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ABSTRACT

Adatasetof438calciumtransientsignalsmeasuredfrominducedpluripotentstemcellderived
cardiomyocyteswascollectedtoanalyzeandseparateabnormalsignalscorrespondingtoaberrant
cardiomyocytesfromnormalsignalscorrespondingtonormallydevelopedcells.Afterthecalcium
transientpeakdetection,theauthorscomputedpeakvariablevalues.Eachsignalpeakwasdetermined
tobeeithernormalorabnormal.Thepeakvariableswereusedformachinelearningalgorithmsto
classifyentirecalciumtransientsignalsintonormalorabnormaltypes.Theauthorsevaluatedthe
classificationpowerof10variables toseparatenormalsignals fromabnormalones.Thisarticle
obtainedclassificationaccuraciesofupto85-95%,around5%betterthantheresultsinthepreliminary
research.Thecorrectnessoftheclassificationofthesignalswasinferredeitherbyabiotechnology
expertorbyanalgorithm.Thenewresultsarepromisingforthecontinuityofthisareaofstudyin
identifyingaberrantcalciumtransients.
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INTRODUCTION

Calciumcyclingreferstothereleaseandreuptakeofintracellularcalcium,anditisthecentralregulator
ofcardiaccontractionandrelaxation.Cardiaccontractilityisdeterminedbytheamplitudeandkinetics
ofcalciumcyclingandthereforeithasagreatimpactonthefunctionalityofcardiomyocytes.Itis
initiatedbyactionpotential,andleadstotheexcitation-contractioncouplingofthecardiomyocytes
(Marks, 2013). Aberrant calcium cycling due to cardiac diseases or different drugs can lead to
abnormalcalciumtransients,whichcancauseimpairedcontractilityandfatalcardiacarrhythmias.
Itisthereforeimportanttounderstandandanalyzecellularcalciumcycling.

Calciumimagingofcardiomyocytesisamethodformonitoringcalciumcyclingactivityin vitro.
Inrecentyears,thecalciumcyclingfunctionalityofcardiomyocyteshasbeenstudiedwidelywith
inducedpluripotentstemcell(iPSC)(Marks,2013)-derivedcardiomyocytes.Typically,thecells
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aregeneratedfrompatientscarryingdifferentgeneticcardiacdisorders,andtheyofferapromising
platform for studying the pathophysiology of various disorders and drug responses in human
cells.Thesepreviousstudieshaveofferednewinsightsintodifferentcardiacdiseasesbyrevealing
substantialdefectsandabnormalitiesinthecalciumcyclingofthesecardiomyocytes,reflectingthe
cardiacphenotypeobservedinpatients(Takahashietal.,2007;Penttinenetal.,2015a;Fatimaetal.,
2011;Jungetal.,2012;Kujalaetal.,2012;Lanetal.,2013;Kiviahoetal.,2015;Ojalaetal.,2016;
Penttinenetal.,2015b).Recentlystudieddiseasesrevealingcalciumcyclingabnormalitiesinclude
catecholaminergic polymorphic ventricular tachycardia (CPVT), an exercise-induced malignant
arrhythmogenicdisorder(Penttinenetal.,2015a;Kujalaetal.,2012),longQTsyndrome1(LQT1),
anelectricdisorderoftheheartthatpredisposespatientstoarrhythmiasandsuddencardiacdeath
(Kiviahoetal.,2015),andhypertrophiccardiacmyopathy(HCM),adisorderthataffectsthestructure
ofheartmuscletissueleadingtoarrhythmiasandprogressiveheartfailure(Ojalaetal.,2016).

To accelerate the development, application, research, and innovations of stem cell-derived
cardiomyocytes,westudytheautomaticseparationofCPVT-,LQT1-,HCM-specificandcontrol(WT)
iPSC-derivedcardiomyocytesintonormalandabnormalgroupingstodistinguishaberrantcellsfrom
normallydevelopedcells.Thiscanbeimplementedbyseparatingindividualcellsaccordingtotheir
calciumcycling.Thusfar,thisseparationhasbeenperformedmanuallybybiotechnologistsormedical
laboratorypersonnel.Tograduallyenableprogressfromtheoreticalresearchtomedicalpractice,
appropriatesoftwarebasedonsignalanalysis,patternrecognition,andmachinelearningalgorithmsis
neededtoautomatizesomeoftheroutine-likebutverydemandingworkofbiotechnologicalexperts.

