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A Framework for the Analysis of Acoustical
Cardiac Signals

Zeeshan Syed, Daniel Leeds, Dorothy Curtis,

Abstract—Skilled cardiologists perform cardiac auscultation,
acquiring and interpreting heart sounds, by implicily carrying
out a sequence of steps. These include discardindinically
irrelevant beats, selectively tuning in to particuar frequencies
and aggregating information across time to make aidgnosis.

In this paper, we formalize a series of analyticaktages for
processing heart sounds, propose algorithms to enl@bcomputers
to approximate these steps, and investigate the eftiveness of
each step in extracting relevant information from &tual patient
data. Through such reasoning, we provide insight to the relative
difficulty of the various tasks involved in the acarate
interpretation of heart sounds. We also evaluate # contribution
of each analytical stage in the overall assessmasftpatients.

We expect our framework and associated software tde
useful to educators wanting to teach cardiac ausdaition, and to
primary care physicians, who can benefit from presetation tools
for computer-assisted diagnosis of cardiac disorder Researchers
may also employ the comprehensive processing proed by our
framework to develop more powerful, fully-automated
auscultation applications.

Index Terms—Cardiac screening, heart murmurs, auscultation,
automated diagnosis

|l. INTRODUCTION

N the United States over 23 million adults (appntadely

11.2% of the total adult population) have diagnosaidliac
disorders. In 2002, more than 4.4 million peopléhe U.S,
were hospitalized owing to cardiac conditions [1].
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The first line of defense against cardiac diseasled annual
physical exam. The primary care physician uses @& Eo
assess the electrical activity of the heart, astethoscope to
listen for other kinds of problems, e.g., malfuanthg valves.
The process of interpreting the sounds producetthidyeart is
called cardiac auscultation. Different mechanisnfisheart
disease are known to produce distinct blood flostuibances
varying in velocity, Reynolds number and timing.[2]hese
distinguishing aspects are expressed in the carnepg
acoustic findings of frequency content, loudnesd aiming;
and provide the rationale for auscultatory analysis
Unfortunately, detecting relevant symptoms and fogma
diagnosis based on sounds heard through a steffossaa
difficult skill that takes years to acquire andimef Most
physicians never master it for a variety of reasadns heart
sounds of interest are often of short duration, aral/ be
separated from one another by less than 30 mshi®lsounds
indicating cardiac disorders are typically muchedggi than
other heart sounds, and there is considerable tbdwat
variation.

Quantifying the impact of the difficulty of cardiac
auscultation is hard. There is no way of deterngitiow many
problems are missed. What is known is that it le@dsiany
unnecessary referrals. It has been estimated tGg&t 8f
patients referred to cardiologists as the resulduscultatory
exams have benign heart murmurs or normal heary.[5
These cases represent a considerable cost to thiécahne
system since a visit to a cardiologist (includings@ciated
echocardiography) runs anywhere from $300 to $1i60be
United States [5]. In addition to the monetary sp8tese false
positives constitute a significant waste of timeboth patients
and cardiologists, and are also the source of mnoecessary
emotional anxiety for patients and their families.

Skilled cardiologists interpret heart sounds byyiag out a
sequence of steps, some of which may be performed a
subconscious level. These include discarding bttt are
significantly corrupted by noise or not deemed taveéh
sufficient diagnostic content, selectively tunihgit hearing to
particular frequencies corresponding to diseaseiditc and
aggregating information across the examination tkena
diagnosis.

In this paper, we present an analytical perspective
cardiac auscultation. We focus on disorders suchabailar
disease and stenosis that are typically detecteihg us
auscultation rather than on disorders that are@jfyi detected
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{b) Normal Heart Sounds

{c) Automatically Annotated ECG and Heart Sounds

Fig. 1. Characteristic ECG and acoustical cardietévity is shown in (a) and (b) respectively famné-correlated signals. In (c), the techniques desdriln
Section 3 are used to automatically determine looatof each R wave (solid black), T wave (dottedm) and S2 (solid red) in a segment of simultaisg

recorded ECG and audio.

using ECG. An implicit assumption of our work, whiis
used in segmenting the signal, is that subjects haarts that
are normal from an electrophysiological perspectiVée
formalize a series of analytical stages that aesl us process
audio signals from the heart, and propose algosttorenable
computers to approximate these steps in a fullpraated
manner. Through such a line of reasoning, we pm\ad
appreciation of the relative difficulty of the vaws tasks
involved in the accurate interpretation of heartirsts. We
also describe software that implements each stagel,
experimentally evaluate the potential contributioh each
analytical stage in the overall assessment of ipigtie
Background on ECG and acoustical cardiac signalsyedl
as previous work in the area of automated and setoimated
analysis of heart sounds, is presented in Sectiomh® is
followed by a description of the system architeetand the
individual components of our framework in Section &
review of our testing methodology and the corresiomn
results in Sections 4 and 5, and conclusions iti@e6.

