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1. INTRODUCTION

The electrocardiogram (ECG) is routinely used in clinical

there

'G recognition system o reduce the burden of interpeeting
the ECG.

Various studies have been done for classification of various
cardisc arrhythmias (1)(2)(3)(4). In this paper. we propose
the combination of wavelet transform and AR model as the
feature extraction then use the SVM 1o classify the
ECG heartbeat. The proposed approach is validated in the
MIT-BIH Arrhythmia Database(S] and get high accuracy of
classification.
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1. ECG DATA AND PREPROCESS

All ECG data were obained from MIT-BIH arhythmia
database

ECG is collected and used to algorithm Since
there arc few catcgorics of abaormal complexes in
one record, we QRS complexes

left bundle branch block beat(LBBB), right bundle branch
block beat(RBBB), paced beat(PACE), premature ventricular
contraction(PVC) and atrial premature contraction(APC).

In the data preprocessing process, coatinuous ECG sigaals

ECG heartbeat. Fig.| shows typical waveforms of six types of
ECG scgments.

IIL. FEATURE EXTRACTION

The recogaition of heart of the
feature vector which represents the original ECG segment. A
§00d recogaition system should depend on the features rep-
resenting the ECG signals in such & way, that the differences

Zhao et al. (2005)
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Various studies been done for classification of various.
m.c-mnmunzlnm o i e v propone
and AR model as the
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ECG heartbeat. The proposed approach is validated in the
MIT-BIH Arrhythmia Database(5] and get high accuracy of
classification.
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1. ECG DATA AND PREPROCESS

All ECG data were obtained from MIT-BIH arhythmia
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ABSTRACT

ECG contsins very important clinical information about the cardiac activities of heart. The features of small
variations in ECG signal with time-varying morphological characteristics needs 10 be exracted by signal processing
‘method because there are not visible of graphical ECG signal. Semall varstions of simulated normal and noise corrupt

finding the small sbooemalities in ECG signal

been extracted using FFT and wavelet. The wavelet found to be more precise over conventional FFT in

Keywords: ECG, wavelet, FFT. Holtr, cardiac. abnormalty, eature extraction, satstcal parameters.

LINTRODUCTION
Electrocardiogram (ECG) is a graphical record of

the electrical activity that polasization
and repolarization of the atria and ventricles. It & well
suited for analysis by joint time-frequency and tim
distributons. ECG signal has o very time-van
phology characteristic, identified a5 the P-QRS-T

frequency - P and T waves, (2
QRS complx {1, 2]. When the beost coscl Bocome
ischemac cted, characterstic changes
e form of clevation or depression of d
Ischemia also causes changes in conduction v
action potential duration, which resuls in fragment
he depolrzaion foat s appesrnce o low empiinde
notches and slurs in the body surface ECG signals [3]. The
statistical properties of ECG wave are Senchlly hanged
over time tending W be quasi-stationary. A Holter moator
ording done over & period of 24 or more
houn An emomacc igoriden nd sotwer s sended
anlyze his huge wmoust of 24 houns Hokir ECO signals.
'\ e peoblens i the prope detetion
and extraction important features from it
ecently wavelets have be a large
wmber of bomedica sppications. The wavelel peka
o o o gumtralistion of wevelot do

St  ich ringa o pombilis e il i, The
multi-resolution framework makes wavelets into a very
Powertul compeession 4] s flir 100l (5], s the e

orks on precies detection of ECC wing FFT and waveet
[7-16]. Karel ef al. proposed the performance criteria to
measure the quality of a wavelet, based on the principle of
maximization of vanance (7] Mahmoodabadi ef al
dovioped 1ad evhaed on gocrocudogrm (ECG)

feature extracti m based on the my

wavele wanstorm (8], David ot al, reseded & method 10
reduce the baseline wandering of an electrocand

e 9], Sk o af disconed the down of good
wavelel for ¢ from the perspective of

orthogonal filter banks [12) Nikolsev and Gotchev

frequency components, and time duration). [n this paper
FFT and wavelet methods are developed for the extraction
of small variations of the ECG signal. Wavelet method of
signal processing is found 10 be superioe fo the
conventional FFT method in finding the small
abaormalities in ECG signals.