BACKGROUND

The study was approved by the Ethics Committee of Pirkanmaa Hospital District (R08070).
Patient-specificiPSClineswereestablishedandcharacterizedasdescribedearlier(Penttinenetal.,
2015a;Kiviahoetal.,2015;Ojalaetal.,2016;Juholaetal.,2015).ThestudiediPSClineswere
UTA.05605.CPVT,UTA.05208.CPVT,UTA.07001.CPVT,UTA.03701.CPVT,UTA.05503.CPVT,
andUTA.05404.CPVTgeneratedfromCPVTpatientscarryingcardiacryanodinereceptor(RyR2)
mutations;UTA.07801.HCMM,andUTA.06108.HCMMgeneratedfromHCMpatientscarrying
α-tropomyosin(TPM1)andmyosin-bindingproteinC(MYBPC3))mutations;UTA.00208.LQT1and
UTA.00118.LQT1generatedfromLQT1patientscarryingpotassiumvoltage-gatedchannelsubfamily
Qmember1(KCNQ1)mutations;andUTA.04602.WTgeneratedfromhealthycontrolindividuals
(Table1).IPSCsweredifferentiatedintospontaneouslybeatingcardiomyocytesanddissociatedinto
coverslipsforcalciumimagingstudies,whichwasconductedinspontaneouslybeatingFura-2AM-
loaded(Invitrogen,MolecularProbes)cardiomyocytesasdescribedearlier(Penttinenetal.,2015a;
Juholaetal.,2015).Forcalciumanalysis,regionsofinterestwereselectedforspontaneouslybeating
cells,andbackgroundnoisewassubtractedbeforefurtherprocessing.Signalswereacquiredasthe
ratiooftheemissionsat340/380nmwavelengths.

Therecognitionofapeakinacalciumtransientsignalconsistsoffindingitsbeginning,maximum,
andend.Verysmallspikeswithlowamplitudeandshortdurationareseenasnoiseandignored.If
theamplitudeofasmallspikeissmallerthanapproximately8%oftheaverageamplitudeestimate
oflargepeaksofthesignalanalyzed,suchaspikeisdefinedtobenoise,inotherwords,noactual
peak.Therecognitionofpeaksisbasedonfirstcomputingtheapproximatedfirstderivativesignal
andsecondusingappropriatethresholdsforthederivativesignalinordertorecognizethebeginning,
maximum,andendofeachpeak.Thesuitablethresholdvalueswerefoundexperimentally(Penttinen
etal.,2015b;Juholaetal.,2015;Juholaetal.,2014).
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First,thebeginningofapeakisfoundwhenthefirstderivativevaluesremaingreaterthanthe
threshold.Second,themaximum(top)isdetectedwhenthefirstderivativevaluesareclosetozero.
Third, theendof thepeakisdetectedwhentheabsolutefirstderivativevaluesdropto less than
anotherthreshold.

Peaks are recognized for further analysis in order to determine whether they are normal or
somehowdistorted,inwhichcasetheyarecalledabnormal.Thisisbasedoncomputingpeakvariables
related to durations, amplitudes, and shapes of peaks. These variable values are compared with
experimentallydeterminedthresholdvaluesorboundstodrawconclusionsastowhetherapeakis
normalorabnormal.Abnormalpeaksdifferfromnormalones.Classificationofanentirecalcium
transientsignalisexecutedonthebasisofallitsindividualpeaks:ifevenasinglepeakisfoundto
beabnormal,thewholesignalisclassifiedasabnormal.

MAIN FOCUS OF THE ARTICLE

Peak Recognition in Calcium Transient Signals
Atthebeginning,afterremoving(temporarilyduringthepeakdetection)alineartrendtypicallyexisting
inacalciumtransientsignaltwosubsetsofallsamplesofthesignalaretaken,i.e.,thegreatestvalues,
approximately15%ofall thedistributionandthenthesmallestvaluesasanothersubsetofaround
15%ofallvalues.Themeansofbothsubsetsarecomputedseparately.Thedifferenceoftheseaverage
maximumandaverageminimumisusedastheamplitudeestimateoflargeamplitudepeaksinthe
signalasfollows.Theabnormalityofapeakistrueifoneofthefollowingconditionsissatisfied.See
Figure1-4asexamples.First,ifthehighersideamplitudeofapeakinthesignalislessthan65%from
thehighersideamplitudeoftheprecedinglargepeakdefinedtobenormaloratleastlarge(greater
than50%ofthelargepeakamplitudeestimate),thecurrentpeakisdecidedtobeabnormal(Figure4,
theredmarks).However,ifthereisneitherprecedingnormalpeaknoranypreviouslargepeakorthe
currentpeakisthefirstoneinthesignal,thecurrentpeakiscomparedwith65%oftheabove-mentioned
amplitudeestimateofthelargepeaks.Ifthecurrentpeakislower,thenitismarkedtobeabnormal.
Second,iftheamplitudeofonepeaksideislowerthan86%comparedtotheamplitudeofitsotherside,
thisasymmetricpeakisdefinedtobeabnormal(Figure2-4,themagentamarks).Ifneitherthefirstnor

