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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 HFnu values, probably related to

an increased parasympathetic modulation, with respect to asymptomatic subjects. In addi-

tion, those extracted HRV 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)isaninheriteddiseasepresentingatypicalpatternon theelectrocar-
diogram(ECG),characterizedbyadistinctST-segmentelevationin right precordialleads,
associatedwith ahigh risk for unexpectedsuddencardiacdeath(SCD),secondaryto ventricu-
lar fibrillation (VF) in absenceof anyapparentstructuralcardiopathy[1, 2]. Sinceits initial
descriptionin 1992asanewcardiacsyndrome[3], BShasraisedagreatinterestdueto its high
incidence,especiallyin far easterncountries,andits associationwith suddendeathin young
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adultsand,lessfrequently,in infantsandchildren.It hasbeenestimatedthatBSis responsible
for 4±12%of thetotalamountof SCDandfor 20%of SCDin patientswith structurallynormal
hearts[4, 5].

Althoughseveralmethodshavebeenevaluatedfor thepredictionof VF occurrence,studies
basedon thelargestclinicalseriesincludingBSpatientsonly provedtwo consistentandreli-
ablepredictorsof majorcardiacevents:documentedsymptomsandspontaneoustype1 Bru-
gada-likeECGpattern[5, 6]. Asaconsequence,risk stratificationin orderto determinethe
besttreatmentapproachfor thesepatientsstill remainschallenging,especiallyfor asymptom-
atic individualswithout documentedVF episodes.

Ventriculararrhythmias(VA) in BStypicallyoccurat restandespeciallyduring sleep,sug-
gestingthatparasympatheticactivitymayplayarelevantrole in thearrhythmogenesisof the
disease[7, 8]. Moreover,asympatheticautonomicdysfunctionon BSpatientshasbeen
reportedin previousworkson cardiacautonomicnervoussystem(ANS)analysisbasedon
positronemissiontomography[8±11].Thus,changesin theautonomicmodulationcaptured
byheartratevariability(HRV) analysismayprovideusefulinformation for thepredictionof
VA in thesepatients.Indeed,theautonomicfunction hasalreadybeenstudiedin BS,but most
previouslyreportedautonomicmarkersarebasedon long-termmeasurements,beingtime-
consumingandleadingto contradictoryresults[12±18].Theevaluationof theautonomic
responsecanbebettercharacterizedbystimulatingtheANSin acontrolledandrepeatable
fashion,byapplyingstandardizedmaneuverssuchasphysicalstresstesting,pharmacological
stimulationsor thehead-uptilt test.Physicalexerciseinducesanincreasein sympatheticactiv-
ity andaparasympatheticwithdrawal,resultingin higherheartrates(HR). Conversely,post-
exercisecardio-decelerationismediatedbyaprogressiverisein vagalactivity[19], aswellasa
continuedsympatheticrecession[20]. Indeed,previousworkshavereportedthepotentialof
exercisetestingto predictVA in patientssufferingfrom BS[21±25].Nevertheless,wearenot
awareof anystudyhavinganalyzedthetemporalprogressionof theautonomicresponse
underconditionsof exerciseandrecoveryin thispopulation.

In thiswork,atime-frequencyapproachwasappliedon 105BSpatientsatdifferentlevels
of risk (symptomaticandasymptomatic)soasto characterizethetemporalevolutionof several
HRV featuresin responseto exercise.Then,amultivariateapproachbasedon astep-based
machinelearningmethodwasimplementedto identify thoseextractedHRV featuresbestdis-
tinguishingbetweenpopulations.Basedon thehypothesisthatchangesin theautonomicfunc-
tion couldimproveprognosisinterpretationin BS,themainobjectiveof thestudywasto build
amultivariateclassifiercapableof identifyingpatientsathigh risk.

Materials and methods

Studypopulation
Thestandard12-leadECGrecordingsfrom 118consecutivepatientsdiagnosedwith Brugada
syndromewhotook part in aphysicalstresstestwerecollectedduring aprospective,multi-
centricstudyconductedbetween2009and2013in theCardiologydepartmentof theRennes
UniversityHospital(CHU deRennes),in France.Participantswereenrolledin 6 Frenchhos-
pitalslocatedin Rennes,SaintPierredelaReÂunion, Nantes,Bordeaux,BrestandLaRochelle.
Thestudyprotocolwasapprovedby therespectivelocalethicscommittees:ComiteÂd'EÂthique
du CHU deRennes,ComiteÂd'EÂthiquedu CHU Saint-Pierre,ComiteÂd'EÂthiquedu CHU de
Nantes,ComiteÂd'EÂthiquedu CHU deBordeaux,ComiteÂd'EÂthiquedu CHU deBrestand
ComiteÂd'EÂthiquedu CentreHospitalierdeLaRochelle.All patientsprovidedtheir written
informedconsentbeforeparticipation.Nevertheless,only 105recordingsmetthequalitycrite-
ria to beincludedin theanalysis.

Brugada syndrome classification based on autonomic response to exercise testing
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In accordancewith thecurrentguidelines[1, 2], BSwasdiagnosedwhenacovedST-seg-
mentelevation(� 0.2mV) wasrecordedin at leastoneright precordiallead(V1 and/orV2)
locatedin the2�� , 3�� or 4�� intercostalspace,in thepresenceor absenceof sodium-channel-
blockingagent.

In orderto characterizepopulationswith differentlevelsof risk,patientswereclassifiedas
symptomaticandasymptomatic,basedon their medicalhistory.Twenty-fourpatientspre-
senteddocumentedsymptomsof ventricularorigin: syncope(50%),cardiacarrest(41.7%),
dizziness(12.5%)and,lessfrequently,palpitationsandnocturnalconvulsions(4.2%).The
remaining81patientswereconsideredasasymptomatic.

Participantagesrangedfrom 19to 74yearsold (45.17� 13.62yearsold) and76.2%were
males.ICDshadbeenimplantedin 18of 81(22.2%)asymptomaticpatients,basedon aposi-
tiveEPS(ElectrophysiologicalStudy)test,whereasall symptomaticpatientshadICDs
implanted.Among76patients(19weresymptomatic)in whomgeneticanalysiswasper-
formed,anSCN5Amutationwasfound in 27(35.5%).Table1 summarizestheclinicalcharac-
teristicsof patientsincludedin thestudy.