2MA

LS AND METHODS

ECG signals both standard and noise cormupted
have been generated using
analyzed by the wavelet
Comtinucms wevelet Emsboem (C s defined as the
sun all time of the signal .....u.pn.u by scaled,
ifed versions ofthe waveet Rmction y

Cuscalepositiow= [ f(twAscalepositiois

The resulls of the CWT are many waveket
oSt C.wiich e o foncion of calo snd poskcn
M cient by the appeopntely scaled
lds the constituent wavelets of the

cigie gl

many signal, the low-frequency coatent is
the st Bmpori P T 1 whet $es e el i
identity. The high-frequency content, on the o

imparts flavor or nuance. To ga soecaion o
this proess, it s pefonmed 3 one-sag e winet
wansform of a signal The decompos

o, vl mcceive
posed i turn, 30 that one
many lower resoluion components. This s caled the
wavelet decompo

Haque et al. (2009)
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1L FEATURE EXTRACTION

‘The recognition of heart thythms roquires generation of the

feature vector which represents the original ECG segment. A

good recognition system should depend on the features rep-
various  resenting the ECG signals in such & way, that the differences.
waveforms are suppressed for the

validated in the  recogition process of heart thythens o the single heartheat
the

ECG heartbeat. proposed approach is
mnmwwslu'npmd
classification.
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ABSTRACT

varstions in ECG sigasl with temo-varyieg morphologica

aant clinical information sbout the cardisc activities of heart. The features of small

characteristics needs 10 be exiracted by signal processing

method because there are not visible of graphical ECG signal. Small varistions of simulated normal and noise corug

ECG sigaal have been extracted usin
finding the small abooemalities in ECG signal

FFT and wavelet. The wavelet found to be more precise over conventional FFT in

Keywards ECG, wavelet, FFT, Holter cardiae, sbnormaliy, festure extraction, stassical parameters

1. INTRODUCTION

rocsSogan (00) oo paphcal e of

ot et sty ot d by depolarization

an repolaization of the s and ventcles It  well

suiled for analysis by joiat time-frequency and time-scale
disributions, ECG  signal has a very time-varying

morphology charsciertic, ieniiied 20 the P-ORS-

e depolriaston hont wmd spposmence o Low-smplinds
otches and slurs in the body surface ECG signals [3). The
statstical properties of ECG wave are generally changed
over time tending 1o be quass-stationary. A Holter moastor
s an ECG recording done over & period of 24 or more
houn An emomarc lgrcen tnd sotwars o ssndd
analyze this huge amount of 24 hours | G signals
ko probee i the prope devecnon o th CC gl
anxd extraction important features from it

Recendy waveies bive bosn wed in 3 lrge
umber of spplcsons. The wevsit da
method is & y(m‘ulu:‘u-ﬂ of wavelet decompe
Sy 8 ich ange of posiiiie o i oy, The
muli-resolution framework makes wavelets inlo & very
powerul compression (4] and filer t0ol (5], and the time
ad frequency waveets makes it oo 8

!

maximization of vanance (7] Mahmoodabadi ef al
developed and evaluated an- electrocardiogram (ECG)
feature extraction system based on the multi-resolution
wavelet wansform (), David er al. presented a method to
frduc the bucline wanduring of s cecocanbogran
sana ), Shaha o ol ducumed the desgn of oo
wavelet for cardiac from the perspective of

orthogonal filer banks [12]. Nikolsev and Gotchev
proposed a two-stage u,.mmm for electrocardiographic
(EGG) signal denoising with Wiener fillering . the
ramlation nvariant wavelet domin [13], Mot of the
works focused on the large size sbnormaliies with respect

FET and wavlet methodsar deveopod or the exacion
of small variations of the ECG signal. Wavelet f

gnal processing is ond 1o be superior 1o the
comventonsl FFT method in finding  the  smal
abaormalities in ECG signals.

