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Abstract

Ventricular arrhythmias in Brugada syndrome (BS) typically occur at rest and especially dur-
ing sleep, suggesting that changes in the autonomic modulation may play an important role
in arrhythmogenesis. The autonomic response to exercise and subsequent recovery was
evaluated on 105 patients diagnosed with BS (twenty-four were symptomatic), by means of
a time-frequency heart rate variability (HRV) analysis, so as to propose a novel predictive
model capable of distinguishing symptomatic and asymptomatic BS populations. During
incremental exercise, symptomatic patients showed higher HF,,, values, probably related to
an increased parasympathetic modulation, with respect to asymptomatic subjects. In addi-
tion, those extracted HRYV features best distinguishing between populations were selected
using a two-step feature selection approach, so as to build a linear discriminant analysis
(LDA) classifier. The final features subset included one third of the total amount of extracted
autonomic markers, mostly acquired during incremental exercise and active recovery, thus
evidencing the relevance of these test segments in BS patients classification. The derived
predictive model showed an improved performance with respect to previous works in the
field (AUC =0.92 “0.01; Se=0.91 “0.06; Sp=0.90 “0.05). Therefore, based on these
findings, some of the analyzed HRV markers and the proposed model could be useful for
risk stratification in Brugada syndrome.

Introduction

Brugadasyndrome(BS)is aninherited diseas@resentingatypical patternon the electrocar-
diogram(ECG),characterizedby adistinct ST-segmenglevationin right precordialleads,
associatewvith ahighrisk for unexpecteguddencardiacdeath(SCD),secondaryo ventricu-
lar fibrillation (VF) in absencef anyapparentstructuralcardiopathy{1, 2]. Sinceits initial
descriptionin 1992asanewcardiacsyndrome[3], BShasraisedagreatinterestdueto its high
incidence gspeciallyn far easterrcountries,andits associatiowith suddendeathin young
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adultsand,lessrequently,in infantsandchildren.It hasbeenestimatedhat BSis responsible
for 4+12%of the totalamountof SCDandfor 20%o0f SCDin patientswith structurallynormal
heartg4, 5].

Although severamethodshavebeenevaluatedor the predictionof VF occurrencestudies
basedn thelargestlinical seriegncluding BSpatientsonly provedtwo consistenandreli-
ablepredictorsof major cardiaceventsdocumentedsymptomsand spontaneousype 1 Bru-
gada-likeECGpattern[5, 6]. Asaconsequenceisk stratificationin orderto determinethe
besttreatmentapproachor thesepatientsstill remainschallenginggspecialljor asymptom-
aticindividualswithout documentedvF episodes.

Ventriculararrhythmias(VA) in BStypicallyoccurat restandespeciallyluring sleepsug-
gestinghat parasympathetiactivity mayplayarelevantole in the arrhythmogenesisf the
diseasé¢’/, 8]. Moreover,asympatheti@autonomicdysfunctionon BSpatientshasbeen
reportedin previousworkson cardiacautonomicnervoussysten(ANS)analysidasemn
positronemissiontomography{8+11].Thus,changesn the autonomicmodulationcaptured
by heartratevariability (HRV) analysisnayprovideusefulinformation for the prediction of
VA in thesepatientsindeed the autonomicfunction hasalreadybeenstudiedin BS but most
previouslyreportedautonomicmarkersarebasedn long-termmeasurementgeingtime-
consumingandleadingto contradictoryresults[12+18].The evaluatiorof the autonomic
response&anbebettercharacterizedby stimulatingthe ANSin acontrolledandrepeatable
fashion by applyingstandardizeananeuversuchasphysicaktresdesting,pharmacological
stimulationsor the head-uptilt test.Physicakxercisénducesanincreasen sympatheti@ctiv-
ity andaparasympathetiwithdrawal,resultingin higherheartrates(HR). Converselypost-
exerciseardio-deceleratiois mediatecby aprogressiveisein vagalactivity [19], aswellasa
continuedsympathetiadecessio20]. Indeed previousworkshavereportedthe potentialof
exercisaestingto predictVA in patientssufferingfrom BS[21+25].Neverthelessyearenot
awareof anystudyhavinganalyzedhe temporalprogressiorof the autonomicresponse
under conditionsof exercisendrecoveryin this population.

In thiswork, atime-frequencyapproachwasappliedon 105BSpatientsat differentlevels
of risk (symptomaticandasymptomaticsoasto characterizéhe temporalevolutionof several
HRV featuresn responséo exerciseThen,amultivariateapproachbasedn astep-based
machinelearningmethodwasimplementedo identify thoseextractedHRYV featuredestdis-
tinguishingbetweerpopulations Basedn the hypothesighat changesn the autonomicfunc-
tion couldimprove prognosidnterpretationin BS the main objectiveof the studywasto build
amultivariateclassifielcapableof identifying patientsat high risk.

Materials and methods
Studypopulation

Thestandardl2-leadECGrecordingsfrom 118consecutivgatientsdiagnosedvith Brugada
syndromewhotook partin aphysicaktressestwerecollectedduring aprospectivemulti-
centricstudyconductedbetweer?009and2013in the Cardiologydepartmentof the Rennes
UniversityHospital(CHU deRennes)in France Participantsvereenrolledin 6 Frenchhos-
pitalslocatedin RennesSaintPierredela RAinion, Nantes BordeauxBrestandLaRochelle.
Thestudyprotocolwasapprovedoy therespectivéocal ethicscommittgesComité«d'éthique
du CHU deRennesComitdd'Ethiquedu CHU Saint-PierreComitdd'Bthiquedu CHU de
Nantes Comit8d'Ethiquedu CHU de BordeauxComitdd'Ethiquedu CHU deBrestand
Comit&d'Bthique du CentreHospitalierde LaRochelleAll patientsprovidedtheir written
informed consentbeforeparticipation.Nevertheles®nly 105recordingsmetthe quality crite-
riato beincludedin theanalysis.

PLOS ONE | https://doi.org/10.1371/journal.pone.0197367 May 15, 2018 2122


https://doi.org/10.1371/journal.pone.0197367
http://lefoulon-delalande.institut-de-france.fr/presentation-des-bourses-de-recherche
http://lefoulon-delalande.institut-de-france.fr/presentation-des-bourses-de-recherche
http://lefoulon-delalande.institut-de-france.fr/presentation-des-bourses-de-recherche

@° PLOS | ONE

Brugada syndrome classification based on autonomic response to exercise testing

Tablel. Clinical characterisics of BSpatients.

