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Abstract

This paper presents a study of the impact of cliek&l murmurs on cardiac sound S1, and S2, anth#dasure of
severity degree through synchronization degree dx@tvirequencies, using bispectral analysis. Theriétgn is applied
on three groups of Phonocardiogram (PCG) signalig/ represents PCG signals having a morpholagifesi to that
of the normal PCG signal without click or murmurggp B represents PCG signals with a click (redunedmur), and
group C represent PCG signals with murmurs.

The proposed algorithm permits us to evaluate amhiify the relationship between the two soundsa&d S2 on one
hand and between the two sounds, click and murmuhe other hand. The obtained results show tleatlicks and
murmurs can affect both the heart sounds, andwacsa. This study shows that the heart works ifepeharmony and
that the frequencies of sounds S1, S2, clicks,ramanurs are not accidentally generated; but theyganerated by the
same generator system. It might also suggest tieabbthe obtained frequencies causes the others.

The proposed algorithm permits us also to deterrttieesynchronization degree. It shows high valuegroup C;
indicating high severity degrees, low values fayugr B, and zero in group A.

The algorithm is compared to Short-Time Fourier iBfarm (STFT) and continuous wavelet transform (QWT
analysis. Although the STFT can provide corredtly time, it can't distinguish between the interoaimponents of
sounds S1 and S2, which are successfully deternbge@WT, which, in turn, cannot find the relatioistetween
them.

The algorithm was also evaluated and compared doetfergetic ratio. the obtained results show vetisfactory
results and very good discrimination between thedlgroups.

We can conclude that the three algorithms (STFT,TC#d bispectral analysis) are complementarydiiti@e a good
approach and to better understand the cardiac sound

Key words; sound S1; sound S2; click, murmur; impact; big@dcanalysis, pathology; severity.

Introduction and are filled with blood, called diastole. Diastat longer
than systole.

S1 is caused by the closure of mitral and tricdisilves at
the start of systole. The second heart sound S2uised by the
closure of the aortic and pulmonic valves, markilng end of
systole!?

According to the literature, there are two majomponents
of each sound? The components for the sound S1 are M1 and
T1, one due to closure of the Mitral valve and dlfeer due of
the closure of the Tricuspid valve. Inspiration ajal the
closure of the tricuspid valve in a normal persdog to
increased venous return, thereby enhancing theisglof the
S1 sound. This delays the closure of the tricusgadve,
resulting in a split S1 sound, and M1 and T1 apassed by a
relatively short interval, however a split S1 césoabe heard in
the setting of a right bundle branch block (RBBB).

The phonocardiogram (PCGJi¢ure 1) is one of the most
tools used for analyzing the mechanical activioéshe heart,
and for the diagnosis of abnormal heartbeat sowudh as
murmur. PCG signal can describe with great precisis

different components such as heart sounds: S1¢l8Rs, and

murmurs.

When a healthy heartbeat, it makes a “lub-dub’nsod he
first heart sound ‘lub”, also known as Sl is caubgdthe
closing of atrioventricular (AV) valves after thdria have
pumped blood onto the ventricldEidure 2).

The second heart sound “dub”, or S2 originatesnfribe
closing of the aortic and pulmonary valves, riglitera the
ventricles have ejected the blood. The time interetween S1
and S2 is when the ventricles contract, called &dgstThe
interval between S2 and next S1 is when the véasricelax
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For the second sound S2, one sound is due to dkarel of the
aortic valve (A2) and the bér sound is due to the closure
the pulmonary valve (PZ}*® Specifically, during expiratior
A2 and P2 are separated by a relatively shortvatdypically
less than 30 milt is heard when aortic and pulmonic val
close at slightly different times.

However, there are two other kinds of heart souhithvare:
ejection clicks, and murmurs. Ejection clicks argh-pitched
sounds that occur at the moment of maximal opewinthe
aortic or pulmonary valves. They are heard justratie first
heart sound.