Thecardiacresponseto exerciseis influencedby thecomplexinteractionof manyfactors
includingage,gender,physicalconditioning,sympatheticdrive,baroreceptorreflexesand
venousreturn [26]. Nevertheless,sinceno significantdifferencesin age,genderand
SCN5A-mutationpresencebetweensymptomaticandasymptomaticgroupswerenoted
(�-value>0.05),similarbaselinecharacteristicswereassumedbetweenpopulations.

Data acquisition and test
Patientsunderwentatriangularexercisetestrecommendedby theAmericanHeartAssocia-
tion [27] wheretheloadwasincreaseduntil it reachedthe80%of thetheoreticalmaximum
heartrateof eachpatient,definedby theformula��	 = 220� 
�� [28]. Thetestwasper-
formedin acycloergometer(Ergoline900Egamed,Piestany,Slovakia)anddividedin thefol-
lowingphases:

· Exercisephase:

· Warm-upphase:for men,initial loadof 50watts(W); for women,initial loadof 30W,
both for 2 minutes.

· Incrementalexercisephase:for men,initial loadof 80W for 2minutesandthenincre-
menting20W every2 minutes;for women,initial loadof 50W increasingload20W
every2minutes.

· Recoveryphase:

· Activerecovery:for men,fixedloadof 50W; for women,fixedloadof 30W, both for 3
minutes.

Table1.Clinical characteristicsof BSpatients.

All patients
(n = 105)

Symptomatic
(n = 24)

Asymptomatic
(n = 81)

�-value

Age,
�
�� ��� 45.17� 13.62 46.25� 15.23 44.85� 13.20 0.852

Malesex,� ��� 80(76.2%) 60(74.1%) 20(83.3%) 0.352

ICD implantation, � ��� 42(40%) 24(100%) 18(22.2%) < 0.001

SCN5Amutation, � ��� 27(35.5%) 6 (31.6%) 21(36.8%) 0.680

https://doi.org/10.1371/journal.pone.0197367.t001
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· Passiverecovery:total cessationof effort for 3 minutes.

Thestandard12-leadECGrecordingssampledat1000Hz from eachpatientwerecollected
andanalyzedby thecentralboard(RennesUniversityHospital).

Proposedclassificationmethodology
Fig1 illustratestheglobalmethodologyproposedin thispaperin orderto differentiatesymp-
tomaticandasymptomaticBSpatients.Thismethodologyisbasedon ageneralmachinelearn-
ing approachbuilt from thefollowing four mainsteps:

A. Featureextraction.Thestandard12-leadECGsignalsacquiredduring exercisetesting
wereanalyzedto detecteachQRScomplexandextracttheRRandECG-DerivedRespira-
tion (EDR)seriesof eachpatient.A time-frequency(TF) methodbasedon thesmoothed

Fig 1. Generaldiagramof the proposedclassification methodology.Dataprocessingiscomposedof four majorsteps.A) Featureextractionis
focusedon theestimationof amatrix of time-frequencyHRV markers(	 �

� , with � = 105patientsand� = 60different HRV features),usingatime-
varyingfrequencybandthatdependson theestimatedinstantaneousrespiratoryrate.B)Featureconditioningconsistson standardizingandbalancing
	 �

� , leadingto matrices� �
� and� � �

� , respectively, where� � refersto the160observationsafterclassbalancing(79symptomatic and81asymptomatic
samples).C) Featureselection,whichstartsby randomly definingpatient subsetsfor training, (� �� , 75%of patients,59symptomatic and60
asymptomatic) andtesting(� �� , therestof patients,20symptomatic and21asymptomatic),followedby theestimationof aminimal featuredimension
� � < �, thatmaximizesclassificationperformance,usingfiltering andwrappermethods.D) Thefinal stepisdedicatedto classification and
performanceevaluation.

https://doi.org/10.1371/journal.pone.0197367.g001
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pseudoWigner-Ville distribution (SPWVD)of RRseriesthatadaptsfrequencybandsto
respiratoryinformation resultingfrom EDRsignalswasappliedto estimatetheevolution
of differentspectralHRV markers.Estimatedfeaturesincludethe��, �� �� , ��, �� �� and
��
�� meanvaluesatdifferenttime periodsof theexercisetest.Theoutputof thisstepis
matrix 	 �

� , whichcontainsthecalculatedrawfeatures,with � = 60HRV markersfor the
� = 105patientsavailableon thewholedatabase.

B. Featureconditioning.In orderto handletheimpactof markersmeasuredatdifferent
scales,all featuresof 	 �

� werestandardized,leadingto matrix � �
� . Then,in orderto reduce

theeffectof imbalancedclasses,55syntheticsymptomaticpatientsweregeneratedand
includedin theanalysisbyaclassbalancingapproach,resultingin matrix � � �

� , with � � =
160observations.

C. Featureselection.After balancingall standardizedHRV features,� � �
� wasdividedin a

training subset� ���
� (��� = 119,75%randomlyselectedpatients)andtheremainingtesting

subset� ���
� (��� = 41).Then,atwo-stepfeatureselectionprocessincludingafilter anda

wrappermethodwasappliedin orderto capturethemostrelevantHRV features.In Fig
1C,� ���

� �
and� ���

� �
indicatethestandardizedtraining subsetskeptafterapplyingfilter (� � =

45)andwrapper(� � = 22)methods,respectively.Basedon the� � selectedfeaturesafter
training,anewstandardizedtestingsubset� ���

� �
wasdefined.

D. Classification.In thefinal step,alineardiscriminantanalysisclassifierwasappliedto
both training andtestingsubsets,to distinguishsymptomaticvs.asymptomaticpatients.
After training theclassifierwith � ���

� �
, its performancewasevaluatedandquantifiedbased

on � ���
� �

.

A moredetaileddescriptionof eachstepispresentedin thefollowingsections.

Featureextraction
RRseriesextraction. Fromthestandard12-leadECGrecordingsof eachpatient,RR-

intervalandR-peakamplitudeserieswereextractedbyusinganoise-robustwavelet-based
algorithmfor QRScomplexdetectionandsubsequentR-peaklocation[29]. After performing
manualcorrectionswhennecessary,acubic-splineinterpolationwasappliedto RR-interval
time series,to obtainuniformly sampleddataatarateof 4 Hz.A representativeexampleof RR
seriesobservedduring eachphaseof theexercisetestisshownin Fig2.

Time-frequencyHRV analysis. Accordingto theTaskForceon HRV [30], classicspec-
tral HRV indicesrequirestationarydatato provideaccurateestimatesof ANSmodulation.As
illustratedbyanincreasingheartrate(decreasingRRseries)in proportion to exercisework-
loadin Fig2,giventhatsignalson aphysicalstresstestaretypicallynon-stationary,spectral
characteristicsassociatedwith HRV wereanalyzedusingatime-frequency(TF) approach.