Age,

Male sex,

ICD implantation,
SCN5Amutation,

https://da.org/10.137 1§urnal.pon®197367.t001

All patients Symptomatic Asymptomatic -value
(n =105) (n=24) (n=81)

45.17 13.62 46.25 15.23 44.85 13.20 0.852
80(76.2%) 60(74.1%) 20(83.3%) 0.352
42(40%) 24(100%) 18(22.2%) < 0.001
27(35.5%) 6(31.6%) 21(36.8%) 0.680

In accordancavith the currentguidelined1, 2], BSwasdiagnosedvhenacovedST-seg-
mentelevation( 0.2mV) wasrecordedin atleastoneright precordiallead(V1 and/orV2)
locatedin the2 ,3 or4 intercostalspacein the presencer absencef sodium-channel-
blockingagent.

In orderto characterizgpopulationswith differentlevelsof risk, patientswereclassifiedas
symptomaticandasymptomaticbasedn their medicalhistory. Twenty-fourpatientspre-
senteddocumentedsymptomsof ventricularorigin: syncopg50%),cardiacarrest(41.7%),
dizzinesg12.5%)and,lessrequently palpitationsand nocturnalconvulsiong4.2%).The
remaining81 patientswereconsideredasasymptomatic.

Participantagesangedfrom 19to 74yearsold (45.17 13.62yearsold) and 76.2%were
maleslCDs hadbeenimplantedin 180f 81(22.2%)asymptomatigatientsbasedn aposi-
tive EPS(Electrophysiologicabtudy)test,whereasll symptomatigoatientshad ICDs
implanted.Among 76 patients(19weresymptomatic)in whom geneticanalysisvasper-
formed,an SCN5Amutationwasfoundin 27(35.5%).Tablel summarizesheclinical charac-
teristicsof patientsincludedin the study.

Thecardiacresponseo exercisas influencedby the complexinteractionof manyfactors
including age gender physicakonditioning,sympathetidrive, baroreceptoreflexesand
venougreturn [26]. Neverthelessinceno significantdifferencesn agegenderand
SCN5A-mutationpresencédetweersymptomaticandasymptomatigroupswerenoted
(-value>0.05),similar baselinecharacteristicsvereassumedetweerpopulations.

Data acquisition and test

Patientsunderwentatriangularexercisé¢estrecommendedy the AmericanHeart Associa-
tion [27] wherethe loadwasincreasedintil it reachedhe 80%o0f thetheoreticamaximum
heartrateof eachpatient,definedby theformula =220 [28]. Thetestwasper-
formedin acycloergometelErgoline900EgamedPiestanySlovakiapnddividedin thefol-
lowing phases:

- Exercisghase:

- Warm-up phasefor men,initial load of 50watts(W); for womeniinitial loadof 30W,
bothfor 2 minutes.

- Incrementalexercisghasefor men,initial loadof 80W for 2 minutesandthenincre-
menting20W every2 minutes;for women,initial loadof 50W increasindoad20W
every2 minutes.

- Recovenyphase:

- Activerecoveryfor men,fixedloadof 50W; for women,fixedloadof 30W, bothfor 3
minutes.
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- Passiveecoverytotal cessatiorf effort for 3 minutes.

Thestandardl2-leadECGrecordingssampledat 1000Hz from eachpatientwerecollected
andanalyzedy the centralboard(RennedJniversity Hospital).

Proposedclassificationmethodology

Fig Lillustratesthe globalmethodologyproposedn this paperin orderto differentiatesymp-
tomaticandasymptomatidSpatients.This methodologyis basedn ageneraimachinelearn-
ing approaclhbuilt from the following four main steps:

A. Featureextraction.The standardl2-leadECGsignalsacquiredduring exerciseesting
wereanalyzedo detecteachQRScomplexand extractthe RRand ECG-DerivedRespira-
tion (EDR)serief eachpatient.A time-frequency(TF) methodbaseddn the smoothed

Fig 1. Generaldiagram of the proposedclassifiation methoddogy. Dataprocessings composedf four major stepsA) Featureextractionis
focusedn the estimationof amatrix of time-frequencyHRV markers( ,with =105patientsand = 60different HRV features)usingatime-
varyingfrequencybandthat dependon the estimatednstantaneusrespiratoryrate.B) Featureconditioning consiston standardring andbalancing

,leadingto matrices and ,respectivly, where refersto the 160observéions afterclassalancig (79 symptomaic and81lasymptomat
samples)C) Featureselectionwhich startsby randomly definingpatiert subset$or training, (, 75%of patients 59symptomatt and 60
asymptomat) andtesting( , therestof patients 20symptomaic and21asymptanatic),followedby the estimationof aminimal featuredimension

< , thatmaximize<lassificatiorperformarce,usingfiltering andwrappermethodsD) Thefinal stepis dedicatedo classificathn and
performanceevaluation.

https://doi.0g/10.1371Hurnal.pon®197367.g001

PLOS ONE | https://doi.org/10.1371/journal.pone.0197367 May 15, 2018 422



@° PLOS | ONE

Brugada syndrome classification based on autonomic response to exercise testing

pseudowigner-Ville distribution (SPWVD)of RRserieghat adaptdrequencybandsto

respiratoryinformation resultingfrom EDRsignalsvasappliedto estimatethe evolution

of differentspectraHRV markers Estimatedeaturesncludethe . and

— meanvaluesat differenttime periodsof the exercisg¢est.The output of this stepis

matrix , whichcontainsthe calculatedawfeatureswith = 60HRV markersfor the
= 105patientsavailableon the wholedatabase.

B. Featureconditioning.In orderto handletheimpactof markersmeasuredt different
scalesall featureof  werestandardizedieadingto matrix . Then,in orderto reduce
the effectof imbalancedclasse$5syntheticsymptomaticpatientsweregenerate@nd
includedin theanalysidy aclasdalancingapproachresultingin matrix ~ ,with =
1600bservations.