Heart murmurs are whooshing sounds producedthe
turbulent flow of blood. Murmurs are diagnosed lobea the
time they occur in the cardiac cycle, their changeistensity,
over time, and the auscultatisite where they are best hei

PCG signal compared to other investigative technic
provides information in realme with high resolution. I
addition, from PCG signal some important parameters be
extracted such as: amplitude, frequency, number
components of the signal in each &yckthe intensity, th
duration, the location, and the different shapegaith soun:
which are considered as iedtors of diseases under stt

On the other hand, this kind of signal shows sigaift
random and nonlinear propertiesspecially in the nrmur
soundsMany studies have been carried out, on the beha¥i
this kind of signal. Some of these studies areudised belov

Yaseen et Alused Artificial Neural Networks (ANM to
detect and classify heart diseases. They extrdecteddomair
and fequency domain features such as energy, meamanea
and Mel Frequency Cepstral Coefficients (MFCC).iuas
heart sound samples are classified using Suppordtov
Machine (SVM), K Nearest Neighbour (KNN), Bayesiand
Gaussian Mixture Model (GMM) Classifiers.

Mohamed Boussaa et ®ablescribe in detail a medic
assistance system that can detect and distinguistvebn
normal and abnormal heart signals. Their systembaoes
firstly between the MFCC as a descriptor of thedizar signa

and the artificial neural netwotlgpe MLP asa classifier and

secondly between the discrete wavelet descriptatjsscal
operations as reducing the characteristic vector thod
dimensions extractedhd the same type of classifi

Maciej Ros6t et dlpresent a loveost system of location ai
classification of heart sounds in S1 and S2 based singl-
chip microcontroller and MEMS microphone. They alssed
the temporal, frequency analysis, autocorrelatiorcfion, anc
time-frequency to analyze diast and systole heart cycl

However, all these methods can't give us a relatiqr
between the different frequencies; dahe contrary, the
bispectral analysis can provide this relationshfwd can
distinguish between them.

This study is a complementary study to that whies wade
by Debbal et &l they found that the continuous wave
transform is the most successful technique forahalysis of
the internal components of these sounds. The aoois

wavelet transform adiws the best representation of the inte

components (M1, T1, A2 and P2) and the measurbeofiine

delay between these components. However, the STl

provide correctly the time but the components Mdl ai of

the sound S1 and the components A2 a2 of the second
sound are not obviously detected and not accur

represented-or more details s reference 2.

In this work, our contribution is to find the ratatship
between the different PCG sounds (S1, S2, Clickd
murmurs) on one hand and ween the internal components of
each sound on the other hand. In addition, the queq
algorithm permits us to determine a new paramd¢hat
correspondsto the synchronization degree between
frequencies using bispectral analysis. This paramedn ive
us information about theeverity degree of the patholog
Finally, the work is evaluated and finished by anparison
between bispectral analysis, CWT and energetio.
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Figure 1. PCG signals used
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Materials and Methods

Database

This database consists of 11 different cases of RigBals
(Table 1), taken from three different databad®¥ with
different degrees of heart pathological severitgchedatabase
has its own sampling frequency (Sesble 1).

Heart sounds are auscultated at four differemssén the
chest wall which corresponding to the location lold flow as
it passes through the aortic, pulmonic, tricus@dd mitral
valves, respectively. The diagnosis of the presemcabsence
of clicks and murmurs was taken from the sourcelzige. The
severity of clicks and murmurs depends on the ilocabf
auscultation, the quality or the intensity, andirttiening. We
have grouped and classified the signals into thyesups
according to their pathological severity based dme t
segmentation of sounds and heart murmuEgufe 2).**°
Group A corresponding to PCG signals having a muolquy
similar to that of the normal PCG signal withoutckl or
murmur: “n” normal heartbeat cardiac sound, “coaarctation
of the aorta, and “IM” Innocent murmur.

Group B corresponding to PCG signals with a c{igiduced
murmur), it contains five PCG signals: “EC” Ejectialick,
“AG” Aortic Gallop, “EC1" Ejection click, “MP” systlic
Mitral Prolapse, and “LS” Late systolic.

Group C corresponding to PCG signals with murmitirs
contains three PCG signals: “Mr” Mitral regurgitatj “ar”
aortic regurgitation, and “tr” Tricuspid regurgitat.

