected,
eitherby apneumaticsystentonnectedetweerthe operatingtheaterof neurosurgenandthe
NMR room (HautepierreHospitalbUniversty Hospitalsof Strasbourg)or by samplestoredin
two Tumor Bio-bank,Strasbourgnd Colmar (EthicsCommitteeno. 2003-10009.12.200and
no.2013-3712.11.2013A written informed consentwasobtainedfrom all patientsincluded.

Dataset

In this subsectionwe providedetailson the gliomaHRMASNMR dataseaind corresponding
guantitativepathologicabnalysido obtainthelabels The datasets availableat https://
zenodo.org/record/3951448.

Patient’s cohort and tissue sample collection. Themetabolomics-basestatisticaimodel
wasconstructedrom spectraof 247primary brain tumor samplegrom 218patients,74non-
tumor brain tissuesamplegrom epilepsysurgeryof 54 patientsand spectraof 244samples
from excisioncavityof patients.The histopathologicatlassificatiorof primary brain tumors
is: PilocyticastrocytomdAST-I, n = 3), astrocytomayradell (AST-II, n = 6),astrocytoma
gradelll (AST-Ill, n =5),glioblastomg GBM, n = 123),0ligodendrogliomagradell (ODG-II,
n = 25),oligodendrogliomagradell-1ll (ODG-II_lII, n =7),oligodendrogliomagradelll
(ODG-1lI or ODIll, n=41),oligoastrocytomgradell (OAST-II, n = 3), oligoastrocytoma
gradelll (OAST-IIl, n = 4), oligoastrocytomaradell-1ll (OASTII-IIl, n = 1) ganglioglioma
gradell (GG-Il, n =5),gangliogliomagradelll (GG-IIl, n =1),dysembryoplastioeuroe-
pithelialtumors(DNET, n = 22),gliosarcomdGS,n = 1).

Tissuespecimensverecollectedvith minimum ischemicdelaysafterresectionaverage
time 2+ 1min). All tissuesamplesisedin this studyhadaviabletumor/necrosigatio and
werequantitativelyand qualitativelyadequatéo perform satisfactonlNMR HRMAS analysis.
In orderto wait for this goal,afterNMR HRMAS analysistheinsertswerecut, andfor halfthe
contentof eachsamplethe percentagef tumor cellsin thetotal sampleof cellswith regardto
thetotal surfacewerecalculatecbasedn frozenhematoxylin& eosin-stainedgectionsSees1
Tablefor detailson collectedsamples.

HRMAS NMR data acquisition. Eachbrain biopsysamplevaspreparedat—20ECy
introducing a15-to 18-mgbiopsyinto adisposabl&0uLKelFinsert.To providealock fre-
quencyfor the NMR spectrometer]OuL of D,0 wasalsoaddedto theinsert.
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All HRMASNMR spectravereacquiredon aBruker (Karlsruhe Germany)Avancelll 500
spectrometepperatingataproton frequencyof 500.13VIHz and equippedwith a4-mm tri-
ple-resonancgradientHRMAS probe(1H, 13Cand31P).Thetemperaturavasmaintainedat
4EQhroughoutthe acquisitiontime in orderto reducethe effectsof tissuedegradatiorduring
the spectrumacquisition.A one-dimensiona(1D) proton spectrumusinga Carr-Purcell-Mei-
boom-Gill (CPMG) pulsesequencevasacquiredwith a285usinter-pulsedelayanda10-min
acquisitiontime for eachtissuesampleThenumberof loopswassetat 328,givingthe CPMG
pulsetrain atotal lengthof 93ms.

HRMAS NMR data preprocessing. Thefreeinduction decay(FID) signalfor eachsample
hadalengthof 16,384 Thesignalis left-shiftedby 70 pointsto removethe Brukerdigital filter
in the prefix. Obtainedraw FID spectrumis thentransformedto frequencydomainandis
phasecorrected.The suffix of the signalwhich containedalmostno variances croppedto
obtainthefinal signalusedfor analysisyhichis of length8,172 The magnitudeof the signalis
usedfor the presentedanalysis.