C. FeatureselectionAfter balancingall standardizedHRYV features, wasdividedin a
trainingsubset ( =119,75%randomlyselectegbatients)andtheremainingtesting
subset (  =41).Then,atwo-stepfeatureselectiorprocessncluding afilter anda
wrappermethodwasappliedin orderto capturethe mostrelevantHRYV featuresin Fig
1C, and indicatethe standardizedraining subset&eptafterapplyingdfilter ( =

45)andwrapper( = 22)methodsrespectivelyBasednthe  selectedeaturesafter
training, anewstandardizedestingsubset  wasdefined.

D. Classificationln thefinal step,alineardiscriminantanalysislassifiewasappliedto
bothtraining andtestingsubsetsto distinguishsymptomatic/s.asymptomatigatients.
After training theclassifiewith | its performancewvasevaluatedind quantifiedbased

on

A moredetaileddescriptionof eachstepis presentedn thefollowing sections.

Featureextraction

RRseriesextraction. Fromthestandardl2-leadECGrecordingsof eachpatient,RR-
intervaland R-peakamplitudeseriesvereextractedoy usinganoise-robustvavelet-based
algorithmfor QRScomplexdetectionand subsequenR-pealocation[29]. After performing
manualcorrectionswhennecessaryg cubic-splineinterpolationwasappliedto RR-interval
time seriesto obtainuniformly sampleddataatarateof 4 Hz. A representativexampleof RR
seriebservediuring eachphaseof the exercisaestis shownin Fig 2.

Time-frequencyHRYV analysis. Accordingto the TaskForceon HRV [30], classicspec-
tral HRV indicesrequirestationarydatato provideaccurateestimate®f ANSmodulation.As
illustratedby anincreasingheartrate (decreasingRRseries)n proportion to exercisavork-
loadin Fig 2, giventhat signalson aphysicaktresgestaretypicallynon-stationary spectral
characteristicassociatewith HRV wereanalyzedisingatime-frequency(TF) approach.

First,in orderto removethe verylow frequencycomponentRRseriesverehigh-pasdil-
teredat0.03Hz with a4™ order Butterworthfilter appliedin both forward andbackward
directionssoasto removephasdlistortion. Then,asmoothedoseudowigner-Ville distribu-
tion (SPWVD)transformfrom the Time-Frequencyoolbox[31] wasemployedsinceit has
provedits usefulnesfor the analysiof cardiovasculasignald32].

TheWigner Ville distribution is aquadratictime-frequencymethoddefinedasthe Fourier
transformof the instantaneousutocorrelatiorfunction [33]. However sinceit is affectedoy
significantinterferenceerms,the SPWVDintroducesasmoothingkernelfunction C(, ),
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Fig 2. Represetative exampleof RR series Exercigtestingwasdividedin four phasesvarm-up,incrementl exerciseactiverecoveryandpassive
recoveryHRYV time serieestimatedrom the RRsequenewereaveragedh thefollowing 1-minutewindows:both minutesof warm-up(!"1  and
2),

first 3 minutesof incremental exercis€#$1, #3$2, #$3), lastminute of exerciséeforepeakeffort (%#) 3 minutesof activerecovery( 1, 2,
3) and3minutesof passiveecovery(% 1,% 2,% 3).

https://doi.0g/10.1371Hurnal.pon®197367.g002

definedin Costaetal[34], that attenuatesnterferencesvhile maintainingasuitabletime-fre-
quencyresolution.Being  (, ) the Ambiguity FunctionoftheRRseries, (), the

SPWVDis definedas:
2 t t

...tUTA i 5 E 2pu W1t

1

")

c...tut” p uE ¥ i .2t

ZZ
.t c..tut ..tut®vtTut .3t

Kernelparametersvereadjustedo o= 0.06and = 0.03,0btainingtemporalandspectral
resolutionsof 16.7secondsind 0.033Hz, respectivelyAmongall the analyzectcombinations,
this oneledto the mostefficientinterferenceermscancellatiorfor the lowestTF filtering.

Then,HRV wasmeasuredhsthetotal powerin LFandHF bands(notedas  and ),
obtainedfrom the SPWVD:

L1 . .5t

Assumingthat sympatheti@ctivity alwaydieswithin the standardLF band,this bandwas
fixed betweerD.04and0.15Hz for thewholestresgest.However the total powerin the HF
bandcapturegparasympathetiactivity,closelyrelatedto respiratorysinusarrhythmia(RSA).
Sincerespiratoryfrequencyduring exertionis not restrictedto the classidHF band(0.15+0.4
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Hz) andcanincreasaup to 0.7Hz, HRV analysiswithin the standardfrequencybandwould
leadto unreliablemeasuresf the parasympathetiactivity.In orderto overcomethis limita-
tion, wedefinedatime-varyingHF band,basedn an estimationof the respiratoryactivity
from the ECGsignal by applyingan ECG-DerivedRespiratio EDR) method[35].

Time-varying respiratory frequencyestimation. TheappliedEDRmethodestimates
respiratoryinformation from the amplitudemodulationof R-wavepeakq36]. Cubic-spline
interpolationatarateof 4 Hz wasalsoappliedto the obtainedseriesThen,aband-pasg™
order Butterworthfilter betweerD.15and0.7Hz wasappliedin both forward andbackward
directionsto removefrequenciesut of therespiratoryrange. The sameSPWYVDtransform
usedfor RRseriesvasthenappliedto EDRfiltered signalgo estimatehe instantaneousespi-
ratory frequency.

Thesimplestestimationmethodconsistsn finding thefrequencypresentinghe largest
peakin the spectrumateachtime instant”..t.Howeverjn orderto avoidspuriouspeakdetec-
tions, for eachtime instant , the searchintervalwaslimited to frequenciebetweer? Hz,
centerecaroundareferencdrequency ( g):[ (& , (g *+ ] Thisreferencdrequency
wasdefinedasan exponentiabverag®f previousestimates:

oF b gt 1 bt T .6t

where istheforgettingfactor.Asin [37], avalueof =0.7wasusedbasedn realrespiratory
patternsduring exercisaestingand = 0.01sincerespiratoryfrequencyvariationsarenot
supposedo befasterthan 0.01Hz per0.25s.Moreover to reducetherisk of spuriousfre-
guencydetectionsn theinitialization of the referencdrequencythefirst instantaneousespi-
ratory frequency ( o) wasselectedvithin thestandardHF band(0.15 0.4Hz).