Table 1. Cell lines used

Cell line Diseases Mutation

UTA.05605.CPVT CPVT RyR2*–exon3deletion

UTA.05208.CPVT CPVT RyR2–P2328S

UTA.07001.CPVT CPVT RyR2–T2538R

UTA.03701.CPVT CPVT RyR2–L4115F

UTA.05503.CPVT CPVT RyR2–Q4201R

UTA.05404.CPVT CPVT RyR2–V4653F

UTA.00208.LQT1 LQT1 KCNQ1*–G589D

UTA.00118.LQT1 LQT1 KCNQ1–ivs7-2A>G

UTA.07801.HCMM HCM MYBPC3*-Gln1061X

UTA.06108.HCMM HCM MYBPC3-Gln1061X

UTA.04602.WT - -

*Cardiac ryanodine receptor (RyR2), potassium voltage-gated channel subfamily Q member 1 (KCNQ1), myosin-binding protein C (MYBPC3), 
α-tropomyosin (TPM1)
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thesecondtestdiddefineapeaktobeabnormal,thethirdonecouldstilldoitasfollows.Iftheend
locationofapeakremainedhigherthan37%ofthelargepeakamplitudeestimatecomputedfromthe
signalminimumamplitude(scaledtozero),suchapeakwouldbedefinedtobeabnormal.Allpercent
valuesgivenherewereformedexperimentallyusingthedataatourdisposal.

Inourprecedingarticleoncalcium transient signals (Juholaet al., 2015),wedescribed the
developedpeakrecognitionprocedureindetailaswellastheclassificationofindividualpeaksinto
eithernormalorabnormalclasses.Becauseweappliedmostlythesamepeakrecognitionprocedure
here(somethresholdvalueswereonlyfine-tunedalongwith theextendeddata),werefer toour
thoroughdescriptionin(Juholaetal.,2015).Inthecurrenttext,weconcentrateontheclassificationof
entirecalciumtransientsignalsinordertodevelopthisclassificationfurtherintermsoftheefficiency
ofclassificationaccuracy,inotherwords,toimprovetheseparationofnormalandabnormalcalcium
transientsignals.Wealsostudiedwhetherthepropertiesoftransientsignalsofthreedifferentdiseases
differfromeachotherinnormalandabnormalsignals.

Data and Peak Variables
The signal data were measured with two programs. The older sampled data were measured at
frequenciesofapproximately8,10,or11Hzandthenewerdataweremeasuredatafrequencyof23
Hz.Altogether,438signalsweremeasured,133withtheolderprogramand305withthenewerone.
Thedurationsofsignalsvariedfrom7.7sto24swithameanof16.0s.Thesewereshortbecause
thecalciumimagingtechniquemaydamagethecells, thustheriskofphototoxicitylimitedtheir
exposuretime.

Thenumbersofpeaksfoundbythepeakrecognitionprocedurevariedfrom1to45peaksper
signal.Theaveragenumberwas13peaks. In total, the signals contained5,681peaks.All peak
recognitionandsignalclassificationprogrammingwasimplementedwithMatlab.

Figure 1. A normal calcium transient signal: all entire peaks recognized (the beginnings and ends found are marked with a blue 
mark) from a transient signal and assessed to be normal and labeled with a green mark at the top. (The first valid peak will be 
used in Figure 5.)
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Afterthepeakrecognition,thevariablevaluesofeverypeakfoundfromthesignalwerecomputed.
Theshapesandsizesofthepeakscanvarygreatly.AfewexamplesareshowninFigure1-4.Theexact
rulestodefineapeaktobenormalorabnormalweregiveninourprecedingarticle(Juholaetal.,
2015).Itisbasedontheuseoftheapproximatedfirstderivativeofasignal:assimplified,peakminima
andmaximarecognizedwhenthefirstderivativeisclosetozerooritssignchangesfromnegativeto
positiveorviceversa.ThepeaksfoundtobenormalinFigure1and3arefairly“harmonious”and
includenogreatshapeorsizedifferencesbetweensuccessivepeaks.Inotherwords,theheightsofthe
leftandrightsidesofthesuccessivepeaksareroughlysameineverysinglepeak,whiletheleftside
durationisfrequentlyshorterthanthatoftherightside.Fortheabnormalpeaks,variousirregularities
canappearrelatingtotheforms,sizesandalsointervalsbetweenpeakscomputedfromtheirmaxima
(tops).Notethatthedescendingtrendpresentinsomecalciumtransientsignalswasremovedfrom
thesignalsinFigure1-4beforerecognizingtheirpeaks.Nevertheless,thepeakvariablevalueswere
computedaccordingtotheoriginalsignalsafterthelocalizationofpeakbeginnings,maxima,and
ends.Thetrendremovalwasperformedtemporarilyonlytoaidthepeakrecognition.