Problem formulation

In this study,our main taskis distinguishingtumor tissuefrom the normaltissue The prob-
lemis modelledasabinary classificatiortask.For agivenHRMASNMR signali in the sample
setS, thefeaturevectory; is ad-dimensionalvector:x; = [x},x7, ..., x¢] whichrepresents
the signalintensityat eachppm. Thelabelfor thatsamplés y; andy; = 1if samplecontains
tumor tissueandy; = 0, otherwise Then,the modelwelearnis afunction f suchthat

f(x)) =y, Vi € S. Thesecondandoptionaltaskis to distinguishbenignand malignanttumor
samplesln thistask,asamplg haslabelz; = 1,if the samplehasmalignanttumor cells,and

z; = 0,if samplecontainsbenigntumor cells.Thistaskis alsoabinary classificatiortaskand
welearnafunction g suchthatg(x,) = Z,. Wewould like to notethatwealsoconsidereca
multi-classclassificatiortaskwhich unitesthe abovementionedbinary classificatiortasks.
However aswediscussn Discussiorsectionweobtainedbetterperformancewith two sepa-
ratetasks Giventhefirst taskis of utmostimportanceandthe seconds optional,we optedfor
thisapproach.

Learning algorithms

In this sectionwe describeghe methodsemployedor the problemsformulatedabove We
benchmarkvariousmachinelearningalgorithmsto find the onesuitablefor thetasksathand
giventhe sizeandnatureof the 1IH HRMASNMR signal.For all methodsthe only input is

x; for bothtaskg(d = 8,172).SeeExperimentalSetupsectionfor parametedetailsof each
approach.

First,werun partialleastsquaresliscriminantanalysifPLS-DA)asabaselinavhichisa
commonmethodusedin metabolomicsanalysig31]. Asthe secondalgorithm,weusedaRan-
dom Forest(RF) classifierwhich trainsmanyweakclassifietreeson samplesubsetsvhich
arecreatedusingbootstrappingd32] andresultsareaggregatingiamajority voting. Thethird
algorithmis asupportvectormachineclassifie(SVM). We employedinearandradialbasis
function (RBF)kernelswith asoftmargin.

Asabaselineneuralnetworkarchitectureywve employafully connectednulti-layer percep-
tron. Our MLP [33] modeltakesk; andappliesanumberof fully connected FC) layerswhich
makesauseof rectifiedlinearunit (ReLU)activation.We usefull batchgradientdescenfor
training. At the outputlayer,weusesoftmaxto assigrprobabilitiesto eachclasge.g. benign)
andfocallossasour lossfunction to addresshe classmbalancen our dataseti.e.,smaller
numberof benignsamples)34].
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Convolutionalneuralnetworks(CNN) arewell-establishedrchitecturegor learningcom-
plexpatternson 2D imagedata.CNNshavealsoprovenusefulfor processind D data.Some
examplesredrug chemicalstructurerepresentatiorfe.g. SMILES 35, 36]), naturallanguage
(i.e.,sentencef37]) and EEGsignald38]. Thus,weconjecturedhata CNN is agoodcandi-
datefor the classificatiortasksmentionedabove As our final model,weusea 1D CNN-based
architectureto process;. Thearchitectureconsistf 2 layersof convolutionaloperations.
First, C, kernelsof sizekx1 arepasseaverthe signalwith strides anddilation rated (no pad-
ding). The samesetof operationsareappliedon the output of the first convolutionallayer
with C, kernels Theoutputis passedhroughasetof fully connectedayersto produceclass
probabilitiesusingsoftmaxatthe output layer.Again,weusefull-batchgradientdescents
our optimizerandfocallossasour lossfunction.

Results
Experimental setup

We labelthe samplesn our datasetisaggressivdgenignor control usingthe following
method.SeeDatasesectionfor details Perallindividualsin the datasetywehavemultiple
typesof sampleghat originatefrom (i) the gliomatumor tissue(i.e.,glioma),(ii) the healthy
braintissue(i.e.,control), and(iii) from the excisioncavity(i.e.,test).For samplesn (i), the
aggressiviabelandthe benignlabelareassigneavith respecto the pathologicaknalysis
result.For samplesn (i), control labelis assigned-or samplesn (iii), if the pathologyreport
indicatesthat tumor cellsexist(i.e.,positive) thenaggressiviabelis assignedf the tumor of
thatindividual is aggressivandbenignlabelis assignedf thetumor of thatindividual is
benign;otherwisegcontrol labelis assignedin the end,weobtained179control, 88benign
and301malignantsamplesSeeS1Tablefor detailson the labeldfor collectedsampleswWe
generate dataset$or thetwo tasksexplainedn ProblemFormulationsection.Thefirst one
unitesthe labelsbenignand malignantand setgheir labelgto tumor for task1. Thesecond
oneonly retainsthe benignand malignantsampledor task2.