Oncethe estimatedespiratoryfrequencyseries () wasobtained thetime-varyingHF
bandfor HRV analysisvasdefinedas () =[ () 0.125, () +0.125]Hz, with covering
thewholetest.

Final HRV featuresextraction. Unlike classi@utonomicindices,SPWVDleadgo time-
frequencyHRYV estimateshat areindeedtime serieghat varyduring the exerciseesting.
Thesemarkersaccountingfor the sympathetiand parasympathetimfluencesof the ANSon
heartrate,werenormalizedandexpressedspercentagesf thetotal power('%), definedas
thesumof both spectrabands('%() = () + ()), leadingtothetimeseries () and

0O

R .t
T %1 100 e
- 1
) % T 100 .81
Fromthis definition of normalization,it shouldbenotedthat () =100 () and,

thus,statisticaresultsfor both time seriesareidentical.— .. fwasalsocalculatedrom dividing

() by (), soastoobtaintheglobalsympathovagdialance.
Finally,all HRV estimatesvereaveragedn temporalnon-overlappedvindowsof 1 minute

for eachpatient,leadingto (,” (,” (,~ C and—, whichstandfor eachtime seriesntra-
patientmeanfor thefollowingtime periods:(2 {"1, "2, #3$1,#$2,#$3,%#, 1, 2,

3, % 1,% 2,% 3}. Sinceeachtestdifferedin theincrementalexerciseohaseduration and
theshortestasdastedesghan5 minutes,in orderto comparethe sametime periodsbetween
groupsof patientsonly thefirst 3 minutesof incrementalexertion(#$1, #$2 and#$3), as
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wellasthe lastminute beforepeakeffort (%#) wereassesseth addition,the entirewarm-up
("1 and!"2) andbothactive( 1, 2 and 3) andpassiveecovery(% 1,% 2and

% 3) phasesverecomparedbetweersymptomaticand asymptomatigatientsFig 2 displays
theanalyzederiodsalongthe differentphase®f the exercis¢eston arepresentativexample
of RR-intervalseriesindicatingthe peakeffortinstant.

From eachHRYV series12intra-patient1-minute meanswverecalculatedleadingto 60fea-
turesper patientthat, afterbeingcomparedbetweerpopulationswereincludedin the multi-
variateclassificatiorapproachdescribecherein.Datain S1TableincludetheresultingHRV
featuredor thewholeclinical series.

Althoughthe autonomicresponseo exercisesignificantlydependn testconditions[38],
sinceno statisticallysignificantdifferencesn workloadat peakeffort wereobservedetween
populations(symptomatic175.4 56.6W; asymptomatic175.1 55.3W; -value:0.957),
similar exerciséntensitiesin both groupsof patientswereassumed.

Statisticalcomparison. Comparisondetweersymptomaticandasymptomatigatients
ateachanalyzedninute of the physicalktresgestwereevaluatedy Mann-Whitney U non-
parametrictestsin orderto comparethe lastminute of exertionandrecoveryall patientshad
to besynchronizedwvith respecto the peakeffortinstant. Theanalysisvasmadeusingthe
commerciallyavailablesoftwareMatLab(Mathworksinc., Ml, USA)andsettingthe levelof
significanceat < 0.05.

Featureconditioning

All featuresextractedrom HRV analysisvereconsideredascandidategor the construction
of amodelclassifyingsymptomaticandasymptomatidSpatients Theinitial featuresubset
wascomposedf = 105o0bservationg24symptomaticand8lasymptomati@atients)oy
= 60featureq5 HRV markersfor 12analyzedninutesof test).
In orderto equalizehe contribution of all featurego multivariateanalysiseachraw HRV
marker for eachpatient(wasstandardizedsfollows:

(. m
s

(~

: ..ot

where) isthemeanand* the standarddeviationof aspecificfeature , takinginto account
thedatafrom all patients(=1, , . Thenewstandardizedlatasets definedin matrix

Then,to attenuategheimpactof imbalancedlassesyntheticsymptomaticsamplesvere
generatedy applyingthe ADASYNapproach39]. Sincethis methodrandomlychooses
examplegrom the minority clasdo generatenewsamplesthe algorithmwasapplied50times
andthe meanfrom all realizationsvaskeptasthefinal balancedlataset ,where =160
observationsrig 3illustratesthe featureconditioning process.

Featureselection

To reducethe numberof attributesincludedin the modelsoasto decreasés computational
cost,weappliedatwo-stepfeatureselectiorapproachthatidentified the mostrelevantfeatures
in distinguishingbetweersymptomaticand asymptomatigatients As previouslymentioned,
Fig 1 specifieshe methodologyfollowedfor featureextractionandposteriorfeatureselection,
only appliedto arandomlyselectedampleof 75%o0f the featuredatabasé :training sub-
set).Theremaining25%( :testingsubsetwasthenusedfor modelvalidation.
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Fig 3. Featureconditioning. Therawfeaturedataseextractedrom HRV analysis isstandardzed,leadingto . Then,aclassalancingnethodis
repeateb0times,sothefinal valuefor thebalancedlataset  is obtainedasthe meanfrom all realizations.

https://doi.0g/10.1371§urnal.pon®197367.9g003

ReliefFfilter method. Thefirst stepin the featureselectiorprocessvasasimplefilter
methodbasedn the ReliefFalgorithm[40]. Sincethis approachignoresthe effectsof attri-
buteson classificationit canrapidly removesomeirrelevantandredundantfeatures.

Thealgorithmestimategeatureweights! accordingto their capabilityof distinguishing
betweerdatafrom differentclassed)eresymptomaticandasymptomatigatients basedn a
k-NearesNeighborgk-NN) approachTheextensiorof the original Reliefmethodusedin
this study,ReliefFnot only dealswith multiclassproblemsbut it is alsomorerobustwith
incompleteand noisydata.