First,in orderto removetheverylow frequencycomponent,RRserieswerehigh-passfil-
teredat0.03Hz with a4th orderButterworthfilter appliedin both forwardandbackward
directionssoasto removephasedistortion.Then,asmoothedpseudoWigner-Ville distribu-
tion (SPWVD)transformfrom theTime-Frequencytoolbox[31] wasemployedsinceit has
provedits usefulnessfor theanalysisof cardiovascularsignals[32].

TheWignerVille distribution isaquadratictime-frequencymethoddefinedastheFourier
transformof theinstantaneousautocorrelationfunction [33]. However,sinceit isaffectedby
significantinterferenceterms,theSPWVDintroducesasmoothingkernelfunction C(�, �),

Brugada syndrome classification based on autonomic response to exercise testing
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definedin Costaetal [34], thatattenuatesinterferenceswhilemaintainingasuitabletime-fre-
quencyresolution.Being� 		 (�, �) theAmbiguity Functionof theRRseries,� 		 (�), the
SPWVDisdefinedas:

� 		 …t;u†ˆ
Z1

� 1

� 		 � ‡
t
2

� �
� �

		 � �
t
2

� �
� � �2pu��� …1†

c…t;u†ˆ ��� � p
u
u�

� � 2

‡
t
t �

� � 2
" #2l( )

…2†

 		 …�; � †ˆ
Z Z

c…t;u†� 		 …t;u†��2p…�u� t� †� u� t …3†

Kernelparameterswereadjustedto � 0 = 0.06and� 0 = 0.03,obtainingtemporalandspectral
resolutionsof 16.7secondsand0.033Hz, respectively.Amongall theanalyzedcombinations,
thisoneledto themostefficientinterferencetermscancellationfor thelowestTF filtering.
Then,HRV wasmeasuredasthetotalpowerin LFandHF bands(notedas��� and���),
obtainedfrom theSPWVD:

�� …�†ˆ
Z

���

 		 …�; � †�� …4†

�� …�†ˆ
Z

���

 		 …�; � †�� …5†

Assumingthatsympatheticactivityalwayslieswithin thestandardLFband,thisbandwas
fixedbetween0.04and0.15Hz for thewholestresstest.However,thetotalpowerin theHF
bandcapturesparasympatheticactivity,closelyrelatedto respiratorysinusarrhythmia(RSA).
Sincerespiratoryfrequencyduring exertionisnot restrictedto theclassicHF band(0.15±0.4

Fig 2. Representative exampleof RRseries.Exercisetestingwasdividedin four phases:warm-up,incrementalexercise, activerecoveryandpassive
recovery.HRV time seriesestimatedfrom theRRsequencewereaveragedin thefollowing1-minutewindows:bothminutesof warm-up(!"1 and
!"2), first 3minutesof incremental exercise(#$1, #$2, #$3), lastminuteof exercisebeforepeakeffort (%#),3minutesof activerecovery(�	1, �	2,
�	3) and3minutesof passiverecovery(%	1,%	2,%	3).

https://doi.org/10.1371/journal.pone.0197367.g002
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Hz) andcanincreaseup to 0.7Hz,HRV analysiswithin thestandardfrequencybandwould
leadto unreliablemeasuresof theparasympatheticactivity.In orderto overcomethis limita-
tion, wedefinedatime-varyingHF band,basedon anestimationof therespiratoryactivity
from theECGsignal,byapplyinganECG-DerivedRespiration(EDR)method[35].

Time-varying respiratory frequencyestimation. TheappliedEDRmethodestimates
respiratoryinformation from theamplitudemodulationof R-wavepeaks[36]. Cubic-spline
interpolationatarateof 4 Hz wasalsoappliedto theobtainedseries.Then,aband-pass4th

orderButterworthfilter between0.15and0.7Hz wasappliedin both forwardandbackward
directionsto removefrequenciesout of therespiratoryrange.ThesameSPWVDtransform
usedfor RRserieswasthenappliedto EDRfilteredsignalsto estimatetheinstantaneousrespi-
ratory frequency.

Thesimplestestimationmethodconsistsin finding thefrequencypresentingthelargest

peakin thespectrumateachtime instant�̂ …�†.However,in orderto avoidspuriouspeakdetec-
tions,for eachtime instant�&, thesearchintervalwaslimited to frequenciesbetween2��Hz,
centeredaroundareferencefrequency��(�&): [� �(�&) � ��, �� (�&) + ��]. Thisreferencefrequency
wasdefinedasanexponentialaverageof previousestimates:

�� …�&†ˆ b�� …�&� 1†‡ …1� b†̂� …�&� 1†; …6†

where�� is theforgettingfactor.Asin [37], avalueof �� = 0.7wasused,basedon realrespiratory
patternsduring exercisetestingand�� = 0.01,sincerespiratoryfrequencyvariationsarenot
supposedto befasterthan0.01Hz per0.25s.Moreover,to reducetherisk of spuriousfre-
quencydetectionsin theinitialization of thereferencefrequency,thefirst instantaneousrespi-
ratory frequency��(�0) wasselectedwithin thestandardHF band(0.15� 0.4Hz).

Oncetheestimatedrespiratoryfrequencyseries��(�) wasobtained,thetime-varyingHF
bandfor HRV analysiswasdefinedas���(�) = [� �(�) � 0.125,��(�) + 0.125]Hz,with � covering
thewholetest.

Final HRV featuresextraction. Unlike classicautonomicindices,SPWVDleadsto time-
frequencyHRV estimatesthatareindeedtime seriesthatvaryduring theexercisetesting.
Thesemarkers,accountingfor thesympatheticandparasympatheticinfluencesof theANSon
heartrate,werenormalizedandexpressedaspercentagesof thetotalpower('%), definedas
thesumof bothspectralbands('%(�) = ��(�) + ��(�)), leadingto thetime series�� �� (�) and
�� �� (�):

�� �� …�†ˆ
�� …�†
'%…�†

� 100 …7†

�� �� …�†ˆ
�� …�†
'%…�†

� 100 …8†

Fromthisdefinition of normalization,it shouldbenotedthat �� �� (�) = 100� �� �� (�) and,
thus,statisticalresultsfor both time seriesareidentical.��

�� …�†wasalsocalculatedfrom dividing
��(�) by ��(�), soasto obtaintheglobalsympathovagalbalance.

