


Brain haemorrhage detection using a SVM classifier with EIT measurement frames

www.sfi.ié); Hardima Researcltscholashipfrom
NUIG(http:/mwvwv.nuigalwaye/hardiman-
scholarshipd; RESPECcharity(http: /.
assistid.effellows/);ThePeopléProgramna
(MarieCurieActions)of the Europeatunion's
SeventtFrameworlProgramméFP7/2007-203)
underREAGrantAgreemermo. PCOFUNDBA-
2013-608728&nttps://ec.eurap.eu/researchpi/
index_en.ch); andlrishResearis Councilhttp://
research.ieunding/gqgdd/). Thefundershadno
rolein studydesigndatacollectiorandanalysis,
decisiorto publish,or preparatiorof the
manuscript.

Competingnterests Theauthorshavedeclared
thatno competingnterestsexist.

Strokeis responsibldor about9%of globaldeathsandis the 2" mostprolific killer after
heartdiseas¢l]. In survivors thereis significantincidenceof morbidity with irreversibleloss
of neurologicatissueresultingin conditionssuchasparalysisand dysphagiaApproximately
5000ut of 100,00(peoplelive with the consequencesf strokeandit consume®+4%of global
healthbudgetd1]. Thecauseof strokeis eitherahaemorrhagior anischaemidesion.Treat-
mentis radicallydifferentdependingon the stroketype,necessitatingbsolutaifferentiation
betweerthetypeg[1,2]. A keytreatmentfor ischaemicstroke,alteplaseis only licensedor use
within 3 hoursofictusin the US(andwithin 4.5hoursin the UK), anddueto the pharmaco-
logicalnatureof thedrug, canbefatalif givento ahaemorrhagicstrokepatient[1,3]. These
constraintsunderlinethe needfor rapid diagnosisNeuroimagingoy ComputedTomography
(CT) andMagneticResonancémaging(MRI) arethe gold standardmagingmodalitiesused,
andareexcellenatimagingacutehaemorrhagewhile ischaemiaftentakedongerto be
detectablg4]. Assuch,detectingthe presencer absencef haemorrhagenaybesufficientto
initiate appropriatetreatment.Detectionof a bleedcategorisethe patientashavingahaemor-
rhagicstroke whereashe absencef ableedde-factocategorisethemashavinganischaemic
stroke[5].

TraumaticBrain Injury (TBI) canresultfrom anyexternaforceimpactingon thehead.1.6
million incidentsof TBI occurannuallyin the USresultingin 50,000deathsand 70,000
patientsleft with permanenteurologicadefectg6]. Significantly, TBI accountdor 10%of
theannualUShealthcardudget[7]. TBI coversarangeof injuriesfrom minor to major. The
latter categonjincludeshaemorrhageCurrently, physicalexaminationusingstandardised
testdike the GlasgowComaScald GCS)areusedto decideon whetherto includeCT imaging
in apatientworkup, the latterindicatedfor conditionssuchashaemorrhageAgain, the ability
to rulein or out haemorrhagén TBI patientsearlyinto anassessmemtould allowmore effi-
cientuseof CT resourcesind betterpatientoutcomed6]. Thetwo clinicalexampleslescribed
abovehighlightthe needfor asensitiveand specifidechniquefor the detectionof brain haem-
orrhage thatwould satisfythe constraintsfor usagen atimely manner(andhenceideallypor-
tablefor paramediaise)and cost-effectiveness.

1.1 Electrical impedance tomography

Electricaimpedancegomography(EIT) isanimagingmodalitythat mayfacilitatethe develop-
mentof asensitivespecificrapid, portableand cost-effectivdrain haemorrhageletection
medicaldevice EIT systemarelow-costandcompactlt hasthefurther advantagesf being
non-invasiveandhazardfree[8]. EIT hasbeenusedmostsuccessfullin monitoring time-
changingscenesuchaslung function applicationsHowever to date EIT system$iavestrug-
gledin imagingstaticor quasi-staticcene$9], whichwould bethe casewith brain haemor-
rhage EIT involvesthe placemenbf electrodesroundthe regionof interestwith alternating
currentinjectedbetweerelectrodepairsof afrequencytypicallyon theorderof 1 kHz+ 1
MHz, andvoltagesneasuredetweerpther pairsin aprecisgoattern.A setof measurements
from all injection-measuremenglectrodecombinationsconstitutesacompletemeasurement
frame.Productionof animageof the volumeencompassebly the electrodesypicallyfollows,
thisimagebeinga map of the electricalconductivity of thetissuesontainedin thevolume.
Imagereconstructionalgorithmsoftenoperatebasen differencebetweersetsof measure-
mentframesandthuscanstrugglewith staticscene$8+10].

1.2 Machine learning applied to EIT measurement frames

This studyis designedasaninitial proof of conceptto examinef EIT measuremenframes
candirectlybeusedin conjunctionwith machinelearningalgorithmsto detectbrain
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haemorrhagesyithout the complexityof reconstructinganimage Perssoretal. havehadsuc-
cessisingmicrowavescatteringneasurementir asimilar purpose[11]. To our knowledge
EIT measurementlavenot beenusedin this applicationto anyextent,althoughour group
hasconductedsomeearlyresearchnto the problem[12,13].Electricalconductivityor imped-
ancethe physicalparametetindirectly measuredvith EIT, doesvarydetectabljpetweemor-
mal brain parenchymandhaemorrhagél4,15],andthusthe correspondingelT
measurementBamesshouldhavedetectabldaifferences.

SupportVectorMachine(SVM) is amachinelearningalgorithmthatis typicallyimple-
mentedfor binary classificationSVMsoperateon the principle of finding ahyperplanahat
optimally separatedatapointsfrom differing classesl he natureof the hyperplands defined
by the kernelemployedby the SVM, with alinearkernelbeingoneof the simplerexamples
[16]. IndeedSVMshavebeenusedin similar studiego this,examplesncluding microwave
measurementappliedto breastcancerdetection17], [18], andotherelectricaimpedance
paradigmsappliedto varioustissueg19+22].In [19], electricaimpedanceneasurements
from amulti-frequencysweepelectricaimpedancespectroscopygIS)of differenttissues
wereusedto train andtesta supportvectormachineg(SVM) to classify breastand ‘notbreast'.
Sensitivityand specificitywasreportedat ~80% ElSwasagainusedin [20] to measurémped-
ancepropertiesof breastissueto identify patientsat risk of cancerusingSVMs.In this study,
anareaunderthereceiveroperatingcharacteristi¢§ROC)curveof 0.816wasreported.A simi-
lar techniqueandapplicationwasreportedin [21]. In, [22] SVM modelswereusedwith
impedanceaneasurementt improvethe sensitivityof prostatebiopsieso abnormaltissuesn
theregionof the biopsyneedleFinallyin [23], EIT measurementrameswereusedto estimate
bladdervolumesthrough machinelearningwhich estimatedhe volumewithout the needfor
animage.

In this study,weinvestigatdhe useof alinear SVM modelon EIT datafrom thehead EIT
measuremenframesfrom arangeof differentnumericalmodels alongwith aphysicalphan-
tom, areused.Thesemodelsaredesignedsa simplified anatomicallyprecise2-layerhead
with aninner brain layerandan outerlayerof aggregatéissuesxternalto the brain. These
modelsweretestedwith andwithout avarietyof haemorrhagidesionsunderarangeof experi-
mentalconditionsdesignedo examineand quantifythe performanceof the classifiemwhen
discretevariablesareisolatedand changedincluding thoseof noiselevel,lesionlocation,
lesionsize changesn electrodepositioning,andvariationin headanatomy Asafinal study,
theclassifielis trainedandtestedwith variantsin all of the possibleparametersDueto the
flexibility in creatingnumericalmodels moretestsareperformedwith this platform, but asig-
nificant amountof the work wasreplicatedon the physicalphantomplatform aswell.

Thesubsequenfyoutof the paperis asfollows.Section2 introducesSVMsanddescribes
performancemetricswhichareappliedto resultsandreportedthroughoutthis study,Section
3outlinesthe numericalmodels EIT setupusedandsimulationswith theresultspresented
anddiscussedlhen,Sectiord introducesthe physicaphantom,describeshe experimental
measurementgndpresentthe phantom-basedesults Sectiorb examineghe performance
of two differentclassifiersin addition to thelinear SVM, on the full numericallyderiveddata
setvaryingall of the parametersand on the correspondingexperimentatiataset.Although
thiswork is aninitial proof of concepffor applyingmachinelearningtechniquego EIT mea-
surementramesit is alsousefulto examinethe performanceof other classifierdo supportthe
ultimate choiceof classifieffor this application Finally,the paperconcludeswith Sectiong,
which providesadiscussioron therelevancef thefindings,limitations of the study,and
future work. This sectionalsohighlightsthe significanceof this approachasa promisingway
to coupleEIT to classificatiorfor important clinical applications.
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2. Support Vector Machines

Theextensivaiseof SupportVectorMachinesin previousstudiesnvolving biomedicalsignals
[17x23]motivatedthe choiceof usingthis typeof classifierSVMswereoriginally designedor
binary classificationBinary classificatioris employedhere, a casawith ahaemorrhagdeing
labelledas+1 andacasewithout labelledas+1. SVMsclassifyby calculatingthe hyperplane
that optimally separatethe training datapointsbelongingto thetwo classeDatapointsare
assignednto oneof thetwo categorieslependingon which sideof the planetheylie on. This
hyperplanewill incorporatethe widestmargin possiblewith the datapointsthatform the bor-
derof themarginon eachof the +1 and+1 sidescalledthe supportvectorg16]. An exampleof
this hyperplaneand separatiorof classes shownin Fig 1, with observationgonsistingof n-
dimensionaldatapoints separatedhy a2-dimensionahyperplangaline). In the caseof an
EIT measuremenframefrom a16-electrodeing, eachmeasuremenframe(observation)will
bea208-dimensionatlatapoint or vector[8].