II. BACKGROUND

A. ECG and Heart Sounds

The electrocardiogram (ECG) [4] provides a non-giva
measurement of the electrical activity of the heArtypical
ECG tracing, corresponding to a single cardiac eyd
presented in Figure la. Distinct electrophysiolabievents
appear as disturbances in the ECG signal. The Revimav
Figure la corresponds to the electrical

(depolarization) of the top two atrial chamberstioé heart.
The P wave is associated with blood being pushedtigl
contraction into the lower two ventricular chambédrse Q, R
and S waves together form the QRS complex, which
associated with contraction of the ventricles dugdntricular
depolarization. This results in blood being pusbet of the
heart into arterial vessels. The T wave correspotals
repolarization of the ventricles, which restores fieart tissue
to the normal state and allows the ventricles taxr@rior to
the next cardiac cycle. (Atrial repolarization igpitally
concealed by the higher-amplitude QRS complexeémibrmal
ECG.)

The electrical activity of the heart produces medte
effects that manifest themselves as acousticalaigf].
Figure 1b shows time-correlated audio with the BEE&Gigure
la for a normal heart. The first heart sound, daBé&, occurs
shortly following the R wave. It is produced asesult of
ventricular contraction causing blood to flow baolwards the
atria, shutting the AV valves between the chambé@itse
second heart sound, S2, can be heard at the ehd dfwave.
This is produced by the relaxation of the ventsctausing
blood to flow back into these chambers from theeréas,
shutting the valves between the ventricles and atterial
vessels. In each case, the closing of valves scaged with
vibrations that produce sounds.

In the acoustic signal, the period from S1 to Skniswn as
systole, while the S2-S1 phase corresponds to odgasin
ECG, the definition of systole varies slightly, vithe QRS
complex corresponding to ventricular contractiomngeused

excitations the start of systole. In the remainder of thipep, we
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Fig. 2. Modular representation of auscultationmedd by the MAAS Framework

choose to define systole as the period betweerQR8 and
S2, with the remainder being labeled as diastdiés ¢hoice is
motivated by the impulse like characteristic of QRS and
the relatively noise-free nature of the ECG signageneral.
These factors allow for a more precise determinatib the
start of systole than can be located by searclong1 in the
audio signal. Figure 1 illustrates this effect.

B. Related Work

all systoles. The method described in [11] detecise by
passing the wavelet coefficients of half seconddeims of
audio to single layer perceptrons that have beewiqusly
trained on clean and noisy data. [11] also presemts
interesting parallel architecture, in which segragaot and
noise detection proceed simultaneously. This diffeom the
more usual approach of organizing processing blocks
sequentially.

The most popular technique for spectral analysighef

Researchers have used various approaches to analyggis resulting from segmentation is wavelet-bate-

acoustic cardiac signals, and there is an extetisdrature on
software to classify heart sounds [8]-[15]. Mostlwdse efforts
focus on segmenting the audio signal into individo@ats,
identifying the presence of noise, and analyzirg $pectral
content of the resulting beats.

The work described in [9] and |
segmentation with experts annotating the raw asigjoal with
cardiac timing information. Various approaches hdeen
proposed to automate this process. In [13], infdionain the
ECG is used to detect the R wave, with the firgrheound
declared to last for 110 ms from the QRS compled #re
second heart sound detected by searching for a ipetie
audio signal following this period. [14] describes approach
to detect S1 and S2 from the acoustical signalealamaking
use of the assumption that the S1-S2 separatisimoiger than
the S2-S1 distance. In [11], the time-frequencyodgmosition
of the acoustical signal is used instead of theaadio. Heart

frequency decomposition ([8], [9], [11]). An altative,
proposed in [12] and [13] is to identify the freqag content
of a signal using an FFT with gross timing inforioat
provided by the segmentation of the signal.

In the remainder of this paper, we build upon #mssting

12] depends on mBnugqrk suggesting an alternate approach to segniemtand

introducing processing blocks beyond segmentatirise-
detection and spectral analysis, i.e., clusteripgptotypical
construction and use of physiological criteria fioterval
selection.

lll. SYSTEM DESCRIPTION

A. Overview

Figure 2 presents the architecture of the MIT Auwted
Auscultation System (MAAS) Framework. Each funcéibn

sounds are decomposed using wavelets and half dec@fpck in the diagram is associated with a distianalytical

windows are passed to a single layer perceptranetlato
detect cardiac artifacts.

The problem of noise is explicitly addressed indffl [11].
In [8], the noise detection process starts by digdsystole
into two segments, containing the first and sedoeait sound
respectively. In each segment the variance is ctedplAll
systoles with variance in either segment signifiyaabove a
threshold value are discarded as being noisy. hheshold
value used depends on the smallest variance ctddudecross

stage of auscultation.