Finally,all HRV estimateswereaveragedin temporalnon-overlappedwindowsof 1 minute

for eachpatient,leadingto �� (, �� (
�� , �� (, �� (

�� and ��
��

(, whichstandfor eachtime seriesintra-
patientmeanfor thefollowing time periods:( 2 {!"1, !"2, #$1, #$2, #$3, %#,�	1, �	2,
�	3, %	1,%	2,%	3}.Sinceeachtestdifferedin theincrementalexercisephasedurationand
theshortestcaselastedlessthan5minutes,in orderto comparethesametime periodsbetween
groupsof patients,only thefirst 3minutesof incrementalexertion(#$1, #$2 and#$3), as
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wellasthelastminutebeforepeakeffort (%#),wereassessed.In addition,theentirewarm-up
(!"1 and!"2) andbothactive(�	1, �	2 and�	3) andpassiverecovery(%	1,%	2 and
%	3) phaseswerecomparedbetweensymptomaticandasymptomaticpatients.Fig2 displays
theanalyzedperiodsalongthedifferentphasesof theexerciseteston arepresentativeexample
of RR-intervalseries,indicatingthepeakeffort instant.

FromeachHRV series,12intra-patient1-minutemeanswerecalculated,leadingto 60fea-
turesperpatientthat,afterbeingcomparedbetweenpopulations,wereincludedin themulti-
variateclassificationapproachdescribedherein.Datain S1TableincludetheresultingHRV
featuresfor thewholeclinicalseries.

Althoughtheautonomicresponseto exercisesignificantlydependson testconditions[38],
sinceno statisticallysignificantdifferencesin workloadatpeakeffort wereobservedbetween
populations(symptomatic:175.4� 56.6W; asymptomatic:175.1� 55.3W; �-value:0.957),
similarexerciseintensitiesin bothgroupsof patientswereassumed.

Statisticalcomparison. Comparisonsbetweensymptomaticandasymptomaticpatients
ateachanalyzedminuteof thephysicalstresstestwereevaluatedbyMann-WhitneyU non-
parametrictests.In orderto comparethelastminuteof exertionandrecovery,all patientshad
to besynchronizedwith respectto thepeakeffort instant.Theanalysiswasmadeusingthe
commerciallyavailablesoftwareMatLab(MathworksInc.,MI, USA)andsettingthelevelof
significanceat � < 0.05.

Featureconditioning
All featuresextractedfrom HRV analysiswereconsideredascandidatesfor theconstruction
of amodelclassifyingsymptomaticandasymptomaticBSpatients.Theinitial featuresubset
	 �

� wascomposedof � = 105observations(24symptomaticand81asymptomaticpatients)by
� = 60features(5 HRV markersfor 12analyzedminutesof test).

In orderto equalizethecontribution of all featuresto multivariateanalysis,eachrawHRV
marker� for eachpatient( wasstandardizedasfollows:

� (
� ˆ

	 (
� � m�

s�

; …9†

where) � is themeanand*� thestandarddeviationof aspecificfeature�, takinginto account
thedatafrom all patients( = 1,� � �, �. Thenewstandardizeddatasetisdefinedin matrix � �

� .
Then,to attenuatetheimpactof imbalancedclasses,syntheticsymptomaticsampleswere

generatedbyapplyingtheADASYNapproach[39]. Sincethismethodrandomlychooses
examplesfrom theminority classto generatenewsamples,thealgorithmwasapplied50times
andthemeanfrom all realizationswaskeptasthefinal balanceddataset� � �

� , where� � = 160
observations.Fig3 illustratesthefeatureconditioningprocess.

Featureselection
To reducethenumberof attributesincludedin themodelsoasto decreaseits computational
cost,weappliedatwo-stepfeatureselectionapproachthat identifiedthemostrelevantfeatures
in distinguishingbetweensymptomaticandasymptomaticpatients.Aspreviouslymentioned,
Fig1 specifiesthemethodologyfollowedfor featureextractionandposteriorfeatureselection,
only appliedto arandomlyselectedsampleof 75%of thefeaturedatabase(� ���

� : training sub-
set).Theremaining25%(� ���

� : testingsubset)wasthenusedfor modelvalidation.
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ReliefFfilter method. Thefirst stepin thefeatureselectionprocesswasasimplefilter
methodbasedon theReliefFalgorithm[40]. Sincethisapproachignorestheeffectsof attri-
buteson classification,it canrapidly removesomeirrelevantandredundantfeatures.

Thealgorithmestimatesfeatureweights! accordingto their capabilityof distinguishing
betweendatafrom differentclasses,heresymptomaticandasymptomaticpatients,basedon a
k-NearestNeighbors(k-NN) approach.Theextensionof theoriginalReliefmethodusedin
thisstudy,ReliefF,not only dealswith multiclassproblemsbut it isalsomorerobustwith
incompleteandnoisydata.

Hence,thealgorithmassignsarelevanceweightrangedfrom �1 to 1 to eachfeature,with
largepositiveweightsallocatedto significantattributes.However,it shouldbenotedthat,
sincethismethodisbasedon ak-NN approach,featureweightsusuallydependon &.Forsmall
valuesof &,theestimatescanbeunreliablefor noisydata;while for &valuescomparablewith

Fig 3. Featureconditioning. Therawfeaturedatasetextractedfrom HRV analysis	 �
� isstandardized,leadingto � �

� . Then,aclassbalancingmethodis
repeated50times,sothefinal valuefor thebalanceddataset� � �

� isobtainedasthemeanfrom all realizations.

https://doi.org/10.1371/journal.pone.0197367.g003

Fig 4. Filter featureselectionbasedon the ReliefFalgorithm. In thisstep,thecompletetraining dataset� ���
� isemployed.Foreachiteration(,a

randomsubsetcomposedof 60%of thetraining data(35symptomaticand36asymptomaticobservations)isdefined.Theweightof all features! (
� in

thissubsetiscomputedastheaveragedweightalong&= 10,� � �, 19.Thisprocessis repeated50timesandthefinal weightof eachfeatureisobtainedas
themedianfrom all realizations.Finally,the� � = 45mostrelevantfeaturesareselectedand� ���

� �
is keptasinput for thewrapperfeatureselectionstep.

https://doi.org/10.1371/journal.pone.0197367.g004
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thenumberof observations,thealgorithmcanfail to find significantattributes.Thus,ReliefF
wascomputedfor &= 10,� � �, 19and! wasdefinedastheaverageof all weights.