2 MATERIALS AND METHODS

CG signals both standard and noise cormupted
have been penerated usmg Matiab These signals are
analyzed by the wavelet method (Matlab wavelet Tool).
Continwous wavelet transform (CWT)
sum over all time of the signal
shifted versions of the wavelet function y

Qiscalgposition= ] f(tWAscalepositio)dt

he results of the CWT are many waveket
coeflicients C, which are & function of scale and position
Multplying cach coefficient by the appropriaily scaled
and shifled wavelet yields the constituent wavelets of the
ral

i proces, & i parfomeed & smotnge dacvts wevelt
wansform of a signal The decomposition process can be
Mersted,  with  succesive  approvimations  being
decomposed in tu, 30 that one signal i broken down into
many lower resolution components. This s called the
wavelet decomposition tree

Haque et al. (2009
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Wavelet Leader Based Multifractal Analysis of Heart Rate Variabi

ty

during Myocardial Ischaemia

Roberto Fabio Leonarduzzi, Gastén Schlotthauer and Maria Eugenia Torres

wavelet analysis of HRV. respectively. In the present work
we assume the hypothesis that the alierations of the sym-
balanc

ior of a signal. e approach

mul lormalim, whichdhows remartable imprvcmens

over previous methods. In order 1o characterize and detect
episodes, in this work we propose o perform 3

e caused by the presence of
ischacmia are reflccted in the charactenistics of the HRV
fluc

In the 1990's, statistical physics techaiques began o be
used 10 analyze these complex floctations. In particular,
multifractal analysis (MFA) allows 1o study scaling phe-

Our results suggest that this new method provides appropriate
indexes that could be wsed a5  tool for the detection of
myocardial ischacmia.
1. INTRODUCTION

PV TRcARtAL i OMD i wmbemed w Vs e

mporary lack of & blood supply o the myocardial
tissue. In extreme cases this situation results in acute my-
ocardial infarction. Therefore, carly detection of ischacmia
is of great clinical interest. Traditionally, the assessmes
of this coadition has been approached by means of the
analysis of parameters derived from the electrocardiogram
ECG), in particular the deviation of the ST segment [1].
However, this method suffers from a low specificity. given
that other phenomena, such as posture changes, cause si
manifestations in the ECG [1].

It is known that the autonomic nervous system (ANS)
regulates the heart rate via the stimulation of the sinoatrial
node. At any time, the heart rate represents the net effect of
the parasympathetic and sympathetic stimulation that slows
it down and speeds it up, respectively. Both beanches of the
ANS are tonically active, even in resting coaditions. This
phenomenon results in the complex and inregular fluctuations
shown by the heart rate. known as heart rate variabilify
(HRV) [2).

Besides of electrocardiographic alierations. ischaemia

which are involved in cardiac reflexes mediated by the
ANS [3]. Therefore, HRV can be used to measure, in an
indirect and non-iavasive way, the alterations of the ANS
caused by ischacmia. This was the hypothesis assumed in
(1) [3). where MI was assessed by time-frequency and

Mamuncrpe recerved 19 June. 2010
This werk was suppuried by UNER. CONICET snd ANPCYT

978-1-4244-4124-2/10/525.00 ©2010 IEEE. 10

o
This techaique was intally hasc on the increments of B
time serics. Later, variants based on the wavelet transform
modubes maima (4] and. more ecenty, on wavelt eaders
(WL) [5]. [6] were

Godoy and Torres [7] first proposed 1o use MFA to saudy
MI from HRV signals. In the present paper we coatinue this
work, using the WL based multifractal formalism (MFF),
‘which benefits from both theoretical and practical advantages
compared 1o the one bused oo WTMM wsed in [7). We
also propose & short-time version of MFA in order (o detect
ischaemic cpisodes (IE).

11 MATERIALS AND METHODS

In this section, a brief review of the tools used in the
present work is given. The definitions of Holder exponcat
and the singularity spectrum are preseatod. Next, the WLs
and the corresponding mukifractal formalism are described.
following [8]. Finally the shon-time mulifractal analysis
proposed in the present work is preseated. The reconds
used for the experiments and the experimental procedure are
described in the last two subscctions.

