


Strokeis responsiblefor about9%of globaldeathsandis the2nd mostprolific killer after
heartdisease[1]. In survivors,thereissignificantincidenceof morbidity with irreversibleloss
of neurologicaltissueresultingin conditionssuchasparalysisanddysphagia.Approximately
500out of 100,000peoplelivewith theconsequencesof strokeandit consumes2±4%of global
healthbudgets[1]. Thecauseof strokeiseitherahaemorrhagicor anischaemiclesion.Treat-
mentis radicallydifferentdependingon thestroketype,necessitatingabsolutedifferentiation
betweenthetypes[1,2].A keytreatmentfor ischaemicstroke,alteplase,isonly licensedfor use
within 3 hoursof ictusin theUS(andwithin 4.5hoursin theUK), anddueto thepharmaco-
logicalnatureof thedrug,canbefatalif givento ahaemorrhagicstrokepatient[1,3].These
constraintsunderlinetheneedfor rapiddiagnosis.NeuroimagingbyComputedTomography
(CT) andMagneticResonanceImaging(MRI) arethegoldstandardimagingmodalitiesused,
andareexcellentat imagingacutehaemorrhage,while ischaemiaoftentakeslongerto be
detectable[4]. Assuch,detectingthepresenceor absenceof haemorrhagemaybesufficientto
initiate appropriatetreatment.Detectionof ableedcategorisesthepatientashavingahaemor-
rhagicstroke,whereastheabsenceof ableedde-factocategorisesthemashavinganischaemic
stroke[5].

TraumaticBrainInjury (TBI) canresultfrom anyexternalforceimpactingon thehead.1.6
million incidentsof TBI occurannuallyin theUSresultingin 50,000deathsand70,000
patientsleft with permanentneurologicaldefects[6]. Significantly,TBI accountsfor 10%of
theannualUShealthcarebudget[7]. TBI coversarangeof injuriesfrom minor to major.The
lattercategoryincludeshaemorrhage.Currently,physicalexaminationusingstandardised
testslike theGlasgowComaScale(GCS)areusedto decideon whetherto includeCT imaging
in apatientworkup,thelatterindicatedfor conditionssuchashaemorrhage.Again,theability
to rule in or out haemorrhagein TBI patientsearlyinto anassessmentwouldallowmoreeffi-
cientuseof CT resourcesandbetterpatientoutcomes[6]. Thetwo clinicalexamplesdescribed
abovehighlight theneedfor asensitiveandspecifictechniquefor thedetectionof brain haem-
orrhage,thatwouldsatisfytheconstraintsfor usagein atimelymanner(andhenceideallypor-
tablefor paramedicuse)andcost-effectiveness.

1.1 Electrical impedance tomography

Electricalimpedancetomography(EIT) isanimagingmodalitythatmayfacilitatethedevelop-
mentof asensitive,specific,rapid,portableandcost-effectivebrain haemorrhagedetection
medicaldevice.EIT systemsarelow-costandcompact.It hasthefurther advantagesof being
non-invasiveandhazardfree[8]. EIT hasbeenusedmostsuccessfullyin monitoring time-
changingscenessuchaslung function applications.However,to date,EIT systemshavestrug-
gledin imagingstaticor quasi-staticscenes[9], whichwouldbethecasewith brain haemor-
rhage.EIT involvestheplacementof electrodesaroundtheregionof interest,with alternating
currentinjectedbetweenelectrodepairsof afrequencytypicallyon theorderof 1 kHz±1
MHz, andvoltagesmeasuredbetweenotherpairsin aprecisepattern.A setof measurements
from all injection-measurementelectrodecombinationsconstitutesacompletemeasurement
frame.Productionof animageof thevolumeencompassedby theelectrodestypicallyfollows,
this imagebeingamapof theelectricalconductivityof thetissuescontainedin thevolume.
Imagereconstructionalgorithmsoftenoperatebasedon differencesbetweensetsof measure-
mentframesandthuscanstrugglewith staticscenes[8±10].

1.2 Machine learning applied to EIT measurement frames

Thisstudyisdesignedasaninitial proof of conceptto examineif EIT measurementframes
candirectlybeusedin conjunctionwith machinelearningalgorithmsto detectbrain
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haemorrhages,without thecomplexityof reconstructinganimage.Perssonetal.havehadsuc-
cessusingmicrowavescatteringmeasurementsfor asimilarpurpose[11]. To our knowledge
EIT measurementshavenot beenusedin thisapplicationto anyextent,althoughour group
hasconductedsomeearlyresearchinto theproblem[12,13].Electricalconductivityor imped-
ance,thephysicalparameterindirectlymeasuredwith EIT, doesvarydetectablybetweennor-
malbrain parenchymaandhaemorrhage[14,15],andthusthecorrespondingEIT
measurementsframesshouldhavedetectabledifferences.

SupportVectorMachine(SVM) isamachinelearningalgorithmthat is typicallyimple-
mentedfor binaryclassification.SVMsoperateon theprincipleof finding ahyperplanethat
optimallyseparatesdatapointsfrom differingclasses.Thenatureof thehyperplaneisdefined
by thekernelemployedby theSVM,with alinearkernelbeingoneof thesimplerexamples
[16]. IndeedSVMshavebeenusedin similarstudiesto this,examplesincludingmicrowave
measurementsappliedto breastcancerdetection[17], [18], andotherelectricalimpedance
paradigmsappliedto varioustissues[19±22].In [19], electricalimpedancemeasurements
from amulti-frequencysweep(electricalimpedancespectroscopy,EIS)of differenttissues
wereusedto train andtestasupportvectormachine(SVM) to classifỳ breast'and`notbreast'.
Sensitivityandspecificitywasreportedat~80%.EISwasagainusedin [20] to measureimped-
ancepropertiesof breasttissueto identify patientsat risk of cancerusingSVMs.In thisstudy,
anareaunderthereceiveroperatingcharacteristic(ROC)curveof 0.816wasreported.A simi-
lar techniqueandapplicationwasreportedin [21]. In, [22] SVMmodelswereusedwith
impedancemeasurementsto improvethesensitivityof prostatebiopsiesto abnormaltissuesin
theregionof thebiopsyneedle.Finallyin [23], EIT measurementframeswereusedto estimate
bladdervolumesthroughmachinelearningwhichestimatedthevolumewithout theneedfor
animage.

In thisstudy,weinvestigatetheuseof alinearSVMmodelon EIT datafrom thehead.EIT
measurementframesfrom arangeof differentnumericalmodels,alongwith aphysicalphan-
tom,areused.Thesemodelsaredesignedasasimplifiedanatomicallyprecise2-layerhead
with aninner brain layerandanouterlayerof aggregatetissuesexternalto thebrain.These
modelsweretestedwith andwithout avarietyof haemorrhagiclesionsunderarangeof experi-
mentalconditionsdesignedto examineandquantifytheperformanceof theclassifierwhen
discretevariablesareisolatedandchanged,including thoseof noiselevel,lesionlocation,
lesionsize,changesin electrodepositioning,andvariationin headanatomy.Asafinal study,
theclassifieris trainedandtestedwith variantsin all of thepossibleparameters.Dueto the
flexibility in creatingnumericalmodels,moretestsareperformedwith thisplatform,but asig-
nificant amountof thework wasreplicatedon thephysicalphantomplatformaswell.

Thesubsequentlayoutof thepaperisasfollows.Section2 introducesSVMsanddescribes
performancemetricswhichareappliedto resultsandreportedthroughoutthisstudy,Section
3outlinesthenumericalmodels,EIT setupused,andsimulations,with theresultspresented
anddiscussed.Then,Section4 introducesthephysicalphantom,describestheexperimental
measurements,andpresentsthephantom-basedresults.Section5 examinestheperformance
of two differentclassifiers,in addition to thelinearSVM,on thefull numericallyderiveddata
setvaryingall of theparameters,andon thecorrespondingexperimentaldataset.Although
thiswork isaninitial proof of conceptfor applyingmachinelearningtechniquesto EIT mea-
surementframes,it isalsousefulto examinetheperformanceof otherclassifiersto supportthe
ultimatechoiceof classifierfor thisapplication.Finally,thepaperconcludeswith Section6,
whichprovidesadiscussionon therelevanceof thefindings,limitationsof thestudy,and
futurework.Thissectionalsohighlightsthesignificanceof thisapproachasapromisingway
to coupleEIT to classificationfor important clinicalapplications.
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2. Support Vector Machines
Theextensiveuseof SupportVectorMachinesin previousstudiesinvolvingbiomedicalsignals
[17±23]motivatedthechoiceof usingthis typeof classifier.SVMswereoriginallydesignedfor
binaryclassification.Binaryclassificationisemployedhere,acasewith ahaemorrhagebeing
labelledas+1 andacasewithout labelledas±1.SVMsclassifybycalculatingthehyperplane
thatoptimallyseparatesthetraining datapointsbelongingto thetwo classes.Datapointsare
assignedinto oneof thetwo categoriesdependingon whichsideof theplanetheylie on.This
hyperplanewill incorporatethewidestmarginpossiblewith thedatapointsthat form thebor-
derof themarginon eachof the+1 and±1sidescalledthesupportvectors[16]. An exampleof
thishyperplaneandseparationof classesisshownin Fig1,with observationsconsistingof n-
dimensionaldatapointsseparatedbya2-dimensionalhyperplane(a line). In thecaseof an
EIT measurementframefrom a16-electrodering, eachmeasurementframe(observation)will
bea208-dimensionaldatapoint or vector[8].