The first processing stage irterval segmentatianSignals
from an electronic stethoscope are annotated wtikity from
a simultaneously recorded ECG stream. This fatgkta
identification and extraction of audio sectionsimterest for
each cardiac cycle. Since the diagnostic conterintefvals
associated with some heart beats may be greatauseof
physiological variations that influence the audipilof heart
sounds across beats, output from the interval seitien
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stage is passed through a filter that perfoimerval selection consecutive R waves. Denoting the R and T wavebdati as
and selectively admits each interval based on dsres R[i] andT[i] respectively, and defininBRi] = R[i+1]-R[i], we
according to a set of physiologically based critefihis stage declare a T wave at positions in the ECG signah shiat:

also rejects noisy intervals. Next, energy distitiu

characteristics of these admitted intervals arenin@d using T[] :argmaxQxe[n]D

time-frequency decompositidachniques. Groups of intervals n . . (4)
with similar morphology across different frequersnales are Rii] LJRRI_ Ri +1] _RRi]

then isolated intoclusters For each statistically significant 4 2

cluster, the intervals are pooled together to ereat

representativeprototypical intervals which remove artifacts  In the case of S2, the ECG does not provide angrcle
due to noise while emphasizing recurring patholaigsignals. indication of the end of systole. Instead, the sdcheart
This allows for a robust, compact representationtld sound serves as the means for determining the emdpb
acoustical cardiac activity of the patient. The tptgpical systolic activity. Locating S2 is challenging besau

candidate most likely corresponding to a diseadastar of » Severe systolic murmurs, particularly those thke ta
intervals is identified automatically via eluster selection place late during late systole, often produce gnerg
mechanism, and this signal is used for diseasssissat. patterns similar to the second heart sound,

B. Interval Segmentation . ?Szplli? g;t"e)n composed of multiple distinct phases, (i

Segmentation of raw audio into intervals corresjrammndo
different stages of the cardiac cycle is essemtiatorrelate
heart sounds to underlying electrophysiological ivagt
because pathological artifacts across distinctiaardilments
may possess similar acoustical properties. In thesses,
successful discrimination of a disorder relies ligan timing
information and knowledge of the specific intervalsring
which abnormal activity can be discerned. Systddied
diastolic murmurs are often distinguished in thianmer, by
determining the segments during which they are istergly
heard.

Initially, information in the ECG signal is used ltate the
R wave and the T wave for each heart beat. S2 aa th
identified by using information in the audio sign8ystole, as
defined in Section 2, corresponds to the regionthefsignal
between the R wave-S2 pair for each heart beate e rest n=T[i],...,T[i] +150ms
of the recording is diastolic.

To find R waves we apply a modified version of the Some of the candidate second heart sounds isaiates
algorithm in [19] to the ECG signal. This technigserobust manner correspond to late systolic murmurs and dak to
in the face of electromyographic noise and powerlingrtifacts. To deal with this, we make use of thet fthat
interference [20]. Given an ECG sign@[n] for 1Isn<N, an  although the length of systole may vary signifit@rstcross

e Artifacts such as clipping (e.g., because of
movements of the stethoscope during the recording)
can be confused with S2, and

e There is significant variation in systolic duration
across patients

To address these issues, we develop a mechanism to
estimate systolic length on a per-patient basis.stdg off by
using knowledge that the T wave always precede® $Riide
our search. The audio signal is examined over aavinof
150 ms following the T wave for a peak in amplitude

Denoting the S2 candidate for beédty S2 and the audio
signal byX,[n] for 1< n <N, we obtain:

s2]i] = argmaxX,[n]| (5)

amplitude threshold is determined such that: patients, it is relatively uniform for most patisnbver the
course of a single recording. On the other harel|dbation of
6= O.4ma><ﬂxe[n]\) (1) artifacts varies randomly. Lowpass filtering theysence of

data points representing the distance betweenRagwve and
the subsequent S2 candidate, provides a usefenpatpecific

The data is then rectified and clipped to syntreesiZn] for estimate of the duration of systole (denotediSle):

1I<n<N:

S2.[1] | |R1]
_—— ‘Xe[n]‘ ‘Xe[n]‘ >0 ) o ¢ (6)
X '[n] = {0 \Xe[n]\ <g RX2len = filter :SZC[Z] - :R[Z]

An R wave is then declared at each position where: ) ) . oo
Using this value, we search for a peak in audio ldnae

3) corresponding to S2 for beatn the vicinity (+/- 10 ms) of

X In+-X[n-1 2% Rli]+RS2leni.e.:

T waves are located by examining the ECG signaldsen
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i) = arg:naﬁxa[n]\ @)

n=Ri]+RX2en-10ms...,Ri]+ RXlen+10ms

In the case of split S2, the peak with greater &og# is
selected. Figure 1c presents the results of ouroaph, by
showing time-correlated ECG and audio signals aleitig the
R waves, T waves and S2s automatically detected.