Table 1. Description of the used database.

Preprocessing

Usually, PCG signals after acquisition are distdrbg various
noises. One of the first operations is thereforapply a filter
that eliminates these disturbances. It is therefoeferable to
filter this signal as a first step and before amalgsis. The
filter used is the discrete wavelet transform. Forbetter
analysis, the choice of the mother wavelet is nionmgortant.
Therefore, in this work, the most suitable analgaivavelet for
performing this filtering is: the 7th level Daubésh wavelet
(db7). This latter is the most suitable for anatgznormal and
pathological PCGs signals.

Bispectral analysis

A bispectral analysis is an advanced signal praogss
technique that quantifies quadratic nonlinearittaaong the
components of a signdl’® It is defined as the Fourier
transform of the third cumulant. Considering tha Fourier
transform of the second-order cumulant (the autoetation
function) is known by the power spectral densitg}. The
Hanning window length of 256 was used. The bi-gpéds
defined byEquation 1.

B(fi, f2) = EIX(f)X(f)X"(fi + f2)] Eq. 1
WhereX (f) is the discrete Fourier transform (DFT) of (nT).
X*(nT) is the conjugate of x (nT),

E[] : is the operator of mathematical expectation.

f1+f2: is the frequency of the harmonic component

Sampling
Frequency (Hz)

Cycles

Record number

Group Signal length

Description of the pathology

n 11025 49400 6

Normal case

A coa 8012 11962 2

Coarctation of the aorta is a birth defect in & pathe aorta, the tube that
carries oxygen-rich blood to the body, is narrothan usual. It forces the heart
to pump harder to get blood through the aorta antbdhe rest of the body.

M 8012 32465 5

An Innocent heart Murmur does not cause heart prosl It is often related to
a temporary condition, causing high blood flow thgh the heart’s valves.

EC, EC1 11025 54672 6,7

Ejection Clicks are high-pitched sounds which aarH just after the first heart
sound. They occur in the presence of a dilatechawrpulmonary artery or in
the presence of a bicuspid or flexible stenotitiaor pulmonary valve.

AG 11025 52878 6

Aortic Gallop is an abnormal rhythm of the heartamrscultation. It contains
another sound, called S3 or S4, dependent uporevitné¢he cycle this added
sound comes.

MP 11025 54381 6

Mitral Prolapse is a disorder, usually benign,haf functioning of the mitral
valve and may be responsible for more or less sawdral insufficiency. it is
characterized by the displacement of an abnorntaltkened mitral valve
leaflet into the left atrium during systole. Ittiee primary form of myxomatous
degeneration of the valve.

LS 11025 57024 6

Late Systolic is a sharp, clicking sound heardrdydardiac late systole. It
signifies mitral insufficiency, may also be duepteuropeicardial adhesions or
other extracardiac mechanisms

Mr 44100 329728 9

Mitral Regurgitation It is one of the most commasedses among heart valve

pathologies. in this case, the heart's mitral vdlvesn't close tightly, causing a

backflow of blood from the left ventricle into tieft atrium during the phase of
expulsion of the blood (systole), instead of gaimg the aorta.

ar 44100 586530 14

Aortic Regurgitation, is a heart valve diseaseesponding to a failure to
check the aortic valves of the heart which causgegrade blood flow during
diastole, from the aorta to the left ventricle

tr 44100 200112 8

TRicuspid insufficiency is an impairment of thectrspid valve allowing blood
to flow back from the right ventricle to the rightrium.
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Since the correlation function is an even functiand its FT
gives a symmetry spectrum (i.e. the spectrum repbaice

"mirror effect"), we find that the bi-spectrum whicepresents
the FT of the tri-correlation function, repeatsitfour times.