Performancef the proposednodelsareassessaasinga stratifiedand grouped8-fold
crossvalidationapproachon eachdatasetEachdatasets shuffledbeforethe foldsaregener-
ated.Foldsaregeneratedn astratifiedmannerby samplingfrom the dataseaccordingto the
labeldistribution of the datasetThatis, eachfold hasasimilar distribution of labelso the
wholedatasetThereis no sampleor patientoverlapbetweerthe generatedolds. Thatis,an
individual'sall samplesrealwaysn asinglefold andthefoldsareexclusiveln eachiteration,
first, thetestandvalidationfoldsareremoved.The modelsaretrainedon 6 remainingfolds
andthe bestperforming parametessetis found on the validationfold. Then,eachmodelis
trainedon 7 folds(training + validation)andis testedon the testfold. This procedureis
repeatedhreetimesfor eachtaskwith arandomweightinitialization of the models AUC,
AUPRdistributionsarecalculatedusingthe performanceor eachteston eachtestfold.

Forthe PLS-DAapproachweused30componentsvhich setshe numberof latentvari-
ablesForthe SVM modelwe performedagrid searcton the soft-marginregularization
parametel(i.e.,C: 0.01,0.1,1,10,100)andon the kernelchoice(i.e.,RBFvslinear). For the RF
model,weperformedasearcion (i) numberof estimators100,300,500,800,and 1200(ii)
maximumtreedepth:5,10,15,20,25,and 30;andfinally, (iii) minimum numberof samples
to splitanode:2,510,15,and20.We alsosetthe minimum numberof samplesn aleafnode
to 10to avoidoverfitting. For the 4-layeredully connectedbaselinehetwork,theinput layer
has8,127neuronsthe secondayerhas4,000neurons thethird layerhasl,000neuronsand
the output layerhas2 neurons which usessoftmaxto produceprobabilitiesper classn both
tasksReLUactivationis usedfor all hiddenlayers Finally,for the CNN model,weusetwo
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convolutionallayerssuchthatthe numberof kernelsin both layersareC, = C, = 4. TheselD
kernelsareof sizel6,32,64,and 128.We setstrideanddilation to 1. After passinghrough
maxpooloperationof sizelx4,and ReLUactivation,concatenatedctivationmapsareinput
to fully connectedayerswhich areof size8,1124,000and 1,000yespectivelySimilarto the
baseneuralnetworkmodel,output layerhas2 nodeswith asoftmaxoperationto produce
clasgrobabilitiesand ReLUactivationis usedfor all hiddenlayersWe trainedthe networks
with afixed epochnumberof 200,which wasdecidedon the validationfolds.

All considerednachinelearningalgorithmsotherthan neuralnetworksareimplemented
in Pythonlanguageisingscikit-learnlibrary. Pytorchframeworkand Pythonwereusedto
implementneuralnetworks All modelsaretrainedandtestedon a SuperMicroSuperServer
4029GP-TRWwith 2 Intel XeonGold 6140Processorf.3GHz,24.75Mcache)/68GBRAM
and8NVIDIA GeForce5TX 1080Ti GPUs(11GB,352Bit).

Performance comparison and the model of choice

We comparethe performance®f the above-mentionednethodsusingAUC and AUPR met-
rics.Pleasseerig 2 for results For thefirst task,distinguishingthe tumor (glioma)andcon-
trol cells,all methodsperformwellandthe lowestmedianAUC achieveds 78.9%andthe
lowestmedianAUPRachieveds 87.7%(Fig 2a).We observahat the RFmodelhasthe best
medianAUC valuewith 85.6%whichis ~ 1%improvementoverthe closesperformanceiy
the CNN model. The AUC varianceof the RFmodelis similarto CNN and PLS-DAand
smallerthan othermodels Similarly RFis the bestperformingmodelwith respecto the
AUPRmetricwith an AUPRof 93.4%ThesecondestmedianAUPRIs 92.6%andis achieved
by CNN model.CNN modelhasthelowestAUPRvarianceand RFis the secondbest.In con-
clusion,CNN alsoperformsalmostaswell asRFfor this taskandis slightlyedgedoy the RF
model.RFis alesscomplexmodelthan CNN and moreinterpretablecomparedo CNN.
Thus,it is our methodof choicefor this task.