Thedatapointsfor agivenexperimentaredividedinto training andtestsets.Thetraining
setwill containdatapointslabelledwith thecorrectclassificationof ±1.Thistraining setis
usedto createaSVMmodel,which,aspartof modelling,findsanddefinesthehyperplanein
multidimensionalspacethatbestseparatesthetraining data.During themodellingprocess,
ten-foldcrossvalidationandhyper-parameteroptimisation,usingaBayesianoptimisation
protocol,isperformedto ensureanoptimallytrainedclassifier.In thisstudy,alinearSVMis
used,meaningthat thehyperplaneis linearin nature.After themodeliscreated,unseentest-
ing dataisclassifiedby theSVM.Theclassificationresultsof thetrainedSVMmodelon this
unseentestdataareusedto describeperformance.Theseperformanceresultsarereported
hereprimarily asthesensitivityandspecificityof theclassifieron this testdata.Another
parameterof interestis thereceiveroperatingcharacteristic(ROC)curveof themodel,
reportedindirectlyastheareaundertheROCcurve(AUC). TheAUC valuesreportedhere
arethosefor theROCcurveof thetrainedmodel,that is theROCcurveproducedfrom

Fig 1. The basis of SVM classification. Heren-dimensionaldatapointsareseparatedbya2-dimensionalhyperplane
into +1or ±1categoriesdependingon whatsideof thehyperplanetheyareon.Supportvectorsarethosedatapoints
thatdefinethemarginaboutthehyperplane,thesesupportvectorsareshownin bluein circles.

https://doi.org/10.1371/journal.pone.0200469.g001
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comparingthetrue labelsof thetraining datato thepredictedlabelsassignedto thetraining
databy themodel.Throughoutthepaperit is theperformanceon theunseentestdataof the
trainedclassifierthat is reportedastheresultsfor agivenstudy.Thesoftwarepackage
MATLAB andtheMATLAB statisticsandmachinelearningtoolboxisusedthroughoutfor
thetraining andtestingof thelinearSVMs[24].

In our clinicalapplication,thekeyobjectiveis to definitivelydetecthaemorrhage.Ideally,
theclassifierwouldbe100%sensitiveand100%specificto haemorrhage,aswouldbethecase
wheretheAUC = 1.However,in caseswherethis isnot possible,that is,wheretheROCcurve
indicatesanimperfectclassifier,thenthepriority is to maximisesensitivityat theexpenseof
decreasedspecificity.In thecaseof stroke,for example,reducedspecificitymeansanincreased
rateof falsepositives(i.e.,patientswhohavenormalhealthybrain beingdiagnosedashavinga
bleed).Althoughnot ideal,theconverse,reducedsensitivity,wouldmeanincreasedfalsenega-
tives,leadingto haemorrhagicpatientsbeingmisdiagnosedasbeingbleed-freeandpotentially
receivingalteplase,whichmaybefatal.In traumaticbrain injury, increasedsensitivitymeans
haemorrhagicpatientsarenot missedandareproperlyreferredfor CT scanningwith thecon-
sequentreductionin specificityresultingin somenon-haemorrhagicpatientsalsoreceiving
CT scans.Thisresultispreferableto thealternativeof somehaemorrhagicTBI patientshaving
falsenegativesandnot receivinganappropriatescan.Therefore,theROCcurve(if theAUC is
not 1) canbeusedto chooseanidealoperatingpoint of theSVMclassifier,resultingin
changesto thesensitivityandspecificitybalance.Aspartof theclassificationprocess,the
trainedSVMmodelcalculatestheposteriorprobabilityof thetestcasebelongingto bothclas-
ses.Thedefaultthreshold,calledthe`defaultoperatingpoint' here,is0.5.If theprobabilityof
thecasebelongingto the±1categoryisgreaterthanor equalto 0.5,it isclassifiedas±1,other-
wiseit isclassifiedas+1.Weclassify,andreportperformanceresultsatboth thisdefaultoper-
atingpoint andatanadjustedoperatingpoint designedto maximisesensitivity.Theadjusted
operatingpoint isselectedfrom finding thefirst point on theROCcurvewhichhasatrueposi-
tiverateof 1.0.Useof theadjustedoperatingpoint effectivelyincreasesthethresholdto avalue
greaterthan0.5,thusboostingsensitivityto bleedsatacostto specificity.

Finally,asdescribedabove,for comparisonpurposes,theperformanceof two differentclas-
sifiers,aSVMusingaRadialBasisFunction(RBF)kernelandaNeuralNetwork(NN), was
alsoexaminedwith bothnumericalandphantomdata.Thecomparisonbetweenthesethree
classifiersisdiscussedin Section5.

3. Classification experiments on numerical models
Thissectionbeginswith adescriptionof thenumericalmodelscreatedfor thisstudy,along
with abrief descriptionof theEIT setupused.Followingthis,eachof theseriesof experiments
performedusingthis testplatformisoutlinedwith resultspresentedanddiscussed.In total,6
setsof experimentswereperformed,thefirst 5 isolatingandstudyingtheindividual effectof a
keyvariableon theclassificationresults.These5variablesincludednoisecontaminatingthe
measurementframes,differencesin lesionlocation,differencesin lesionsize,changesin the
placementof theelectrodearray,anddifferencesin headanatomy.Within agivenexperiment,
all othervariablesareheldconstantunlessnoted.Lastly,a6th andfinal experimenttrainedand
testedtheclassifieron casesvaryingall 5of thesevariables.

3.1 Numerical models

Themodelusedin thestudywasananatomicallyaccuratebut simplifiedmodelof thehuman
headcomprisedof 2-layers:aninner brain layerandanouteraggregatelayerof tissuesexternal
to thebrain.Anatomicallyaccuratestereolithography(STL)filesof thehumanheadandbrain
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wereusedto createthis2-layermodelasafinite elementmodel(FEM).TheheadSTLfile was
reverseengineeredfrom apolygonmesh[25] whilethebrain STLfile wasdevelopedfrom
MRI studies[26]. Thesetwo STLfileswerecalledtheªbaseºSTLfiles.Therationalefor the
2-layersimplificationwastheexploratorynatureof thiswork andthefactthat thissimplifica-
tion allowedfabricationof aphysicalphantomnearlyidenticalto thebasenumericalmodel.

TheEIT setupchosenwasthatof a16-memberelectrodering placedsymmetricallyacross
thesagittalplaneatavarietyof heights,all forming aplanefrom aboutthemid forehead
sweepingaroundto theinion at therearof thehead.Theprecisepatternof EIT injectionand
measurementpairsresultingin aframewasasocalledªskip2º pattern,with measurements
not takenfrom theinjectingelectrodes,asisconventional[8,9].Theresultantframesare
inputtedinto theclassifierunalteredor sortedbyvoltagemeasurementvalue.Sortingwas
undertakenasit washypothesizedthat it mayimproveperformancein somescenarios,partic-
ularly in thosetestcasesfeaturinglesionsin locationsnot seenin thetraining data.Theratio-
nalefor this isdescribedlaterin thenexttwo sections.

In orderto numericallymodeldifferentheadandbrain anatomies,thesebaseSTLfiles
wereboth increasedandreducedin sizeby5%in eachof theX, Y,Z axes,respectively,aswell
in all 3axessimultaneously,usingtheAutodeskFusion360computeraideddesign(CAD)
package[27]. The±5%variancewasbasedon work studyingadultheadcircumferences[28]
andassumedthatvariancesin circumferencewill extrapolateto headsizeandbrain size.These
variationsresultedin 9 differentmodelsfor eachtheheadandthebrain,with 81differenthead
andbrain combinationspossible.It is recognisedthatcombinationsof, for example,+5%head
sizecoupledwith ±5%brain sizemaybeunlikely in reality,but suchextremeswereusedhere
for completeness.