Moreover,sinceHRV featurevaluessignificantlyvaryoverpatients,abootstraptechnique
wasapplied[41]. Thealgorithmwasrun 50timeson differentrandomlychosensubsets
including60%of thetraining dataset� ���

� (35symptomaticand36asymptomaticobserva-

tions),hererepresentedas� ��� (
� . Then,therelevanceof eachfeaturewasobtainedasthemedian

of the50realizationsanalyzed.Fig4 displaysthemethodologyfollowedto select� � asthe75%
mostrelevantattributes(45bestrankedout of 60features)thatwerekeptfor further analysis.

LDA-basedwrappermethod. For final featureselection,asecondstepwasappliedon
thereducedsubsetof attributesresultingfrom thepreviousstage.It consistedin awrapper
algorithmwith both forwardandbackwardsearchstrategies(floatingmethod),usingaLinear
DiscriminantAnalysis(LDA) classifierasablackbox.Sincethisapproachisbasedon classifi-
cationperformance,thefinal subsetisonly optimizedfor thisparticularclassifier[42].

Fig5 representsthewrapperfeatureselectionprocessin moredetail.Asin theprevious
step,it wasrepeated50timeson differentrandomlychosensubsetsof training data� ��� (

� �
.

Thosefeaturesappearingmorethan� times,amongthe50realizations,formedthefinal subset
� ���

� �
. Thevalueof � wasoptimized,basedon performancemetrics,soasto find thebestselec-

tion of features� � leadingto thefinestclassifierdistinguishingbetweensymptomaticand
asymptomaticBSpatients.

LDA-basedclassifier
After selectingthebestsetof features,anLDA classifier[43] wasimplementedusinga5-fold
cross-validationapproachin orderto reduceclassificationerror.This techniquedividesthe
entiretraining subset� ���

� �
into 5 blockswhereeachclassifieris firstly trainedon 4portionsand

thentestedon the5�� block.This isperformedfor the5 differentpossiblecombinationsof
blocksfor training/testingsotheoutputsof eachsolutionarethenaveraged.

In addition,to estimatethemeanperformancevariabilityof theclassifierwhenappliedto
testingdata,5-foldcross-validationwasrun 10timeson differentlydividedsubsetsof training
data.Fig6 illustratesthestepsfollowedto train andtesttheLDA classifier.Asspecifiedin

Fig 5. Wrapper featureselectionbasedon the floating methodandanLDA classifier.Startingfrom thetraining setobtainedfrom thefilter feature
selectionstep� ���

� �
, for eachiteration(,asubsetwith 75%of thedata� ��� (

� �
is chosen(45symptomatic andasymptomatic samples)to tuneandtrain an

LDA-basedclassifier,thenevaluatedwith theremaining25%of therandomsubset� ��� (
� �

(15symptomaticandasymptomatic).Thestrategyis repeated
50timesandthoseattributesappearingmorethan� timesamongall realizationsarekeptfor thefinal featuresubset� ���

� �
.

https://doi.org/10.1371/journal.pone.0197367.g005
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previoussections,75%of thedata� ���
� �

wereusedfor training,andtheremaining25%� ���
� �

for

testing.

Performanceevaluation
Modelperformanceevaluationwasbasedon theresultingconfusionmatrix,whichspecifies
thenumberof truepositives('%), truenegatives('�), falsepositives(�%) andfalsenegatives
(��), whencomparingtrueandpredictedlabelsandconsideringsymptomaticpatientsas
positives.

First,theAUC or areaundertheROC(ReceiverOperatingCharacteristic)curvewascom-
putedto quantifytheclassifierperformance.Thismeasurewasalsoassessedin orderto opti-
mizethethreshold� that ledto thebestperformingclassifierafterwrapperfeatureselection.

Moreover,classicalsensitivity(+� = '%/('% + ��)) andspecificity(+� = '�/('� + �%))
measures,associatedwith theoptimaloperatingpoint in theROCcurve,werecalculatedto
quantifytheclassifiercapabilityof correctlydetectingsymptomaticandasymptomatic
patients,respectively.

Results

Single-patientrepresentation
Giventhatall patientspresentedsimilar tendenciesin RRandHRV series,thefollowingrepre-
sentativeexampleillustrateschangesinducedbyexercisetestingon thosetime seriesinvolved
in HRV featuresextraction.

Theupperpanelof Fig7 displaysanexampleof EDRseries.Below,theSPWVDspectral
powerof respirationisshown,alongwith its estimatedinstantaneousrespiratoryfrequency
��(�), representedwith adashedredline.Notethat,in thisexample,asthepatientapproaches
thepeakeffort (dashedverticalline), respiratoryfrequencyexceedsthestandardHF band
upperlimit of 0.4Hz.

Basedon this respiratoryinformation, thetime-varyingpatient-specificHF bandwasiden-
tified. Fig8 displaystheRRseriesandits associatedSPWVDspectralpowerfor thesame
patient,wheretheLFandrespiration-centeredHF bandsarerepresentedin dashedwhite lines
(secondpanel).

Althoughcertainstationaritycanbeobservedduring thefirst two minutescorresponding
to thewarm-upphase,theRRseriesdisplaysasignificantnon-stationarityrepresentedbya

Fig 6. Schemefor LDA classifiertraining and testing,basedon a5-fold cross-validation strategy. After featureextraction,conditioningand
selection,a5-foldcross-validationwasrun 10timesin orderto assesstheclassifierperformance,tunedusingthetraining subset� ���

� �
andevaluatedon

thetestingsubset� ���
� �

.

https://doi.org/10.1371/journal.pone.0197367.g006
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progressivedecreaseduring incrementalexerciseandacontinuousincreaseat recovery.As
previouslyreportedby [44], thecardiovascularresponseproperlybalancedtheperformed
physicalactivityintensity.Moreover,it shouldbenotedthenon-negligiblepowercenteredin
theHF bandasaresultof respiration.SinceHF exceedsthestandardband,theuseof classic
spectrallimits wouldhaveledto unreliablemeasuresof theparasympatheticactivityin this
patient.

Thethird panelshowsthetime series��(�) and��(�) extractedfrom TF analysis,thennor-
malizedandexpressedaspercentagesof thetotalpower.Finally,thelastpaneldisplaysthe
obtained�� �� (�) series,wherethe1-minutewindowto calculatethemeanvalueof �� �� dur-
ing thefirst minuteof activerecovery(�� �	1

�� ) is indicated.Theresultsshowaprogressive
increasein �� �� (�) during exercise,aswellasadecreaseat recovery.Althoughnot represented
in Fig8,dueto thenormalizationstepappliedto ��(�) and��(�), thecomplementaryeffect
wasobservedfor �� �� (�).