C. Interval Selection

. . . . t
The interval selection stage determines which of tl}

segmented intervals should be analyzed furthers dhcision
is based on two factors: degree of corruption bigejoand
score using physiologically-based criteria aimedasgessing
the diagnostic value of each interval

Given the enormous set of cardiac disease sigratiires
difficult to discriminate reliably between noise darnergy
caused by abnormal heart activity. For this reasonjnterval
selection stage focuses only on discarding intertiaat are
significantly corrupted by noise (i.e., with higheggy artifacts
that are considerably louder than both S1 and 84, aan
readily be attributed to noise). Intervals withvé levels of
noise are retained in the expectation that they stiiycontain
valuable diagnostic information. The algorithms atised in
later sections make use of various aggregationntqals to
operate robustly on these signals.

Intervals are also admitted based on their scaresrding
to a set of physiologically-based criteria. Forrapée, systolic
segments preceded by long diastoles are givenegrestight
than those following short diastolic segments. Tagonale
behind this criterion is that a longer diastoleowal the
ventricles more time to fill with blood. This leads an
increase in the volume of blood passing through hbart
during systole, which in turn produces more auditdediac
sounds.

In essence, this step is geared towards selettinmtervals
that are most likely to display the presence ofthézease of
the kind we are trying to detect, and thereforerardrgreater
attention.

D. Time-Frequency Decomposition

Cardiac disorders related to valvular disease dedosis
are typically diagnosed by examining the timing,péitade
and spectral character of heart sounds. Timingrimdion
allows for events to be correlated to the undeghaetivity of
the heart. Loudness variations correspond to arease or
decrease in the amplitude of the signal. Speatregularities
reveal changes in pitch associated with shifts rérgy to
higher or lower frequencies due to abnormalitieshsas the
turbulent flow of blood during regurgitation.

opposed to filter banks, which exhibit fixed redmno at all
locations in the time-frequency plane, wavelet megblution
analysis allows for better time-resolution at higftequencies,
and better frequency-resolution at low frequencidss allows
for more fine-grained detection of the short burstshigh-
frequency energy frequently associated with heartmrs. In
addition, wavelets also provide a sharp separatibrthe
baseline S1-S2 signal from pathological activityhisT is
essential since the baseline S1-S2 signal is tipitao to
hree orders of magnitude louder than abnormal -high
requency sounds (Figure 3). Improved frequencygluti®on at
low frequencies prevents energy in abnormal rarfges
being colored by energy in the baseline S1-S2 bigwzich
would otherwise conceal important spectral trenuts$ reduce
visibility of diagnostic signatures.

We decompose each segmented intejall for 1 <n <N,
using the wavelet transform:

C(sm=Yxmy "] ®

The mother waveley in (8) corresponds to a Daubechies
scaling function [21] of order 5. For computatioe#ficiency,
we use the implementation described in [16] withadlg
scales and positions to achieve a level 9 decortiposof
X[n]. A 2-channel dyadic filter splits the spectrunmimalf at
each iteration. The mother waveletat scale s then obeys the
form 22 y[2°n-1], with the output being reconstructed at
every level to ensure that the activity isolateceath band is
of equal length. The decomposition Xfn] at levels 6 to 9
corresponds to the approximate frequency rangek505Hz,
150-300 Hz, 300-600 Hz and 600-1200 Hz. To avoid
destructive interference in the prototypical intdrgalculation
stage discussed later in this section, we outpatatbsolute
magnitude of all signals at this stage.

E. Clustering

Depending on the severity and nature of a headrdis,
clicks and murmurs may not be audible on every.bi¢éds
reasonable to expect that some beats in a recondihgound
normal whereas others will contain sounds generdted
irregular heart function. We therefore attempt tooup
intervals together based on similarities betweesir tiime-
frequency characteristics. This clustering is geéamwvards
isolating intervals that sound different from other

Systolic and diastolic segments are clustered uaing-
means clustering algorithm [22] with K=2 and featichosen
to be the positions relative to the R wave of peaksach
frequency band. The algorithm separates the inteint two

The emphasis on evaluating signals in terms of ,timélusters, one of which is likely to correspond tormal

amplitude and frequency suggests the analysis at seunds
through time-frequency decomposition. We adopt sebeds-

sounding segments and the other to those that romftiin
pathological heart sounds. Noisy beats can be réped as

based approach for this purpose, which employs tsh&utliers and discarded [7].

windows to isolate signal discontinuities and lavigdows to
obtain detailed frequency analysis of gross featurAs

F. Prototypical Construction
In order to observe the characteristic trends gemgi
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Fig. 3. Evolution of energy across frequenciesaiorexemplary patient suffering from mitral regtejon. The presence of increased systolic enengytc
regurgitant flow of blood between S1 (left blaake]) and S2 (right red line) can be seen miesirly at higher frequencies. Differences in themsities of lov
frequency and high frequency sounds are reflecyetthé scales for the 50-100 Hz plot (-0.5 to Oi5tha top left and the 800-850 Hz plod.@01 to 0.001)
the bottom right.

among the majority of the intervals in any clustee, develop assuming that a sample froxa[n] at timen, is aligned withr
mechanisms to aggregate information across mubkipdgnents consecutive samples frok[n] beginning at timen,, ther + 1
[23]. A representative biological signal is creatiedl each samples across both signals are merged through:
cluster, merging content across both time and angai axes.