A Holder exponent and singularity spectrum
Given a point £, € R and a real constant > 0, a function
o) f there exists a constant
of degree less than o such that
The Holder exponcat hy ()
of [ in to is defined as hy(to) = sup{a: f € C*(to)} (6]
It measures the local regularity of / in fo. Small (close o
0) values of the Holder exponcnt denote strong and sharp
singulasitics, whereas large values denote smooth oncs.
When analyzing a signal which s singular almost every-
where, it is useful 1o know the distribution of the singularitics
with a given Holder exponcat. The singularity (or muki-
fractal) spectrum (SS) measures the amownt of singularitics

with & given Holder exponcat. Formally, it is defined as
the Hausdoefl dimeasion of the set s whose Holder
exponent is h: D(h) = dimu{t € R : hy(t) = h} [6}

Leonarduzzi et al. (2010)
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1. ECG DATA AND PREPROCESS

Ly

left bundle
block beat(RBBB), paced beat(PACE), veatricular
contraction(PVC) and atrial premature contraction(APC).

preprocessing
The electrocardiogram (ECG) is routinely used in clinical - be d into which contein
pracic, which describesthe clecrical activiy of the heart In Lt % TR0 0 S0 PO complenes b cemered
physical checkups at bospitals, physicians record the ECG af-  yround R peak. Considered that some PVC duration is great

Eﬂmmbmhmd—m feature vector which represents the original ECG segment. A
depend on

good recogniion should
m. have been done for classification of various  resenting the ECG signals in such & way, that the differences
for

coes shydemies [1ZIGHCL o Wl pover. w0
of wavelet transform and

0-7803-9422-4/05/$20.00 ©2008 IEEE

proposed approach
ws)u,-umd of the ECG, proposing the description or representation by
wavelet

Zhao et al. (2005
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ECG

clinical information about the cardiac activities of heart The features of small

ery important o
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1 INTRODUCTION
racsdogan (00) 3 il med o

he clectl syt b genered by depotmioaon

‘el of th e sad veneen i 5 we

orthogonal fker bunks (12). Nikolsev and Gochey

wanslation-invariant wavelet domain [13]. Most of the
ks foe he lan

suited foe analysis by joint and tme-scale
distributions, ECG signal has a very time-varying

charcteristic, identified a5 the P-QRS-T
complex. The signal frequencies are disrbuted (1) low

QRS complex [1, 2]. W b e becomes
chemc o infurcied, chaxiestic changes e sen n
he form of cleviion or depression of the ST segmet

Tachemi oo canes chaages fn comduction velocay and
action potential duration, which resuls i fragmentation in
the depolarization front and appearance of low-amplitude
sochessmd shes i the oy urtace ECG signae 3] The
statistical properties of ECG wave are
over i bnding 0 b quas-staicmary. A ol s
s an ECG recording done over & period of 24 or more
hours. An automatic algorithm and software is needed 10
analyze this huge amount of 24 hours Holter ECG signals
A major problem i the propes detection of the ECG signal
anxd extraction important features from it
Recenty wavelets have been wsed in & large

umber of biomedical applications. The wavelet pucket
method is  generalization of wavelt de tion that
offers a rich range of possibilties. for signal analysis. The
muli-resolution framework makes wavelets into a very
powerful compression (4] and filter 1ol [S], and the time
ad foquency bcsiomin of wavelt mekes & oo o
powertul ool for action (6]
‘works on precise deection of ECG using 7 and vl
[7-16]. Karel er al. proposed the performance criteria to
measure the quality of & wavelet, based on the principle of
maximization of variance (7] Mahmoodabadi ef ol
developed and evaluated an- electrocardiogram (ECG)
feature extraction system based on the multi-resolution
wavelet wansform (), David er al. presented a method to
reduce the baseline wandering of an electrocardiogram

signal (9], Shantha ef °  discumed the desgn of good
wavelet for cardiac the perspective of

v with respect
extreme noisy channel using conventional FFT and

FFT and wavelet methods are developed for the extraction
of sl varstonsof o ECO sy Wavcle method
signal processing is found fo be superior 10 the
conventionsl  FFT method in finding the  small
aboormalities in ECG signals

e cor
These signals are

2 MATERIALS AND METHODS
ECG signals both standard

et trans
sum over all i of the sigasl muluph«l by se
ifed versions ofthe waveet Rmction y

Cuscalepositiow= [ f(twAscalepositiois

The resulls of the CWT are many wavekt
coeflicients C, which are & function of scale and position
Multiplying each coefficient by the approprately scaled
and shifted wavelet yilds the constituent wavelets of the
crigal gl

For many signals, the low-frequency content i
the most important part. It is what gives the signal its
ideney. The high-equncy comest, 0 the chr b,

many lower resolution components. This s called the
wavekt decomposition ree

7
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wavelet analysis of HRV. respectively. In the present work
we assume the hypothesis that the alierations of the sym-

of the singular behavior of 3 signal. Recentl, 3 new approach

balance caused by the presence of
ischaemia are reflected in the characteristics of the HRV
fluctuations.