Thedatapointsfor agivenexperimentaredividedinto training andtestsetsThetraining
setwill containdatapointslabelledwith the correctclassificatiorof +1. Thistraining setis
usedto createa SVM model,which,aspart of modelling,finds anddefinesthe hyperplanedn
multidimensionalspacehat bestseparatethetraining data.During the modellingprocess,
ten-fold crossvalidationand hyper-parameteoptimisation,usinga Bayesiamptimisation
protocol,is performedto ensureanoptimally trainedclassifierIn this study,alinearSVMis
used meaningthatthe hyperplands linearin nature.After the modelis createdunseertest-
ing datais classifiedby the SVM. Theclassificatiomresultsof the trained SVM modelon this
unseertestdataareusedto describeperformanceTheseperformanceaesultsarereported
hereprimarily asthe sensitivityand specificityof the classifieion this testdata.Another
parameteiof interestis the receiveroperatingcharacteristi¢ROC) curveof the model,
reportedindirectly asthe areaunderthe ROCcurve(AUC). The AUC valueseportedhere
arethosefor the ROCcurveof thetrainedmodel,thatis the ROCcurveproducedfrom

+1

Fig 1. The basis of SVM classification. Here n-dimengonal datapointsareseparatedby a 2-dimersionalhyperpbne
into +1 or +1 categoiesdependng on whatsideof the hyperpbnetheyareon. Supportvectorsarethosedatapoints
thatdefinethe marginaboutthe hyperpblne thesesupportvectorsareshownin bluein circles.

https://i.org/10.1371durnal.por.0200469.¢01L
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comparingthetrue labelsof the training datato the predictedlabelsassignedo thetraining
databy the model. Throughoutthe paperit is the performanceon the unseertestdataof the
trainedclassifiethat is reportedasthe resultsfor agivenstudy.The softwarepackage
MATLAB andthe MATLAB statisticandmachinelearningtoolboxis usedthroughoutfor
thetraining andtestingof thelinear SVMs[24].

In our clinical application the keyobjectiveis to definitivelydetecthaemorrhageldeally,
the classifiewould be 100%sensitiveand 100%specificco haemorrhageaswould bethe case
wherethe AUC = 1. However,n casesvherethis is not possiblethatis, wherethe ROCcurve
indicatesanimperfectclassifierthenthe priority isto maximisesensitivityatthe expensef
decreasedpecificity In the caseof stroke for examplereducedspecificitymeansanincreased
rateof falsepositiveqi.e.,patientswho havenormal healthybrain beingdiagnosedshavinga
bleed) Althoughnot ideal,the converseteducedsensitivity would meanincreasedalsenega-
tives,leadingto haemorrhagigatientsbeingmisdiagnosed@sbeingbleed-freeand potentially
receivingalteplaseywhichmaybefatal.In traumaticbrain injury, increasedensitivitymeans
haemorrhagigatientsarenot missedandareproperlyreferredfor CT scanningwith the con-
sequenteductionin specificityresultingin somenon-haemorrhagi@atientsalsoreceiving
CT scansThisresultis preferabldo the alternativeof somehaemorrhagicl Bl patientshaving
falsenegativesindnot receivingan appropriatescan.Thereforethe ROCcurve(if the AUC is
not 1) canbeusedto chooseanidealoperatingpoint of the SVM classifierresultingin
changeso the sensitivityand specificitybalanceAs part of the classificatiorprocessthe
trained SVM modelcalculateshe posteriorprobability of the testcasebelongingto both clas-
sesThedefaultthreshold calledthe "defaultoperatingpoint' here,is 0.5.If the probability of
the casebelongingto the+1 categoryis greaterthanor equalto 0.5,it is classifiecast1,other-
wiseit is classifiedas+1. We classifyandreport performanceesultsat both this defaultoper-
atingpoint andat an adjustedoperatingpoint designedo maximisesensitivity.Theadjusted
operatingpoint is selectedrom finding thefirst point on the ROCcurvewhich hasatrue posi-
tiverateof 1.0.Useof the adjustedoperatingpoint effectivelyincreaseshe thresholdto avalue
greaterthan0.5,thusboostingsensitivityto bleedsat a costto specificity.

Finally,asdescribedabovefor comparisorpurposesthe performanceof two differentclas-
sifiers,a SVM usinga RadialBasig-unction (RBF)kernelandaNeuralNetwork (NN), was
alsoexaminedwith both numericalandphantomdata.Thecomparisorbetweerthesehree
classifierss discussedh Sectiorb.

3. Classification experiments on numerical models

This sectionbeginswith adescriptionof the numericalmodelscreatedor this study,along
with abrief descriptionof the EIT setupused Followingthis, eachof the seriesof experiments
performedusingthistestplatformis outlined with resultspresentecanddiscussedn total, 6
setsof experimentsvereperformed thefirst 5 isolatingand studyingthe individual effectof a
keyvariableon the classificationmesults Theseb variablesncludednoisecontaminatingthe
measuremenframesdifferencesn lesionlocation,differencesn lesionsize changesn the
placemenbf the electrodearray,anddifferencesn headanatomy Within agivenexperiment,
all othervariablesareheld constantunlessnoted.Lastly,a 6" andfinal experimentrainedand
testedhe classifieon casewaryingall 5 of thesevariables.

3.1 Numerical models

Themodelusedin the studywasan anatomicallyaccuratebut simplified modelof the human
headcomprisedof 2-layersaninner brain layerandan outeraggregatéayerof tissuesexternal
to thebrain. AnatomicallyaccuratestereolithographySTL)filesof the humanheadandbrain
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wereusedto createthis 2-layermodelasafinite elementmodel(FEM). TheheadSTLfile was
reverseengineeredrom apolygonmesh[25] while the brain STLfile wasdevelopedrom
MRI studieq26]. Thesewo STLfileswerecalledthe2base®STLfiles.Therationalefor the
2-layersimplificationwasthe exploratorynatureof this work andthe factthat this simplifica-
tion allowedfabricationof aphysicalphantomnearlyidenticalto the basenumericalmodel.

TheEIT setupchosernwasthat of a16-membeelectrodeaing placedsymmetricallyacross
the sagittalplaneat avarietyof heights all forming a planefrom aboutthe mid forehead
sweepingroundto theinion attherearof thehead.The precisepatternof EIT injectionand
measuremenpairsresultingin aframewasa socalled®skip 2° pattern,with measurements
not takenfrom theinjecting electrodesasis conventional8,9]. Theresultantframesare
inputtedinto the classifietunalteredor sortedby voltagemeasurementalue.Sortingwas
undertakenasit washypothesizedhatit mayimproveperformancen somescenariospartic-
ularlyin thosetestcasegeaturinglesionsn locationsnot seenin thetraining data.Theratio-
nalefor thisis describedaterin the nexttwo sections.

In orderto numericallymodeldifferentheadandbrain anatomiesthesebaseSTLfiles
wereboth increasedndreducedn sizeby 5%in eachofthe X, Y, Z axesrespectivelyaswell
in all 3 axessimultaneouslyusingthe AutodeskFusion360computeraideddesign(CAD)
packagg27]. The +5%variancewvasbasedn work studyingadultheadcircumference§?8]
andassumedhatvariancesn circumferencewill extrapolatdo headsizeandbrain size These
variationsresultedin 9 differentmodelsfor eachthe headandthe brain, with 81 differenthead
andbrain combinationspossiblelt is recognisedhat combinationsof, for example#+5%head
sizecoupledwith +5%brain sizemaybeunlikely in reality,but suchextremesvereusedhere
for completeness.

The STLfilesweremeshednto aFEM usingEIDORS[29] aidedby Netgen[30] andGmsh
[31]. During meshingthe 16-membetelectrodering is alsopositionedon the exteriorof the
model,with the meshrefinedin the areasvherethe electrodegontact[32]. Theelectrodeing
wasplacedat 3 possibleheights differing by 2 mm from eachother,to mimic usererrorin
placingelectrodesn repeatecexperimentsElectrodemodellingerrorssuchastheseareakey
challengen EIT [33]. All possiblecombinationsof head brain andelectroddayoutwere
meshedesultingin 243normal numericalheadmodels.Theheadmodelproducedfrom the
baseSTLfilesof the headandbrain combinedwith the electrodeing atthe middle of the 3
heightswascalledthe 2basenumericalmodelasit wasusedasthe standardn manyofthe
experiments.

Thehaemorrhageweremodelledassimplespheresgeneratedisingthe Fusion360soft-
ware.Thesespherewariedin volume.A 30ml bleedis oftenseerasathresholdindicator of
worseoutcomesn strokepatients[34], thusbleedsof this sizeor larger(60ml) werechosen
for theinitial experimentasecondexperimentonsistedf classifyingsmaller(5 ml, 10ml,
and20ml), moredifficult to detectbleedsThe spheresvereplacedn differentlocationsthe
4 cardinalpointsof north (front), south(back),east(right side)andwest(left side)in the
planeof the electrodaings andinsidebut towardsthe exteriorsurfaceof, andwith respecto,
the FEM of the brain.

Eachofthe 60ml and30ml bleedsat eachof the 4 locationsweremeshedwith eachof the
243possiblenormal modelsto form 1,944separatdesion-affectetheadmodelswith each
givenmodelhavingl lesion.

Theelectricalconductivityof atissueis the fundamentalpropertythat affectsEI T measure-
ments,andwhichis traditionally capturedin EIT imagereconstructionHence realisticcon-
ductivity valuesareassignedo the layersof the modelwith the outerlayergivenavalueof 0.1
S/m,thebrain layersetat 0.3S/m,andthe haemorrhagidesions0.7S/m,basedn thework
donein [35]. In agivenmodel, EIDORSwasusedto specifythe2skip 2° stimulationand
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Fig 2. Left:Thebasenumericalmodelcomprisedof the normalsizedheadandbrainis shownasaFEMwith a
16-membe electrodaing. Theelectrodecontactareasareshownin greenwith someof the electrodesiumbered(red)
for clarity. Right:Bleedsnaybepositionedat oneof 4 possibldocations north (front), south(back),easf(right) or
west(left) in the planeof the electrodeing andinsidebut approahingthe exteriorsurfaceof the brain layer.The
brainlayeris hiddenin thisimagefacilitatevisualisatio of the lesionsThetwo bleedvolumesshownare30ml and60
ml. Two of the electrodesreagainnumberel for orientation.Also shownis a scaleof assigne@onductiviy values,
with the outerlayershownaswhite/transpaent (0.1S/m),the brain layerasyellow(0.3S/m),andthe haemorrhagt
lesionsasburgundy(0.7S/m).

https://abi.org/10.1371durnal.por.0200469.902

measuremenpatternandusedto calculateameasurementramefor the setup.Therecorded
voltageattheseelectrodesand eachresultantmeasurementrame, werethenusedto train
andtestthelinear SVM classifiersised.