Events within this hypothetical prototype occuraateraged

locations from a fiducial point of alignment, e.the R wave, X.[n 1 i ! .

and are smoothed out in amplitude based on regjrrinl[21]+4[x2[n2 +2 -]+ X,[n, +2']] i=1..¢ 0
observations. One of the key advantages of poatingiple

intervals in this manner is that it allows us torid® a  \yherey is set to be the ceiling or floor &2 depending on
rgpresgntatlop of the underlying cardiac activithiler \yhetherr is even or odd. A property of (9), proved in [23],
discarding noise. _ _ ~that the resulting signal produced by this pairewiserging of
Prototypical - construction proceeds by hierarchycal content always has the same length as the origigaals,
collapsing pairs of observations into single in&sv The 5| iowing hierarchical combination of intervals. uitively, this
process of merging two signals, eXs[n] andX;[n] for 1=n  ,ceyrs because (9) halves the number of sampldisciission
<N, proceeds by first aligning the sequences thralygiamic ¢ optimizations to improve the quality of the rig signal,

time-warping (DTW) [25]. Samples along contiguodges of \hich we employ but do not discuss here, is alderded to
the alignment path K are then compacted by usingliarde [23].

information from both signals. Without loss of gealiy,
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Fig. 4. Prototypical systoles are compared to single bieatgatients with MR and with normal hearts. In, (the prototypical systole shows the presen
MR more clearly, than in (a). The prototypical cmastion process preserves this informationyall as sharp clicks that recur across severakhdase t
S1. For the normal heart, the prototypical sysiol@l) shows the absence of any clicks or highdeegy murmurs. This is because the activity seesmnigle
beats does not persist across beats. The blazkdift) in all plots indicates the R wave, whitetred line (right) corresponds to S2.

Figure 4 provides an example of the use of prpsgyto
perform more robust analysis of heart sounds. Rerpatient
with MR, the prototype reveals abnormal activityrmaisibly,
and in particular, makes it easier to distinguisé particular
last-systolic characteristics of the murmur. Coeeéy, for the
normal heart, the prototype removes noise and esiggsthe
absence of pathological activity.

G. Cluster Selection

The cluster selection stage reduces the numbdustiecs to
one. As a first step, if a cluster does not conéastatistically
significant number of intervals (this value is antly set to
eight) it is discarded. Otherwise, if both clustkeve eight or
more intervals, the cluster for which the prototgbiinterval
has greater energy content in frequency bands dtharthose
corresponding to the S1-S2 baseline signal is chose

The decision to bias the cluster selection progefasvor of
clusters with greater energy at higher frequensidsased on
the rationale that heart disorders are typicalgoamted with
clicks and murmurs, both of which are expectedantribute
additional abnormal energy content in those bands.

IV. TESTING METHODOLOGY

This section provides a quantitative evaluatiothefimpact
of each processing stage discussed in Sections3esaing the

significance of each module in terms of its effect the
classification of cardiac signals is complicatedtwg distinct
factors.

Firstly, measuring the effect of processing on sifaation
is not a well-defined problem. There are a largeiver of
cardiac disorders, a myriad of possible classificaschemes,
and an unbounded number of possible feature sptanthg
this universe of possibilities is an intractablelgem. Our
initial work in this area therefore examined thdeef of
processing on the classification accuracy of a asystem to
detect one problem, mitral regurgitation (MR). Weleated
the significance of the different processing moduwiéthin the
context of this disorder and developed a casehrésults of
our study generalizing to a large set of otheratiss. We also
fixed the classification technique and feature astdiscussed
below.

A secondary complication is that the processinghksoare
not always independent and cannot always be eealu@t
isolation. Some analytical stages have a strongrmignce on
other modules:

» The creation of prototypical signals requires et
frequency decomposition of intervals,
aggregation of information occurs in both time and
frequency [23],

e The clustering and cluster selection stages onlema
sense when both are used, and

since
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» The clustering stage requires
information to group intervals
morphology across frequency scales.

with

time-frequenciMAAS Framework, classification accuracy was calteda
similar while experimenting with different combinations dhe

processing blocks. The configurations shown in FEgub(a)—

We evaluated independent modules by determining thé(g) were examined.

incremental contribution to classification accurathe effect
of dependent processing blocks chained togethergaaged

In the experiments, a simple classifier was usedeiect
MR. It was based on discriminating the presencmakased

by comparing the cumulative effect to the sum of itenergy during systole, possibly caused by the tarthdlow of

independent parts.