Inter-group comparison
HRV featuresextractedduring exerciseandrecoverywerecomparedbetweensymptomatic
andasymptomaticpatients.Apart from warm-upandrecoveryphases,sinceexerciseduration
washighlyvariableamongsubjects,only thefirst 3minutesandthelastminuteof incremental
exertionwereanalyzed.

During thesecondminuteof incrementalexercise,statisticallysignificantdifferenceswere
found in meannormalizedHF (�� #$2

�� , � = 0.041)andthusin �� #$2
�� . Symptomaticpatients

showedanincreased�� �� , andareduced�� �� , in this time periodwith respectto

Fig 7. Representative exampleof respiration information . Theupperpanelrepresentsanexampleof EDRseries,calculated from theR-wavepeak
amplitudesof aspecificpatient.TheSPWVDspectralpowerassociatedisdisplayedin thesecondpanel,alongwith theinstantaneousrespiratory
frequency��(�) estimatedfrom acorrectedversionof thefrequenciespresentingthemaximum spectralpowersateachtime instant(dashedredline).
Verticaldashedlinesindicatepeakeffortbeforerecovery.

https://doi.org/10.1371/journal.pone.0197367.g007
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asymptomaticpatients.However,no significantdifferencesbetweengroupswerenotedafter
exertion,during activeor passiverecovery.

Table2 summarizesthemean,standarddeviationandassociated�-valuesfor �� , �� �� , �� ,

�� �� and ��
�� obtainedduring thewarm-upphase,thefirst 3minutesof incrementalexercise

andthelastminutebeforepeakeffort.

Classification
After featureconditioning,featureselectionwasperformedbyatwo-stepapproach.Filter
selectionwasfollowedby therepeatedapplicationof awrappermethodto theselectedfea-
tures.Thefinal subsetcontainedthosefeaturesappearingmorethanaspecificnumberof
times� amongrealizations,optimizedbasedon theperformancemetric �" . Fig9 displays
themeanandstandarddeviationof the�" associatedwith eachvalueof �.

Basedon theseresults,thefinal classifierplacedthethresholdat � = 18,whereamaximum
�" usingtheminimum numberof featureswasfound.Whenonly thoseparameters

Fig 8. Representative exampleof heart rate informatio n. FromtheRRseries,thenormalizedSPWVDspectralpoweriscalculated.Dashedwhitelines
in thesecondpanelindicateLFandHF bands.In thethird panel,thetotalpowerin LF(bluedashedline) andHF (blacksolidline) bandsateachtime
instantarerepresented. Then,anexampleof normalizedtime series(�� �� ) accountsfor theparasympatheticcontribution alongtheexercisetest.A
verticaldashedline in all panelsrefersto thepeakeffort instant.In thelastpanel,thetime periodusedto calculate�� �	1

�� is indicated.

https://doi.org/10.1371/journal.pone.0197367.g008
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Table2.Mean� standarddeviation, for symptomatic andasymptomatic patients,andassociated �-values of HRV markersduring exercise.

Warm-up Incremental exercise

Minute 1 Minute 2 Minute 1 Minute 2 Minute 3 Lastminute

�� [ms2/Hz]

+
,��� ,
�(- 2245.6�4063.2 1749.2�2321.6 738.95�801.84 228.93�302.24 129.69�199.10 10.39�28.69

��
,��� ,
�(- 1392.7�1605.4 1202.4�1330.0 635.19�685.42 442.88�772.15 250.03�509.18 35.90�205.70

� � .
��� 0.746 0.298 0.985 0.161 0.113 0.894

�� �� [%]

+
,��� ,
�(- 75.08�18.08 76.21�16.97 70.48�17.58 65.82�17.97 65.46�17.98 49.68�21.09

��
,��� ,
�(- 77.98�11.56 77.95�11.33 78.09�11.30 74.45�12.56 71.55�13.86 52.04�20.67

� � .
��� 0.918 0.852 0.062 0.041� 0.173 0.728

�� [ms2/Hz]

+
,��� ,
�(- 1343.1�4819.3 421.62�779.60 227.66�491.88 209.78�738.12 144.06�509.70 41.44�175.75

��
,��� ,
�(- 399.37�842.57 309.40�401.34 180.57�366.29 133.22�292.49 71.84�124.47 11.23�44.85

� � .
��� 0.499 0.519 0.221 0.804 0.728 0.781

�� �� [%]

+
,��� ,
�(- 24.92�18.94 23.80�16.97 29.52�17.58 34.18�17.97 34.54�17.98 50.32�21.09

��
,��� ,
�(- 22.02�11.56 22.05�11.33 21.91�11.30 25.55�12.56 28.45�13.86 47.96�20.67

� � .
��� 0.918 0.852 0.062 0.041� 0.173 0.728

�� =�� [unitless]

+
,��� ,
�(- 7.96�8.11 8.78�9.38 6.87�9.43 3.75�3.61 3.09�2.33 1.71�1.73

��
,��� ,
�(- 5.89�4.11 5.90�5.72 6.00�5.29 4.90�3.91 4.11�2.87 4.32�21.53

� � .
��� 0.816 0.763 0.157 0.053 0.122 0.661

� � < 0.05,Mann-WhitneyU test.

https://doi.org/10.1371/journal.pone.0197367.t002

Fig 9. Meanandstandarddeviation of ��� for eachvalueof �. Performanceevaluation with featuresappearingmorethan� times.

https://doi.org/10.1371/journal.pone.0197367.g009
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appearingmorethan18timeswerekept,thefinal subsetcontained22features(listedin
Table3), leadingto an�" = 0.92� 0.01,+� = 0.91� 0.06and+� = 0.90� 0.05.

Fig10displaysthemeanROCcurvesresultingfrom each5-foldcross-validation,aswellas
theglobalROCcurveandits optimaloperatingpoint, for theproposedclassifier.

Table3.Selectedfeaturesfrom wrappermethod.