TheSTLfilesweremeshedinto aFEMusingEIDORS[29] aidedbyNetgen[30] andGmsh
[31]. During meshing,the16-memberelectrodering isalsopositionedon theexteriorof the
model,with themeshrefinedin theareaswheretheelectrodescontact[32]. Theelectrodering
wasplacedat3 possibleheights,differing by2 mm from eachother,to mimic usererror in
placingelectrodesin repeatedexperiments.Electrodemodellingerrorssuchastheseareakey
challengein EIT [33]. All possiblecombinationsof head,brain andelectrodelayoutwere
meshedresultingin 243normalnumericalheadmodels.Theheadmodelproducedfrom the
baseSTLfilesof theheadandbrain combinedwith theelectrodering at themiddleof the3
heightswascalledtheªbasenumericalmodelºasit wasusedasthestandardin manyof the
experiments.

Thehaemorrhagesweremodelledassimplespheres,generatedusingtheFusion360soft-
ware.Thesespheresvariedin volume.A 30ml bleedisoftenseenasathresholdindicatorof
worseoutcomesin strokepatients[34], thusbleedsof thissizeor larger(60ml) werechosen
for theinitial experiment;asecondexperimentconsistedof classifyingsmaller(5 ml, 10ml,
and20ml), moredifficult to detectbleeds.Thesphereswereplacedin differentlocations:the
4cardinalpointsof north (front), south(back),east(right side)andwest(left side)in the
planeof theelectroderingsandinsidebut towardstheexteriorsurfaceof, andwith respectto,
theFEMof thebrain.

Eachof the60ml and30ml bleeds,ateachof the4 locationsweremeshedwith eachof the
243possiblenormalmodelsto form 1,944separatelesion-affectedheadmodels,with each
givenmodelhaving1 lesion.

Theelectricalconductivityof atissueis thefundamentalpropertythataffectsEIT measure-
ments,andwhichis traditionallycapturedin EIT imagereconstruction.Hence,realisticcon-
ductivity valuesareassignedto thelayersof themodelwith theouterlayergivenavalueof 0.1
S/m,thebrain layersetat0.3S/m,andthehaemorrhagiclesions0.7S/m,basedon thework
donein [35]. In agivenmodel,EIDORSwasusedto specifytheªskip2º stimulationand
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measurementpatternandusedto calculateameasurementframefor thesetup.Therecorded
voltagesat theseelectrodes,andeachresultantmeasurementframe,werethenusedto train
andtestthelinearSVMclassifiersused.

In Fig2,thebasenumericalmodelwith theelectrodering isshown,aswellamodelwith
thebrain layerhiddenand4 bleedsillustratingthe60ml and30ml sizesandthe4 possible
locations.

3.2 Study 1: Effect of noise

Theperformanceof eachSVMclassifierisassessedatdifferentsignal-to-noiseratios(SNR).
Thebasenumericalmodelisusedasthenormalwith two lesionmodels:thenormalwith
eitherthe30ml or 60ml bleedin thenorth location.Measurementframesaregeneratedfor
eachof the3 modelsandnoiseisaddedusingEIDORSto achieveeachspecifiedSNR.A linear
SVMwastrainedwith 500frames(250normaland125from eachof thetwo lesionmodels)
andtestedwith 200unseenframes(100normaland50from thetwo lesionmodels).Thetrain-
ing andtestingwasperformedateachof 80dB,60dB,40dBand20dBnoiselevels.SomeEIT
applicationssuchasthoracicimagingcanoperatesufficientlywellwith anSNRof 30±40dB
whereasothers,particularlythosetrying to detectsneuralsignalsandfacingrelatedissuessuch
asthedampeningeffectof theskull requiresystemswith anSNRof 80dBor higher[36]. The
SNRvaluesusedherewereselectedto coverthis rangeandto seetheeffectof datanoisierthan
thatusuallyused.

Asdetailedabove,themeasurementframesareeitherunalteredor sortedbyvalue(low
voltageto highvoltage).Hence,eachSNRlevelhastwo correspondingSVMmodelstrained
andtestedusingthesetwo frametypes,eachwith anAUC reported.In addition,thesensitivity
andspecificityfor eachclassifierateachSNRlevelhastwo performancevalues:thatwhen
testedat thedefaultoperatingpoint andthenwhenretestedat theadjustedoperatingpoint
designedto maximisesensitivity.Theseresultsareshownin Fig3.

Theresultsof Fig3showthat theSVMclassifiertrained,andtested,with both theunaltered
andsortedmeasurementframesperformswell,with anAUC, aswellassensitivityand

Fig 2. Left:Thebasenumericalmodelcomprisedof thenormalsizedheadandbrain isshownasaFEMwith a
16-member electrodering. Theelectrodecontactareasareshownin greenwith someof theelectrodesnumbered(red)
for clarity.Right:Bleedsmaybepositionedatoneof 4possiblelocations, north (front), south(back),east(right) or
west(left) in theplaneof theelectrodering andinsidebut approachingtheexteriorsurfaceof thebrain layer.The
brain layerishiddenin this imagefacilitatevisualisation of thelesions.Thetwo bleedvolumesshownare30ml and60
ml. Twoof theelectrodesareagainnumbered for orientation.Alsoshownisascaleof assignedconductivity values,
with theouterlayershownaswhite/transparent(0.1S/m),thebrain layerasyellow(0.3S/m),andthehaemorrhagic
lesionsasburgundy(0.7S/m).

https://doi.org/10.1371/journal.pone.0200469.g002
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specificity,ator near1,for the80dBand60dBnoiselevels.At 40dB,theclassifierperfor-
mancesignificantlydegradesandthebenefitof theadjustedoperatingpoint comparedto the
defaultoperatingpoint isseen,assensitivityisboostedat theexpenseof specificity.Forexam-
ple,in thesortedframeresults,thesensitivityjumpsfrom 0.92to 1.0whilethespecificity
dropsfrom 0.9to 0.78.Theperformanceat20dBispoorandthereisno differencein theper-
formancebetweenusingtheunalteredor thesortedframes.TheSNRvalueof 20dBwascho-
senasanextremevalue,significantlylowerthanthatusedevenin highcontrasttime changing
scenessuchasthoracicEIT [36]. Assuch,thepoorperformancereportedat thisvalueis
expectedandhelpsput alowerlimit on theacceptableSNRrangethatcanbeused.

It wasof interestin thispartof thestudyto analyseif themeasurementframescouldbe
usedto detectlesionlocationandsize.A haemorrhagiclesionhasahigherconductivitythan
thesurroundingbrain.Hence,agivenchannelof themeasurementframe,i.e.,onespecific
combinationof injectingandmeasurementelectrodepairs,wouldbeexpectedto givealower
measuredvoltagemagnitudefor thefixedinjectioncurrent if thelesionisnearto theelec-
trodesinvolvedin thechannel.Thechannelthathadthemaximalaveragedifferencein value
betweenthenormal framesandthelesionframeswascalculatedfor bothcasesof the30ml
and60ml haemorrhagein thenorth location.Theelectrodelayoutusedmeantthatelectrodes
1& 16lie in front of thenorth locationwith 2 & 15alsonearbyandsoon.Thesemaximaldif-
ferencechannelsareshownin Fig4.Thesemaximaldifferencechannels,asexpected,feature
electrodesdirectlyadjacentto thelesionlocation.It wouldalsobeexpectedthat themagnitude

Fig 3. Classifier results from test data in numerical model Study 1: Effect of noise. Separateexperimentsaredonefor 80dB,60dB,
40dB,and20dBnoiselevels.Themeasurementframesusedto train andtestthelinearSVMareunaltered (red)or sortedbyvalue
(blue).Forbothof theseresultantclassifiermodels,theperformanceisgivenastheAUC of theROCcurvegeneratedfrom thetraining
dataandthesensitivityandspecificityof theclassifieron thetestdataat thedefaultoperatingpoint andat theadjustedoperatingpoint
(selectedto augmentsensitivity,at theexpenseof specificity).Fromtheplots,it isseenthat theclassifiersperformwellat80dBand60
dBwith performancestartingto drop at40dBandbecomingpoorat20dB.Theadjustedoperatingpoint doesboostsensitivityas
expected,with themostobviousbenefitseenat40dB.

https://doi.org/10.1371/journal.pone.0200469.g003
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of thedifferencewouldbegreaterfor the60ml bleedthanthe30ml bleedcomparedto the
normalandthesedifferencesshouldbeclearerathigherSNR.Fig4confirmsthesehypotheses
with plotsof voltagemeasurementsat themaximaldifferencechannelshownfor the80dB
and40dBcases.Theseparationis indeedgreaterfor the60ml bleedandtheseparationis
moredistinct for the80dBSNRcase.