In Fig2,the basenumericalmodelwith the electrodeing is shown,aswellamodelwith
thebrainlayerhiddenand4 bleedsllustratingthe 60ml and 30ml sizesandthe 4 possible
locations.

3.2 Study 1: Effect of noise

The performanceof eachSVM classifielis assesseat differentsignal-to-noiseatios(SNR).
Thebasenumericalmodelis usedasthe normalwith two lesionmodelsthe normal with
eitherthe 30ml or 60ml bleedin the north location.Measuremenframesaregeneratedor
eachof the 3modelsandnoiseis addedusingEIDORSto achieveeachspecifiedSNR.A linear
SVMwastrainedwith 500frames(250normaland 125from eachof the two lesionmodels)
andtestedwith 200unseerframes(100normaland50from thetwo lesionmodels) Thetrain-
ing andtestingwasperformedat eachof 80dB,60dB,40dB and20dB noiselevelsSomeEIT
applicationssuchasthoracicimagingcanoperatesufficientlywell with an SNRof 30+40dB
wherea®thers particularlythosetrying to detectseuralsignalsandfacingrelatedissuesuch
asthe dampeningeffectof the skull requiresystemsvith an SNRof 80dB or higher[36]. The
SNRvaluesusedherewereselectedo coverthisrangeandto seehe effectof datanoisierthan
thatusuallyused.

Asdetailedabovethe measuremenframesareeitherunalteredor sortedby value(low
voltageto high voltage) Hence eachSNRIevelhastwo correspondingSVM modelstrained
andtestedusingthesetwo frametypeseachwith an AUC reported.In addition, the sensitivity
andspecificityfor eachclassifielat eachSNRIevelhastwo performancevaluesthatwhen
testedatthe defaultoperatingpoint andthenwhenretestedat the adjustedoperatingpoint
designedo maximisesensitivity . Theseresultsareshownin Fig 3.

Theresultsof Fig 3 showthatthe SVM classifiettrained,andtestedwith both the unaltered
andsortedmeasuremenframesperformswell,with an AUC, aswell assensitivityand
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Fig 3. Classifier results from test data in numerical model Study 1: Effect of noise. Separatexperimens aredonefor 80dB,60dB,
40dB,and20dB noiselevelsThemeasuremenframesusedto train andtestthelinear SVM areunalterel (red) or sortedby value
(blue).For both of theseresultantclassifiemodelsthe performances givenasthe AUC of the ROCcurvegeneratedrom thetraining
dataandthe sensitivityand specificityof the classifielon thetestdataat the defaultoperatingpoint and at the adjustedoperatingpoint
(selectedo augmentsensitivity atthe expensef speciftity). Fromtheplots,it is seerthat the classifierperformwellat80dB and 60
dBwith performarcestartingto drop at40dB andbecomingpoor at 20dB. The adjustedoperatingpoint doesboostsensitivityas
expectedwith the mostobviousbenefitseerat40dB.

https://doiorg/10.1371§urnal.pon®200469.908

specificity ator nearl, for the 80dB and 60dB noiselevels At 40dB,the classifieperfor-
mancesignificantlydegradesindthe benefitof the adjustedoperatingpoint comparedo the
defaultoperatingpoint is seenassensitivityis boostecdat the expensef specificity For exam-
ple,in the sortedframeresults the sensitivityjumpsfrom 0.92to 1.0while the specificity
dropsfrom 0.9to 0.78.The performanceat 20dB is poor andthereis no differencen the per-
formancebetweerusingthe unalteredor the sortedframes.The SNRvalueof 20dB wascho-
senasan extremevalue significantlylowerthanthat usedevenin high contrasttime changing
scenesuchasthoracicEIT [36]. Assuch the poor performanceeportedat this valueis
expectedindhelpsput alowerlimit on theacceptablSNRrangethat canbeused.

It wasof interestin this part of the studyto analysef the measuremenframescouldbe
usedto detectlesionlocationandsize A haemorrhagi¢esionhasahigherconductivitythan
thesurroundingbrain. Hence agivenchannelof the measuremenframe,i.e.,onespecific
combinationof injectingandmeasuremenglectrodepairs,would beexpectedo givealower
measured/oltagemagnitudefor the fixed injection currentif thelesionis nearto the elec-
trodesinvolvedin the channel. Thechannelthat hadthe maximalaveragealifferencein value
betweerthe normal framesandthelesionframeswascalculatedor both case®fthe 30ml
and60ml haemorrhagén the north location.Theelectroddayoutusedmeantthat electrodes
1& 16liein front of the north locationwith 2 & 15alsonearbyandsoon. Thesemaximaldif-
ferencechannelsareshownin Fig 4. Thesemaximaldifferencechannelsasexpectedfeature
electrodeslirectlyadjacento thelesionlocation.It would alsobeexpectedhatthe magnitude
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Fig 4. The channels of maximal difference between the normal and lesion cases are reported. Thechannelsmply
thelesionis atthe north location,aselectrode#1& #16areadjacento thislocation.The60ml bleedshowsagreater

differencerelativeto the normalthan doesthe 30ml caseFurther,separatia is moredistinctatahigherSNR with
overlapincreasingat40dB.

https://i.org/10.1371durnal.por.0200469.g4

of the differencewould begreaterfor the 60 ml bleedthanthe 30ml bleedcomparedo the
normal andthesedifferenceshouldbeclearerat higher SNR.Fig 4 confirmsthesehypotheses
with plotsof voltagemeasurementat the maximaldifferencechannelshownfor the 80dB
and40dB casesTheseparations indeedgreaterfor the 60ml bleedandthe separatioris
moredistinct for the 80dB SNRcase.

3.3 Study 2: Effect of lesion location

Theclassifieperformancds assessedith testdatathat includeslesionsat positionsdifferent
to thoseusedin thetraining data.Thebasenumericalmodelis againusedasthe normal, with
boththe 30ml and60ml lesionsaddedto the north locationseparatelyThesemodelsareused
to train the classifiewith 500measurementrames(250from the normaland 125eachfrom
thetwo lesionmodels).The performanceas thentestedwith 120unseemormal measurement
framesand20measurementrameseachfrom 6 lesionmodelscreatedrom all individual
combinationsof the normal with eastsouth,westand30ml or 60ml. Hence the classifielis
testedon lesionsn locationsthatwerenot includedin thetraining set.Theresultsarepre-
sentedasbeforettwaclassifieraretraineddependingon whetherthe measuremenframes
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Fig 5. Classifier results from test data in numerical model Study 2: Effect of lesion location. Separatexperimets
aredonefor 80dB,60dB,40dB and20dB noiselevelswith resultsarrangedn the sameformataskig 3. Bothusinga
sortedmeasurerentframeandthe adjustedoperatingpoint dramaticaly improvesensitivityatagivenSNR.
Implementing both of thesemodificatiors resultin excellentlassifieperformarceatthe 80dB and 60dB points,
indicatingthatin thesecaseshe classifierstill workswell evenwhentestdatalesionlocationsdiffer from training data
locations

https://abi.org/10.1371durnal.por.0200469.906

areunalteredor sorted givingtwo separat&UC valuedrom therespectivdiROCcurvesgen-
eratedfrom thetraining data,thenthe sensitivityand specificityfor eachclassifielon thetest
datais reportedat both the defaultoperatingpoint and atthe adjustedoperatingpoint
(selectedor bettersensitivity). The experiments repeatedor eachof 80dB,60dB,40dB and
20dB simulatednoiselevelswith theresultsshownin Fig5.

If the measuremenframesareleft unalteredand classifications performedat the default
operatingpoint, thensensitivityis low atall SNRsat aboutO for 80dB and60dB and paradox-
ically highestatabout0.55for 20dB. Moving to the adjustedoperatingpoint (still with unal-
teredmeasurementrames)helpsto improvesensitivity with valuesnow above0.6in all cases,
but it is still unacceptabljow. In this casethe classifiecannotdetectiesionsvhenthe loca-
tion of thetestcaseas onethe classifielis not trained on. Specificityis not asaffectedasthis is
primarily ameasureof ability to detectthe -1'clasof normalwhich the classifieiis trained
andtestedon.

However the simplepre-processingtepof sortingthe measurementramevaluesrom
low to high helpsboostsensitivityat all SNRlevelscomparedo therespectivainaltered
caseThepurposeof sortingtheframesis to helpthe classifiein correctlyclassifyingesions
atlocationsnot seerpreviouslyin thetestset.Asdescribedn the previoussection the pres-
enceof thelesionshouldresultin lower magnitudevoltagemeasurementsspeciallyor
thosechannelsn thelocalityof it. In the normal casesortingshouldnot overlyaffectthe
frame,atleastin this simplemodelwhereelectrodedistanceandregionaldifferencesn tis-
suesareneglectedln the caseof alesion,sortingshouldresultin asimilar resultantframe
regardlessf lesionlocation.Theresultsshownin Fig 5 provideevidencesupportingthis
hypothesisTheadjustedoperatingpoint further boostssensitivity with excellenperfor-
manceof sensitivityand specificityboth equalto 1, seeratboth 80dB and 60dB whenthe
measuremenframesaresorted.If framesaresortedandthe adjustedoperatingpoint is
chosenthenthe classifieseemdo beindependenbf thelesionlocationsused for the 60
dBand80dB SNRIevels.
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3.4 Study 3: Effect of lesion size

Next,the classifieiis testedon datasetswith lesionsof sizesnot usedin thetraining set,with a
fixed SNRof 60dB. The basenumericalnormal modelis usedto produce300noisymeasure-
mentframesNext,4 lesionmodelsareproducedusingthis normal modelalongwith the 60
ml lesionat eachof the 4 locations.75measurementramesfrom eachlesionmodelarepro-
duced.Thiscombined600measurementramesetis usedasbefore with an SVM classifier
trainedwith both unalteredand sortedframesTheresultantclassifierdoth hadan AUC
valueof 1. Next,the modelsaretestedusing80unseemormal framesand 80unseerframes
from the 30ml lesionpositionedat eachof the 4 locations(20framesfrom eachlocation).The
testingis repeatedn anidenticalwayfor eachof 20ml, 10ml and5 ml modellesionsHence,
themodelsaretrainedon the largesiesionandtestedsequentiallyon eachof the smaller
lesionsThe classifieperformanceesultsfor sensitivityand specificityaregivenin Fig 6.