1 2 3 4 5 6 7 8 9 10 11

�� !" 1
�� �� #$3

�� �� %#
�� �� �	1

�� �� �	3
�� �� %	1

��
��
��

�	2 �� #$1 �� #$2 �� #$3 �� �	3

12 13 14 15 16 17 18 19 20 21 22

�� %	2 �� %	3 �� %# �� �	3 �� %	2 �� %	3 �� #$3
�� �� %#

�� �� �	1
�� �� �	2

�� �� �	3
��

https://doi.org/10.1371/journal.pone.0197367.t003

Fig 10. ROCcurvesandassociated��� valuesfor � = 18.MeanROCcurvesfor eachcross-validation andglobalROC,whenfeaturesappearing
morethan18timesarekept.

https://doi.org/10.1371/journal.pone.0197367.g010
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Discussion
In thisstudy,theautonomicresponseto exercisetestingwasanalyzedin 105BSpatients.
Althoughmanypreviousstudieshavealreadyassessedtheautonomicfunction in BS,only a
fewhaveexploitedthepotentialof exertionto predictcardiacevents[22±25].Moreover,since
symptomshavebeenrelatedto VF occurrenceon thispopulation[5, 6], our aimwasto com-
pare,accordingto symptomaticstatus,thetime-varyingHRV changesinducedbyeffortand
subsequentrecovery.To our knowledge,thiswork presentsthefirst time-frequencyHRV
analysisunderconditionsof physicalactivityin BS.Furthermore,dueto thecomplexityof
distinguishingbetweensymptomaticandasymptomaticpatientsbymeansof univariateanaly-
ses,amultivariateclassifierbasedon thecombinationof theextractedHRV featureswas
proposed.

Most reportedapproachesassessingtheautonomicresponseof BSpatientsarebasedon
measurementsobtainedfrom 24-hourrecordingsthat leadto controversialconclusions.In a
clinicalseriesof 17patientswith BS,of whom10wereasymptomaticsubjectswith Brugada
ECG,and45controls,Krittayaphongetal [12] concludedthatBSpatientspresentedalower
HRV andalowervagaltoneatnight comparedto controls,aswellaslowerdiurnal andhigher
overnightheartratescomparedto asymptomaticsubjectsandcontrols.Likewise,Hermida
etal [13] reportedasignificantlylowerHRV atnight in 21symptomatic,with respectto 26
asymptomaticBSpatients.Pierreetal [14] alsoassertedin aclinicalseriesof 46BSpatients
and46controlsthatHRV in thefirst groupwassignificantlylowerwith respectto healthysub-
jects.Tokuyamaetal [15] resultsshowedasignificantlylowerHRV in BSpatientswhenana-
lyzingaseriesof 12symptomatic,17asymptomaticand16healthyindividuals.Theresults
alsoreflectedasignificantreductionin bothsympatheticandparasympathetictonesin BS
patients,aswellasadecreasedcircadianvariationof theautonomicfunction over24hours,
with respectto controls.Kostopoulouetal [17] examinedautonomicdisordersin 20patients
with BSand20age-matchedcontrols.In thatcase,HRV analysisdid not revealanysignificant
differencebetweengroups,but ahighsusceptibilityto vasovagalsyncopewasobservedin BS
patients,possiblybeingadisease-relatedsymptom.Nakazawaetal [18] analyzed,usinga
24-hourcontinuousECGmonitoring, theautonomicpropertiesof 27BSpatients(10of them
hadahistoryof VF and17did not) andof 26healthysubjects,finding highervagaland
reducedsympathetictonesin symptomaticBSpatients.Likewise,in arecentwork from our
groupwherethe24-hourHolter recordingsfrom 118BSpatientswereanalyzed,symptomatic
subjectsshowedanincreasedparasympatheticactivityduring bothdaytimeandnighttime
[16]

Subramanianetal [23] provedtheusefulnessof someelectrocardiographicmarkers
extractedduring exercisetestingfor risk stratificationin BS.Moreover,our grouphasrecently
reportedsignificantdifferencesin heartratecomplexitybetweensymptomaticandasymptom-
aticpatients,during periodsof recoveryafterexertion[24]. Nevertheless,Amin etal [22] pub-
lishedthefirst work measuringtheautonomicfunction of 50BSpatientsand35controls
during exercise,finding ahigherparasympatheticreactivationduring earlyrecoveryin
patientswith prior VF events.Likewise,Makimotoetal [21] analyzedtheautonomicfunction
of 93BSpatientsand102controlsduring recoveryfrom treadmillexercisetesting.Theystud-
iedparasympatheticreactivationbycomputingtheHeartRateRecovery(HRR)afterpeak
exercise,concludingthatahighervagalactivitywasrelatedto theoccurrenceof cardiacevents
in BS.

In our study,asillustratedin Fig8,all patientsdisplayedaprogressiveincreasein themean
normalizedHF (�� �� ) during incrementalexercise,aswellasan�� �� decreaseat recovery.
Althoughdataon directsympatheticnerverecordingandplasmacatecholamines
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measurementshavereportedthatadecreasedparasympatheticandanincreasedsympathetic
activityplayamajor role in theautonomicresponseto exercise,manystudieson cardiacauto-
nomic function basedon HRV analysishavefailedto representthis response,evenin healthy
subjects[38]. Indeed,the�� componentdoesnot provideanindexof sympathetictonebut
ratherreflectsacomplexinterplayamongmanyfactorsincluding thesympatheticandpara-
sympatheticcontributionsto ANS.Similarly,justasparasympatheticneuralactivityinfluences
�� values,sympatheticactivationalsomodulatesthe�� component[45]. Moreover,sincean
increasingpowercanbenotedat theHF bandcentercorrespondingto therespiratoryfre-
quency(secondpanelin Fig8), thegradualincreaseobservedin �� �� during incremental
exercisemaybesignificantlyinfluencedby respiration.Thus,�� and�� indicesshouldnot be
analyzedasaccuraterepresentationsof, respectively,thesympatheticandparasympathetic
tones.Theyshouldbeinterpretedasestimatesof theautonomicfunction thatmaycapturerel-
evanttendenciesin HR modulation,potentiallyusefulfor thedetectionof differencesbetween
BSpatientsatdifferentlevelsof risk.

Accordingto theinter-groupcomparisonof HRV markers,statisticallysignificantdiffer-
enceswereobservedduring thesecondminuteof incrementalexercisein �� �� , andthus�� �� ,
betweengroups.Sinceno significantdifferenceswerefound in termsof spectralpowerat the
respiratoryfrequency,�� �� differencesbetweenpopulationsmight mostlybedueto vagal
activity.Thus,aspreviouslyreported[15,16,18],symptomaticpatientsseemto experiencean
increasedparasympatheticmodulationwith respectto asymptomaticpatients,supportingthe
ideathathighervagalresponsescouldberelatedto aworseprognosisin BS.Theseresultsmay
beexplainedby thedysfunctionon presynapticnorepinephrine(NE) recyclingandthereduc-
tion in theconcentrationof NE at thesynapticcleftfoundon previousworksbasedon posi-
tron emissiontomographyon BSpatients[8±11].