Anabnormalcalciumtransientsignal:thefirstoccurrenceasa“doublepeak”ortwoFigure2.
asymmetricpeaksaredistortedmakingthewholesignalabnormal.Thebeginningsandendsfound
aremarkedwithabluemark.Thepeaksassessedtobenormalarelabeledwithagreenmarkatthe
topandthosetobeabnormal(asasymmetric)labeledwithamagentamark.

Aftertherecognitionofthecalciumtransientpeaks,theirvariableswerecomputed.Figure5(a)
showsanexampleonthebasisofwhichthepeakvariablesusedaredescribed.Letuspresentsignal
s(t)asthefunctionoftimeandcertainlocationsfromatogwhereaisthebeginningandgtheend
ofthepeak.Sevenvariableswereearlierapplied(Juholaetal.,2015):theamplitudes(height)of
peakleftandrightsides,

A s d s a A s d s gl r� � � �( ) ( ) ( ) ( ),  and  

Figure 2.  
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Figure 3. An abnormal calcium transient signal: the first occurrence of an asymmetric peak is distorted with the peak sides of 
different heights, making the signal abnormal. All later peaks were assessed as normal.

Figure 4. An abnormal calcium transient signal: all peaks but the last complete one found were determined to be abnormal 
because they were either “triple” or “double” peaks formed by asymmetric peaks labeled with a magenta mark at the top or too 
low amplitude peaks (compared to the other). Thus, the signal was abnormal.
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Figure 5. (a) The second peak from the signal s in Figure 1 classified as normal. (b) Its approximated first derivative s´ and (c) 
second derivative s´´. The location of the beginning along with the time axis is a and the location of the end g.
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inwhichnj is thenumberofsamplesof the jthpeakin thesignal.Thetrapezoidalrulewas
employedinordertoapproximatethesurfaceareaofthedefiniteintegraldeterminedbythenonlinear
integrandsignals(t),i.e.,tocalculatenumericallythenarrowintervalspacesbetweenthesuccessive,
discretesample(amplitude)values.(Themaximumorminimumofthe2ndderivativeforthepeak
leftsidewasnotusedsincesometimesthedurationoftheleftsidewastooshort—butinacouple
ofsamplesonly—forthispurpose.Usually,thepeakleftsideisnarrowerthantherightsidesuchas
inFigure5(a).)

Data Analysis Based on Peak Variables Applied
Atfirst,weranourScatteranalysis(Juhola&Siermala,2012)toexploretheimportanceofthe10
variablesfortheseparationpowerbetweenthetwosignalclasses,i.e.,normalandabnormal.The
separationpowervalueofallthedatafrom[0,1)was0.304,whichpredictsahighopportunityto
separatethetwosignalclasses.Scatteranalysisresultsobtainedforthe10variablesappliedareshown
inTable2:thehigherthevalue,themoreimportantvariableisforclassification.

Theresultsdenotethatthethird,fourth,andtenthvariables—i.e.,thedurationsofthepeakleft
andrightsidesandtimedifferencebetweensuccessivepeaks—aremoreefficientinseparatingthe
twosignalclassesthantheothervariables.Theothersevenvariablesobtainedlowvalues,lessthan
0.1,predictingthattheyarelessimportantbutstilluseful.Peaksurfaceareawasslightlybetterthan
theotherremainingvariables.Ingeneral,novariablewashighlypredominantorveryimportantwith
ascattervalue,say,greaterthan0.2.Wehaverarelyobtainedequallyhighvaluesforotherdatasets
(Juhola&Siermala,2012).Itisinterestingthatthethreemostimportantvariablesaredirectlytime-
dependent,andthebestofallisthetimedifferenceofpeakmaximum(top)fromthatofthepreceding
peakorfromthebeginningofthesignalinthecaseofthefirstpeakinthesignal.

Classification Tests and Results
ThesignalclassificationresultsobtainedarepresentedinTables3-6.Eachtablehasthreeparts:results
forthewholedatasetof438signals,thoseseparatelyforthehighsamplingfrequencysignals,and
thoseforthelowsamplingfrequencysignals.