Finally,the entire experimentis repeatedthis time training on the smallestesion(5 ml)
andtestingon the 60ml, 30ml, 20ml and 10ml casegaswellasthe normal beingused
throughout).Thetrainedclassifierdoth reportedan AUC of 1 again.Theseestingresultsare
givenin Fig7.

Theresultsin Fig 6 indicatethatwhenthe classifieraretrainedusingthe 60 ml lesionthere
is aninability to detectsmallertestlesionsunlesshe adjustedoperatingpoint is used Since
training featuredcases$rom all locations the benefitof the sortedframe,which wasveryeffec-
tivein the previousstudyon effectof location,is redundanthere.If the adjustedoperating
point is used jncreasingsensitivity thenrobustclassificatior{sensitivityand specificityboth
of 1) downto a10ml volumeis achievedin Fig 7,the 5 ml lesionis usedin training andthere
isimprovedperformanceoverFig 6, with all largertestlesionsizeseingdetectedat the default
operatingpoint. Changingto the adjustedoperatingpoint unnecessarilgecreasespecificity
with unalteredframes althoughsortedframesaremorerobustto this effectgiving nearlythe
sameperformanceat both operatingpoints.In this casesensitivityof 1 wasachievedtthe
defaultoperatingpoint usingthe defaultthreshold Moving to the adjustedpoint, which forces
thethresholdup, unnecessarilincreasedhe numberof falsepositiveswvith no reductionin
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Blue: Sorted Frames Performance (Default Point)

- o] o] o] o]
08}
061~ +
04}
02~ X
0 1 % * *
30ml 20ml 10ml sml
Performance (Adjusted Point)
r ® o]
08
06}
04
+ Sensitivity
o Specificity
021~ x sensitivity
0 Spocificity
° 1 1 1 1
30ml 20ml 10ml smi

Volume of Test Lesions

Fig 6. Classifier results from test data in numerical model Study 3: Effect of lesion size. Themodelsaretrained
usingthe 60ml lesionin all possibldocationsin the basenumericalmodel.Separatéestingis thenperformed on
unseemormalframesandseparatei eachof 30ml, 20ml, 10ml and5 ml lesionatall locations with 60dB noise
addedin all casesTraining datafeaturesall locations renderingthe effectof sortingthe frameredundant.Usingthe
adjustedoperatingpoint boostssensitivityin all casesvith lesionsobustlydetectablelownto a10ml volume
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Fig 7. Classifier results from test data in numerical model Study 3: Effect of lesion size. Themodelsaretrainedusingthe5 ml lesion
in all possibldocationsin the basenumericalmodel.Separat¢estingis then performedon unseemormal framesand separatelgachof
60ml, 30ml, 20ml and10ml lesionatall locations with 60dB noiseaddedin all casesTraining datafeaturesall locationsrendeing
the effectof sortingthe frameredundant.Sensitivityand specificityin all casess excellenttthe defaultoperatingpoint, while usingthe
adjustedbperatingpoint unnecesséy reducespecificiy of the classifiethat usesunalteredframesbut doesnot appreciablhaffect
performarceof the classifiethat usessortedframes.
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falsenegativepossibleln casedike herewherethe defaultthresholdof 0.5alreadygivesasen-
sitivity of 1, theadjustedhresholdis also0.5.However the adjustedhresholdnow categorises
casesvith anequalprobability of being+1 or -1 asbeing+1 (bleed)whereashe defaultthresh-
old categorisethesecasess-1 (not bleed).This classifyingpf 50/50casessbleedds an
attemptto err on the sideof caution,whichis appropriategiventheintendedclinical applica-
tion. Hence this subtlechangecausesreductionin specificityin thesecases.

3.5 Study 4: Effect of electrode positioning

In this study,the positioningof the electrodering is varied,while all othervariablesarekept
constantln all training andtestcases60dB simulatednoiseis addedto the frames.Theclassi-
fiersfor both unalteredand sortedframesaretrainedon adatasetof 640measurementrames.
Eachdatasetcomprise320measuremenframesfrom the basenumericalmodeland40mea-
surementramesfrom eachthe 8 combinationsof the 30ml and60ml bleedsat eachof the 4
possibldocationsadded Both classifierswhentrainedreturnedan AUC valueof 1.

Nextthesemodelsponenormal and8 lesion,havethe electrodering positionedat one of
thelocationsthat deviatefrom the original training positionby + 2 mm, suchthat the planeof
thering is parallelto the original. Thesepositionchangesnodelusererror in positioningof
thering. Eachnewnormal modelis usedto produce4d0 measurementramesand eachnew
lesionmodelusedto produce5 measuremenframes giving atestingsetof 80normaland 80
abnormalmeasurementrames.Theresultsfrom the performanceof thesesingletestsetsare
shownin Fig8.
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Fig 8. Classifier results from test data in numerical model Study 4: Effect of electrode location. Themodelsaretrainedusingframes
from thebasenumericalmodelasthe normalandeightlesionmodelsproducedfrom the normd andall combinaions of the 30ml or 60
ml lesionat oneof the 4 locations Theframesarecontaminaedwith noiseat 60dB SNR.As usual two classifierareproducedone
trainedwith unalteredframesandonewith sortedframes Thesearethentestedwith the electrodeing placedat oneof two possible
locationsdiffering from, andparallelto, the original by + 2 mm. Theresultsshowthat classifieperformancethoughexcellentjs
noticedly affectedby eventhesesmallchangesn electrodepositioning. Usingthe adjustedperatingpoint howevermitigatesagainst
thereductionin sensitivityintroducedby the electrodepositioning change.
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Theintention of this studywasto mimic aminor error in electrodegpositioning.Evensuch
aminor movementcauses noticeabledrop in performanceTheresultsfall from 100%sensi-
tivity and specificityto avalueof 95%-+in all casesisingthe defaultoperatingpoint; however,
this drop demonstrateshat evenmm changegsancausechallenge# EIT. However usingthe
adjustedbperatingpoint, designedo increasesensitivity movessensitivitybackto 100%again
without affectingspecificity thus mitigating the effectsof the 2 mm positionalerror. This
resultdemonstrateshe valueof the adjustedoperatingpoint in scenariosuchasthis.

3.6 Study 5: Effect of anatomy

This studyexamineghe ability of the classifieto detectlesiondn headandbrain anatomies
differentto the onethetraining datasetis recordedfrom. All framesusedin training andtest-
ing had60dB noiseadded.Thetraining modelsarecomprisedof the basenumericalmodelas
thenormal,with 8 lesionmodelsproducedfrom the normal usingall 8 combinationsof the 30
ml and60ml lesionatall locationsIn total 5,120normaland5,120esion(640from each
lesionmodel)measurementrameswereusedto train the classifierTheresultantclassifiers
trainedfrom the unalteredor sortedmeasuremenframesboth reportedan AUC valueof 1.
Nextthe 80differentnormal models producedasexplainedn section3.1,usingthe 9 dif-
ferentheadand9 differentbrains,with the sameelectrodeing height,wereeachusedto create
16testnormal frameseach Eachof thesenormal modelswerethen combinedwith eachof the
8 possibldesiongo create640lesioncasesvith 2 framesfrom eachusedto completethe test
set.Hence the classifielis trainedon lesionsn oneanatomybut testedon lesionsn avariety
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of 80differentanatomieskig 9 showshe performanceof the two respectivelassifierafter
inputting the testdata.

Theresultsshowthat anatomyhasa profound effecton classifieperformancewith sensi-
tivity andspecificityin all casesiearto avalueof 50%whichis whatarandomclassifiemwould
performat. Deeperanalysi®f theresultsrevealedhatin casesvheretheratio of outertissue
to brain tissueof atestmodelwaslargerthanthat of the basenumericalmode(aroundwhich
thetraining setsweredevelopedjhe classifieusuallyreturnedavalueof 2normal® whereas
whenthis ratio waslowerthanthe basenumericalmodelavalueof @bleed®wasreturned.In
somecaseghe largerlesionsizecouldbecorrectlyclassifiedlespiteanatomicalifferences,
butin generathe classifiersvereexcessivelgensitiveo differencesn anatomyof thetest
modelscomparedo that usedto train.

3.7 Study 6: Final overall study

Asafinal overallanalysisaserief testsaredonefeaturingall 243normal modelsand 1944
lesionmodels ThebaseSTLfilesof the headandbrain,asdescribedn section3.1,areeach
distortedby + 5%in eachofthe X, Y, Z axesseparatelaswell asin all 3 axessimultaneously,
resultingin 9 distinct headandbrain modelsandhence81differentcombinationsThe
16-membetelectrodeing wasthen placedat 1 of 3 distinct locationsgiving 243modelsof the
normal. To createthe lesionmodels gachof these243normal modelswerecombinedwith
onethe30ml or 60ml haemorrhageatoneof the 4 locations All permutationsof these
resultedin the 1944lesionmodels.
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Fig 10. Classifier results from test data in numerical model Study 6: Final overall study. Theclassifierperformwellatthe80dBand
60dB points. Thesortingof theframesdevelogdto compenste for testdatafeaturinglesionsn previouslyunseerocatiors, haslittle
effectastraining featurease$rom all 4 locations However thereis anoticedleimprovementwhenusingsortediramesatthe 80dB
point. Usingthe adjustedoperatingpoint increasesensitiity in all casesitthe expensef aperhapaunacceptale drop in specificity
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Training andtestsetscomprised139,96&nd 15,552measuremenframesyespectivelyin
eachcasethe setsareevenlydivided betweerframesfrom the normal andlesionmodels with
eachof thesewo subsetdurther dividedto ensureanidenticalnumberof framesareprovided
by eachmodelcontributing to eachset.Hence eachof the 243normal modelseachcontribute
anequalnumberof framestotalling 69,984or thetraining setand7,776or thetestset,and
likewisefor eachof the 1944lesionmodels Measuremenframesareagainusedeitherunal-
teredor sorted resultingin two classifiersThis experimentaketupis repeatedor eachof 80
dB,60dB,40dB and20dB noiselevelsThe AUC of thetrainedclassifiersandthe sensitivity
andspecificityof the classifier®n thetestsetsarereportedin Fig 10.