In the 1990's, statistical physics techaiques began o be
used 10 analyze these complex floctations. In particular,

mebtircta formakim, which thows remarkableimprovements sis .
S T L - mm.::'..n, mn..l.-:m.:, m.::::
charmic eplanden I this work we propane 1o porrm ' Domen and long-term corrlations in tme sercs

of the of their singulasities.
O i sttt ks e i prvidesappeepeise  This technique was intally hasc on the incremeats o
time serics. Later, variants based on the wavelet transform

indeses that could be wsed 35 3 fool for the detection of
hacmia.

myocardial isc
1. INTRODUCTION

YOCARDIAL ischicmia (MI) is undersiond 1 be the

temporary lack of a blood supply 1 the myocardial

tissue. In extreme cases this situation results in acute my-

ocardial infarction. Therefore, carly detection of ischacmia

is of great clinical interest. Traditionally, the assessment

of this coadition has been approached by means of the
analysis of parameters derived from the electroc:

ECG), in particular the deviation of the ST segment [1].
However, this method suffers from a low specificity. given
that other phenomena. such as posture changes, cause similar
manifestations in the ECG [1].

It is known that the autonomic nervous system (ANS)
regulates the heart rate via the stimulation of the sinoatial
node. At any time, the heart rate represents the net effect of
the parasympathetic and sympathetic stimulation that slows
it down and speeds it up, respectively. Both beanches of the
ven in resting conditions. This
phe omplex and irregular fuctuations
shown by the heant rate, known as heart rute variabiliry
(HRV) [2).

Besides of electrocardiographic alterations.  ischacmia
causes carly metabolic and hemodynamic changes. These
changes are detected by chemoreceptors and baroreceptors
which are involved in cardiac reflexes mediated by the
ANS [3]. Therefore, HRV can be used to measure, in
indirect and non-iavasive way, the alterations of the ANS
caused by ischacmia. This was the hypothesis assumed in
(1), [3). where MI was assessed by time-frequency and

Mamuncrpe recerved 19 June. 2010
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modulus-maxima [4] and. moee receatly. on wavelet leaders
|W|.>[‘I 6] were proposed.

and Torres [7] first proposed 10 use MFA to saudy
MllmmHRVug In the present paper we coatinue this
work, using the WL based multifractal formalism (MFF),
hich benefits i and o

cal

compared 1o the one bused oo WTMM wsed in [7). We
also propose & short-time version of MFA in order (o detect
ischaemic episodes (IE).
11 MATERIALS AND METHODS

In this section, a brief review of the tools used in the
present work is given. The definitions of Holder exponcat
and the singularity spectrum are preseatod. Next, the WLs
and the corresponding mukifractal formalism are described.
following [8]. Finally the shon-time mulifractal analysis
proposed in the present work is preseated. The reconds
used for the experiments and the experimental procedure are
described in the last two subscctions.

A Holder exponent and singularity spectrum
Given a point £, € R and a real coastant o > 0, 3 function
R R is said 1o be C™(to) if there exists a constant
K > 0and a polynomial P, of degree less than o such that
J(t) = Py ()] < Kt — to]. The Holder exponcat hy(te)
of f in to is defined as hy(to) = sup{a : J € C*(to)} [6}
It measures the local regularity of f in fo. Small (close
0) values of the Holder exponcnt denote strong and sharp
singulasitics, whereas large values denote smooth oncs.
When analyzing a signal which is singular almost every-
where, it is useful 10 know the distribution of the si
with a given Holder exponcat. The singularity (or muki-
fractal) spectrum (SS) measures the amownt of singularitics

s, s i e Lo Signas snd Newlinesr Dy, Fcuty o with & given Holder exponcat. Formally. it is defined s
Compeacing aabor Rober Fa Locasicn the Hausdorfl dimeasicn of the st whose