Thetestswerecarriedoutonthebasisofleave-one-outinwhicheverysinglesignalformedthe
testset,onebyone,andtheothersignalsformedthetrainingset.

Table 2. Results of variable importance analysis with the Scatter analysis for 10 variables

Variable Value

AmplitudeofpeakleftsideAl 0.063

AmplitudeofpeakrightsideAr 0.051

DurationofpeakleftsideDl[s] 0.133

DurationofpeakrightsideDr[s] 0.173

Maximumofthe1stderivativeofpeakleftsides´(c) 0.066

Absoluteminimumofthe1stderivativeofpeakrightsides´(e) 0.055

Maximumofthe2ndderivativeofpeakrightsides´´(f) 0.038

Absoluteminimumofthe2ndderivativeofrightsides´´(d) 0.040

SurfaceareaofpeakR 0.082

TimedifferencefromthecurrentpeaktotheprecedingoneDp[s] 0.189
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Theclassifiersimplementedincludedk-nearestneighborsearchingforoddkfrom1to13,and
linear,quadratic,andMahalanobisdiscriminantanalysis.Inaddition,supportvectormachineswere
runwithseveralkernels(Marsland,2015;Theodoridis&Koutroumbas,2003;Webb,2002).

Support vector machines (SVMs) (Cortes & Vapnik, 1995; Vapnik, 2000; Abe, 2010) are
supervisedmachinelearningmethodsthathaveshowngreatperformanceinmanyapplicationsand
havethusstabilizedtheirpositionamongresearchersandpractitioners.SVMscanbeusedtosolve
bothclassificationandregressionproblems,butinthispaperthefocusisonclassification.Fromthe
classificationperspective,SVMswereoriginallydesignedfortwo-classclassificationtasks.However,
variousmulti-classextensionshavebeendevelopedlateron,buttheseextensionsarebeyondthe
scopeofthispapersincewehaveonlyabinaryclassificationproblembetweennormalandabnormal
transientsignals.OriginalformulationoftheSVMisbasedonquadraticprogrammingoptimization.
WehaveappliedareformulationoftheoriginalSVMcalledLeast-SquaresSupportVectorMachines
(LS-SVM)inourstudy.LS-SVMwasdevelopedbySuykensetal.(1999a;2002;1999b)andthe
differencecomparedtothetraditionalSVMapproachisinthehyperplaneoptimizationandinthe
costfunction,whichisa2-normfunctionwhereasinVapnik’sSVM,thecostfunctionisaformof
1-norm.Details related tohyperplaneoptimizationcanbe found from thegiven references.The
performanceoftheSVMisdependentontwoissues:selectionofthekernelfunctionandparameter
values.Forthisstudy,weselectedsevenkernelsaltogether:thelinearandpolynomialkernelswith
degreesfrom2to6,andtheradialbasisfunctionkernel.

Eachofthekernelshasparameterstobetunedup.Forpolynomialkernels(includingthelinear
kernel), there isonlyacostparameter, called theboxconstraint,C, tobeoptimized.The radial
basis function (RBF)kernel insteadhas aboxconstraint andhyperparameterσ tobeestimated.
Forbothparameters,weselectedtheparametervaluespacetobeP={2-14,2-13,…,213,214,215}.By
thesemeans,wetestedpolynomialkernelswith30valuesandforRBFweperformedagridsearch
wherewetestedallthepairsfromtheCartesianproductP×P(900parametervaluecombinations).
Weperformedleave-one-outcross-validationforalldatasets(altogethersixdatasets)andrepeated
leave-one-outcross-validationwithtestedparametervalues.Asaselectioncriterionfortheoptimal
parametervalues,weusedaccuracy(thesumofthediagonalelementsofaconfusionmatrixdivided
bythesumofallelementsinaconfusionmatrix).

We used two approaches for determining the correct class labels for the signals. First, a
biotechnologyexpertdeterminedthemindependentlyofthepeakrecognitionalgorithmprogrammed
andclassificationmethodsimplemented.Second,theclasslabelsofthesignalswerecomputedwith
therecognitionandclassificationproceduresprogrammedfollowingtheprinciplethatasignalwas
classifiedasnormalprovidedthatallitspeakswerecomputedtobenormal—inotherwords,ifone
ormoreofitspeakswerecomputedasabnormal,theentiresignalwascomputedasabnormal.