Theclassifierperformwell atthe 80dB and 60dB noiselevelswith asubsequendrop in
AUC andsensitivity/specificityresultsseerat the 40dB levelandthe classifieperforminglit-
tle betterthanrandomat20dB SNR.Thereislittle differencen theresultsproducedfrom
usingthe unalteredor sortedframes gxceptatthe 80dB levelwherethe sortedframesresultin
asmallbut noticeabldmprovement.Thesortedframesweredevelopedo compensatéor the
challenge encounteringesionsn thetestsetsatlocationsnot seerin thetraining set,but
thisis not the casen this study.Usingthe adjustedoperatingpoint doesboostsensitivitybut
causes perhapsunacceptabldrop in specificity resultingin adrop in falsenegative$ut
maybean excessivievelof falsepositivesThis overallstudyindicatesthe systenperforms
wellprovidedthe SNRdoesnot drop below60dB, andideallyat 80dB or better.Further,the
sensitivity/specificitybalanceseemdo bethe bestat the defaultoperatingpoint; however jf
themotivationisto eliminatefalsenegativesn orderto beconfidentthatbleedcasesrenot
misclassifiedqwhichis crucialin strokediagnosis)thenthe adjustedoperatingpoint maybe
preferablelt is seenthatthe performanceat the adjustedoperatingpoint for the sortedframes
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at80dB hasasensitivityof 1 and a specificityof ~0.6.Presumablynovingto 90dB or higher
would increasehis specificity makingan evenstrongerargumentfor working atthe adjusted
operatingpoint.

4. Classification experiments on a phantom model

This sectiondescribestudiescarriedout on aphantommodel. Thesestudieswereanalogous,
asmuchaspossibleto thoseperformedwith the numericalmodelsin section3. Onephantom
wasfabricatedandan EIT systemthe SwisstonEIT-Pioneerset[37], wasusedto produceall
measuremenframes pperatingat the noiselevelinherentto the setup.Hence it wasnot pos-
sibleto fully replicatethe varietyof modelsandnoiselevelsusedin numericalexperiments.
However evenwith this limitation, aserief 5 experimentsvereperformedincluding anini-
tial studyexaminingrepeatabilitybeforeanalysinghe effectof location,size electrodeplace-
mentvariationandafinal overallexperimentThe phantomandhardwarearebriefly
describedeforeeachstudyis outlinedwith resultsreportedanddiscussed.

4.1 The phantom model & EIT hardware

Tissuemimicking materialscomposeaf variableamountsof graphite carbonblack,andace-
tonein apolyurethanebaseareusedto producemixturesthat emulatetargetconductivityval-
uesof 0.1S/mand0.7S/m.Theformer relatego the valueassignedo the outerlayerof the
head modelledasaweightedaggregatef all tissuesexternalto the brain, while the latter
relatego thetargetvalueof blood. Thederivationof thesevaluedfor thesetissuesat atypical
EIT frequencypoint of 50kHz [38], waspreviouslydescribedn [35]. Further,the headphan-
tom is fabricatedn the mannerdescribedn [35], with the exceptiornof theinner brain layer
beingleft hollowin this study.This cavityis filled with a0.03M salinesolutionwhich hasa
conductivityof approximately0.3S/mhenceemulatingaggregatérain tissue[39]. It is noted
thatthe STLfilesusedto produce3D printed mouldsfor the headandbrain arethe sameas
thoseusedto producethe basenumericalmodel. The mixture emulatingbloodis usedto fabri-
catesolid sphere®f 30ml and 60ml volumewhich aresuspendedhto the salinebrain layer
to modelbrain haemorrhages.

TheEIT hardwaresystenusedis the SwisstonEIT-Pioneerset,acommerciallyavailable
systenfor research37]. A ring of L6 EEGelectrodesreplacedon the headphantomusing
electrolytegel[40], symmetricallyacrosghe sagittalplane asin the numericalstudy.Theelec-
trodesareconnectedo the Pioneerset,whichis connectedo alaptop.Beforeuse the Swiss-
tom setis allowedto warmup for aboutan hour. Measurementarethenrecordedusingthe
same?skip 2° patternusedin the numericalexperimentsat 10framesper secondandat 50
kHz, for the differentphantomsetupsescribedn eachexperimentThe SwisstonEIT-Pio-
neerrequires32electrodepeconnectedbut by connectingthe electrodeso the setin apar-
ticular wayandthen parsingthe framecorrectly the framefor the 16-memberring is
extrapolatedut. Datawascollectedrom the phantomon 3 consecutivelayswith the elec-
trodesbeingrepositionedon the phantomheadon eachday.The saline-filledhead without
lesionsconstitutedthe normal. Overthe courseof the daily measurementapproximately24
case®fthenormalweretaken,of about70seachin duration giving~17000normal frames
daily. Theseéframeswereusedto calculatean approximatefigure for the signalto noiseratio
(SNR)of the systemgalculatedhstheratio of the meanto the standarddeviationof the values
for eachmeasurementhannelfor all theframesTheaverag&SNRoverthe 3 dayswasapprox-
imately50dB.

In Fig 11,the phantomsetupwith EEGelectrodesittacheds shown.Thisfigure alsoshows
aphantomlesionbeingsuspendedhto the salinebrain layer,with the aid of woodenrods.
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Fig 11. Left: Thephantomheadmodelwith EEGelectrodesttachedo form a16-membering. Right:Woodenrods
areusedto attachandplacelesionsnsidethe salinebrain layer.Theelectrodesreattachedo a SwisstonEIT-Pioneer
setwhichrecordsmeasurerantframes.

https://abi.org/10.1371durnal.por.0200469.g0L

4.2 Study 1: Repeatability

In this study,the ability to achieveepeatableesultson differentdaysis assesseleasure-
mentframesaretakenusingthe setupdescribedabovein sectiond.1,with the brain layerfree
of lesiongnormal) or with eitherthe 30ml or 60ml lesionin the north location.6 recording
setsaretakenof the normal caseand 3 setsaretakenof eachof the two lesioncasesTheorder
of recordingthe setds randomisedand eachsetis approximately70secondg700frames)in
length.The experiments performedon 3 separatelayswith the electrodeing placedeach
dayandthe phantomre-filled with saline Forthe framesproducedfrom eachday,linear SVM
classifieraretrainedwith 6,800randomlyselectedrameseitherunalteredor sorted(3,400
normaland1,700from eachof thetwo lesioncasesandthentestedwith 800unseerframes
againevenlyselectes400normal and 200from eachlesioncaseand eitherunalteredor
sorted.The AUC of thetrainedclassifierss reported,alongwith the performanceon thetest
data.Theseresultsareshownfor eachof the 3 daysexperimentsn Fig12.

Theresultsshowavariancein the performanceor eachof thethreedays howevetthe
AUC isalways> 0.8andsensitivityapproached in all cased the adjustedoperatingpoint is
used However usingthe adjustedoperatingpoint hasa negativampacton the specificity the
magnitudeof which variesbetweerdays.Thedifferencesn resultsoverthe 3 daysshowthe
challengen achievingrepeatabilityusingan EIT systemwhichis sensitiveo effectssuchas
changeén electrodecontactand positioningwhich mayvarydayto dayandoverthe courseof
adayasthe contactgeldriesout [41].

4.3 Study 2: Effect of lesion location

This studyis analogougo that describedn Section3.3,wherethe performanceof the classifier
whentestedwith lesiongplacedn locationsdifferentto that usedin thetraining setis assessed.
Training setsarecomprisedof 7,800measuremenframesmadeup of equalamountsof nor-
malandlesionmodels.Thelesionmodelsarethe 30ml or 60ml bleedin the north location,
with anequalamountof eachmakingup the lesionmeasurementrames.Thetestsetis com-
prisedof 1,200measuremenframesof which 600areunseemormal measurementrames
andtheremaininglesionmeasuremenframescomposedf 100eachfrom all combinationsof
the 30ml and60ml bleedsat eachof the other 3 locationsof eastsouthandwest. Themea-
surementramessetsaretakenas70srecordingsof eachlesioncaserepeated times;thenor-
mal cases repeated4times.All measurementaretakenin randomorder, with random
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Fig 12. Classifier results from test data in phantom model Study 1: Repeatability. Variances areseerin performarceof thesame
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measurementselectedor training andtesting(with no overlap).The completeexperiments
repeateccompletelyfrom the starton 3 consecutivelays.Thetraining andtestmeasurement
setsareagainusedunalteredor sortedwith the resultsshownin Fig 13.
Theresultsagainshowthe variancan dayto dayrepeatabilityof the experimentson areal-
life phantom.On averag@®verthe 3 daysthe bestoverallperformancas seerwhenthe frames
aresorted,andclassifications performedat the adjustedoperatingpoint to maximisesensitivity.
This conclusionis consistentvith theresultsobservedn Fig 5. The sorting of the framesshould,
theoreticallypffer arobustnesso differencesn lesionlocationandwhile this effectis not aspro-
nouncedasin the numericalmodel,it is observedn this equivalenpphantomexperiment.

4.4 Study 3: Effect of lesion size

This study,similarto that describedn thefirst part of Section3.4,examineghe classifieiper-
formancein detectingesionssmallerthanthosetrainedwith. The classifieraretrainedwith
normal measurementramesand measuremenframesrecordedfrom the phantomwith the
60ml lesionatoneof the4 positions.Thetrainedclassifierarethentestedon unseemormal
measuremenframesand measurementramesfrom whenthe 30ml lesionis placedat oneof
the 4 positions.Thetraining setcomprisesl4,800measurementramesandthe testsetcom-
prised1,600measuremenframeswith eachevenlydividedbetweemormal andlesionmea-
surementrameswith thelesionmeasurementramesevenlysplit betweerall 4 positions.The
measuremenframesaregatheredn the samewayasdescribedn Sectiord.3.Themeasure-
mentframesareusedeitherunalteredor sorted.Theresultsareshownin Fig 14.
Asaresultof the normal beingthe samefor both thetraining andtestmeasurementgside
from frameto framechange$n randommeasurementoise),specificityshouldbe,andis,
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Fig 13. Classifier results from test data in phantom model Study 2: Effect of lesion location. On averagethe bestoverall
performarceis seerwhenthe framesaresorted,andclassificatin performedat the adjustedpoint designedo maximisesensitivity.
Resultsareseerto differ from dayto dayasexpectediueto variationin electrodepositioningandothersourceof systemact error.

https://doiorg/10.1371§urnal.pon®200469.g03

high. Sensitivityis low if usingthe defaultoperatingpoint but risesto about80%whenusing
theadjustedoperatingpoint for the datatakenon Day 1, droppingto 60%on the Day 3 data.
Theseresultsimply achallengén detectingsmallervolumelesionsin the phantomthanthose
trainedon.