Hence the algorithmassignsarelevanceveightrangedfrom 1 to 1to eachfeaturewith
largepositiveweightsallocatedo significantattributes However jt shouldbenotedthat,
sincethis methodis basedn ak-NN approachfeatureweightsusuallydependon &.For small
valuef & the estimateganbeunreliablefor noisydata;while for &valuescomparablevith

Fig 4. Filter feature selectionbasedon the ReliefFalgorithm. In this step the completetraining dataset  isemployedFor eachteration(,a
randomsubsetomposedf 60%of thetraining data(35symptomatt and 36 asymptanatic observabns)is defined. Theweightof all featured ¢ in
this subsets computedasthe averagedveightalong&= 10, , 19.Thisprocesss repeated0timesandthefinal weightof eachfeatureis obtainedas
themedianfrom all realizdions.Finally,the = 45mostrelevantfeaturesareselecteéind  iskeptasinput for thewrapperfeatureselectiorstep.

https://doi.0g/10.1371§urnal.pon®197367.9g004
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thenumberof observationghe algorithm canfail to find significantattributes.Thus,ReliefF
wascomputedfor &= 10, ,19and! wasdefinedasthe averagef allweights.

Moreover,sinceHRY featurevaluessignificantlyvaryoverpatients abootstraptechnique
wasapplied[41]. Thealgorithmwasrun 50timeson differentrandomlychosersubsets
including 60%of thetraining dataset  (35symptomaticand 36 asymptomatiobserva-
tions), hererepresente@ds (. Then,therelevancef eachfeaturewasobtainedasthe median
of the 50realizationsanalyzedFig 4 displayshe methodologyfollowedto select  asthe 75%
mostrelevantattributes(45bestrankedout of 60featuresthatwerekeptfor further analysis.

LDA-basedwrappermethod. Forfinal featureselectionasecondstepwasappliedon
thereducedsubsebf attributesresultingfrom the previousstagelt consistedn awrapper
algorithmwith both forward andbackwardsearcthstrategiegfloatingmethod),usingaLinear
Discriminant Analysis(LDA) classifietasablackbox. Sincethis approachs basedn classifi-
cationperformancethefinal subsets only optimizedfor this particularclassifie42].

Fig 5 representshe wrapperfeatureselectiorprocessn moredetail.Asin the previous
step,it wasrepeatedbOtimeson differentrandomlychosersubset®f training data  ¢.

Thosefeaturesaappearingnorethan times,amongthe50realizationsformedthefinal subset
. Thevalueof wasoptimized,basedn performanceametrics,soasto find the bestselec-

tion of features  leadingto thefinestclassifiedistinguishingbetweersymptomaticand
asymptomatidSpatients.

LDA-basedclassifier

After selectinghe bestsetof featuresan LDA classifie[43] wasimplementedusinga5-fold
cross-validatiorapproachin orderto reduceclassificatiorerror. Thistechniquedividesthe
entiretraining subset  into 5blockswhereeachclassifieiisfirstly trainedon 4 portionsand

thentestedonthe5 block.Thisis performedfor the 5 differentpossiblecombinationsof
blocksfor training/testingsothe outputsof eachsolutionarethenaveraged.

In addition, to estimatethe meanperformancevariability of the classifiemwhenappliedto
testingdata,5-fold cross-validatiorwasrun 10timeson differently divided subset®f training
data.Fig 6 illustratesthe stepgollowedto train andtestthe LDA classifierAs specifiedn

Fig 5. Wrapper feature selectionbasedon the floating method and an LDA classifier.Startingfrom thetraining setobtainedfrom thefilter feature

selectiorstep

, for eachiteration (,asubsetvith 75%of thedata ¢ is chosen45symptomatt andasymptomat sample)to tuneandtrain an

LDA-basecclassifierthenevaluatedvith theremaining25%of therandomsubset ¢ (15symptomatt andasymptomat). The strategyis repeated
50timesandthoseattributesappearingnorethan timesamongall realizationsarekeptfor thefinal featuresubset

https://doi.0g/10.1371§urnal.pon®197367.9g005
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Fig 6. Schemdor LDA classifiertraining and testing, basedon a5-fold cross-véidation strategy After featureextraction,conditioningand
selectiona5-fold cross-validtion wasrun 10timesin orderto assesthe classifieperformarce,tunedusingthetraining subset ~ andevaluatedn

thetestingsubset

https://doi.0g/10.137 1§urnal.pon®197367.9006

previoussectionsy5%ofthedata  wereusedfor training, andtheremaining25%  for
testing.

Performanceevaluation

Model performanceevaluationvasbasedn the resultingconfusionmatrix, which specifies
thenumberof true positiveq'%), true negativeg' ), falsepositiveq %) andfalsenegatives
(), whencomparingtrue and predictedlabelsand consideringsymptomatigpatientsas
positives.

First,the AUC or areaunderthe ROC(ReceiveperatingCharacteristicturvewascom-
putedto quantifythe classifieperformanceThis measurevasalsoassessed orderto opti-
mizethethreshold thatledto the bestperformingclassifieafterwrapperfeatureselection.

Moreover classicasensitivity(+ ='%/('% + )) andspecificity(+ ="/( + %))
measuresassociatedvith the optimal operatingpoint in the ROCcurve werecalculatedo
quantifythe classifieicapabilityof correctlydetectingsymptomaticandasymptomatic
patientsrespectively.

Results
Single-patientrepresentation

Giventhatall patientspresentedimilartendenciesn RRandHRYV seriesthefollowing repre-
sentativeexampldllustrateschangesnducedby exercisegestingon thosetime seriesnvolved
in HRV featuresextraction.

Theupperpanelof Fig 7 displaysan exampleof EDRseriesBelow the SPWVDspectral
powerof respirationis shown,alongwith its estimatednstantaneousespiratoryfrequency

(), representeavith adashededline. Notethat, in this exampleasthe patientapproaches
the peakeffort (dashedverticalline), respiratoryfrequencyexceedshe standardHF band
upperlimit of 0.4Hz.

Basedn thisrespiratoryinformation, the time-varyingpatient-specifitiF bandwasiden-
tified. Fig 8 displayghe RRseriesandits associatePWVDspectrapowerfor the same
patient,wherethe LF andrespiration-centere¢iF bandsarerepresentedh dashedvhitelines
(secondbanel).