Thelackof significantresultsin univariateanalysisrevealsthedifficulty of distinguishing
betweensymptomaticandasymptomaticgroups.Therefore,amultivariateapproachfollowing
astep-basedmachinelearningmethodwasdesignedin orderto improveclassificationperfor-
mance.Theproposedsolutionsignificantlyreducedthefinal subsetof featuresincludedin the
predictiveLDA-basedmodelto onethird of thetotalamountof HRV features,leadingto a
mean�" of 92.1%.First,afilter featureselectionmethoddiscardedtheleastrelevantand
mostredundantfeatures,holdingthe75%of theinitial featuressubset,to whichtheLDA-
basedwrapperalgorithmwasapplied.On theonehand,theresultsafterfiltering showthatall
autonomicmarkersduring thelastminutesof incrementalexerciseandrecoverywerekept,
evidencingtherelevanceof thesetestsegmentsin classifyingBSpatients.On theotherhand,
although�� #$2

�� ledto significantresultsin univariateanalysis,theappliedfilter methodidenti-

fied thismarkerasaredundantfeatureandonly kept�� #$2
�� for further analysis.

Sinceclassificationperformancesignificantlydependson thenumberof chosenfeatures
afterwrapperfeatureselection,thealgorithmwasoptimizedto obtainthebest�" usingthe
minimum numberof features.Thus,whenselectingonly thosefeaturesappearingmorethan
18timesafterwrapperapplication,anoptimalclassifiercontaining22parameterswasimple-
mented.Amongthefinal subsetof features,only one��

�� markerwaskept,acquiredduring the
secondminuteof activerecovery.Theremainingparametersequallybelongedto �� and�� ��

or �� and�� �� measures.Regardingtestphases,only onefeaturecamefrom thewarm-up
phase(�� !" 1

�� ) andother5markerswereacquiredduring thepassiverecoverystage.Most
parametersweremeasuredduring incrementalexerciseandactiverecovery,andmorespecifi-
callyduring thelastminutesof bothphases.

Recentstudieshavealsoproposedpredictionmodelsfor VA risk stratificationin BS
patientsusingnon-invasiveparameters[46]. However,our modeloutperformedprevious
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approaches,evidencingtheinterestof analyzingHRV featuresduring exercisetestingto better
understandVF risk in thispopulation.Indeed,theresultsfrom our previousstudy,wherethe
classificationpotentialof thesemarkerswasalreadypresented[47], werealsoimprovedby
enlargingtheclinicalseriesunderstudyandapplyingamorerobustfeatureselection
approach.

Thisstudypresentssomerelevantlimitations thatshouldbenoted.Theclinicalvalueof
autonomicfeaturescanonly beprovedif acloserelationshipbetweenHRV markersandven-
tricular eventsisestablished.Sinceno VF wasinducedduring thetest,HRV variationsin
symptomaticpatientscannotbedirectlyrelatedto thisphenomenon.Moreover,asynthetic
oversamplingapproachwasappliedin orderto overcomecomplicationsfoundwhenlearning
from imbalanceddatasets.Thus,theobtainedresultsshouldbevalidatedbyenlargingthe
studiedpopulation.Finally,sincesomeasymptomaticpatientsmaydevelopsymptomsin the
futureandthuspresenthigh-riskpatternsduring theanalyzedrecordings,amoresuitable
clinicaldatabasefor risk stratificationshouldincludefollow-up information.Thereby,auto-
nomicchangescouldhavebeenrelatedto theprobabilityof developingsymptomsratherthan
to theidentificationof ahigh-riskgrouphavingalreadysufferedthesesymptoms.

Nonetheless,previousstudieshaveshowntheneedof newautonomicmarkerswith higher
predictivevalues,suchasthoseherepresented,to betterstratifyrisk in patientssufferingfrom
Brugadasyndrome.Accordingto internationalguidelines[1], ICD implantationis recom-
mendedin BSpatientsbeingsurvivorsof acardiacarrestand/orhavingdocumentedsponta-
neoussustainedventriculartachycardias(classI) andcanbeusefulin patientswith a
spontaneousdiagnostictype1 Brugada-likeECGpatternhavingahistoryof syncopecaused
byventriculararrhythmias(classIIa). However,thedecisionof implantinganICD on asymp-
tomaticsubjectsisstill contentious,evenif theyrepresentaroundthe60%of diagnosed
patients.Thus,theproposedmodelispresentedasapotentialinstrumentto betteridentify
thoseasymptomaticBSpatientsathigh risk whomaybenefitfrom anICD implantation.
Moreover,theproposedmodelmight alsobeusedfor processingHRV dataacquiredfrom
ICDson implantedBSpatients,in orderto control their risk of VF occurrenceduring follow-
up.

Conclusions
In thisstudy,theautonomicfunction of 105BSpatientswhounderwentastandardizedphysi-
calstresstestwasanalyzedsoasto characterizesymptomaticandasymptomaticpopulations.
Basedon thehypothesisthatchangesin theANSinducedbyexercisetestingcouldimprove
prognosisinterpretation,aclassifiercapableof identifyingpatientsathigh risk wasthen
designed.

First,theextractedtime-varyingHRV featureswerecomparedbetweenpopulations.Statis-
ticallysignificantdifferenceswerefound in �� �� and�� �� during incrementalexercise,sug-
gestingthatsymptomaticpatientsseemto experienceanincreasedvagalfunction with respect
to asymptomaticBSpatients.

Then,apredictivemodelbasedon atwo-stepfeatureselectionstrategyidentifiedthemost
discriminantHRV featuresto distinguishsymptomaticandasymptomaticpatients.Despite
thedifficulty in finding differencesbetweenthesepopulations,classificationresultsshowthe
potentialof autonomicmarkerswhenidentifyingsymptomsin BS.

Althoughthepresentstudypresentssomelimitationsandisbasedon arelativelysmallpop-
ulationof BSpatients,theresultsindicateimportant trendsof clinical relevancethatcouldbe
usefulfor risk stratificationin asymptomaticpatientsfor whomthedecisionto implant acar-
dioverterdefibrillator iscomplexandcontroversial.
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Supporting information
S1Table.HRV markersresulting from featureextraction.Estimatedfeaturesincludethe
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�� meanvaluesatdifferenttime periodsof theexercisetest,leadingto
60HRV featuresfor the105BSpatientsunderstudy.
(XLSX)
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