4.5 Study 4: Effect of electrode positioning and anatomy

In this study,measurementramesfrom normalandlesioncasesakenon onedayareusedto
train with measurementramesfrom adifferentdayusedto test.Sincethe platformwassetup
aneweachday,this experimentmodelsboth change#n electrodepositioning(dueto the phys-
icalinability to positionthe electrodesn preciselythe samdocationfrom dayto day)andalso
differentanatomiessincethe electrodesvill bein contactwith adifferentpart of the phantom
on thedifferentdays.On agivenday,the 8 lesioncasegall combinationsof the 30ml and 60
ml lesiondn all 4 locations)haveapproximately7Osrecordingstaken3 times,with 24normal
recordingsof the emptysalinebrain alsotaken.The order of therecordingis randomised.
Again,the measuremenframesareusedeitherunadjustecbr sorted.In total, 14,400measure-
mentframesareusedto train with 1,440usedto test.The setsareevenlydivided betweemor-
malandlesioncasegand evenlydivided betweerthe differentlesioncases)Thetrained
classifierseporteda AUC valueof 1, with the performanceesultson thetestdatashownin
Fig 15.

Theresultsshowthatthe classifiersailedto givesimultaneoushhigh specificityand sensi-
tivity. However interestinglythe classifietrainedwith unalteredframesgavea specificityof
100%while the classifieitrainedwith sortedframesgavea sensitivityof near100%.Thisresult
opengthefuture possibilityof implementinga cascadelassifielapproacho givemorerobust
classificationin scenariosuchasthis.
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Fig 14. Classifier results from test data in phantom model Study 3: Effect of lesion size. Specifidy is highin all caseswhichisa
consequeneof the normal modelbeingthe samefor thetraining andtestmeasurerantframes Sensitivityis boostedusingthe adjusted
point reachingabout80%usingthe resultsfrom Day 1 but droppingto under60%for Day 3.
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Fig 15. Classifier results from test data in phantom model Study 4: Effect of electrode positioning and anatomy. Any given
classifieperformspoorly with simultaneushigh valuef specificityand sensitivty not achievedn anycaselnterestindy, the
classifietrainedandtestedwith unalteredframesgiveaspecificiyy of 100%while the classifietrainedandtestedwith sortedframes
giveasensitivityof near100%suggesng that acascadef classifiersnayprovideimprovedresults
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4.6 Study 5: Final overall study

Thefinal studytrainsandtestsirom the combinedpool of measuremenframesfrom all mea-
surementgonductedoverall 3 days.Thetraining setis comprisedof 28,800measurement
frameswith the testsetcomprisedof 2,880measurementrames Theframesin eachsetare
evenlyselectedrom eachof the 3 days evenlydivided betweemormal andlesioncasesnd
with thelesionframesevenlysplit betweerall 8 lesionscenariosNo framein thetraining set
isrepeatedn thetestset. Asusualtwo classifieraretrainedandtested+onaisingunaltered
framesandoneusingsortedframesTheresults shownin Fig 16,showthatthe bestachievable
performanceds about75%sensitivityand specificityfor the caseof sortedframesusedat the
defaultoperatingpoint. Usingthe adjustedoperatingpoint improvessensitivitybut causes
severarop in specificity Interestingly theresultsin Fig 16laybetweerthoseof the 60dB and
40dB numericalresultsasseenn Fig 10.The SNRof the phantomexperimentaplatformwas
calculatecatabout50dB, whichisin line with theseresults.

5 Performance of other classifiers

In previoussectionsthe focuswasthe examination asproof of conceptof the useof EIT mea-
surementrameswith alinear SVM classifiemandthe effectof changingvariablegelatedto the
clinical application(suchaslesionparametersind anatomicaparameterspn classifieperfor-
manceA linear SVM offersadvantagesuchasspeedlow computationalcostand easef
implementation However giventhe natureof EIT andthe measurementramesproduceda
linearkernelmaynot bebestchoiceof classifieffor theintendedapplication.This classifier
choicewasnot the focusof this studybut is animportant consideratiorfor future develop-
mentof thetechnologyandis thusdiscussetbriefly here.

Red: Unaltered Frames
Blue: Sorted Frames
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Fig 16. Classifier results from test data in phantom model Study 5: Final overall study. The bestperformarceis seerwith the sorted
framesusedat the defaultoperatingpoint, giving a sensitivityand specificityof 75%.Moving to the adjustedperatingpoint improves
sensitivitybut severelgauses reductionto specificity. Theresultsarebetweerthoseof the 60dB and40dB numericalstudyresults
reportedin Fig 10,asexpectedincethe experimatal SNRis ~50dB.

https://doiorg/10.1371§urnal.pon®200469.g08&
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In relatedstudiesapopularkernelfor SVMsis that of a RadialBasis-unction (RBF)[18,19]
whichis anon-linearfunction that defineshe separatindgnyperplaneAnother popularmachine
learningalgorithmis that of neuralnetworks(NN), which unlike SVMsareunsupervisealassi-
fiersbasedooselyon amodelof the brain andfeature’neuronsasprocessingndlearninglay-
ershetweertheinput andoutput [42]. Thesewo alternativeclassifiersverecomparedo that
of thelinear SVM usingthe dataof the two final overallstudiesrom both the numerical(Sec-
tion 3.7)and phantom(Sectiord.6)studies Thesdfinal overallstudiesfeaturedpooleddata
with maximisationof parametewariabilityin both normalandlesioncasesUsingthe numeri-
calsetthe classifiecomparisonstudywasperformedat80dB,60dB,40dBand20dB SNR
while the phantomsetfacilitatedoneclassifiecomparisorstudyat the SNRpoint of the Swiss-
tom EIT-Pioneemwhichwasfound to beabout50dB. In theseclassifiecomparisorstudiesthe
EIT measuremenframeswereusedassortedframesandthe defaultoperatingpoint wasused.

In previoussubsectionghe performancemetricswerereportedfor thetrainedclassifieron
onesetof unseertestdata.ln this sectionhoweverthe performancemetricsof sensitivity,
specificityandaccuracyaregivenfor eachof thethreeclassifierasameanandstandarddevia-
tion of tenseparat¢estdatasets.

Forthelinearand RBFkernelSVM classifieresults aten-fold testingschemevasusedto
obtainthe averagegherformancametrics.The datasetis first split with 90%usedfor training
and 10%heldout asatestdataset.Thetraining datasetis usedto optimizethe classifierten-
fold cross-validations performedwith a Bayesiamptimization protocolto obtainthe opti-
mizedbox constraintandkernelscalingfactor. The optimizedparametersrethosethat lead
to thelowestgeneralizeerror in theten-fold crossvalidation. Theseoptimizedparameterare
usedto train afinal classifiethatis thenappliedto the testdataset.This processs repeated
tentimesuntil all datahasbeenusedaspart of thetestdataset.Theaveragedesults(across
thesdenruns) of the performanceof thefinal classifieiis presentedo giveamore generaliz-
ableexpectatiorof the classifieperformance.

In the caseof the NN classifierthe datais divided 70%:15%:15%ato training, validation,
andtestdata.Tenhiddenneuronsareusedandascaledtonjugatebackpropagatiomlgorithm
applied.Theconfusionmatrix generatedrom the testdataallowscalculationof the sensitivity,
specificityandaccuracyThis processs repeatedentimes.

Thesensitivity specificityandaccuracystatisticfrom the threeclassifietypesarecom-
paredbelowin Tablel. Altogether thereare5 typesof datacomparedn Tablel:4 basedn
thetotal numericaldatawith different SNRsand 1 basedn thetotal phantomdata.

It isevidentfrom Tablel thatboththe RBFSVMandNN offer significantlybettersensitiv-
ity, specificityandaccuracythandoedinear SVM atthe 80dB and 60dB SNRvaluesvhen
usingthe numericaldatasetandalsoon the phantomdataset.Additionally, the RBFSVM and
theNN classifieroffer superiorrobustnesso alinear SVM asnotedby the much smallerstan-
darddeviationin all metricsacrossll testcasesPerformancdor all classifierstartsto signifi-
cantlydegradeoncethe SNRfallsto 40dB or lower. This givesinsighton the minimum
dynamicrangeexpectedvith a physicakystento allowfor successfumplementationof a
classificatioralgorithm.Interestingly the two alternativeclassifier®ffer excellenperfor-
mancewith the phantomdata,which wasproducedwith an SNRcalculatedat about50dB.
Theseresultshighlightthat both anoptimizedRBFkernelSVMandaNN classifieicanbe
usedto classifyEIT measurementramesfor brain bleeddetection.

6 Discussion and conclusions

This paperhassoughtto explorethe feasibilityof usingmeasurementramesdesignedor EIT,
traditionally usedto reconstrucimagesasdatasetsfor a SVM classifier A keymotivationfor
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Table 1. Performance results across classifiers. Thesensitivity speciftity andaccuracyf eachof threeclassifers(LinearSVM, RBFSVM,NN) is expressedsthe
meanz standarddeviationfollowing training andtestingof eachclassifieion the total poolednumericaldata(at the four SNRlevelsof 80dB,60dB,40dB and20dB) and

thetotal pooledphantomdata.