It is therefore enough to calculate the spectrum tlee

frequencies that lie in the non-redundant regidnas it is

illustrated inFigure 3. For more details sé&

A
Pl
f2
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redundant
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05 i —>
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fi —»

Figure 3. The non-redundant region for the calculabn of bi-
spectral frequencies:

Synchronization degree
The synchronization degree is defined as the tatoveen the
number of harmonics and all the sinusoids numbetthef
bispectrum. We must indicate here that the numbkr o
harmonic and the sinusoids must be calculatingnediif it is
generated n times.
Thoi fi

i fik

f =fi+ £

Syn = Eqg. 2
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Figure 4. Bispectrum of S1 sound in normal case (Group ¢/
record “n”)
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Results and discussion

The bispectral algorithm has been implemented apdiead on
three sets of PCG signals: group A correspondingaonal
cases without click or murmur, group B correspogdm PCG
signals with a click, and group C correspondin@ @G signals
with murmurs. Heart sounds are auscultated at different
sites on the chest wall which corresponding toltieation of
blood flow as it passes through the aortic, pulmptricuspid,
and mitral valves, respectively. The obtained tsswdre
illustrated inFigures 4to 12 and resumed ifables 2and3.

Group A

The bispectra of the sound S1 and S2 of the re(mmra.wav)

in group A are illustrated ifrigures 4 and5 respectively. The
color represents the relative variation of the atugé of the

bispectrum. The red color indicates the strongestease, and
the blue line indicates the greatest decrease.

The analysis of the internal components of heauhds (M1
and T1 for S1: A2 and P2 for S2) makes it possitilegugh
the measurements obtained and the variation opanemeters
studied, to know the operating state of the cowedmg
valves (mitral (M1 ), tricuspid (T1), aortic (A2hd pulmonary
(P2) which can help the clinician in establishiig tmedical
diagnosis or the surgeon in the case of valve plangation.

The bispectra show a predominance of two peaksath
sound: (M1 and T1) in sound S1, and (A2 and P2pimd S2.

The peak M1 Kigure 4, Table 2) represents only one
frequency, it is around (179,43, 179.43) Hz, howeVé is
around (179,43, 358.86) Hz. As we remark the fraque
353.86 Hz represents a quadratic interaction, tiésdouble of
the M1 component frequency (358.86 = 179.43*2). The
components M1 and T1 of sound S1 are due to thengjoof
the mitral valve and the tricuspid valve respedyivAccording
to this result, we can say that the frequency & $ignal
corresponding to the closing tricuspid valve is ldeuthe
frequency of the signal corresponding to the clpsmitral
valve.

600 1200
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Figure 5. Bispectrum of S2 sound in normal case (Group £
record “n”)
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Similar results are obtained in the bispectrum2{Bgure 5).

The peak A2 represents only one frequency, it surrd

(239.24, 239.24) Hz, however P2 is around (2394748.48)
Hz, it represents a quadratic interaction (478.4839.24*2).
According to this result, we can say that the ferguy of the
component A2 is double that of the component PZ $é&cond
sound S2 signal represents the end of the systude tlae
beginning of the diastole. However, the componé&2snd P2
of S2 represent the closing of the aortic and pukang valves
respectively. i.e. the frequency of the signal esponding to
the closing pulmonic valve is double the frequerudythe

signal corresponding to the closing aortic valve.

Similar results are obtained in the record “IM”gnoup A;
however, in the signal “n” which represents a ndrosse, we
found that A2 equal to M1 and P2 equal to Trhalfle 2).
According to this result, we can say that in thenma case the
frequency of the signal corresponding to the clpsif the
mitral valve equal to the frequency of the signairesponding
to the closing of the aortic valve, and the frequenf the
signal corresponding to the closing tricuspid vadgeial of the
frequency of the signal corresponding to the clpginimonic
valve. This result leads us to conclude that thepditral
analysis can distinguish between normal cases attiblogic
cases even if it has a morphology similar to tHahe normal
PCG signal.

However, the synchronization degree and as istilited in

Group B

Similar results are also obtained in the bispeoctfrthe sounds
S1 and S2 (record EC), as it is illustratedrigures 6 and 7

respectively. It shows a predominance of two peaksach
sound: (M1 and T1) in the sound S1, (A2 and P2hénsound
S2.