Inthetrainingphase,thetrainingoftheclassifierwasmadesimilarlyforboththeexpert-vs.-
algorithmandalgorithm-vs.-algorithmapproach.Wetrainedourclassifierusingpeak-basedclass
labels(classlabelsforthepeaksareobtainedbythealgorithm)andthetrainingdatacorresponding
tothepeaks.Theremaybenormalandabnormalpeakswithinanindividualsignal.Whentheleave-
one-outprocedurewasdone,wepredictedclasslabelsforeachpeakinthedataset.

After the training phase, we needed to obtain a confusion matrix and, hence, to evaluate
theaccuracyandotherperformanceresults.The trainingphasewasconductedusingpeak-based
information,butourclassificationtaskisasignal-levelproblem.Thus,obtainingthefinalclassification
result was a multi-stage process (in both the expert-vs.-algorithm and algorithm-vs.-algorithm
approaches).

Expert-vs-Algorithm Approach

1. Determineapredictedclasslabelforeachsignal.Thedeterminationofthepredictedclasslabel
ofthesignalismadeaccordingtothefollowingrule:Ifnoneofthepredictedpeakclasslabels
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withinanindividualsignalisabnormal,thepredictedsignalclasslabelisnormal.Otherwise,
theclasslabelisabnormal.

2. Makeacomparisonforeachsignalbetweentheexpert-basedsignalclassandpredictedsignal
classlabel.Determineaconfusionmatrixandevaluateaccuracyandotherperformancemeasures.

Algorithm-vs-Algorithm Approach
1. Determineapredictedclasslabelforeachsignal.Thedeterminationofthepredictedclasslabel

ofanindividualsignalismadeaccordingtothefollowingrule:Ifnoneofthepredictedpeak
classlabelswithinanindividualsignalisabnormal,thepredictedclasslabelforthesignalis
normal.Otherwise,theclasslabelforthesignalisabnormal.

Table 3. Results after training with class labels (normal or abnormal) determined by the expert for all signals or their two 
subsets with classifiers of nearest neighbor searching of k in {1,3,5,7,9,11,13}, linear (LDA), quadratic (QDA), and Mahalanobis 
(Ma) discriminant analysis, where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

k=1 83 78 80 87 77 82 86 82 84

k=3 89 71 79 89 73 82 91 73 79

k=5 91 69 79 91 71 81 98 69 78

k=7 91 66 78 91 68 80 96 58 71

k=9 91 62 75 91 66 79 98 53 68

k=11 91 63 76 91 64 78 98 51 68

k=13 92 61 75 92 64 76 98 48 65

LDA 60 86 74 55 88 71 48 88 74

QDA 72 82 77 78 77 77 73 90 84

Ma 41 98 72 48 97 71 18 100 73

Table 4. Results after training with class labels (normal or abnormal) determined by the expert for all signals or their two 
subsets with support vector machine classifiers with linear, polynomial of degrees d, and radial basis function (RBF) kernels, 
where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

Linear 66 79 73 67 84 75 50 85 74

d=2 80 81 80 82 80 81 82 85 84

d=3 80 79 80 82 76 79 82 84 84

d=4 79 80 80 80 76 78 71 88 82

d=5 72 79 76 69 77 73 68 88 81

d=6 59 83 72 54 82 67 80 87 84

RBF 84 82 83 85 81 83 89 85 87
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2. Determineatrueclasslabelforeachsignalbasedonthetruepeakclasslabelsgainedbythe
algorithm.Thedeterminationofthetrueclasslabelofanindividualsignalismadeaccordingto
thefollowingrule:Ifnoneofthetruepeakclasslabelswithinanindividualsignalisabnormal,
theclasslabelforthesignalisnormal.Otherwise,theclasslabelforthesignalisabnormal.

3. Makeacomparisonforeachsignalbetweenthetruealgorithmsignalclassandpredictedalgorithm
signalclasslabel.Determineaconfusionmatrixandevaluateaccuracyandotherperformance
measures.

Tables3and4showtheclassificationresultscomputedwhenthecorrectclasslabels,normalor
abnormal,weregivenbytheexpert.Tables5and6showtheclassificationresultswhenweassumed
thatthepeakclassificationprocedurehadgiventhecorrectclasslabels,normalorabnormal.The
formerwastheexpert-vs.-algorithmandthelatterthealgorithm-vs.-itself.