Classifier/ Noise
Linear SVM
Sensitivity
Specificity
Accuracy
RBF SVM
Sensitivity
Specificity
Accuracy
NN
Sensitivity
Specificity
Accuracy

Numerical Data
80 dB

0.80+ 0.42
0.60+ 0.52
0.69+0.27

1.00+ 0.00
1.00+0.00
1.00+ 0.00

0.99+ 0.00
0.99+ 0.00
0.99+ 0.00

https://da.org/10.137 1§urnal.pon®200469.t001

Phantom Data

60 dB 40 dB 20dB ~50dB

0.69+ 0.42 0.52+0.39 0.45+ 0.44 0.90+ 0.32
0.79+ 0.42 0.60+ 0.37 0.55+0.44 0.70 £ 0.48
0.73+0.24 0.55+ 0.07 0.49+ 0.02 0.79+0.27
0.99+0.01 0.65+ 0.05 0.52+0.24 1.00+ 0.00
0.97+0.01 0.62+0.04 0.51+0.24 0.99+ 0.00
0.98+0.01 0.63+0.03 0.51+0.03 0.99+ 0.00
0.97+0.02 0.66+ 0.03 0.50+ 0.05 1.00+ 0.00
0.96+ 0.02 0.59+ 0.04 0.53+ 0.05 1.00+ 0.00
0.96+ 0.01 0.63+0.03 0.51+ 0.02 1.00+ 0.00

this studyis the needto tacklethe challengefacedby EIT systemsn imagingstaticor quasi-
staticscenesiAn exampleof sucha scenevould bethe caseof abrain haemorrhagén astroke
or traumaticbraininjury patient,andtherealisationthatin thesecasesanimagemaynot be
required.ln suchscenariosthe useof trainedclassifiersnaybesufficientto adequatelyden-
tify the presencer absencef ahaemorrhageallowingthe correcttreatmentpathto beiniti-
ated.Thiswork, uniquely,looksat completeEIT measurementramesastheinput for a
classifierandfor thefirst time, useghis techniqueappliedto staticscenesA linear SVMwas
usedfor mostof the studyasafast,easyto implementand computationallycheapclassifier.
However two other classifierga RBFSVM andNN) werealsoexamined.

A thoroughsetof experimentdavebeendescribedexploringthe effectof avarietyof vari-
ablesn both numericaland phantommodelsof the headandbrain. In numericalmodelsthe
effectof noise lesionlocation,lesionsize electrodepositioning,and anatomywereindividu-
ally studiedandthencollectivelyassessed@henin the physicaphantommodel,repeatability,
lesionlocation,lesionsize electrodepositioning,and anatomywereindividually andthencol-
lectivelystudied.

Valuableinsightsasto the viability of, and future challenge$acing,the techniquewere
found. The SNRof the phantomsystemgcalculatecat 50dB, wasbelowthe 60dB mark which
wasthe approximatethresholdfor betterresultsin the numericalstudiesvhenusingalinear
SVM.However it maybethe casdhat suchasystemmaysufficewith the selectiorof asupe-
rior classifiemsindicatedby the performanceof the RBFSVM andNN on the phantomdata
in contrastto thelinear SVM. Howeversuperiorsystemsvith an SNRin theregionof 80dB
or higherexistandmay,coupledwith anoptimum classifiergivefurther improvementin per-
formanceespeciallyn challengingscenario$43]. Further,the numericalstudiesdemonstrated
that: sortingthe framesby valueresultedin arobustness$o detectingesionsn previously
unseerocationsesionsof sizenot in thetraining setwerebetterdetectedf theywerelarger
thanthosein thetraining set,andsmallchangesén electrodeplacementid not affectresults.
However the classifiersvereverysensitiveo measuremenframesfrom newanatomieslead-
ing to aneedto train on alargenumberof differentanatomiesPhantomexperimentsadded
morevariablesassociatedith amorerealisticplatform highlighting challengesuchasrepeat-
ability from dayto day,but did giveresultsthatfit with thoseof the numericalexperimentsin
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thiswork, agoalwasmaximalsensitivityto brain haemorrhageletectionsinceoccurrenceof
falsenegativesgspeciallyn the caseof candidatealteplasetrokepatients maybefatal. The
useof anadjustedoperatingpoint, designedo maximisesensitivity waseffectivebut with a
costto specificity.

Thisinitial studyhasdemonstratedhe feasibilityof usingEIT measuremenframesto
identify bleedsn the brain. For all investigateatlassifieron phantomdata,a specificityof
greaterthan 90%wasachievedA comparisornof the sensitivity specificityand accuracyof lin-
earSVM,RBFSVM,andNN on the pooledtotal numericaland phantomdatashowsthe latter
two classifieroffer significantlybetterperformancewith the RBFSVM andNN notably
achievingl 00%sensitivityon phantomdata.

A future studymaylook at the useof suchclassifiersn acascadeatthe original operating
point andthe adjustedoperatingpoint, with the aggregateesultperhapseingof value. The
measuremenframesin this studywereeitherunalteredor sortedbut other pre-processing
possibilitiesexistsuchasfiltering to reducenoise weightingof datafrom selecthannelsand
soon. Futurework will alsolook at betternumericaland phantomplatformsin termsof real-
ism, complexityof testscenariomndhardware A studydedicatedo classifiechoiceand opti-
misationshouldalsobeundertakenand mayleadto further performancémprovementsA
challengeas andwill bematchingthe performanceof numericalmodelsin realworld phan-
tomsand patients.

EIT hasthe potentialto beavaluablediagnosticaid, evenin casesvithout changesccur-
ring within thetime frameof interest.The applicationof classifierso EIT measurementis an
emergingand novelapproachwhich showspromiseandis worthy of further investigation.

Author Contributions

Conceptualization: BarryMcDermott, Martin O'Halloran,Adam Santorelli.
Formal analysis: BarryMcDermott.

Funding acquisition: Martin O'Halloran.

Investigation: BarryMcDermott, Adam Santorelli.
Methodology: BarryMcDermott, Emily Porter,Adam Santorelli.
Project administration: BarryMcDermott, Emily Porter.
Resources: Martin O'Halloran.

Software: BarryMcDermott.

Supervision: Emily Porter,Adam Santorelli.

Validation: BarryMcDermott.

Writing - original draft: BarryMcDermott.

Writing - review & editing: BarryMcDermott, Emily Porter,Adam Santorelli.

References

1. Donnan GA, Fisher M, Macleod M, Davis SM. Stroke. The Lancet. 2008; 371: 1612—1623. https://doi.
org/10.1016/S0140-6736(08)60694-7

2. Velayudhan V. Stroke Imaging: Overview, Computed Tomography, Magnetic Resonance Imaging. In:
Medscape [Internet]. [cited 19 Oct 2016]. Available: http://emedicine.medscape.com/article/338385-
overview

3. NICE (National Institute for Health and Care Excellence). Alteplase for treating acute ischaemic stroke.
In: nice.org.uk [Internet]. [cited 19 Oct 2016]. Available: https://www.nice.org.uk/guidance/ta264

PLOS ONE | https://doi.org/10.1371/journal.pone.0200469  July 12,2018 24/26


https://doi.org/10.1016/S0140-6736(08)60694-7
https://doi.org/10.1016/S0140-6736(08)60694-7
http://emedicine.medscape.com/article/338385-overview
http://emedicine.medscape.com/article/338385-overview
http://nice.org.uk
https://www.nice.org.uk/guidance/ta264
https://doi.org/10.1371/journal.pone.0200469

Brain haemorrhage detection using a SVM classifier with EIT measurement frames

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Birenbaum D, Bancroft LW, Felsberg GJ. Imaging in acute stroke. West J Emerg Med. 2011; 12: 67—
76. PMID: 21694755

Miller DJ, Simpson JR, Silver B. Safety of Thrombolysis in Acute Ischemic Stroke: A Review of Compli-
cations, Risk Factors, and Newer Technologies. The Neurohospitalist. 2011; 1: 138—147. https://doi.
org/10.1177/1941875211408731 PMID: 23983849

Lee B, Newberg A. Neuroimaging in traumatic brain imaging. NeuroRX. 2005; 2: 372—-383. https://doi.
org/10.1602/neurorx.2.2.372 PMID: 15897957

Kim JJ, Gean AD. Imaging for the Diagnosis and Management of Traumatic Brain Injury. Neurothera-
peutics. 2011; 8: 39-53. https://doi.org/10.1007/s13311-010-0003-3 PMID: 21274684

Brown B. Electrical impedance tomography (EIT): a review. J Med Eng Technol. 2003; 27: 97-108.
https://doi.org/10.1080/0309190021000059687 PMID: 12775455

Adler A, Boyle A. Electrical Impedance Tomography: Tissue Properties to Image Measures. IEEE
Trans Biomed Eng. 2017; 64: 2494—2504. https://doi.org/10.1109/TBME.2017.2728323 PMID:
28715324

Samore A, Guermandi M, Placati S, Guerrieri R. Parametric Detection and Classification of Compact
Conductivity Contrasts With Electrical Impedance Tomography. IEEE Trans Instrum Meas. 2017; 66:
2666—2679. https://doi.org/10.1109/TIM.2017.2711818

Persson M, Fhager A, Trefna HD, Yu Y, McKelvey T, Pegenius G, et al. Microwave-Based Stroke Diag-
nosis Making Global Prehospital Thrombolytic Treatment Possible. IEEE Trans Biomed Eng. 2014; 61:
2806-2817. https://doi.org/10.1109/TBME.2014.2330554 PMID: 24951677

McDermott B, O’Halloran M, Porter E, Santorelli A. Brain Haemorrhage Detection through SVM Classifi-
cation of Impedance Measurements. Proceedings of the 40th International Conference of the IEEE
Engineering in Medicine and Biology Society. Honolulu, Hawai’i, USA; 2018.

McDermott B, O’Halloran M, Santorelli A, McGinley B, Porter E. Classification Applied to Brain Haemor-
rhage Detection: Initial Phantom Studies using Electrical Impedance Measurements. Proceeding of the
19th International Conference on Biomedical Applications of Electrical Impedance Tomography. Edin-
burgh, Scotland; 2018. https://doi.org/10.5281/zenodo.1210247

Bonmassar G, lwaki S, Goldmakher G, Angelone LM, Belliveau JW, Lev MH. On the Measurement of
Electrical Impedance Spectroscopy (EIS) of the Human Head. Int J Bioelectromagn. 2010; 12: 32—46.
PMID: 21152370

Dowrick T, Blochet C, Holder D. In vivo bioimpedance measurement of healthy and ischaemic rat brain:
implications for stroke imaging using electrical impedance tomography. Physiol Meas. 2015; 36: 1273—
1282. https://doi.org/10.1088/0967-3334/36/6/1273 PMID: 26006171

Cristianini N, Shawe-Taylor J. An introduction to support vector machines: and other kernel-based
learning methods. Cambridge; New York: Cambridge University Press; 2000.