The peak M1 and A2 represent only one frequencys i
around (273.36, 273.36) Hz, however T1 and P2 evand
(273.36, 546.72) Hz. As we remark, S1 and S2 aeetichl,
and the frequency of T1 is twice the frequency Mg the
frequency of P2 is twice the frequency of A2.

However, the bispectrum of click in this signabels also
two peaks Figure 8, Table 2), the first mrl is around (820.08,
820.08) Hz, and the second mr2 is around (820.680.16)
Hz. According to this result, we can remark, ttna frequency
1640.16 Hz is twice the frequency 820.8 Hz. On otiand,
the frequency 820.08 Hz results from the nonlirietaraction
between the frequencies 546.72 Hz and 273.36Hzhwaie
found in the S1 and S2 bispectra; because it eqoate sum
of two frequencies; which leads us to conclude thate is a
nonlinear relationship between the click heart #ra sounds
S1 and S2, and that might suggest that the thremdsoS1, S2,
and click have the same generator system. It nailgiot suggest
that one of the obtained frequencies causes thegsoth

The synchronization degree between the
frequencies show a low value (1/4=25%)@kle 2); because

Table 2, shows a zero value in all the cases of group A, \ye have only one harmonic frequency (820.08) batwieer

because there is no harmonic component.

Table 2. Summary table of the results obtained

frequencies (273.36, 546.72, 820.08, 1640.16) Hmil&
results are obtained in the other signals of glBugvhere we
found low values that vary between 25% and 42%.

different

Heart Sound (S1/S2) Click Murmur
Group Record - -
S1 (M1/T1) S2 (A2/P2) Cki MRi
n M1(197.632,172.92) A2(197.632,172.928) / /
T1 (197.632, 370.53) P2(197.632,370.53)
A coa M1 (179,43, 179.43) A2(239.24, 239.24) / /
T1 (179,43, 358.86) P2(239.24, 478.48)
M M1(486.975,486.97) A2(324,65, 324,65) / /
T1(486.975,973.95) P2(324.65, 649.3)
EC M1(273.36, 273.36) A2(273.36, 273.36) Ck1(820.08, 820.08) /
T1(273.36, 546.72) P2(273.36, 546.72) Ck2(820.08,1640.16)
AG M1(264.39, 264.39) A2(264.39, 264.39) Ck1 (528.78, 528.78) /
T1(264.39,528.78) P2(264.39,528.78) Ck2 (528,78, 793.17)
B EC1 M1(285.535,285,535) A2(285.535,285,535) Ck1 (815.715,815.715) /
T1(285.535,571.07) P2(285.535,571.07) Ck2 (815.715,1631.43)
MP M1(271.95, 271.905) A2(271.95, 271.905) Ck1 (815.715,815.715) /
T1(271,905, 534.81) P2 / Ck2 (815,715,1631.43)
M1(285.12, 285,12) A2(285.12, 285,12)
LS T1(285.12,570.24) P2(285.12,570.24) CKI (855.36, 855.36) /
Mr M1(659.456,659.456) A2(494.592,494.592) / MR1 (1648.64,1648.64)
T1(659.456,1318.912) P2(494.592,989.184) MR2 (1648.64,3297,28)
M1(1000.56,1000.56)
ar T1(1000.56.2001.12) A2(1000.56,2001.12) / / MR1 (1000.56,2001,12)
c MR1 (11773.06,4398.975)

tr

M1(879.795,1173.06)
T1(1173.06,2052.855)

A2(1173,06,1173.06)
P2(1173.0,2346.12)

MR2 (879.795,4692.24)

MR3 (879.795.5572.03)