Table 5. Results after training with class labels (normal or abnormal) determined by the peak recognition algorithm for all 
signals or their two subsets with classifiers of nearest neighbor searching of k in {1,3,5,7,9,11,13}, linear (LDA), quadratic 
(QDA), and Mahalanobis (Ma) discriminant analysis, where Se is sensitivity, Sp specificity, and Acc accuracy. The best 
accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

k=1 94 97 95 100 100 100 89 94 92

k=3 96 86 91 98 92 95 89 81 84

k=5 97 81 89 97 85 92 98 78 87

k=7 97 80 89 98 83 92 96 58 71

k=9 97 76 87 98 81 91 100 62 77

k=11 97 75 87 98 80 90 100 59 76

k=13 98 74 86 99 79 90 100 56 74

LDA 58 89 73 55 93 72 42 89 69

QDA 75 92 83 84 91 87 67 95 84

Ma 38 100 68 47 100 70 15 100 65

Table 6. Results after training with class labels (normal or abnormal) determined by the peak recognition algorithm for all 
signals or their two subsets with support vector machine classifiers with linear, polynomial of degrees d, and radial basis 
function (RBF) kernels, where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se[%] Sp[%] Acc[%] Se[%] Sp[%] Acc[%] Se[%] Sp[%] Acc[%]

Linear 61 89 74 65 92 77 56 81 71

d=2 85 90 87 87 91 89 82 95 90

d=3 86 93 89 90 90 90 82 94 89

d=4 85 93 89 84 92 88 82 92 88

d=5 79 92 85 76 92 83 75 89 83

d=6 65 94 79 60 92 74 69 89 81

RBF 87 94 91 90 92 91 87 95 92
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InTables3-6,sensitivityorthetruepositiverateandspecificityorthetruenegativeratewere
computedsothattheclassofthenormalwereseenaspositiveandthoseoftheabnormalasnegative.

AccordingtotheresultsinTables3-6,thedivisionofthesignalsintothetwosubsetsofthehighand
lowsamplingfrequenciesdidnotimprovethem,butthesituationvariedmethodbymethod.InTable3,
thebestclassificationmethodwasnearestneighborsearchingwithkequalto1,butinTable4thesupport
vectormachinewiththeradialbasisfunctionkernelexceededitby1–3%inaccuracy.InTables5and
6,thebestmethodwasnearestneighborsearchingwithkequalto1,andthesupportvectormachine
withtheradialbasisfunctionkernelandnearestneighborwithkequal3werethenextbest.Subjectto
sensitivityandspecificity,theformerwerebetterclassifiedbynearestneighborsearching,andthelatter
bythediscriminantanalysismethodsandmostsupportvectormachines.TheresultsinTables5and
6werebetterthanthoseinTables3and4.Thisisnatural,becausetheapproachofthealgorithm-vs.-
itselffortheresultsinTables5and6were,ofcourse,morefavorablefortheclassificationalgorithm.

Table 7. Normal signals: variable means and standard deviations of each of the diseases LQT1, HCM, and CPVT with 487, 598, 
and 710 peaks in 28, 37, and 106 signals, respectively.

Variable LQT1 HCM CPVT

AmplitudeofpeakleftsideAl 194±74 219±89 266±184

AmplitudeofpeakrightsideAr 196±74 221±90 269±184

DurationofpeakleftsideDl[s] 0.369±0.208 0.282±0.143 0.494±0.27

DurationofpeakrightsideDr[s] 0.771±0.377 0.515±0.217 0.877±0.494

Maximumofthe1stderivativeofpeakleftsides´(c) 876±436 2,268±948 1,644±1,088

Absoluteminimumofthe1stderivativeofpeakrightsides´(e) 544±209 1,111±428 897±547

Maximumofthe2ndderivativeofpeakrightsides´´(f) 1,572±955 6,701±2,962 3,578±2,470

Absoluteminimumofthe2ndderivativeofrightsides´´(d) 1,028±1,083 3,545±3,204 2,790±2971

SurfaceareaofpeakR 70.9±42.8 55.5±38.0 119.5±142.4

TimedifferencefromthecurrentpeaktotheprecedingoneDp[s] 1.215±0.775 0.838±0.481 1.567±1.045

Table 8. Abnormal signals: variable means and standard deviations of each of the diseases LQT1, HCM, and CPVT with 1,143, 
748, and 1,579 peaks in 62, 34, and 127 signals, respectively.