Although certainstationaritycanbeobservediuring thefirst two minutescorresponding
to thewarm-upphasethe RRseriedisplaysa significantnon-stationarityrepresentedby a
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Fig 7. Represetative exampleof respiration information . Theupperpanelrepresentanexampleof EDRseriescalculate from the R-wavepeak
amplitudesof a specificpatient. The SPWVDspectrapowerassociated displayedn the seconcpanel,alongwith theinstantaneousespiratory
frequency () estimatedrom acorrectedversionof the frequencis presentinghe maximum spectrapowersat eachtime instant(dashededline).
Verticaldashedinesindicatepeakeffort beforerecovery.

https://doi.0g/10.1371§urnal.pon®197367.9g007

progressivelecreaseuring incrementalexercisendacontinuousincreaseatrecoveryAs
previouslyreportedby [44], the cardiovascularesponsgroperlybalancedhe performed
physicalctivity intensity.Moreover it shouldbenotedthe non-negligiblepowercenteredn
the HF bandasaresultof respiration.SinceHF exceed¢he standardband,the useof classic
spectralimits would haveledto unreliablemeasuresf the parasympathetiactivityin this
patient.

Thethird panelshowsthetime series () and () extractedrom TF analysisthennor-
malizedandexpressedspercentagesf thetotal power.Finally,thelastpaneldisplayshe

obtained () serieswherethe 1-minutewindow to calculatehe meanvalueof dur-
ing thefirst minute of activerecovery( ! ) isindicated.Theresultsshowa progressive
increasen () during exerciseaswellasadecreasatrecoveryAlthoughnot represented

in Fig 8,dueto thenormalizationstepappliedto () and (), thecomplementaneffect
wasobservedor ().

Inter-group comparison

HRV featuresxtractedduring exerciseandrecoverywerecomparedetweersymptomatic
andasymptomati@atients Apart from warm-upandrecoveryphasessinceexercisaluration
washighly variableamongsubjectsonly thefirst 3 minutesandthelastminute of incremental
exertionwereanalyzed.

During the secondminute of incrementalexercisestatisticallysignificantdifferencesvere
foundin meannormalizedHF (  #¥2, =0.041)andthusin  #¥2. Symptomatigatients

showedanincreased ,andareduced ,in thistime periodwith respecto
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Fig 8. Represetative exampleof heart rate informatio n. From the RRseriesthe normalizedSPWVDspectrapoweris calculatedDashedvhitelines
in thesecondpanelindicateLF andHF bandsIn thethird panel thetotal powerin LF (bluedashedine) andHF (blacksolidline) bandsateachtime
instantarerepresentd. Then,anexampleof normalizedtime serieq ) accountdor the parasymptheticcontribution alongthe exerciséest.A
verticaldashedine in all panelgefersto the peakeffortinstant.In thelastpanel thetime periodusedto calculate ! isindicated.

https://doi.0g/10.1371§urnal.pon®197367.9g008

asymptomatigatients However no significantdifferencebetweergroupswerenotedafter
exertion,during activeor passiveecovery.

Table2 summarizeshe mean standarddeviationandassociatedvaluesfor ~ ,  ,
~ and— obtainedduring thewarm-upphasethefirst 3 minutesof incrementalexercise
andthelastminute beforepeakeffort.

Classification

After featureconditioning, featureselectionwasperformedby a two-stepapproachFilter
selectiorwasfollowedby therepeatedapplicationof awrappermethodto the selectedea-
tures.Thefinal subsetontainedthosefeaturesappearingnorethanaspecificnumberof
times amongrealizationspptimizedbasedn the performancemetric . Fig9displays
themeanandstandarddeviationofthe "  associatedith eachvalueof .

Basedn theseresultsthefinal classifieplacedthethresholdat = 18,whereamaximum
" usingthe minimum numberof featuresvasfound. Whenonly thoseparameters
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Table2.Mean standarddeviation, for symptomaic and asymptorratic patients,and associted -values of HRV markersduring exercise.

Warm-up Incremental exercig
Minute 1 Minute 2 Minute 1 Minute 2 Minute 3 Lastminute
~ [ms¥Hz]
+, , (- 2245.6 4®3.2 1749.2 232.6 738.95 80184 228.933@.24 129.69 19910 10.39 2869
, , (- 1392.7 1®5.4 1202.4 133.0 635.19 68542 442.88 7R.15 250.03 50918 35.90 205.D
0.746 0.298 0.985 0.161 0.113 0.894
%]
+, , (- 75.08 18.08 76.21 16.97 70.48 1758 65.82 17.97 65.46 17.98 49.68 2109
, , (- 77.98 11.56 77.9511.33 78.09 1130 74.45 12.56 71.55 13.86 52.04 2067
0.918 0.852 0.062 0.041 0.173 0.728
~ [ms*Hz]
+, , (- 1343.1 489.3 421.62 77960 227.66 49188 209.78 78.12 144.06 50970 41.44175.B
, , (- 399.37 82.57 309.40 40134 180.57 36629 133.22 22.49 71.84 124 .47 11.23 4485
0.499 0.519 0.221 0.804 0.728 0.781
L
+, . (- 24.92 18.94 23.80 16.97 29.52 1758 34.18 17.97 34.5417.98 50.32 2109
, , (- 22.02 11.56 22.0511.33 21.91 1130 25.5512.56 28.45 13.86 47.96 2067
0.918 0.852 0.062 0.041 0.173 0.728
" = [unitless]
+, , (- 7.96 8.11 8.789.38 6.87 9.43 3.753.61 3.092.33 1.711.73
, , (- 5.894.11 5.905.72 6.005.29 4.90 3.91 4.112.87 4.32 2153
0.816 0.763 0.157 0.053 0.122 0.661

< 0.05Mann-WhitneyU test.

https://da.org/10.137 1§urnal.pon®197367.t002

Fig 9. Meanand standarddeviation of for eachvalueof . Performarteevaluatio with featuresappearingnorethan times.

https://doi.0g/10.1371§urnal.pon®197367.9g009
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Table3. Selectedeaturesfrom wrappermethod.

1 2 3 4 5 6 7 8 9 10 11
1 T #s3 T %R 1 3 %1 2 ST a2 #53 3
12 13 14 15 16 17 18 19 20 21 22
T %2 %3 T %R 3 T %2 %3 #$3 %k 1 2 3

https://da.org/10.1371§urnal.pon®197367.t003

Fig 10. ROC curvesand associated
morethan 18timesarekept.

appearingnorethan 18timeswerekept,the final subsetontained22 featureglistedin

Table3),leadingtoan” =0.92 0.01+ =0.91 0.06and+ =0.90 0.05.