Conceicao RC, O’Halloran M, Glavin M, Jones E. Support Vector Machines for the Classificaion of
Early-Stage Breast Cancer Based on Radar Target Signatures. Prog Electromagn Res B. 2010; 23:
311-327. https://doi.org/10.2528/PIERB10062407

Santorelli A, Porter E, Kirshin E, Liu YJ, Popovic M. Investigation of Classifiers for Tumour Detection
with an Experimental Time-Domain Breast Screening System. Prog Electromagn Res. 2014; 144: 45—
57. https://doi.org/10.2528/PIER13110709

Golnaraghi F, Grewal PK. Pilot study: electrical impedance based tissue classification using support
vector machine classifier. IET Sci Meas Technol. 2014; 8: 579-587. https://doi.org/10.1049/iet-smt.
2013.0087

Gur D, Zheng B, Lederman D, Dhurjaty S, Sumkin J, Zuley M. A support vector machine designed to
identify breasts at high risk using multi-probe generated REIS signals: a preliminary assessment. In:
Manning DJ, Abbey CK, editors. 2010. p. 76271B. https://doi.org/10.1117/12.844452

Laufer S, Rubinsky B. Tissue Characterization With an Electrical Spectroscopy SVM Classifier. IEEE
Trans Biomed Eng. 2009; 56: 525-528. https://doi.org/10.1109/TBME.2008.2003105 PMID: 19342332

Shini MA, Laufer S, Rubinsky B. SVM for prostate cancer using electrical impedance measurements.
Physiol Meas. 2011; 32: 1373—-1387. https://doi.org/10.1088/0967-3334/32/9/002 PMID: 21775797

Schlebusch T, Nienke S, Leonhardt S, Walter M. Bladder volume estimation from electrical impedance
tomography. Physiol Meas. 2014; 35: 1813—1823. https://doi.org/10.1088/0967-3334/35/9/1813 PMID:
25139037

MATLAB 2017A [Internet]. Natick, Massachusetts, USA: The MathWorks Inc.; Available: https://uk.
mathworks.com/

Grozny. Thingiverse—Human Head [Internet]. [cited 15 Feb 2017]. Available: http://www.thingiverse.
com/thing: 172348

PLOS ONE | https://doi.org/10.1371/journal.pone.0200469  July 12,2018 25/26


http://www.ncbi.nlm.nih.gov/pubmed/21694755
https://doi.org/10.1177/1941875211408731
https://doi.org/10.1177/1941875211408731
http://www.ncbi.nlm.nih.gov/pubmed/23983849
https://doi.org/10.1602/neurorx.2.2.372
https://doi.org/10.1602/neurorx.2.2.372
http://www.ncbi.nlm.nih.gov/pubmed/15897957
https://doi.org/10.1007/s13311-010-0003-3
http://www.ncbi.nlm.nih.gov/pubmed/21274684
https://doi.org/10.1080/0309190021000059687
http://www.ncbi.nlm.nih.gov/pubmed/12775455
https://doi.org/10.1109/TBME.2017.2728323
http://www.ncbi.nlm.nih.gov/pubmed/28715324
https://doi.org/10.1109/TIM.2017.2711818
https://doi.org/10.1109/TBME.2014.2330554
http://www.ncbi.nlm.nih.gov/pubmed/24951677
https://doi.org/10.5281/zenodo.1210247
http://www.ncbi.nlm.nih.gov/pubmed/21152370
https://doi.org/10.1088/0967-3334/36/6/1273
http://www.ncbi.nlm.nih.gov/pubmed/26006171
https://doi.org/10.2528/PIERB10062407
https://doi.org/10.2528/PIER13110709
https://doi.org/10.1049/iet-smt.2013.0087
https://doi.org/10.1049/iet-smt.2013.0087
https://doi.org/10.1117/12.844452
https://doi.org/10.1109/TBME.2008.2003105
http://www.ncbi.nlm.nih.gov/pubmed/19342332
https://doi.org/10.1088/0967-3334/32/9/002
http://www.ncbi.nlm.nih.gov/pubmed/21775797
https://doi.org/10.1088/0967-3334/35/9/1813
http://www.ncbi.nlm.nih.gov/pubmed/25139037
https://uk.mathworks.com/
https://uk.mathworks.com/
http://www.thingiverse.com/thing:172348
http://www.thingiverse.com/thing:172348
https://doi.org/10.1371/journal.pone.0200469

Brain haemorrhage detection using a SVM classifier with EIT measurement frames

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Dilmen N. NIH 3D Print Exchange- Brain MRl [Internet]. [cited 15 Feb 2017]. Available: https://3dprint.
nih.gov/discover/3DPX-002739

Autodesk. Fusion 360 [Internet]. Mill Valley, CA, USA: Autodesk; Available: https://www.autodesk.com/
products/fusion-360

Bushby K, Cole T, Matthews J, Goodship J. Centiles for Adult Head Circumference. Arch Dis Child.
1992: 1286-1287. PMID: 1444530

Adler A, Lionheart WRB. Uses and abuses of EIDORS: an extensible software base for EIT. Physiol
Meas. 2006; 27: S25-S42. https://doi.org/10.1088/0967-3334/27/5/S03 PMID: 16636416

Schoeberl J. Netgen [Internet]. Vienna, Austria: Vienna University of Technology; Available: https://
ngsolve.org/

Geuzaine C, Remacle J-F. Gmsh: A 3-D finite element mesh generator with built-in pre- and post-pro-
cessing facilities. Int J Numer Methods Eng. 2009; 79: 1309-1331. https://doi.org/10.1002/nme.2579

Grychtol B, Adler A. FEM electrode refinement for electrical impedance tomography. 2013 35th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). IEEE;
2013. pp. 6429-6432. https://doi.org/10.1109/EMBC.2013.6611026

Jehl M, Avery J, Malone E, Holder D, Betcke T. Correcting electrode modelling errors in EIT on realistic
3D head models. Physiol Meas. 2015; 36: 2423-2442. https://doi.org/10.1088/0967-3334/36/12/2423
PMID: 26502162

Hemphill JC, Bonovich DC, Besmertis L, Manley GT, Johnston SC, Tuhrim S. The ICH Score: A Simple,
Reliable Grading Scale for Intracerebral Hemorrhage Editorial Comment: A Simple, Reliable Grading
Scale for Intracerebral Hemorrhage. Stroke. 2001; 32: 891-897. https://doi.org/10.1161/01.STR.32.4.
891 PMID: 11283388

McDermott BJ, McGinley B, Krukiewicz K, Divilly B, Jones M, Biggs M, et al. Stable Tissue-Mimicking
Materials and an Anatomically Realistic, Adjustable Head Phantom for Electrical Impedance Tomogra-
phy. Biomed Phys Eng Express. 2017; https://doi.org/10.1088/2057-1976/aa922d

Wi Hun, Sohal H, McEwan AL, Eung Je Woo, Tong In Oh. Multi-Frequency Electrical Impedance
Tomography System With Automatic Self-Calibration for Long-Term Monitoring. IEEE Trans Biomed
Circuits Syst. 2014; 8: 119-128. https://doi.org/10.1109/TBCAS.2013.2256785 PMID: 24681925

Swisstom EIT-Pioneer Set [Internet]. [cited 15 Nov 2017]. Available: http://www.swisstom.com/en/
products/pioneer-set

Holder D, Institute of Physics (Great Britain), editors. Electrical impedance tomography: methods, his-
tory, and applications. Bristol; Philadelphia: Institute of Physics Pub; 2005.

Gabriel C, Peyman A, Grant EH. Electrical conductivity of tissue at frequencies below 1 MHz. Phys Med
Biol. 2009; 54: 4863—4878. https://doi.org/10.1088/0031-9155/54/16/002 PMID: 19636081

EASYCAP GmBH. EasyCap EEG Recording Caps and Related Products [Internet]. [cited 15 Jan
2017]. Available: http://www.easycap.de/

Adler A, Grychtol B, Bayford R. Why is EIT so hard, and what are we doing about it? Physiol Meas.
2015; 36: 1067—1073. https://doi.org/10.1088/0967-3334/36/6/1067 PMID: 26009553

Hudson DL, Cohen ME. Neural Networks and Artificial Intelligence for Biomedical Engineering [Inter-
net]. IEEE; 1999. https://doi.org/10.1109/9780470545355

Avery J, Dowrick T, Faulkner M, Goren N, Holder D. A Versatile and Reproducible Multi-Frequency

Electrical Impedance Tomography System. Sensors. 2017; 17: 280-280. https://doi.org/10.3390/
517020280 PMID: 28146122

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


https://3dprint.nih.gov/discover/3DPX-002739
https://3dprint.nih.gov/discover/3DPX-002739
https://www.autodesk.com/products/fusion-360
https://www.autodesk.com/products/fusion-360
http://www.ncbi.nlm.nih.gov/pubmed/1444530
https://doi.org/10.1088/0967-3334/27/5/S03
http://www.ncbi.nlm.nih.gov/pubmed/16636416
https://ngsolve.org/
https://ngsolve.org/
https://doi.org/10.1002/nme.2579
https://doi.org/10.1109/EMBC.2013.6611026
https://doi.org/10.1088/0967-3334/36/12/2423
http://www.ncbi.nlm.nih.gov/pubmed/26502162
https://doi.org/10.1161/01.STR.32.4.891
https://doi.org/10.1161/01.STR.32.4.891
http://www.ncbi.nlm.nih.gov/pubmed/11283388
https://doi.org/10.1088/2057-1976/aa922d
https://doi.org/10.1109/TBCAS.2013.2256785
http://www.ncbi.nlm.nih.gov/pubmed/24681925
http://www.swisstom.com/en/products/pioneer-set
http://www.swisstom.com/en/products/pioneer-set
https://doi.org/10.1088/0031-9155/54/16/002
http://www.ncbi.nlm.nih.gov/pubmed/19636081
http://www.easycap.de/
https://doi.org/10.1088/0967-3334/36/6/1067
http://www.ncbi.nlm.nih.gov/pubmed/26009553
https://doi.org/10.1109/9780470545355
https://doi.org/10.3390/s17020280
https://doi.org/10.3390/s17020280
http://www.ncbi.nlm.nih.gov/pubmed/28146122
https://doi.org/10.1371/journal.pone.0200469