3.3 Study 2: Effect of lesion location

Theclassifierperformanceisassessedwith testdatathat includeslesionsatpositionsdifferent
to thoseusedin thetraining data.Thebasenumericalmodelisagainusedasthenormal,with
both the30ml and60ml lesionsaddedto thenorth locationseparately.Thesemodelsareused
to train theclassifierwith 500measurementframes(250from thenormaland125eachfrom
thetwo lesionmodels).Theperformanceis thentestedwith 120unseennormalmeasurement
framesand20measurementframeseachfrom 6 lesionmodelscreatedfrom all individual
combinationsof thenormalwith east,south,westand30ml or 60ml. Hence,theclassifieris
testedon lesionsin locationsthatwerenot includedin thetraining set.Theresultsarepre-
sentedasbefore±twoclassifiersaretraineddependingon whetherthemeasurementframes

Fig 4. The channels of maximal difference between the normal and lesion cases are reported. Thechannelsimply
thelesionisat thenorth location,aselectrodes#1& #16areadjacentto this location.The60ml bleedshowsagreater
differencerelativeto thenormalthandoesthe30ml case.Further,separation ismoredistinctatahigherSNR,with
overlapincreasingat40dB.

https://doi.org/10.1371/journal.pone.0200469.g004
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areunalteredor sorted,givingtwo separateAUC valuesfrom therespectiveROCcurvesgen-
eratedfrom thetraining data,thenthesensitivityandspecificityfor eachclassifieron thetest
datais reportedatboth thedefaultoperatingpoint andat theadjustedoperatingpoint
(selectedfor bettersensitivity).Theexperimentis repeatedfor eachof 80dB,60dB,40dBand
20dBsimulatednoiselevels,with theresultsshownin Fig5.

If themeasurementframesareleft unalteredandclassificationisperformedat thedefault
operatingpoint, thensensitivityis low atall SNRs:atabout0 for 80dBand60dBandparadox-
icallyhighestatabout0.55for 20dB.Moving to theadjustedoperatingpoint (still with unal-
teredmeasurementframes)helpsto improvesensitivity,with valuesnowabove0.6in all cases,
but it is still unacceptablylow. In thiscase,theclassifiercannotdetectlesionswhentheloca-
tion of thetestcaseisonetheclassifierisnot trainedon.Specificityisnot asaffectedasthis is
primarily ameasureof ability to detectthe`-1'classof normalwhichtheclassifieris trained
andtestedon.

However,thesimplepre-processingstepof sortingthemeasurementframevaluesfrom
low to high helpsboostsensitivityatall SNRlevelscomparedto therespectiveunaltered
case.Thepurposeof sortingtheframesis to helptheclassifierin correctlyclassifyinglesions
at locationsnot seenpreviouslyin thetestset.Asdescribedin theprevioussection,thepres-
enceof thelesionshouldresultin lowermagnitudevoltagemeasurementsespeciallyfor
thosechannelsin thelocalityof it. In thenormalcase,sortingshouldnot overlyaffectthe
frame,at leastin this simplemodelwhereelectrodedistanceandregionaldifferencesin tis-
suesareneglected.In thecaseof a lesion,sortingshouldresultin asimilar resultantframe
regardlessof lesionlocation.Theresultsshownin Fig5 provideevidencesupportingthis
hypothesis.Theadjustedoperatingpoint further boostssensitivity,with excellentperfor-
manceof sensitivityandspecificityboth equalto 1,seenatboth 80dBand60dBwhenthe
measurementframesaresorted.If framesaresortedandtheadjustedoperatingpoint is
chosen,thentheclassifierseemsto beindependentof thelesionlocationsused,for the60
dBand80dBSNRlevels.

Fig 5. Classifier results from test data in numerical model Study 2: Effect of lesion location. Separateexperiments
aredonefor 80dB,60dB,40dBand20dBnoiselevelswith resultsarrangedin thesameformatasFig3.Bothusinga
sortedmeasurementframeandtheadjustedoperatingpoint dramatically improvesensitivityatagivenSNR.
Implementing bothof thesemodificationsresultin excellentclassifierperformanceat the80dBand60dBpoints,
indicatingthat in thesecasestheclassifierstill workswellevenwhentestdatalesionlocationsdiffer from training data
locations.

https://doi.org/10.1371/journal.pone.0200469.g005
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3.4 Study 3: Effect of lesion size

Next,theclassifieris testedon datasetswith lesionsof sizesnot usedin thetraining set,with a
fixedSNRof 60dB.Thebasenumericalnormalmodelisusedto produce300noisymeasure-
mentframes.Next,4 lesionmodelsareproducedusingthisnormalmodelalongwith the60
ml lesionateachof the4 locations.75measurementframesfrom eachlesionmodelarepro-
duced.Thiscombined600measurementframesetisusedasbefore,with anSVMclassifier
trainedwith bothunalteredandsortedframes.TheresultantclassifiersbothhadanAUC
valueof 1.Next,themodelsaretestedusing80unseennormal framesand80unseenframes
from the30ml lesionpositionedateachof the4 locations(20framesfrom eachlocation).The
testingis repeatedin anidenticalwayfor eachof 20ml, 10ml and5ml modellesions.Hence,
themodelsaretrainedon thelargestlesionandtestedsequentiallyon eachof thesmaller
lesions.Theclassifierperformanceresultsfor sensitivityandspecificityaregivenin Fig6.

Finally,theentireexperimentis repeated,this time training on thesmallestlesion(5 ml)
andtestingon the60ml, 30ml, 20ml and10ml cases(aswellasthenormalbeingused
throughout).Thetrainedclassifiersboth reportedanAUC of 1 again.Thesetestingresultsare
givenin Fig7.

Theresultsin Fig6 indicatethatwhentheclassifiersaretrainedusingthe60ml lesionthere
isaninability to detectsmallertestlesionsunlesstheadjustedoperatingpoint isused.Since
training featuredcasesfrom all locations,thebenefitof thesortedframe,whichwasveryeffec-
tive in thepreviousstudyon effectof location,is redundanthere.If theadjustedoperating
point isused,increasingsensitivity,thenrobustclassification(sensitivityandspecificityboth
of 1) downto a10ml volumeisachieved.In Fig7,the5ml lesionisusedin training andthere
is improvedperformanceoverFig6,with all largertestlesionsizesbeingdetectedat thedefault
operatingpoint. Changingto theadjustedoperatingpoint unnecessarilydecreasesspecificity
with unalteredframes,althoughsortedframesaremorerobustto thiseffectgivingnearlythe
sameperformanceatbothoperatingpoints.In thiscase,sensitivityof 1 wasachievedat the
defaultoperatingpoint usingthedefaultthreshold.Moving to theadjustedpoint, whichforces
thethresholdup,unnecessarilyincreasedthenumberof falsepositiveswith no reductionin

Fig 6. Classifier results from test data in numerical model Study 3: Effect of lesion size. Themodelsaretrained
usingthe60ml lesionin all possiblelocationsin thebasenumericalmodel.Separatetestingis thenperformed on
unseennormalframesandseparately eachof 30ml, 20ml, 10ml and5ml lesionatall locations, with 60dBnoise
addedin all cases.Trainingdatafeaturesall locations, renderingtheeffectof sortingtheframeredundant.Usingthe
adjustedoperatingpoint boostssensitivityin all caseswith lesionsrobustlydetectabledownto a10ml volume.

https://doi.org/10.1371/journal.pone.0200469.g006

Brain haemorrhage detection using a SVM classifier with EIT measurement frames

PLOS ONE | https://doi.org/10.1371/journal.pone.0200469 July 12, 2018 11 / 26

https://doi.org/10.1371/journal.pone.0200469.g006
https://doi.org/10.1371/journal.pone.0200469


falsenegativespossible.In caseslike herewherethedefaultthresholdof 0.5alreadygivesasen-
sitivity of 1,theadjustedthresholdisalso0.5.However,theadjustedthresholdnowcategorises
caseswith anequalprobabilityof being+1or -1 asbeing+1(bleed)whereasthedefaultthresh-
old categorisesthesecasesas-1 (not bleed).Thisclassifyingof 50/50casesasbleedsisan
attemptto err on thesideof caution,which isappropriategiventheintendedclinicalapplica-
tion. Hence,thissubtlechangecausesareductionin specificityin thesecases.

3.5 Study 4: Effect of electrode positioning

In thisstudy,thepositioningof theelectrodering isvaried,whileall othervariablesarekept
constant.In all training andtestcases,60dBsimulatednoiseisaddedto theframes.Theclassi-
fiersfor bothunalteredandsortedframesaretrainedon adatasetof 640measurementframes.
Eachdatasetcomprises320measurementframesfrom thebasenumericalmodeland40mea-
surementframesfrom eachthe8 combinationsof the30ml and60ml bleedsateachof the4
possiblelocationsadded.Bothclassifiers,whentrainedreturnedanAUC valueof 1.