The dataset for our study consisted of 39 de-ifledtadult
test subjects. 11 suffered from MR (roughly an éequanber
of mild, moderate and severe cases were includéd)yere

found to have benign murmurs and the remaining 13

represented control subjects with normal heartartsounds
were recorded simultaneously with ECG using a Medit
electronic stethoscope, which connected directlp t8C and
sampled signals at 44,100 Hz with 16 bit quantimatiAnti-

regurgitant blood during that period. The featurhesen for
this purpose were:

e The position of the maximum amplitude peak relative

to S2, and
Energy during systole normalized by the amplitutle o
S2

For time domain classification, both features cotble
computed in a straightforward manner based on ii@iude
of the segmented audio intervals. In the casentd-frequency

aliasing filtering and down sampling to 4,096 Hz swadomain classification, only activity in higher fueency bands

performed prior to any processing block, to compsenthe
computational demands. A total of 30 to 40 sec@wdndings
were made at several pre-determined auscultattes, dn all
but two cases, recordings from the left apex wiligmts in a
supine position were chosen. In the two cases wihere was
significant corruption of the original signal due toise,
recordings from the left parasternal space werel usgtead.
All
examination at the Massachusetts General Hospital.

was considered, and the maximum values across tresis
were chosen as final feature values.

Although we calculated both features, for our datiag/e
found that only the position of the maximum amplgupeak
relative to S2 was useful for the purpose of digtishing MR
from benign murmurs and normal heart sounds. Asalt;, the
classification criterion adopted was to declare M&

diagnoses were verified through echocardiogi@phindividual or prototypical systolic intervals if @hmaximum

amplitude peak was found to be at least 20 ms poi32. In

To evaluate the contribution of each component hef t the case of the configurations BBT, SBBT, BBTF, 98B

Content may change prior to final publication.
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Fig. 6. Distributionof sample points across the feature space. Irarfd)(c), each data point represents an individeat.bin (b), prototypical beats .
constructed by merging together individual beatds Teduces the number of data points seen ire(alive to (a) and (c).

and SBBTFC of Figure 5, where individual intervalere 1 (67% change) and false positives from 7 to 3 (%8f#nge).
analyzed, subjects were classified as having MReifmajority Overall, the added processing significantly impsovihe
of the intervals were labeled as showing MR. FolflSRnd accuracy of auscultation.

SPTFC, where prototypical intervals were used, the The constraint that subjects are classified underBBT
classification of the subject was the same as tiiathe configuration based on the majority of the systafitervals
prototypical interval. implicitly introduces a parameter of 50% into thassification

The effects of interval selection and time-frequencscheme. This value could be changed to obtain rbette

decomposition were determined by comparing the SBBPperformance along either the false positive orefalegative
BBTF and SBBTF configurations with BBT, while thedimension. To obtain the same number of false nezmfs
clustering and prototypical approaches were evatlaty the SPTFC configuration, a threshold of less tHéfb nust be
examining the SBBTFC, SPTF and SPTFC configuratiorghosen. This causes false positives to increase keast 13.
relative to SBBTF. The impact of using all procagssteps Conversely, to obtain the same number of falsetipesias the

can be assessed by the change in classificationramc
between the BBT and SPTFC configurations.

The results in Section 5 indicate that this fullyteanated
classifier performs reasonably well compared toveational
approaches to computer-based auscultation, ever that are
not fully-automated. However, there is still roonor f
improvement, and we do not consider the overaliopgrance
of the classifier the central component of thiskvor

V. EXPERIMENTAL RESULTS

False negatives and false positives for
configurations of the MAAS Framework processing chko
(Figures 5(a)-5(g)) are shown in Table 1.

The SPTFC configuration makes full use of all pssieg
functionality provided by the MAAS Framework. Thiéeet of
this approach, compared to the BBT configurationictv only
makes use of the interval segmentation processiogk ko
extract systolic segments, is to reduce false negafrom 3 to

SPTFC configuration, a threshold of more than 70¥stnbe
chosen. This leads to at least 5 false negativedleT2
illustrates this effect. The performance of the BBT
configuration is strictly worse than SPTFC, irrestpe of the
percentage of intervals we require to show MR teefopatient
is classified as having abnormal heart function.

Figures 6(a) and 6(b) provide a graphical reprediemt of
this behavior. Under the BBT configuration therends clear
delineation of the feature space into MR and non-dglons.
This effect restricts the accuracy of BBT classifion. In the
case of SPTFC, normal and benign data points #ldp a

variougmall region on the lower left, while MR data psirdre

increasingly displaced from the origin.

In all experiments, passing the segmented intethataigh
a filter to selectively admit chunks of the raw mudith good
SNR improved performance both in terms of falseatiggs
and false positives. In the comparison betweenBB& and
SBBT configurations, false negatives decreased f8otn 2,
while in the case of BBTF and SBBTF, false postive
improved from 11 to 9. This effect was largely tesult of
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being able to preferentially pick sections of thelia with

improved signal to noise ratio for analysis. Thesswachieved
through a two-fold process. The issue of variatioross beats

was resolved by means of physiological criteriaptopoint
intervals where heart sounds were likely to be éstidwhile
noisy stretches were simultaneously discarded. oRagical
heart activity and normal heart function could bbth heard
more clearly as a consequence, leading to
classification accuracy.