Thesecondaskin our pipelineis optionalandis performedwhenthe surgeonalsowould
like to know if thetumor is benignor malignant.Resultsareshownin Fig 2b.Again,all meth-
odsperformwellandthelowestmedianAUC achieveds 80%andthelowestmedianAUPR
achieveds 93.4%We observahat the RFmodelhasthe bestmedianAUC valuewith 87.1%
whichis ~ 2%improvementoverthe closesperformanceby the CNN model.We alsoseethat
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Fig 2. The performance comparison of the benchmarked machine learning models with respect to the AUC and AUPR metrics. Boxplots
representhe performarceof the modelsobtainedon the testfolds,in an8-fold crossvalidationsettingwhichis repeated times.

https://doi.0g/10.1371Hurnal.pcbl008184.g002
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the RFmodelhasthe lowestAUC varianceamongall models Similarly RFis the bestperform-
ing modelwith respecto the AUPRmetric with an AUPRof 96.1%All othermethodshavea
medianAUPR of 94% thusalsoin this categoryRFprovidesa~ 2%improvement.The
AUPRvarianceof RFisthelowestandis on parwith CNN. Thus,RFisthe modelof choice
for this taskaswell becausef its robustnessind high sensitivityand specificity.

Interpreting the model predictions

We analyzehefeatureimportanceof thefeatureqi.e.,ppm) thatleadto correctclassification
of the samplesn eachtaskwith the RFmodel.For this purpose we makeuseof the SHapley
Additive exPlanationSHAP)valuedor eachfeature[30, 39]. This approachhasits rootsin
the Shapleywaluesrom coalitionalgametheory.Here,the featuresareplayersn acoalition
andtheir valuesndicateafair weightthat representheir contribution (i.e.,successf the
classification.)

Here,afterrunning the RFmodelfor both taskswe computethe SHAPvaluesf eachfea-
ture (i.e.,ppmin thesignal)for eachtask.Here,wemapall featuredackto thethe ppm spec-
trum (x-axis)andshowthe correspondingsSHAPvalueqy-axis)for eachsample Eachdot on
thisfigure denotesa sampleandthe color of the sampledenoteghe valueof the corresponding
feature Thatis, if asamplds purpleit meansdts featurevalueis high,andif blue,featurevalue
islow. They-axis(SHAPvaluesjndicatesn whichdirectionthat featureaffectshe predic-
tion. Thatis, for control vstumor classificatiortask,a positiveSHAPvalueindicatesthat fea-
ture for that samplewvasimportant to labelit asatumor sampleOn the otherhand,anegative
SHAPvalueindicatesthe featurewasimportant to labelit asa control sampleForinstance,
manypurpledotswith high SHAPvaluedndicatepositivecorrelationbetweerthetumor and
the magnitudeof the peakat that ppm. For benignvsmalignantclassificatiortask,a positive
SHAPvalueindicatesmalignantlabeland anegativeSHAPvalueindicatesbenignlabel.

We showour resultsin Fig 3. Here,weonly annotatethe peakdn the SHAPvaluegmost
importantin eitherdirection) that reachan absoluteSHAPvalueof 0.005We usethe metabo-
lite databas@rovidedby Ruhlandet al. for annotationof peaksWe only list the namesof the
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Fig 3. The SHAP Values (y-axis) for each ppm in the spectrum (x-axis) is shown for each sample (dots). Dot color purpleindicatesahigh feature
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metabolitesvhich havea groupthat exactlymatchwith the baseof the peakregion(i.e. isa
subsebf the peakregion).Note that thereareusuallymanymetabolitegroupsoverlapwith
suchregions.To limit the numberof candidatemetabolitesyweusesucha stringentcriterion.
We alsoannotatethe peak=of two wellknown cancetbiomarkers?2-hydroxyglutaratend
creatine.