Next thesemodels,onenormaland8 lesion,havetheelectrodering positionedatoneof
thelocationsthatdeviatefrom theoriginal training positionby± 2 mm, suchthat theplaneof
thering isparallelto theoriginal.Thesepositionchangesmodelusererror in positioningof
thering. Eachnewnormalmodelisusedto produce40measurementframesandeachnew
lesionmodelusedto produce5 measurementframes,givingatestingsetof 80normaland80
abnormalmeasurementframes.Theresultsfrom theperformanceof thesesingletestsetsare
shownin Fig8.

Fig 7. Classifier results from test data in numerical model Study 3: Effect of lesion size. Themodelsaretrainedusingthe5ml lesion
in all possiblelocationsin thebasenumericalmodel.Separatetestingis thenperformedon unseennormalframesandseparatelyeachof
60ml, 30ml, 20ml and10ml lesionatall locations, with 60dBnoiseaddedin all cases.Trainingdatafeaturesall locations,rendering
theeffectof sortingtheframeredundant.Sensitivityandspecificityin all casesisexcellentat thedefaultoperatingpoint, whileusingthe
adjustedoperatingpoint unnecessarily reducesspecificity of theclassifierthatusesunalteredframesbut doesnot appreciablyaffect
performanceof theclassifierthatusessortedframes.

https://doi.org/10.1371/journal.pone.0200469.g007
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Theintention of thisstudywasto mimic aminor error in electrodepositioning.Evensuch
aminor movementcausesanoticeabledrop in performance.Theresultsfall from 100%sensi-
tivity andspecificityto avalueof 95%+in all casesusingthedefaultoperatingpoint; however,
thisdrop demonstratesthatevenmm changescancausechallengesin EIT. However,usingthe
adjustedoperatingpoint, designedto increasesensitivity,movessensitivitybackto 100%again
without affectingspecificity,thusmitigatingtheeffectsof the2mm positionalerror.This
resultdemonstratesthevalueof theadjustedoperatingpoint in scenariossuchasthis.

3.6 Study 5: Effect of anatomy

Thisstudyexaminestheability of theclassifierto detectlesionsin headandbrain anatomies
differentto theonethetraining datasetis recordedfrom. All framesusedin training andtest-
ing had60dBnoiseadded.Thetraining modelsarecomprisedof thebasenumericalmodelas
thenormal,with 8 lesionmodelsproducedfrom thenormalusingall 8 combinationsof the30
ml and60ml lesionatall locations.In total5,120normaland5,120lesion(640from each
lesionmodel)measurementframeswereusedto train theclassifier.Theresultantclassifiers
trainedfrom theunalteredor sortedmeasurementframesboth reportedanAUC valueof 1.

Next the80differentnormalmodels,producedasexplainedin section3.1,usingthe9 dif-
ferentheadand9differentbrains,with thesameelectrodering height,wereeachusedto create
16testnormal frameseach.Eachof thesenormalmodelswerethencombinedwith eachof the
8possiblelesionsto create640lesioncaseswith 2 framesfrom eachusedto completethetest
set.Hence,theclassifieris trainedon lesionsin oneanatomybut testedon lesionsin avariety

Fig 8. Classifier results from test data in numerical model Study 4: Effect of electrode location. Themodelsaretrainedusingframes
from thebasenumericalmodelasthenormalandeightlesionmodelsproducedfrom thenormal andall combinationsof the30ml or 60
ml lesionatoneof the4 locations. Theframesarecontaminatedwith noiseat60dBSNR.Asusual,two classifiersareproduced,one
trainedwith unalteredframesandonewith sortedframes.Thesearethentestedwith theelectrodering placedatoneof two possible
locationsdiffering from, andparallelto, theoriginalby± 2mm. Theresultsshowthatclassifierperformance, thoughexcellent,is
noticeably affectedbyeventhesesmallchangesin electrodepositioning.Usingtheadjustedoperatingpoint however,mitigatesagainst
thereductionin sensitivityintroducedby theelectrodepositioningchange.

https://doi.org/10.1371/journal.pone.0200469.g008
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of 80differentanatomies.Fig9 showstheperformanceof thetwo respectiveclassifiersafter
inputting thetestdata.

Theresultsshowthatanatomyhasaprofoundeffecton classifierperformancewith sensi-
tivity andspecificityin all casesnearto avalueof 50%whichiswhatarandomclassifierwould
performat.Deeperanalysisof theresultsrevealedthat in caseswheretheratio of outertissue
to brain tissueof atestmodelwaslargerthanthatof thebasenumericalmode(aroundwhich
thetraining setsweredeveloped)theclassifierusuallyreturnedavalueof ªnormalº whereas
whenthis ratio waslowerthanthebasenumericalmodelavalueof ªbleedºwasreturned.In
somecases,thelargerlesionsizecouldbecorrectlyclassifieddespiteanatomicaldifferences,
but in generaltheclassifierswereexcessivelysensitiveto differencesin anatomyof thetest
modelscomparedto thatusedto train.

3.7 Study 6: Final overall study

Asafinal overallanalysis,aseriesof testsaredonefeaturingall 243normalmodelsand1944
lesionmodels.ThebaseSTLfilesof theheadandbrain,asdescribedin section3.1,areeach
distortedby± 5%in eachof theX, Y,Z axesseparatelyaswellasin all 3 axessimultaneously,
resultingin 9 distinctheadandbrain modelsandhence81differentcombinations.The
16-memberelectrodering wasthenplacedat1of 3 distinct locationsgiving243modelsof the
normal.To createthelesionmodels,eachof these243normalmodelswerecombinedwith
onethe30ml or 60ml haemorrhagesatoneof the4 locations.All permutationsof these
resultedin the1944lesionmodels.

Fig 9. Classifier results from test data in numerical model Study 5: Effect of anatomy. Performanceisgenerallypoor in all caseswith
sensitivityandspecificity closeto 0.5,whichis thevaluearandomclassifierwouldperformat.Analysisshowedthatanexcessof brain
tissueor lackof outertissuein atestmodelcomparedto theratio in thebasenumericalmodelusedin thetraining setoftenconfounded
theclassifierresultingin aªbleedº.Similarly,alackof brain tissueor excessof outertissuewith respectto thebasenumericalmodel
resultedin aclassification of ªnormalº. In somecases,the60ml lesiongaveacorrectclassificationresult,but in generalavariancein
tissueratio awayfrom thatusedin thetraining modelsusuallyconfoundedtheclassifier.

https://doi.org/10.1371/journal.pone.0200469.g009
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Training andtestsetscomprised139,968and15,552measurementframes,respectively.In
eachcase,thesetsareevenlydividedbetweenframesfrom thenormalandlesionmodels,with
eachof thesetwo subsetsfurther dividedto ensureanidenticalnumberof framesareprovided
byeachmodelcontributing to eachset.Hence,eachof the243normalmodelseachcontribute
anequalnumberof framestotalling69,984for thetraining setand7,776for thetestset,and
likewisefor eachof the1944lesionmodels.Measurementframesareagainusedeitherunal-
teredor sorted,resultingin two classifiers.Thisexperimentalsetupis repeatedfor eachof 80
dB,60dB,40dBand20dBnoiselevels.TheAUC of thetrainedclassifiers,andthesensitivity
andspecificityof theclassifierson thetestsetsarereportedin Fig10.

Theclassifiersperformwellat the80dBand60dBnoiselevelswith asubsequentdrop in
AUC andsensitivity/specificityresultsseenat the40dBlevelandtheclassifierperforminglit-
tlebetterthanrandomat20dBSNR.Thereis little differencein theresultsproducedfrom
usingtheunalteredor sortedframes,exceptat the80dBlevelwherethesortedframesresultin
asmallbut noticeableimprovement.Thesortedframesweredevelopedto compensatefor the
challengesin encounteringlesionsin thetestsetsat locationsnot seenin thetraining set,but
this isnot thecasein thisstudy.Usingtheadjustedoperatingpoint doesboostsensitivitybut
causesaperhapsunacceptabledrop in specificity,resultingin adrop in falsenegativesbut
maybeanexcessivelevelof falsepositives.Thisoverallstudyindicatesthesystemperforms
wellprovidedtheSNRdoesnot drop below60dB,andideallyat80dBor better.Further,the
sensitivity/specificitybalanceseemsto bethebestat thedefaultoperatingpoint; however,if
themotivationis to eliminatefalsenegativesin orderto beconfidentthatbleedcasesarenot
misclassified(which iscrucialin strokediagnosis),thentheadjustedoperatingpoint maybe
preferable.It is seenthat theperformanceat theadjustedoperatingpoint for thesortedframes

Fig 10. Classifier results from test data in numerical model Study 6: Final overall study. Theclassifiersperformwellat the80dBand
60dBpoints.Thesortingof theframes,developedto compensatefor testdatafeaturinglesionsin previouslyunseenlocations,haslittle
effectastraining featurescasesfrom all 4 locations.However,thereisanoticeableimprovementwhenusingsortedframesat the80dB
point. Usingtheadjustedoperatingpoint increasessensitivity in all casesat theexpenseof aperhapsunacceptabledrop in specificity.

https://doi.org/10.1371/journal.pone.0200469.g010
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at80dBhasasensitivityof 1andaspecificityof ~0.6.Presumablymovingto 90dBor higher
would increasethisspecificity,makinganevenstrongerargumentfor working at theadjusted
operatingpoint.