Variable LQT1 HCM CPVT

AmplitudeofpeakleftsideAl 160±79 168±83 212±170

AmplitudeofpeakrightsideAr 161±80 170±87 214±170

DurationofpeakleftsideDl[s] 0.335±0.216 0.216±0.145 0.309±0.202

DurationofpeakrightsideDr[s] 0.654±0.408 0.382±0.268 0.548±0.412

Maximumofthe1stderivativeofpeakleftsides´(c) 789±485 1,766±835 1,212±1,033

Absoluteminimumofthe1stderivativeofpeakrightsides´(e) 493±277 1,003±496 772±535

Maximumofthe2ndderivativeofpeakrightsides´´(f) 1,628±1,450 6,178±3,673 2,577±2,504

Absoluteminimumofthe2ndderivativeofrightsides´´(d) 1,261±1,550 2,991±2,598 1,774±2,510

SurfaceareaofpeakR 52.3±39.8 32.4±29.5 68.8±72.3

TimedifferencefromthecurrentpeaktotheprecedingoneDp[s] 1.147±0.979 0.621±0.427 0.936±0.794



International Journal of Extreme Automation and Connectivity in Healthcare
Volume 1 • Issue 2 • July-December 2019

34

Comparison Between Transient Signals of Disease-
Specific iPSC-derived Cardiomyocytes
Ourdatasetincludedcardiomyocytesassociatedwiththreediseases:LQT1,HCM,andCPVT.There
were90signalsfromLQT1,71signalsfromHCM,and233signalsfromCPVTcardiomyocytes—394
inall.Weleftout44signalsofcontrolsfromtheoriginal438signals,becausetheirnumberwasso
smallwithonly13abnormalsignals.Wewereinterestedinexploringhowtheaveragevariablevalues
obtaineddifferedamongthesignalsofthecellsforthesethreediseases.Themeansareshownin
Table7fornormalsignalsandinTable8forabnormalsignalswhentheclasslabelsweredetermined
bytheexpert.

InbothTables7and8,thedifferencesbetweenthethreediseasesareconsiderable.Forevery
variable,wecomputedunpairedttestsbetweenthethreediseases,whichgave60pairsforthethree
diseases,10variables,andtwotables.Allvariablesdifferedfairlystatisticallysignificantlybetween
alldiseasepairs(α≤0.05),andallbutthreepairsfromTable8differedverysignificantly(α≤0.001).

CONCLUSION

Theclassificationoftheentirecalciumtransientsignalswasperformedwithtwodifferentapproaches:
firstthecorrectreferenceclasslabelsofthetransientsignalsweregivenbythebiotechnologyexpert
and,second,theircorrectclasslabelsweredeterminedbasedontheresultsproducedbythepeak
recognitionandclassification.Ononehand,wemightassumethatahumanassessor isbetterat
solvingcomplicatedclassificationtasksonthebasisofextensiveexperience.Ontheotherhand,we
mightalsoseethesystematicapproachofthecomputationasbetter,sincethedecisionsofanyhuman
expertincludeslightvariationovertime.Overall,forthesakeofthesereasons,itisnotguaranteed
thattheformerapproachisalwaysthebetterapproach.Inanycase,specialsoftware—inotherwords,
efficientalgorithmsforthepresentclassificationtask—willbeneededtodeveloptechniquesforthe
analysisofmassivenumbersofiPSC-derivedcardiomyocytesinmedicallaboratoriesinthefuture.

Inthepresentresearch,weextended56%ourdatasetofcalciumtransientsignals,addedthreenew
peakvariablestoourcomputation,ranourtestsinmoreversatileways,andobtainedaround5%better
classificationaccuraciescomparedtoourprevioustests(Juholaetal.,2015).Ingeneral,ourresults
arepromisingandenablegoodopportunitiestocontinuedevelopingtheseclassificationmethodsand
alsotoextendthemtoexperimentswithiPSC-derivedcardiomyocytesexposedtodifferentdrugs.
TheresultsinTables7and8inparticulardenotethatitispossibletoeffectivelyseparatethethree
diseasesusedintheexperimentfromeachother.ThisshowsthatCPVT,LQT1,andHCMdisease-
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specificcardiomyocytesmanifest thecalciumcyclingcharacteristicsandpathophysiologyof the
specificdisease.Thiscouldalsoindicatethatitispossibletodiagnosethesediseasesbyanalyzing
onlythecalciumcyclingofdiseasedcardiomyocytes.Thisobservationisverypromisingandwejust
observedittobetrueinourrecentarticle(Juholaetal.,2018).

Inthefuture,fastandautomaticclassificationwillacceleratethedetectionofcardiomyocyte
calciumcyclingabnormalitiesuser-independently.Abnormallydevelopedcardiomyocytescanbe
foundandpossiblydroppedoutfromtheculturedcells.Thisclassificationmethodwillberequired
toanalyzein-depthcardiomyocytefunctionalitythathasbeenalteredbydifferentdisorders,andwill
providemoreinformationregardingthecalciumcyclingphenotypeinthesecells.
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