First,wefind that 2-hydroxyglutarge hashigh featureimportancesn both classification
taskslsocitrateDehydrogenas@DH) is aratelimiting enzymen the Krebscycleandplays
animportantrolein theregulationof the energymetabolismIDH mutationsareknownto
affecttumor metabolismForinstancemutationsof IDH areknownto producehighlevels
of 2-hydroxyglutaratéhatinhibits gliomastemcell differentiation[40,41]. So,low levelsof
2-hydroxyglutaraténdicatemalignancyIn line with this information, we observahatwhen
thecorrespondingpeak(feature)valuesarelow (i.e.,blue), SHAPvaluesarehigh whichindi-
categhatthosesamplesrepredictedto containtumor andmalignantcells respectivelySimi-
larly, creatineis awell-knownbiomarkerfor gliomas.Low creatinelevelsareobservedn
gliomasindicating high gradetumors[42,43].In bothtasksweobserveblue peakswith high
SHAPvaluedor the ppm rangethat coincideswith creatinegroups.Thisindicatesghatwhen
creatinelevelsarelow, we predictthe sampleo betumor and malignant respectivelyThus,
our modelhadlearntto focuson regionsin the spectrumwhich areusedby techniciangoday
asindicators.

For bothtasksweconsistenthyfind that peaksbelongto branchedchainaminoacidsisoleu-
cineandleucinearefocusedoy the model. Theseamino acidsareknown to havealteredcon-
centrationsin the presencef IDH mutations,but their statusasabiomarkerfor gliomasare
not stronglyestablishedWe alsoobservehatvariousotheramino acidsarealsofocusedoy
themodelasannotatedn Fig 3. This suggestpossiblebiomarkersdueto the alteredamino
acidmetabolismFinally,while distinguishingbenignand malignantgliomas weobservehat
2-ketoglutaratendlsocitratearealsoimportant factorsfor successfudlassificationThisis
alsomeaningfulasthe IDH enzymecatalyzeshe reactionthat convertsoneto otherin revers-
iblefashion.IDH mutationsaffectthis processand producemore 2-hydroxyglutaratérom
2-ketoglutarateatherthento produceisocitrate[40]. Thus,thesearealsocandidatebiomark-
ersstressedh the predictionof thealgorithm.

Theinterpretationof theresultsis limited by the 76 metabolitesandtheir ppm signatures
providedin [28]. We haveperformedan analysigo find any SHAPvaluepeakshatarenot
associatetvith anymetabolite We obtainedtop 200peaksut of 8, 172andfound arelatively
shortattentionpeaknear1.00ppm which indicatesmalignancywhenthe concentrationis
high. Thisis anuncharacterizedegionand might suggesé newbiomarker.Furtherresearch
andvalidationis neededo establistan understandingof the compoundsin thoseregionsand
their relationto tumor metabolism.Y et,this showsthe potentialfor the untargetedanalysisve
proposehere,assuchregionsarediscardedy an humananalyst.

Discussion

Usingamachinelearningapproachn this applicationhasadvantagesveratechniciancom-
mentingon the presencer absencef known biomarkermetabolitesisingthe rawsignal.
Our currentcataloguef metabolitesn the 1H HRMASNMR spectrumis limited which
meanswvepotentiallydiscardvaluablenformation with this targetedanalysisOn the other
hand,the RFalgorithmweusegenerateslecisiontreeclassifierseachof which focuson
differentpartsof the spectrumand procesgeaturesn combinationsThus,thealgorithm
performsanuntargetedanalysisasthereis no metaboliteidentification/quantificaion. The
analysigs alsonon-linearand multivariateunlike the currentapproachbasedn oneby one

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008184 November 11, 2020 9/14


https://doi.org/10.1371/journal.pcbi.1008184

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

guantificationof certainmetabolitesMoreover fluctuationsin chemicakhiftis commonin
NMR resultsandabinary guesss neededo concludewhetherapeakbelonggo acertain
metabolite The RFmodelcanaverag®ut suchinconsistenciesAs seenin Fig 3,thefocus
(i.e.,givenimportance)of the algorithmresembles peakaroundcertainppmregions,ndicat-
ing asmoothadjustmentof the weightsassociatewith eachppm, accordingto the composi-
tion in thetraining cohort. While this untargetedanalysicanbeperformedusingmany
machinelearningalgorithms,in our detailedbenchmarkwhich comparesnanymethodsin
varioussettingswefind that RFprovidesthe bestresults.