The use of time-frequency techniques to exposeggner

distribution across frequency scales for individsgstolic
segments decreased false negatives but led to caeased
incidence of false positives. In the case of BBT &BTF,
false negatives decreased from 3 to 2, but falsstipes
increased from 7 to 11. For SBBT and SBBTF, faksgatives
remained unchanged, while false positives increfreed 7 to
9. The decrease in false negatives can be attdbiatethe
increased visibility of energy caused by regurditanrmurs at
higher frequencies. Owing to the low volume of theart
sounds associated with cardiac disease, they tep whshed
out by the baseline S1-S2 signal and difficult igcdrn in the
raw audio. Time-frequency analysis teases out
pathological signatures by exposing trends at hiffleguency
scales separate from the louder low frequency Egndahe
increase in false positives was caused by the pcesaf noise
in our dataset, which resulted in increased enatgiigher
frequency scales.

Graphically, the combined effect of interval sel@ctand
time-frequency analysis can be seen in Figure &aonpared
to Figure 6(a), the density of MR data points ia tbwer left
of the feature space decreases as they radiateamigtvirom
the origin. On the other hand, data points corredjmg to
normal and benign subjects are clustered more lyestdower
values of both features.

The prototypical interval calculation stage addessshe
false positive problem by retaining persistent sédrends
associated with MR while discarding random burdtsait-
and-pepper noise [24]. When added to
configuration, there was a significant decrease fatse
positives from 9 to 3. False negatives increaseih 2 to 3 for
SPTF, because of the borderline misclassificatidn ao

increase

the

10

TABLE |
FALSE NEGATIVES AND FALSE POSITIVES FOR EVALUATED CRFIGURATIONS OF
MAAS FRAMEWORK PROCESSING BLOCKS

Configuration False Negatives False Positives
BBT 3/11 7128
SBBT 2/11 7/28
BBTF 2/11 11/28
SBBTF 2/11 9/28
SBBTFC 2/11 9/28
SPTF 3/11 3/28
SPTFC 111 3/28
TABLE Il

EFFECT ON BBT OF VARYING THE THRESHOLD PARAMETER OFYSTOLES THAT
MUST SHOW MR FOR A SUBJECT TO BE CLASIFIED AS HAV(BITHE DISEASE

Threshold False Negatives False Positives
Percentage
50% 3/11 7/28
26% 111 13/28
70% 5/11 3128
TABLE Il

FALSE NEGATIVES AND FALSE POSITIVES FOR A HUMAN EXPET ON A SUBSET OF

THE FILES IN TABLE |
. . Automated
Cardiologist Classifier
50% 3/6 1/6
26% 2/6 1/6

most likely due to noise.

Lung sounds are a prime candidate for removal ia th
manner. The range of frequencies occupied by sy
artifacts may extend from less than 100 Hz to @00 Hz
[17], a significant overlap with the frequency raagxamined
during auscultation. Separating lung and heart d®uis
therefore difficult by bandpass filtering the signahe
prototypical interval calculation stage circumventhis
difficulty by exploiting the lack of temporal cofation
between lung and heart sounds to obtain a relstiv@ike-free

the SBBTHEPresentation of recurring cardiac audio activity.

Prototypical interval calculation may make it more
challenging to recognize subjects for whom the gatjical
condition does not occur on most beats. The procdss

paralyzed, 80 year old subject with severe Trialispif9dregating information across a number of intervsdme of

Regurgitation (TR) in addition to moderate MR. Aelaystolic
peak was found at 19.57 ms prior to S2, which vi@secto the
decision boundary of 20 ms.

which may not display any abnormal activity may kesathe
disease signature in the prototypical signal. Tlhstering and
cluster selection steps are essential to dealitiy this issue.

The experiments with time-frequency decomposition a !N our experiments, when the prototypical intervalculation

prototypical interval calculation suggests thatpiactice the
noise corrupting acoustic cardiac signals ofterecff the
frequency ranges corresponding to diseased heandsoAn
approach to bandpass filter the signals would eosufficient
to remove noise artifacts. Instead, a techniquelaino the
one used to compute prototypical systoles is mppeapriate,
since it exploits the fact that for the class ofigras at which
this work is aimed heart sounds are generally gsiitelar
over a period of time, and rapid deviations acriosats are

step was used in conjunction with both clustering aluster
selection, the overall effect was to reduce faklsgatives from
3 in SPTF to 1 for SPTFC, while maintaining falssifives at
3.

When employed without the prototypical beat, thestdring
approach in SBBTFC did not perform any differerfigm
SBBTF. This example represents a case where agtiaaal
stage of auscultation yields an improvement onlgnvased in
conjunction with another.