MR4 (1173.06,5572.03)
MR5 (43.98.975,5572.035)
MR6 (4692.24,5572.035)
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Figure 6. Bispectrum of S1 sound in pathologic case
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Figure 8. Bispectrum of click sound in pathologic case (Gup B,
record “EC")
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Figure 10. Bispectrum of S2 sound in pathologic
(Group C, record “mitral-regurgitation ")

cas

Group C

Generally, and as it is illustrated Fable 2, the frequency
components in all the records in this group, shbat tthe
frequency of T1 is the double of M1, and P2 is doeble of
A2, except in record “tr" (tricuspid-regurgitatignjvhere its
bispectra are illustrated irFigures 9 to 11 It shows a
predominance of four peaks in the sound S1: (M1, mdl,
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Figure 7. Bispectrum of S2 sound in pathologic case
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Figure 9. Bispectrum of S1 sound in pathologic case
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Figure 11. Bispectrum of murmur sound in pathologic cast
(Group C, record “mitral-regurgitation ")

and mr2), two peaks in S2 (A2 and P2), and six p€&MRK1,

MR2, MR3, MR4, MR5,

M1 is around (879.7

and MR6) in murmur sound signal
95, 1173.06) Hz, T1 around 8106,

2052.855) Hz, mrl around (2932.65, 405.71) Hz, am@
around (1173.06, 4105.71) HEi@ure 9).

A2 is around (1173,

234612) Hz. Figure 10).

06, 1173.06) Hz, P2 around 310,7
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Always and as we remark P2 is twice A2. i.e. relgmsiof the
kind of signal: healthy or pathological cases, filegjuency of
signal corresponding to the closing pulmonic valvelouble
the frequency of the signal corresponding to thsioly aortic
valve. However, in this case, T1 is different frdfi; because
the bispectrum contains two others component (midl rar2)
corresponding to murmur sound; for the reason tthetmitral
valve does not close properly and blood surges badhe left
atrium during systole, and the murmur start at S1.

As we remark, the frequencies 2052.855, 2932.6f% a
4105.71 Hz represent a nonlinear relationship betwthe
frequencies (879.795+1173.06), (2052.855+879.79ahd
(2052.855*2), which confirms that S1 is incorpochtén
murmur sound signal.

However, the frequencies of the murmur aFég(re 11):
MR1 is around (879.795, 5572.35), MR4 is around7@LQ6,
5572.035), MR5 is around (43.98.975, 5572.035), MIRb is
around (4692.24, 5572.035).

As we remark there is a nonlinear interaction leetwthe
different frequencies: the frequency 5572.035 Hz the
interaction between 4692.24 and 879.795 (4692.24 #835).
The frequency 4398.975 is a nonlinear interactietwben the
frequency 2052.855 Hz which was obtained in thedigum
of S1 and 2346.12 Hz which was obtained in thedanspm of
S2.

The frequency 4105.71 is the nonlinear interachentwveen
1173.6 and 2932.65.

On other hand, the frequencies 2932.65 and 205285
represent also harmonic components obtained in
bispectrum. However, the frequency 4692.24 is doubke
frequency 2346.12 Hz which is obtained in B2 bispeuo.

So we can conclude that the synchronization deigreery
high (5/6= 83.33%) Table 3); because the number of
harmonics is five (5572.035, 4398.975, 4105.71,2288 and

S1

Table 3. Synchronization degree

2052.855 Hz), between six frequencies (879.795,3167
4692.24, 5572.035, 4398.975, and 4105.71 Hz). Tlera
perfect harmony between frequencies, and might sigsmest
that one of the obtained frequencies causes thegsoth

Similar results are obtained in the other recormdsere we
found a high value of synchronization degree, whigiies
between 60% and 83.33%gble 3).

Evaluation 1

In this section, we will present a short comparisgmtween,
STFT, CWT, and Bispectral analysis. The STFT, WCT
analysis algorithms are implemented, and appliethensame
used database, but in this paper, we show onlyethdt of one
signal as an example.

In the STFT algorithm, the Hanning window was yseith
a length of 256, and an overlap of 50%. Howevethe\CWT
algorithm the wavelet Daubechies 7 (db7) was used.

As it is illustrated inFigure 12, the STFT of the signal “n”
shows only one component of each souridyre 12b). Each
component spreads for large time and large frequeand
can't give us precise information about the numimdr
components and their location in time of each sound

The obtained results using CWT on the two sousisuid
S2), are shown ifigure 13aandb. There is high resolution in
time and scale compared to STFT results. The CWoivsha
predominance of two peaks of each sound (M1 anddrlthe
sound S1 and (A2 and P2) for the sound S2.