Flecnarduzsi#bioingenieria.eds.ax exponent is h: D(h) = dimu {t € R : hy(t) = h} (6}
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Abstract: The electrocardiogram (ECG) is one of the most important techniques for heart disease
diagnosis. Many
applied to ECG analysis. However, the effectiveness and efficiency of such methodologies remain
to be improved, and much existing research did not consider the separation of training and testing
samples from the same set of patients (so called inter-patient scheme). To cope with these issues,
in this paper, we propose a method to classify ECG signals using wavelet packet entropy (WPE) and
random forests (RF) following the Association for the Advancement of Medical Instrumentation
pat Specifically, we firstly decompose the ECG.

signals by wavelet packet (WPD), and opy from
oetf d finally use RF to build an ECG. To the
best of our knowledge, it is the first time that WPE and RF are used to classify ECG following the
AAMI recommendations and the inter-patient scheme. Extensive experiments are conducted on
the publicly available MIT-BIH Arrhythmia database and influence of mother wavelets and level of

PD, type opy and the number in RF on the pe
300 oo diecused. The experimentsl meukts sve soperoe 10 hose by sevens sateoftheart
g that WPE and RF

Keywords: ECG wavelet forests; AAMI

1. Introduction
The electrocardiogram (ECG) records the tiny electrical activity produced by the heart over a
period of time by placing electrodes on  patient’s body, which has become the most widely used
rn-invasve ko o heart losses dlngnoses i the clinica. Due 1o the Wgh moray rake of
ECt lots of researchers’ attention.

'l'rplu.\lv, ECG signals has f feature
extraction and classification. The preprocessing phase is mainly aimed at detecting and attenuating
lmpm\nn of the ECG signal related 1o artifacts, which akso usually performs signal nomalization

Ater divides the signal into smaller segments.

whnhun better express the electrical activity of the heart [1}. Nowadays, the researchers can
gt good results from preprocessing and segmentation by some popular techniques or tools [2].
Therefore, mostof the lierature focuses upon the last fwo phases

plays an important especially in signal or image
classification. Features can be extracted from the raw data or the transformed domain of
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A need for automatic systems having real-time
anomaly detection with high accuracy




NoVE| APproach for the autOmatic
realL-time beat-to-beat detectlon

of arrhythmia conditions
(NEAPOLIS)
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Arrythmia conditions

Left and Right Bundle Branch
Block (LBBB and RBBB)

Premature Ventricular
Contraction (PVC)

Atrial Premature Beats (APB)



NEAPOLIS in a nutshell
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NEAPOLIS in a nutshell

-
Patient

v

——»[ Input ECG signal ]

v

QRS detector for

Buffering | [ R-peaks

Count of R-peaks in
input signal = 11 ?

No

> Beat segmentation ]—»[z-step median filter H Feature extraction H Beat classification




Selected features

"

o

Single beat

#

pre-RR interval =P Previous and current heart beats
post-RR interval =P Current and post heart beats
local-RR interval -P Requires at least 10 heart beats

Pandey and Janghel (2020)



Selected features

ECG Signal

"

[

o] —

Extracted features

Maximum Overlap Discrete
Wavelet Transform (MODWT)

Autoregressive Model (AR)

Multifractal Wavelet Leader

Fast Fourier Transform (FFT)

R-R interval descriptors
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MIT-BIH Database

48

ECG Recordin gsSs The Research Resource for Complex Physiologic Signals

PhysioNet

30 ~110,000

Minutes of recording Labelled heart beats

Goldberger et al. (2000); Moody and Mark (2001)
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Data extraction

Record 100 from MIT-BIH Arrhythmia Database
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Extraction of R peaks
annotations
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180 samples
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Beat segmentation
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2-step median filter
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Filtered ECG signal
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Data extraction

'70,000

35,000

Normal LBBB

RBBB

PVC

APB

~99,000

heart beats



What are the most important features for

the beat-to-beat classification of
(@

arrnythmia conditions?



Selected features

Extracted features
Feature selection
Maximum Overlap Discrete

Wavelet Transform (MODWT) .