A subset of the recordings was presented to a hzmtified
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cardiologist. Table 3 shows the results of a huegmert on the audio recording where heart sounds were
these files. There were a total of 3 false negatased 2 false prominent and signal to noise ratio was good.
positives. For 2 of the 3 false negatives, theepddi would Clustering and cluster selection grouped similar
have been recommended for an echocardiogram drastie of intervals together to identify statistically sigodnt
likely aortic stenosis. The remaining false negativ sound patterns. Our use of clustering in cardiac
corresponded to the patient missed by the SPTFC auscultation appears to be novel; although clusgeri
configuration (Table 1). In this case, no discetaaburmur has been applied previously to signals such as ECG
was present and the labeling was done on the hafsis (e.g., [3]), we did not find evidence of it beinggdl in
regurgitation in the echocardiogram. this context. Similarly, our review of existing vior

did not uncover prior work on using physiological
criteria to automatically select intervals.

VI. SUMMARY AND CONCLUSIONS * Prototypical intervals reduced the impact of beat-t

In this paper, we developed an analytical perspectin beat variation by pooling information across cacdia
cardiac auscultation, describing the complex task o cycles to capture temporally persistent trends and
interpreting heart sounds as the interplay of ausece of create a representative biological signal. Anokesr
simpler processing blocks. We provided an evalnatibhow contribution of this step was to deal with noisefsu
these components affect the overall goal of intipg heart as respiratory artifacts, which may span the same
sounds and detailed the co-dependent manner inhwhic frequencies occupied by diseased sounds and cannot
processing blocks function relate to specified igsical always be removed by means of simple bandpass
phenomena. We further proposed a set of new priogess filtering. We did not find any examples in the
stages and suggested refinements to existing #igwsj most literature describing the construction of prototgsi
notably in the area of segmenting raw audio sigriafe beats to represent acoustical cardiac signals.
systolic and diastolic intervals. » Time-frequency decomposition dealt with the isstie o

The MAAS Framework provides a set of tools for pathological sounds being much quieter than the
automatically segmenting the audio signal into rivaés recurrent systolic signal by separating out low
corresponding to important sections of the cardigcle, amplitude content at higher frequencies.

isolating intervals with maximum diagnostic contemtalyzing Some of the processing steps such as interval teglec
the time evolution of spectral characteristics asrdifferent time-frequency decomposition and prototypical ivdr
frequency scales, and capturing statistically Sicgmt features construction were found to make a difference inirttosvn
corresponding to recurrent pathological signals lavhi right. Others, such as clustering and cluster sefeemproved
providing isolation from noise. We evaluated théatiee Pperformance only when used in conjunction with othe
contribution of each analytical stage of auscuatin modules such as prototypical interval constructiven in the
correctly identifying the presence of MR and adsireg the case of analytical stages that independently aftecthe
issues commonly encountered by physicians: interpretation of heart sounds, performance impdoftather
«  Segmentation of the signal into individual beats anwhen the processing blocks were chained togethée T
the beats into systole and diastole is the fimgestof cumulative improvement provided by the MAAS Framekvo
the process. Our approach to Segmentation \¢as greater than the sum of its individual parts.
distinctive from the works described in Sectionn2 i We presented a sample application in Section 4 that
that we use the T wave in the ECG to more precisel§veraged the MAAS Framework to detect MR. A specif
identify the region of the audio signal containi@g. classifier was provided for illustrative purposeSthough
By searching over a shorter interval, we hope télassification performance the main focus of théper, the
reduce the probability of incorrectly detecting arfesults in Section 5 indicate that this simple MBssifier
artifact as S2. We seek further robustness to rmjse compares favorably with the best published redoitsother
making use of a patient-specific systolic lengtdnethods [8]-[14], which have been evaluated onlamdata.
estimate. In this sense, our work is similar to th&oreover, it is able to perform completely autordate
segmentation technique proposed in [8], whicllassification, without input from cardiologists segment the
locates the R wave in ECG and then uses a mulfignal or manually identify beats for further arsady
layer perceptron to estimate systolic length based  There is reason to believe that the results derfvech a

the patient heart rate, gender and age. In cortwastSimple MR classifier will generalize to a broad gpoof
[8], our approach to calculating a patient-specifi€lassifiers and cardiac diseases. Many of the texemputer-

measure of systole focuses on inferring patienhased classification systems (e.g., [8]-[14]) malee of
specific information directly from the acousticaat ~ Similar features. The results in Section 5 show tise of the
« Interval selection, clustering and cluster selectioMAAS Framework processing blocks transforms theiuies
helped mitigate the problem of variation acrossbea SPace so that it is easier to partition into homegeis classes.
Interval selection preferentially admitted sectimis APPlications operating in the same feature spacaildvo



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

TBME-0046¢-200¢

therefore benefit from the increased separabifityada points,
irrespective of the specific machine learning oatistical
techniques employed.

We hope that the MAAS Framework will appeal to @éa
segment of the medical community. Educators carefiten
from the modular representation of auscultatiorictvimparts
a sense of structure to the overall process, aluvalfor
systematic focus on the skills associated with viildial
analytical stages. Clinicians can make use of nesdaimed at
reducing the complexity of the tasks involved irs@uitation,
by employing them as audio-visual
[18].Researchers can employ the modular procegsimgded
by our framework to develop more powerful, fullytamnated
auscultation applications with improved classificat
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