4. Classification experiments on a phantom model
Thissectiondescribesstudiescarriedout on aphantommodel.Thesestudieswereanalogous,
asmuchaspossible,to thoseperformedwith thenumericalmodelsin section3.Onephantom
wasfabricated,andanEIT system,theSwisstomEIT-Pioneerset[37], wasusedto produceall
measurementframes,operatingat thenoiselevelinherentto thesetup.Hence,it wasnot pos-
sibleto fully replicatethevarietyof modelsandnoiselevelsusedin numericalexperiments.
However,evenwith this limitation, aseriesof 5 experimentswereperformedincludinganini-
tial studyexaminingrepeatabilitybeforeanalysingtheeffectof location,size,electrodeplace-
mentvariationandafinal overallexperiment.Thephantomandhardwarearebriefly
describedbeforeeachstudyisoutlinedwith resultsreportedanddiscussed.

4.1 The phantom model & EIT hardware

Tissuemimicking materials,composedof variableamountsof graphite,carbonblack,andace-
tonein apolyurethanebaseareusedto producemixturesthatemulatetargetconductivityval-
uesof 0.1S/mand0.7S/m.Theformer relatesto thevalueassignedto theouterlayerof the
head,modelledasaweightedaggregateof all tissuesexternalto thebrain,while thelatter
relatesto thetargetvalueof blood.Thederivationof thesevaluesfor thesetissues,atatypical
EIT frequencypoint of 50kHz [38], waspreviouslydescribedin [35]. Further,theheadphan-
tom is fabricatedin themannerdescribedin [35], with theexceptionof theinner brain layer
beingleft hollow in thisstudy.Thiscavityis filled with a0.03M salinesolutionwhichhasa
conductivityof approximately0.3S/mhenceemulatingaggregatebrain tissue[39]. It isnoted
that theSTLfilesusedto produce3D printed mouldsfor theheadandbrain arethesameas
thoseusedto producethebasenumericalmodel.Themixtureemulatingbloodisusedto fabri-
catesolidspheresof 30ml and60ml volumewhicharesuspendedinto thesalinebrain layer
to modelbrain haemorrhages.

TheEIT hardwaresystemusedis theSwisstomEIT-Pioneerset,acommerciallyavailable
systemfor research[37]. A ring of 16EEGelectrodesareplacedon theheadphantomusing
electrolytegel[40], symmetricallyacrossthesagittalplane,asin thenumericalstudy.Theelec-
trodesareconnectedto thePioneerset,whichisconnectedto alaptop.Beforeuse,theSwiss-
tom setisallowedto warmup for aboutanhour.Measurementsarethenrecorded,usingthe
sameªskip2º patternusedin thenumericalexperiments,at10framespersecondandat50
kHz, for thedifferentphantomsetupsdescribedin eachexperiment.TheSwisstomEIT-Pio-
neerrequires32electrodesbeconnected,but byconnectingtheelectrodesto thesetin apar-
ticular wayandthenparsingtheframecorrectly,theframefor the16-memberring is
extrapolatedout.Datawascollectedfrom thephantomon 3 consecutivedays,with theelec-
trodesbeingrepositionedon thephantomheadon eachday.Thesaline-filledhead,without
lesions,constitutedthenormal.Overthecourseof thedailymeasurementsapproximately24
casesof thenormalweretaken,of about70seachin durationgiving~17000normal frames
daily.Theseframeswereusedto calculateanapproximatefigurefor thesignalto noiseratio
(SNR)of thesystem,calculatedastheratio of themeanto thestandarddeviationof thevalues
for eachmeasurementchannelfor all theframes.TheaverageSNRoverthe3dayswasapprox-
imately50dB.

In Fig11,thephantomsetupwith EEGelectrodesattachedisshown.Thisfigurealsoshows
aphantomlesionbeingsuspendedinto thesalinebrain layer,with theaidof woodenrods.
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4.2 Study 1: Repeatability

In thisstudy,theability to achieverepeatableresultson differentdaysisassessed.Measure-
mentframesaretakenusingthesetupdescribedabovein section4.1,with thebrain layerfree
of lesions(normal)or with eitherthe30ml or 60ml lesionin thenorth location.6 recording
setsaretakenof thenormalcaseand3setsaretakenof eachof thetwo lesioncases.Theorder
of recordingthesetsis randomisedandeachsetisapproximately70seconds(700frames)in
length.Theexperimentisperformedon 3 separatedays,with theelectrodering placedeach
dayandthephantomre-filledwith saline.For theframesproducedfrom eachday,linearSVM
classifiersaretrainedwith 6,800randomlyselectedframeseitherunalteredor sorted(3,400
normaland1,700from eachof thetwo lesioncases)andthentestedwith 800unseenframes
againevenlyselectedas400normaland200from eachlesioncaseandeitherunalteredor
sorted.TheAUC of thetrainedclassifiersis reported,alongwith theperformanceon thetest
data.Theseresultsareshownfor eachof the3 daysexperimentsin Fig12.

Theresultsshowavariancein theperformancefor eachof thethreedays,howeverthe
AUC isalways> 0.8andsensitivityapproaches1 in all casesif theadjustedoperatingpoint is
used.However,usingtheadjustedoperatingpoint hasanegativeimpacton thespecificity,the
magnitudeof whichvariesbetweendays.Thedifferencesin resultsoverthe3 daysshowthe
challengein achievingrepeatabilityusinganEIT system,which issensitiveto effectssuchas
changesin electrodecontactandpositioningwhichmayvarydayto dayandoverthecourseof
adayasthecontactgeldriesout [41].

4.3 Study 2: Effect of lesion location

Thisstudyisanalogousto thatdescribedin Section3.3,wheretheperformanceof theclassifier
whentestedwith lesionsplacedin locationsdifferentto thatusedin thetraining setisassessed.
Training setsarecomprisedof 7,800measurementframesmadeup of equalamountsof nor-
malandlesionmodels.Thelesionmodelsarethe30ml or 60ml bleedin thenorth location,
with anequalamountof eachmakingup thelesionmeasurementframes.Thetestsetiscom-
prisedof 1,200measurementframesof which600areunseennormalmeasurementframes
andtheremaininglesionmeasurementframescomposedof 100eachfrom all combinationsof
the30ml and60ml bleedsateachof theother3 locationsof east,southandwest.Themea-
surementframessetsaretakenas70srecordingsof eachlesioncase,repeated3 times;thenor-
malcaseis repeated24times.All measurementsaretakenin randomorder,with random

Fig 11. Left:Thephantomheadmodelwith EEGelectrodesattachedto form a16-member ring. Right:Woodenrods
areusedto attachandplacelesionsinsidethesalinebrain layer.Theelectrodesareattachedto aSwisstomEIT-Pioneer
setwhichrecordsmeasurementframes.

https://doi.org/10.1371/journal.pone.0200469.g011
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measurementsselectedfor training andtesting(with no overlap).Thecompleteexperimentis
repeatedcompletelyfrom thestarton 3consecutivedays.Thetraining andtestmeasurement
setsareagainusedunalteredor sortedwith theresultsshownin Fig13.

Theresultsagainshowthevariancein dayto dayrepeatabilityof theexperimentson areal-
life phantom.On averageoverthe3days,thebestoverallperformanceisseenwhentheframes
aresorted,andclassificationisperformedat theadjustedoperatingpoint to maximisesensitivity.
Thisconclusionisconsistentwith theresultsobservedin Fig5.Thesortingof theframesshould,
theoretically,offerarobustnessto differencesin lesionlocationandwhilethiseffectisnot aspro-
nouncedasin thenumericalmodel,it isobservedin thisequivalentphantomexperiment.