It can so easily discriminate between the comptneheach
sound and specifies the location of each of theowyever, it
remains limited, because it can’t give us precigerimation
about the frequencies, or the relationship betvikem.

Number of harmonic Number of the total

Group Record Frequencies of harmonic components ) Synchronization degree
components frequencies

n / / / 0

A coa / / / 0
IM / / / 0
EC 820.08 1 4 25%
AG 793.17 3 1/3=33%

B EC1 856.605, 1142.14, 1713.21 3 7 3/7=42%
MP 815.715 4 Y4=25%
LS 855.36 3 1/3=33%
Mr 1154.048, 1813.504, 2472.96 3 5 3/5=60%

C ar 1100616,3101.736,1801.008,2201.232, 1300.728 5 7 5/7=71.43%
tr 5572.035, 4398.975, 4105.71, 2932.65, 2052.855 5 6 5/6=83.33%
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Figure 12. a) Normal PCG signal (one cycle), b) STFanalysis of one cycle of normal PCG signa
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Figure 13. a) CWT analysis of the sound S1, b) CWT aitysis of the sound S2

Evaluation 2

In order to evaluate the proposed algorithm, a @oispn
between the synchronization degree and energetio s
illustrated inFigure 14.

The energetic ratio is an intrinsic characteristiated to the
amount of the murmur in one cycle of PCG signale ©hthe
important indicators of severity is the increasetbrgy of
murmur in favor of B1 and B2 sounds.

For this, we use a new parameter, noted RE (etiergio),
to estimate the degree of severitigqQation 3), which is
calculated by the ratio between the energy of thenmr (E2)
and the total energy of the signal (one cycle).

The energetic ratio RE is given as a percentégeaximum
value is 100%. This latter will highlight the doraimce of the
murmur over the B1 and B2 noises. The heart murmansbe
classified according to three degrees of sevétity:
light, RE <30%

Moderate, 30% <REA <70%
Severe, RE> 70%
RE = 2

T E+E,

With

E;: Sound energy (B1, B2)
E,: murmur energy

Eqg. 3

70

P<0.01

I
Group 1 Group 2

Group 3

o
o
T

P<0.001

Synchronization
S
o

N
o
T

.
Groupl

Group2

Group3

Figure 14. Synchronization and energy ration histogam of the
three groups PCG signals

The ANOVA test is a statistical classifier; it isad to identify
normal and pathological cases. The p-value is thasore used
to identify significant statistical differences teen different
energetic ratio values. p <.01 are considered fiignit values,
while values of p <.001 are considered very sigaiit values.
According toFigure 14, the synchronization degree shows

very significant values (p < .001) compared to émergetic
ratio (p < .01), where we found zero values forugrdA,
middle values in group B, and high values in gr@Qup
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Conclusions

In this paper, an attempt is made to study andyaeathe
impact of murmurs on cardiac sounds S1 and S2 medversa
using bispectral analysis.

The bispectral analysis is found to be the mostessful
technique for the analysis of the relationship et sounds
S1, S2, clicks, and murmurs on one hand, and betimernal
components of these sounds on the other hand. fidmged
algorithm allows the best representation of thigtienship
between the different sounds and the internal covapis (M1,
T1, A2, P2, and MRIi).

This study shows that the frequencies of sounds &1
clicks, and murmurs are not accidentally generaked; it is
generated by the same generator system, and tlsdewen the
pathological severity degree, the heart works infeoe
harmony. Even though the STFT can provide correttiily

time, but it can’t distinguish between the internamponents,
which are successfully determined by CWT, but i'céind
the relationship between them.

We can conclude that the three algorithms (STRW,TCand
bispectral analysis) are complementary to facditat good
approach and to better understand the cardiac sound

The synchronization degree shows high values aumgrC,
low values for group B, and zero in group A; indieg high
severity degrees in signals with murmurs, low siévelegrees
in signals with clicks, and no danger in signalsheit clicks
or murmurs.

The proposed algorithm, when compared to the etierg
ratio showed good discrimination between the thceses
according to the ANOVA test.
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