Our resultsprovidedin PerformanceComparisonand Model of Choicesectionshowthat
our modelsachievenigh AUC and AUPRvaluedndicatingthatthe RFis aviablemethodto
beusedin the surgeryroom. Theaveragéesttime of the modelis negligible(i.e.,0.01secs.)
whichmakest possiblgo useit in real-time.Thetraining phasés performedoffline andon
averagdéakes25.2mins. We interpretthe resultsof the RFmodelusingSHAPvaluesprovided
for eachppm in the spectrumWe validatethat groupsof known cancembiomarkerssuchas
creatineand 2-hydroxyglutarée hadanimportant role in the decisionmadeby the model.
Thisis animportant featurefor this analysisasusuallyasurgeonwvould like to knowtherea-
soningbehindthe decisionmadeby a program.We alsoindicateseverappm regionswhich
havebeenimportant for the classificationsTheseregionsharborsharedgroupsof several
metabolitesandfurther researchs neededo validatetheir tiesto gliomametabolismandtheir
statusasagliomabiomarker.

We further investigatedhe valueof an untargetedanalysisy training anotherRFmodel
which usesnly thetop 200peaksasthe soleinput (i.e.,afeaturevectorof size200insteadof
8,172all othersettingsaresame) For distinguishinghealthyandtumor cells wehaveseen
slightimprovementq0.5%and0.02%vermedianAUC and AUPRvaluesomparedo the
untargettedanalysisassomenoisefeaturesareeliminated.However,using200regionsin a
targetednanualanalysiss not feasibleWhenwegodownto using5 top peaksasinput,
whichisamore manageablsizefor manualprocessingweobserve2.7%and 1.3%decreases
in medianAUC and AUPRvaluesrespectivelyThus,the untargetedanalysigperformsbetter
thantargetingasmallnumberof peaksasdonein the manualanalysisand doesnot require
the preciousprocessingime during surgery.

We observeahatformulating the problemasa multi-classclassificatiorproblemandtrying
to distinguishbenign,malignantand control samplesloesnot performwell. The numberof
benignsampless smallandit is hardto distinguishthemastheir signalresembleshe controls.
Thus,the medianclassAUCsweobtainedfor control and benignsamplesveredownto 60%
and40% respectivelymalignantsamplesresuccessfullglassifiedmedianAUC = 90%)
Sincethe primary goalis to distinguishtumor and healthytissuewe optedfor the presented
schemen this study.

While benchmarkingseveraimachinelearningalgorithms weobservdor both tasksthat
convolutionoperationimprovesthe performanceof the baselineneuralnetworkmodel
slightlyandhassomewhatowervariancan the performanceDespitebeingedgedby the RF
model,wethink CNN modelcanperformwellwhentrainedon largerdatasetsOur datasets,
to the bestof our knowledgethe largesicohortwith closeto 600labeledsamplesHowever,
CNN usesadeeparchitectureandrequireslargercohortsto learnmore complexfeaturesWe
would like to notethat we performedextensivaestingon the CNN architecturewhichvaried
thenumberof layersnumberof kernels activationfunctions,pooling operationsetc.We also
experimenteavith a self-attentiormechanisnto find regionsof interestin the spectrumThe
resultspresentedirethe bestsetof resultsobtainedfor CNN model.We concludedhatthe
modelis too complexto belearntwith this samplesize.
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Conclusion

In this study,wedevelopedrandomforestbasednachinelearningapproachto distinguish
gliomasamplegbenignor malignant)from the control samplesisingthe 1H HRMASNMR
signalasthe soleinput. In our experimentswe showthat the approacthis efficient,accurate
andinterpretablelt canwork in real-timeandthus,canbeusedasa meansof providing feed-
backto the surgeon®n theleft-overtumor samplesluring surgery.

Supporting information

S1 Table. This table contains the meta-data about the samples dataset. Specifically(i) infor-
mation aboutsamplddentifiers,groupsand pathologicclassificationand (i) identifiersof
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parameters.
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