4.4 Study 3: Effect of lesion size

Thisstudy,similar to thatdescribedin thefirst partof Section3.4,examinestheclassifierper-
formancein detectinglesionssmallerthanthosetrainedwith. Theclassifiersaretrainedwith
normalmeasurementframesandmeasurementframesrecordedfrom thephantomwith the
60ml lesionatoneof the4 positions.Thetrainedclassifiersarethentestedon unseennormal
measurementframesandmeasurementframesfrom whenthe30ml lesionisplacedatoneof
the4 positions.Thetraining setcomprises14,800measurementframesandthetestsetcom-
prised1,600measurementframes,with eachevenlydividedbetweennormalandlesionmea-
surementframeswith thelesionmeasurementframesevenlysplit betweenall 4 positions.The
measurementframesaregatheredin thesamewayasdescribedin Section4.3.Themeasure-
mentframesareusedeitherunalteredor sorted.Theresultsareshownin Fig14.

Asaresultof thenormalbeingthesamefor both thetraining andtestmeasurements(aside
from frameto framechangesin randommeasurementnoise),specificityshouldbe,andis,

Fig 12. Classifier results from test data in phantom model Study 1: Repeatability. Variances areseenin performanceof thesame
experiment on eachof the3days.Sensitivityapproaches1 in all caseswhentheadjustedoperatingpoint isused,with avariable
reductionin specificity dependingon theday.

https://doi.org/10.1371/journal.pone.0200469.g012
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high.Sensitivityis low if usingthedefaultoperatingpoint but risesto about80%whenusing
theadjustedoperatingpoint for thedatatakenon Day1,droppingto 60%on theDay3data.
Theseresultsimply achallengein detectingsmallervolumelesionsin thephantomthanthose
trainedon.

4.5 Study 4: Effect of electrode positioning and anatomy

In thisstudy,measurementframesfrom normalandlesioncasestakenon onedayareusedto
train with measurementframesfrom adifferentdayusedto test.Sincetheplatformwassetup
aneweachday,thisexperimentmodelsbothchangesin electrodepositioning(dueto thephys-
ical inability to positiontheelectrodesin preciselythesamelocationfrom dayto day)andalso
differentanatomies,sincetheelectrodeswill bein contactwith adifferentpartof thephantom
on thedifferentdays.On agivenday,the8 lesioncases(all combinationsof the30ml and60
ml lesionsin all 4 locations)haveapproximately70srecordingstaken3 times,with 24normal
recordingsof theemptysalinebrain alsotaken.Theorderof therecordingis randomised.
Again,themeasurementframesareusedeitherunadjustedor sorted.In total,14,400measure-
mentframesareusedto train with 1,440usedto test.Thesetsareevenlydividedbetweennor-
malandlesioncases(andevenlydividedbetweenthedifferentlesioncases).Thetrained
classifiersreportedaAUC valueof 1,with theperformanceresultson thetestdatashownin
Fig15.

Theresultsshowthat theclassifiersfailedto givesimultaneouslyhighspecificityandsensi-
tivity. However,interestinglytheclassifiertrainedwith unalteredframesgaveaspecificityof
100%whiletheclassifiertrainedwith sortedframesgaveasensitivityof near100%.Thisresult
opensthefuturepossibilityof implementingacascadeclassifierapproachto givemorerobust
classificationin scenariossuchasthis.

Fig 13. Classifier results from test data in phantom model Study 2: Effect of lesion location. On average,thebestoverall
performanceisseenwhentheframesaresorted,andclassification performedat theadjustedpoint designedto maximisesensitivity.
Resultsareseento differ from dayto dayasexpecteddueto variationin electrodepositioningandothersourcesof systematic error.

https://doi.org/10.1371/journal.pone.0200469.g013
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Fig 14. Classifier results from test data in phantom model Study 3: Effect of lesion size. Specificity ishigh in all cases,whichisa
consequenceof thenormalmodelbeingthesamefor thetraining andtestmeasurementframes.Sensitivityisboostedusingtheadjusted
point reachingabout80%usingtheresultsfrom Day1but droppingto under60%for Day3.

https://doi.org/10.1371/journal.pone.0200469.g014

Fig 15. Classifier results from test data in phantom model Study 4: Effect of electrode positioning and anatomy. Any given
classifierperformspoorlywith simultaneoushighvaluesof specificityandsensitivity not achievedin anycase.Interestingly, the
classifiertrainedandtestedwith unalteredframesgiveaspecificity of 100%,whiletheclassifiertrainedandtestedwith sortedframes
giveasensitivityof near100%suggesting thatacascadeof classifiersmayprovideimprovedresults.

https://doi.org/10.1371/journal.pone.0200469.g015
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4.6 Study 5: Final overall study

Thefinal studytrainsandtestsfrom thecombinedpoolof measurementframesfrom all mea-
surementsconductedoverall 3days.Thetraining setiscomprisedof 28,800measurement
frames,with thetestsetcomprisedof 2,880measurementframes.Theframesin eachsetare
evenlyselectedfrom eachof the3 days,evenlydividedbetweennormalandlesioncasesand
with thelesionframesevenlysplit betweenall 8 lesionscenarios.No framein thetraining set
is repeatedin thetestset.Asusual,two classifiersaretrainedandtested±oneusingunaltered
framesandoneusingsortedframes.Theresults,shownin Fig16,showthat thebestachievable
performanceisabout75%sensitivityandspecificityfor thecaseof sortedframesusedat the
defaultoperatingpoint. Usingtheadjustedoperatingpoint improvessensitivitybut causesa
severedrop in specificity.Interestingly,theresultsin Fig16laybetweenthoseof the60dBand
40dBnumericalresultsasseenin Fig10.TheSNRof thephantomexperimentalplatformwas
calculatedatabout50dB,whichis in line with theseresults.

5 Performance of other classifiers
In previoussections,thefocuswastheexamination,asproof of concept,of theuseof EIT mea-
surementframeswith alinearSVMclassifierandtheeffectof changingvariablesrelatedto the
clinicalapplication(suchaslesionparametersandanatomicalparameters)on classifierperfor-
mance.A linearSVMoffersadvantagessuchasspeed,low computationalcostandeaseof
implementation.However,giventhenatureof EIT andthemeasurementframesproduced,a
linearkernelmaynot bebestchoiceof classifierfor theintendedapplication.Thisclassifier
choicewasnot thefocusof thisstudybut isanimportant considerationfor futuredevelop-
mentof thetechnologyandis thusdiscussedbrieflyhere.

Fig 16. Classifier results from test data in phantom model Study 5: Final overall study. Thebestperformanceisseenwith thesorted
framesusedat thedefaultoperatingpoint, givingasensitivityandspecificityof 75%.Moving to theadjustedoperatingpoint improves
sensitivitybut severelycausesareductionto specificity.Theresultsarebetweenthoseof the60dBand40dBnumericalstudyresults
reportedin Fig10,asexpectedsincetheexperimental SNRis~50dB.

https://doi.org/10.1371/journal.pone.0200469.g016

Brain haemorrhage detection using a SVM classifier with EIT measurement frames

PLOS ONE | https://doi.org/10.1371/journal.pone.0200469 July 12, 2018 21 / 26

https://doi.org/10.1371/journal.pone.0200469.g016
https://doi.org/10.1371/journal.pone.0200469


In relatedstudies,apopularkernelfor SVMsis thatof aRadialBasisFunction(RBF)[18,19]
whichisanon-linearfunction thatdefinestheseparatinghyperplane.Anotherpopularmachine
learningalgorithmis thatof neuralnetworks(NN), whichunlikeSVMsareunsupervisedclassi-
fiersbasedlooselyon amodelof thebrainandfeaturè neurons'asprocessingandlearninglay-
ersbetweentheinput andoutput [42]. Thesetwo alternativeclassifierswerecomparedto that
of thelinearSVMusingthedataof thetwo final overallstudiesfrom both thenumerical(Sec-
tion 3.7)andphantom(Section4.6)studies.Thesefinal overallstudiesfeaturedpooleddata
with maximisationof parametervariabilityin bothnormalandlesioncases.Usingthenumeri-
calsettheclassifiercomparisonstudywasperformedat80dB,60dB,40dBand20dBSNR
whilethephantomsetfacilitatedoneclassifiercomparisonstudyat theSNRpoint of theSwiss-
tom EIT-Pioneerwhichwasfoundto beabout50dB.In theseclassifiercomparisonstudies,the
EIT measurementframeswereusedassortedframesandthedefaultoperatingpoint wasused.

In previoussubsections,theperformancemetricswerereportedfor thetrainedclassifieron
onesetof unseentestdata.In thissection,however,theperformancemetricsof sensitivity,
specificityandaccuracyaregivenfor eachof thethreeclassifiersasameanandstandarddevia-
tion of tenseparatetestdatasets.