Fig 10displaysghe meanROCcurvesesultingfrom each5-fold cross-validationaswell as

theglobalROCcurveandits optimal operatingpoint, for the proposedclassifier.

valuesfor

=18.MeanROCcurvedor eachcross-validaon andglobalROC,whenfeaturesappearing

https://doi.0g/10.1371§urnal.pon®197367.9g010
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Discussion

In this study,the autonomicresponséo exercisdestingwasanalyzedn 105BSpatients.
Although manypreviousstudieshavealreadyassessettie autonomicfunctionin BS,only a
fewhaveexploitedthe potentialof exertionto predictcardiaceventd22+25].Moreover,since
symptomshavebeenrelatedto VF occurrenceon this population[5, 6], our aim wasto com-
pare,accordingto symptomaticstatusthetime-varyingHRV changesnducedby effortand
subsequentecoveryTo our knowledgethis work presentghefirst time-frequencyHRV
analysisinderconditionsof physicalactivityin BS.Furthermore dueto the complexityof
distinguishingbetweersymptomaticand asymptomatigatientsby meansof univariateanaly-
sesamultivariateclassifiebasedn the combinationof the extractedHRYV featuresvas
proposed.

Mostreportedapproacheassessinthe autonomicresponsef BSpatientsarebasedn
measurementebtainedfrom 24-hourrecordingsthat leadto controversiakonclusionsin a
clinical seriesf 17 patientswith BS,of whom 10wereasymptomatisubjectavith Brugada
ECG,and45controls,Krittayaphongetal [12] concludedthat BSpatientspresentedlower
HRV andalowervagaltoneatnight comparedo controls,aswell aslowerdiurnal andhigher
overnightheartratescomparedo asymptomatisubjectsandcontrols.Likewise Hermida
etal[13] reportedasignificantlylowerHRYV atnightin 21symptomaticwith respecto 26
asymptomatidBSpatients Pierreetal [14] alsoassertedh aclinical seriesof 46 BSpatients
and46controlsthat HRV in thefirst groupwassignificantlylowerwith respecto healthysub-
jects.Tokuyamaetal [15] resultsshoweda significantlylower HRV in BSpatientswhenana-
lyzingaserieof 12symptomatic,17asymptomati@and 16 healthyindividuals.Theresults
alsoreflectedasignificantreductionin both sympatheti@and parasympathetitonesin BS
patients aswellasadecreasedircadianvariationof the autonomicfunction over24hours,
with respecto controls.Kostopoulouetal [17] examinedautonomicdisordersin 20patients
with BSand20age-matchedontrols.In thatcaseHRV analysiglid not revealanysignificant
differencebetweergroups but a high susceptibilityto vasovagatyncopavasobservedn BS
patients possiblybeinga disease-relatesymptom.Nakazawatal [18] analyzedusinga
24-hourcontinuousECGmonitoring, the autonomicpropertiesof 27 BSpatients(10 of them
hadahistoryof VF and 17did not) andof 26 healthysubjectsfinding highervagaland
reducedsympathetidonesin symptomaticBSpatients Likewisejn arecentwork from our
groupwherethe 24-hourHolter recordingsfrom 118BSpatientswereanalyzedsymptomatic
subjectshowedanincreasegarasympathetiactivity during both daytimeand nighttime
[16]

Subramaniaretal [23] provedthe usefulnessf someelectrocardiographimarkers
extractedduring exercisdestingfor risk stratificationin BS.Moreover,our grouphasrecently
reportedsignificantdifferencesn heartratecomplexitybetweersymptomaticandasymptom-
atic patientsduring periodsof recoveryafterexertion[24]. Neverthelesgimin etal [22] pub-
lishedthefirst work measuringhe autonomicfunction of 50 BSpatientsand 35 controls
during exercisefinding ahigherparasympatheticeactivationduring earlyrecoveryin
patientswith prior VF eventsLikewise Makimoto etal [21] analyzedhe autonomicfunction
of 93BSpatientsand102controlsduring recoveryfrom treadmill exerciseesting.Theystud-
ied parasympatheticeactivationby computingthe Heart RateRecovenfHRR) afterpeak
exercisegoncludingthatahighervagalactivity wasrelatedto the occurrenceof cardiacevents
in BS.

In our study,asillustratedin Fig 8, all patientsdisplayeda progressivéncreasen themean
normalizedHF () during incrementalexerciseaswellasan  decreasatrecovery.
Althoughdataon direct sympathetimerverecordingandplasmacatecholamines
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measurementbavereportedthatadecrease@arasympathetiandanincreasedgympathetic
activity playamajorrole in theautonomicresponseo exercisemanystudieson cardiacauto-
nomic function basen HRV analysidavefailedto representhis responsegvenin healthy
subjectg38].Indeedthe  componentdoesnot provideanindexof sympathetidonebut
ratherreflectsacomplexinterplayamongmanyfactorsincluding the sympatheti@and para-
sympatheticontributionsto ANS.Similarly,justasparasympathetioeuralactivity influences

valuessympatheti@ctivationalsomodulategshe ~ componen{45]. Moreover,sincean
increasingpowercanbenotedatthe HF bandcentercorrespondingo the respiratoryfre-
guency(secondbanelin Fig 8), thegradualincreasebservedn = during incremental
exercisenaybesignificantlyinfluencedby respiration.Thus, and indicesshouldnot be
analyzedsaccurataepresentationsf, respectivelythe sympathetiand parasympathetic
tones.Theyshouldbeinterpretedasestimate®f the autonomicfunction that maycapturerel-
evanttendenciesn HR modulation,potentiallyusefulfor the detectionof differencedetween
BSpatientsat differentlevelsof risk.

Accordingto theinter-group comparisonof HRV markers statisticallysignificantdiffer-
encesvereobservediuring the secondminute of incrementalexercisen =, andthus™
betweergroups.Sinceno significantdifferencesverefound in termsof spectrapoweratthe
respiratoryfrequency, differencedetweermopulationsmight mostlybedueto vagal
activity. Thus,aspreviouslyreported[15, 16,18], symptomatigpatientsseento experiencen
increasegarasympathetimodulationwith respecto asymptomatigatients supportingthe
ideathat highervagalresponsesouldberelatedto aworseprognosisn BS.Theseesultsmay
beexplainedby the dysfunctionon presynapticorepinephring(NE) recyclingandthe reduc-
tion in the concentrationof NE atthe synapticcleftfound on previousworksbasedn posi-
tron emissiontomographyon BSpatients[8+11].