Autoregressive Model (AR) Remove

co-correlated features
Multifractal Wavelet Leader (Pearson > 0.9)

: Feature selection
Fast Fourier Transform (FFT) using

Random Forest

R-R interval descriptors




Selected features - Top 5

dw = Discrete Wavelet

fft = Fast Fourier Transform

Importance

cfr = AR model reflection
level

coefficient

pre_rr = pre-RR interval

dw_4 fft.1 fft.3 cfr.1 pre_rr



What is the accuracy of NEAPOLIS?

= (?)



Selected baseline

Heart Beats classification
via LSTM Model

/—f \
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Wavelet
L Features )

¥

Data Normalization

.

Data splitting
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Performance evaluation

Pandey and Janghel (2020)
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Classification

Repeated 1,000 times, due to split randomness

DSI1 (training set)
— and
DS2 (test set)

l 50% - 50%

Class balancing
and —

Feature scaling

Train/Test
) Random Split

Random Forest
Classifier
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Overall Results

Average metrics NEAPOLIS (Pandey et al., 2020)
Sensitivity 97.16 (+ 2.27) 94.89
Specificity 99.53 (+ 0.39) 99.14

Precision 97.22 (+ 0.49) 96.73

F1score 97.18 (+ 1.41) 95.77



Results (for each class)

Metric

Normal

LBBB

RBBB

PVC

APB

Sensitivity
Specificity
Precision

F1 score

99.34 (+ 0.03)
98.29 (+ 1.84)

99.43 (+ 0.59)
99.39 (+ 0.32)

98.53 (+1.01)
99.96 (+ 0.04)
99.50 (+ 0.45)
99.01 (+ 0.73)

99.18 (+ 0.21)
99.97 (+ 0.04)
99.68 (+ 0.63)
99.43 (+ 0.42)

98.28 (+ 3.10)
99.61 (- 0.02)
95.02 (- 0.05)
96.62 (+ 1.49)

90.48 (+7.00)
99.81 (+ 0.02)
92.49 (+ 0.85)
91.47 (+ 4.10)




NEAPOLIS is part of a real IoMT system

S-BOX

l

' In-home monitoring
Dispositivo

App MyATTICUS
“smart wearable" . Smartphone
S-WEAR w D

Out-of-home monitoring

Ambient-intelligent Tele-monitoring System

Dispositivo di /
. "ambient intelligence"

Personal check-up

Software
di monitoraggio

i

Sistema di supporto
alle decisioni

DSs

Specialized check-up
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Centrale
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Summary

. . NEAPOLIS in a nutshell
Internet of Medical Things

Preventive care

Long-term care and
chronic diseases

R ! nput signal > 11 2 D| Beat segmentation Hz-;~ep median filter H Feature extraction J—» Beat classification
Zhao et al. (2005) Haque et al. (2009) Leonarduzzi et al. (2010) Li et al. (2016)

Selected features Classification Results - for each class

Repeated 1,000 times, due to split randomness

Feature selection

Extracted features Train/Test DSI1 (training)
Random Split

and
Maximum Overlap Discrete Ds2 (validation)

ECG Signal Wavelet Transform (MODWT) " ; 50% - 50% Metric Normal

[ Autoregressive Model (AR) | Rermove Sensitivity 9934 (+ 0.03) 9853 (+1.01) 9918 (+0.21) 9828 (+ 3.10) 90.48 (+ 7.00)

co-correlated features Class Ziz‘”c'”g Specificity 9829 (+1.84)  99.96 (+ 0.04) 9997 (+ 0.04) 9961 (- 0.02) 99,81 (+ 0.02)
[ Multifractal Wavelet Leader | | (Pearson>09) | Feature scaling Classifier Precision 9943 (+0.59) 9950 (+ 0.45) 99,68 (+ 0.63) 9502 (- 0.05) 9249 (+ 0.85)

Feature selection
using
Random Forest

[ Fast Fourier Transform (FFT) | Flscore 9939 (+ 0.32) 99.01 (+ 0.73) 99.43 (+ 0.42) 9662 (+1.49) 9147 (+ 4.10)

']
v

Validation

‘ R-R interval descriptors ‘
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