For thelinearandRBFkernelSVMclassifierresults,aten-foldtestingschemewasusedto
obtaintheaveragedperformancemetrics.Thedatasetis first split with 90%usedfor training
and10%heldout asatestdataset.Thetraining datasetisusedto optimizetheclassifier;ten-
fold cross-validationisperformedwith aBayesianoptimizationprotocolto obtaintheopti-
mizedboxconstraintandkernelscalingfactor.Theoptimizedparametersarethosethat lead
to thelowestgeneralizederror in theten-foldcrossvalidation.Theseoptimizedparametersare
usedto train afinal classifierthat is thenappliedto thetestdataset.Thisprocessis repeated
tentimesuntil all datahasbeenusedaspartof thetestdataset.Theaveragedresults(across
thesetenruns)of theperformanceof thefinal classifierispresentedto giveamoregeneraliz-
ableexpectationof theclassifierperformance.

In thecaseof theNN classifier,thedataisdivided70%:15%:15%into training,validation,
andtestdata.Tenhiddenneuronsareusedandascaledconjugatebackpropagationalgorithm
applied.Theconfusionmatrix generatedfrom thetestdataallowscalculationof thesensitivity,
specificityandaccuracy.Thisprocessis repeatedtentimes.

Thesensitivity,specificityandaccuracystatisticsfrom thethreeclassifiertypesarecom-
paredbelowin Table1.Altogether,thereare5 typesof datacomparedin Table1:4 basedon
thetotalnumericaldatawith differentSNRs,and1 basedon thetotalphantomdata.

It isevidentfrom Table1 thatboth theRBFSVMandNN offersignificantlybettersensitiv-
ity, specificityandaccuracythandoeslinearSVMat the80dBand60dBSNRvalueswhen
usingthenumericaldatasetandalsoon thephantomdataset.Additionally, theRBFSVMand
theNN classifiersoffersuperiorrobustnessto alinearSVMasnotedby themuchsmallerstan-
darddeviationin all metricsacrossall testcases.Performancefor all classifiersstartsto signifi-
cantlydegradeoncetheSNRfallsto 40dBor lower.Thisgivesinsighton theminimum
dynamicrangeexpectedwith aphysicalsystemto allowfor successfulimplementationof a
classificationalgorithm.Interestingly,thetwo alternativeclassifiersofferexcellentperfor-
mancewith thephantomdata,whichwasproducedwith anSNRcalculatedatabout50dB.
Theseresultshighlight thatbothanoptimizedRBFkernelSVMandaNN classifiercanbe
usedto classifyEIT measurementframesfor brain bleeddetection.

6 Discussion and conclusions
Thispaperhassoughtto explorethefeasibilityof usingmeasurementframesdesignedfor EIT,
traditionallyusedto reconstructimages,asdatasetsfor aSVMclassifier.A keymotivationfor
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thisstudyis theneedto tacklethechallengesfacedbyEIT systemsin imagingstaticor quasi-
staticscenes.An exampleof suchascenewouldbethecaseof abrain haemorrhagein astroke
or traumaticbrain injury patient,andtherealisationthat in thesecasesanimagemaynot be
required.In suchscenarios,theuseof trainedclassifiersmaybesufficientto adequatelyiden-
tify thepresenceor absenceof ahaemorrhage,allowingthecorrecttreatmentpathto beiniti-
ated.Thiswork,uniquely,looksatcompleteEIT measurementframesastheinput for a
classifier,andfor thefirst time,usesthis techniqueappliedto staticscenes.A linearSVMwas
usedfor mostof thestudyasafast,easyto implementandcomputationallycheapclassifier.
However,two otherclassifiers(aRBFSVMandNN) werealsoexamined.

A thoroughsetof experimentshavebeendescribedexploringtheeffectof avarietyof vari-
ablesin bothnumericalandphantommodelsof theheadandbrain.In numericalmodelsthe
effectof noise,lesionlocation,lesionsize,electrodepositioning,andanatomywereindividu-
allystudiedandthencollectivelyassessed.Thenin thephysicalphantommodel,repeatability,
lesionlocation,lesionsize,electrodepositioning,andanatomywereindividually andthencol-
lectivelystudied.

Valuableinsightsasto theviability of, andfuturechallengesfacing,thetechniquewere
found.TheSNRof thephantomsystem,calculatedat50dB,wasbelowthe60dBmarkwhich
wastheapproximatethresholdfor betterresultsin thenumericalstudieswhenusingalinear
SVM.However,it maybethecasethatsuchasystemmaysufficewith theselectionof asupe-
rior classifierasindicatedby theperformanceof theRBFSVMandNN on thephantomdata
in contrastto thelinearSVM.Howeversuperiorsystemswith anSNRin theregionof 80dB
or higherexistandmay,coupledwith anoptimum classifier,givefurther improvementin per-
formanceespeciallyin challengingscenarios[43]. Further,thenumericalstudiesdemonstrated
that:sortingtheframesbyvalueresultedin arobustnessto detectinglesionsin previously
unseenlocations,lesionsof sizenot in thetraining setwerebetterdetectedif theywerelarger
thanthosein thetraining set,andsmallchangesin electrodeplacementdid not affectresults.
However,theclassifierswereverysensitiveto measurementframesfrom newanatomies,lead-
ing to aneedto train on alargenumberof differentanatomies.Phantomexperimentsadded
morevariablesassociatedwith amorerealisticplatformhighlightingchallengessuchasrepeat-
ability from dayto day,but did giveresultsthat fit with thoseof thenumericalexperiments.In

Table 1. Performance results across classifiers. Thesensitivity,specificity andaccuracyof eachof threeclassifiers(LinearSVM,RBFSVM,NN) isexpressedasthe
mean± standarddeviationfollowingtraining andtestingof eachclassifieron thetotalpoolednumericaldata(at thefour SNRlevelsof 80dB,60dB,40dBand20dB)and
thetotalpooledphantomdata.

Numerical Data Phantom Data
Classifier/ Noise 80 dB 60 dB 40 dB 20 dB ~ 50 dB

Linear SVM

Sensitivity 0.80± 0.42 0.69± 0.42 0.52± 0.39 0.45± 0.44 0.90± 0.32
Specificity 0.60± 0.52 0.79± 0.42 0.60± 0.37 0.55± 0.44 0.70± 0.48
Accuracy 0.69± 0.27 0.73± 0.24 0.55± 0.07 0.49± 0.02 0.79± 0.27
RBF SVM

Sensitivity 1.00± 0.00 0.99± 0.01 0.65± 0.05 0.52± 0.24 1.00± 0.00
Specificity 1.00± 0.00 0.97± 0.01 0.62± 0.04 0.51± 0.24 0.99± 0.00
Accuracy 1.00± 0.00 0.98± 0.01 0.63± 0.03 0.51± 0.03 0.99± 0.00
NN

Sensitivity 0.99± 0.00 0.97± 0.02 0.66± 0.03 0.50± 0.05 1.00± 0.00
Specificity 0.99± 0.00 0.96± 0.02 0.59± 0.04 0.53± 0.05 1.00± 0.00
Accuracy 0.99± 0.00 0.96± 0.01 0.63± 0.03 0.51± 0.02 1.00± 0.00

https://doi.org/10.1371/journal.pone.0200469.t001
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thiswork,agoalwasmaximalsensitivityto brain haemorrhagedetectionsinceoccurrenceof
falsenegatives,especiallyin thecaseof candidatealteplasestrokepatients,maybefatal.The
useof anadjustedoperatingpoint, designedto maximisesensitivity,waseffectivebut with a
costto specificity.

This initial studyhasdemonstratedthefeasibilityof usingEIT measurementframesto
identify bleedsin thebrain.Forall investigatedclassifierson phantomdata,aspecificityof
greaterthan90%wasachieved.A comparisonof thesensitivity,specificityandaccuracyof lin-
earSVM,RBFSVM,andNN on thepooledtotalnumericalandphantomdatashowsthelatter
two classifiersoffersignificantlybetterperformance,with theRBFSVMandNN notably
achieving100%sensitivityon phantomdata.

A futurestudymaylook at theuseof suchclassifiersin acascade,at theoriginaloperating
point andtheadjustedoperatingpoint, with theaggregateresultperhapsbeingof value.The
measurementframesin thisstudywereeitherunalteredor sortedbut otherpre-processing
possibilitiesexistsuchasfiltering to reducenoise,weightingof datafrom selectchannels,and
soon.Futurework will alsolook atbetternumericalandphantomplatformsin termsof real-
ism,complexityof testscenariosandhardware.A studydedicatedto classifierchoiceandopti-
misationshouldalsobeundertaken,andmayleadto further performanceimprovements.A
challengeisandwill bematchingtheperformanceof numericalmodelsin realworld phan-
tomsandpatients.

EIT hasthepotentialto beavaluablediagnosticaid,evenin caseswithout changesoccur-
ring within thetime frameof interest.Theapplicationof classifiersto EIT measurementsisan
emergingandnovelapproachwhichshowspromiseandisworthy of further investigation.
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