Thelackof significantresultsin univariateanalysigevealghe difficulty of distinguishing
betweersymptomaticand asymptomatigroups.Therefore amultivariateapproachollowing
astep-basedachinelearningmethodwasdesignedn orderto improveclassificatiorperfor-
mance Theproposedsolutionsignificantlyreducedthe final subsebf featuresncludedin the
predictiveLDA-basednodelto onethird of thetotalamountof HRV featuresleadingto a
mean"  of 92.1%First,afilter featureselectiormethoddiscardedheleastrelevantand
mostredundantfeaturesholding the 75%of theinitial featuresubsetto whichthe LDA-
basedvrapperalgorithmwasapplied.On the onehand,theresultsafterfiltering showthatall
autonomicmarkersduring the lastminutesof incrementalexerciseandrecoverywerekept,
evidencingherelevancef thesgestsegmentin classifyingdSpatients On the otherhand,

although  #%2 ledto significantresultsin univariateanalysisthe appliedfilter methodidenti-
fied this markerasaredundantfeatureandonly kept 2 for further analysis.

Sinceclassificatiorperformancesignificantlydependson the numberof choserfeatures
afterwrapperfeatureselectionthe algorithmwasoptimizedto obtainthebest"  usingthe
minimum numberof featuresThus,whenselectingonly thosefeaturesappearingnorethan
18timesafterwrapperapplication,anoptimal classifieicontaining22 parametersvasimple-
mented. Amongthefinal subsebf featurespnly one— markerwaskept,acquiredduring the
secondninute of activerecoveryTheremainingparametergquallybelongedo  and
or and measureskegardingestphasespnly onefeaturecamefrom the warm-up
phasq " 1)andother5markerswereacquiredduring the passiveecoverystageMost
parametersveremeasurediuring incrementalexercisendactiverecoveryand more specifi-
callyduring the lastminutesof both phases.

Recenstudieshavealsoproposedorediction modelsfor VA risk stratificationin BS
patientsusingnon-invasiveparameter$46]. However,our modeloutperformedprevious
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approachesvidencingheinterestof analyzingHRV featuresduring exerciseestingto better
understandVvF risk in this population.Indeed theresultsfrom our previousstudy,wherethe
classificatiorpotentialof thesemarkerswasalreadypresented4 7], werealsoimprovedby
enlargingthe clinical seriesunder studyandapplyingamorerobustfeatureselection
approach.

This studypresentsomerelevantimitations that shouldbenoted. Theclinical valueof
autonomicfeaturescanonly beprovedif acloserelationshipbetweerHRV markersandven-
tricular eventds establishedSinceno VF wasinducedduring thetest,HRV variationsin
symptomatigpatientscannotbedirectly relatedto this phenomenonMoreover,asynthetic
oversamplingapproachwasappliedin orderto overcomecomplicationgound whenlearning
from imbalanceddatasetsThus,the obtainedresultsshouldbevalidatedby enlargingthe
studiedpopulation.Finally,sincesomeasymptomatigatientsmaydevelopsymptomsin the
future andthuspresentigh-risk patternsduring the analyzedecordingsamore suitable
clinicaldatabaséor risk stratificationshouldincludefollow-up information. Thereby auto-
nomic changegould havebeenrelatedto the probability of developingsymptomsratherthan
to theidentification of ahigh-risk group havingalreadysufferedhesesymptoms.

Nonethelesgreviousstudieshaveshownthe needof newautonomicmarkerswith higher
predictivevaluessuchasthoseherepresentedio betterstratifyrisk in patientssufferingfrom
Brugadasyndrome Accordingto internationalguidelineq1], ICD implantationis recom-
mendedin BSpatientsbeingsurvivorsof a cardiacarrestand/or havingdocumentedsponta-
neoussustainedsentriculartachycardiagclasd) andcanbeusefulin patientswith a
spontaneousliagnostidype 1 Brugada-likeECGpatternhavingahistory of syncopecaused
by ventriculararrhythmias(clasdla). However the decisionof implantinganICD on asymp-
tomaticsubjectgs still contentious evenif theyrepresentroundthe 60%of diagnosed
patients.Thus,the proposedmnodelis presentedisa potentialinstrumentto betteridentify
thoseasymptomatidSpatientsat high risk who maybenefitfrom anICD implantation.
Moreover,the proposednodelmight alsobe usedfor processingiRV dataacquiredfrom
ICDs on implantedBSpatients,jn orderto control their risk of VF occurrenceduring follow-

up.

Conclusions

In this study,the autonomicfunction of 105BSpatientswho underwenta standardizeghysi-
calstresdestwasanalyzedoasto characterizeaymptomaticand asymptomatigopulations.
Basedn the hypothesighat changesn the ANSinducedby exercisaestingcouldimprove
prognosisnterpretation,aclassifiercapableof identifying patientsat high risk wasthen

designed.
First,the extractedime-varyingHRV featuresverecomparecbetweerpopulations Statis-
tically significantdifferencesverefoundin and during incrementalexercisesug-

gestinghat symptomatigpatientsseento experiencanincreased/agafunction with respect
to asymptomatidSpatients.

Then,apredictivemodelbasedn atwo-stepfeatureselectiorstrategyidentified the most
discriminantHRYV featuredo distinguishsymptomaticandasymptomatigatients Despite
thedifficulty in finding differencedetweerthesepopulationsclassificatiorresultsshowthe
potentialof autonomicmarkerswhenidentifying symptomsn BS.

Althoughthe presentstudypresentsomelimitations andis basedn arelativelysmallpop-
ulation of BSpatientstheresultsindicateimportant trendsof clinical relevancehat couldbe
usefulfor risk stratificationin asymptomatigatientsfor whomthe decisionto implantacar-
dioverterdefibrillator is complexand controversial.
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Supporting information

Si1Table.HRV markersresulting from feature extraction. Estimatedieaturesncludethe

, o and— meanvaluesat differenttime periodsof the exerciseest,leadingto
60HRYV featuredor the 105BSpatientsunder study.
(XLSX)
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