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Abstract

Cardiac auscultation, listening to the heart using a stethoscope, often constitutes
the �rst step in detection of common heart problems. Unfortunately, primary care
physicians, who perform this initial screening, often lackthe experience to correctly
evaluate what they hear. False referrals are frequent, costing hundreds of dollars and
hours of time for many patients.

We report on a system we have built to aid medical practitioners in diagnosing Mi-
tral Regurgitation (MR) based on heart sounds. Our work builds on the \prototypical
beat" introduced by Syed in [17] to extract two di�erent feature sets characterizing
systolic acoustic activity. One feature set is derived fromcurrent medical knowledge.
The other is based on unsupervised learning of systolic shapes, using component anal-
ysis. Our system employs self-organizing maps (SOMs) to depict the distribution of
patients in each feature space as labels within a two-dimensional colored grid. A user
screens new patients by viewing their projections onto the SOM, and determining
whether they are closer in space, and thus more similar, to patients with or without
MR.

We evaluated our system on 46 patients. Using a combination of the two fea-
ture sets, SOM-based diagnosis classi�ed patients with accuracy similar to that of a
cardiologist.

Thesis Supervisor: John V. Guttag
Title: Professor, Computer Science and Engineering
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Chapter 1

Introduction

This thesis presents novel applications of arti�cial intelligence methods to aid primary

care physicians in using heart sounds, heard through a stethoscope, to detect valvular

disfunction. Building o� the patient-speci�c \prototypic al beat" introduced by [17],

we assess the classi�cation utility of several feature extraction techniques and explore

a two-dimensional representation of our multi-dimensional feature spaces to provide

intuition for the distribution of patients in these spaces.

1.1 Motivations

At a standard medical checkup, a physician uses a stethoscope to listen for signs

of any problems in the patient's heart, in a process called \cardiac auscultation."

Medical literature provides a wealth of information on the nature of ordinary and

pathological (unhealthy) heart sounds. The frequencies and timing of heart beats

can be indicators of the heart's health. For example, the presence of murmurs|

whooshing sounds audible over portions of the beat|generally indicate some form of

cardiac abnormality. [8]

Primary care physicians face several problems in interpreting the sounds they

hear during auscultation. Doctors may not have time to experiment with the many

ways of listening to the heart, since they must assess all elements of their patients'

health. Also, doctors performing regular medical checkupsdo not have the time
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to develop their ability to interpret heart sounds. Similarities between the acoustic

characteristics of pathological and benign murmurs, murmurs that pose no risk to

the patien, exacerbate this problem. Medical training alsomay mislead physicians,

since standard recorded knowledge does not always conform to the observations of

experienced cardiologists. [1]

As a result, physicians often incorrectly diagnose heart problems through auscul-

tation. In [19], Vukanovic-Criley found the medical practitioners they tested missed

65% of systolic murmurs.1

A good non-invasive alternative to auscultation currentlyexists, but it is pro-

hibitively expensive for use in ordinary checkups. The echocardiogram (or \echo") is

treated as the gold standard for diagnosing a variety of conditions, including mitral

regurgitation (the condition on which this thesis will focus). Sending high frequency

sound waves into the body and observing re
ections, the echocardiogram machine

provides a picture of blood 
ow in the heart. This picture requires special training to

interpret, but provides a de�nitive and (generally) accurate diagnosis. Unfortunately,

the process costs three hundred to a thousand dollars per run, placing it out of the

o�ces of primary care physicians. A high false referral rate, like the one anticipated

by [19]'s statistic, results in a diversion of signi�cant medical funds for unnecessary

echos. The medical system could bene�t signi�cantly from ana�ordable means of

identifying most falsely referred patients, or from an inexpensive replacement for the

echocardiogram.

1.2 Goals

We seek to produce tools that will aid primary care physicians in their identi�cation

of patients with cardiac valve disfunctions, focusing on patients with mitral regur-

gitation (MR). While noting the di�culty in producing a perf ect classi�er based on

solely acoustic features, we work towards allowing physicians to maximize the number

of correct screening decisions they make based on sounds heard during auscultation.

1See Sections 1.3 and 2.1.1 for the de�nitions of \systole" and \diastole."

14



Because our system is directed towards primary care physicians, who would not for-

mally diagnose a heart condition, it is important to note oursystem suggests only a

screening decission. Positive classi�cation,i.e., the doctor thinks the patient might

have a heart problem, will lead to a referral to a cardiologist for further evaluation.

We seek to ensure a small percent of false negative classi�cation ( i.e., the doctor will

say \patient is healthy" when a patient has a pathological heart condition) and to

limit false positives. We will judge the performance of our system against that of

trained physicians listening to the same patient heart sounds, to establish more clear

standards for our tools.

We want our aids to be inexpensive and straightforward to use, making them as

accessible as possible. Presuming a doctor already has a computer in his/her o�ce,

s/he may run our software at no cost. Thus, our main monetary concern is that the

heart signals required by our software be obtainable from devices already available to

the primary care physician, or easily purchased. The outputs of our system should

be easy to interpret by a doctor, or other medical practitioner, lacking technical

background. We also aim to allow the user to form intuition about our software's

operation, to have greater trust in its guidance and to detect if the system's suggestion

for a particular patient is not reliable.

1.3 The Cardiac Cycle

We pause here to go over the basic structure of the cardiac cycle to better understand

the assisted auscultation system introduced below. The heart consists of chambers

that expand and contract periodically to circulate blood through the body. During

\systole," two chambers called the left and right ventricles contract to push blood out

of the heart. During \diastole," these chambers expand, accepting new blood into

them. During auscultation, one can hear heart sounds, S1 andS2, daccompanying

the beginning of systole and diastole respectively. [11] Section 2.1.1 provides much

further detail about cardiac physiology.

15



Figure 1-1: Diagram of automated auscultation system blocks.

1.4 Approach

We construct our diagnostic tool from three functional blocks working in series, as

shown in Fig. 1-1: systole visualization, feature extraction, and inter-patient com-

parison. Systole visualizationproduces a visual summary for each patient's acoustic

recording through a set of time-amplitude plots we call the \prototypical systole."

Feature extraction measures a small number of feature values from the prototypi-

cal systole plots, attempting to capture its morphology. Inter-patient comparison

presents each new patient in relation to already-diagnosedpatients distributed across

the selected feature space, producing either a visual comparison or a discrete classi-

�cation.

Starting from the work of [17] and [13], we present modi�cations to each block,

particularly focusing on new feature sets and on presentingthe distribution of patients

across these feature spaces. We compare our improved systemagainst both the \gold

standard" diagnoses of an echocardiogram and the ears of a cardiologist using only a

stethoscope, to determine the di�culty of diagnosis based on our data set.

Our systole visualizationfollows the approach of [18], segmenting the original

recording into individual beats and identifying the boundsof systole, splitting the

signal in each beat into several \frequency" bands,2 and, presenting the \average"

shape of systole across beats. We introduce variations in the number of bands and

scale all selected systoles to a �xed duration before determining the prototypical

systole.

For feature extraction, we experiment with three di�erent feature sets derived from

2In 3.1, we see that the bands do not correspond exactly to frequency ranges.
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prototypical systole: generic, physiological, component-based.

We start with \generic features," which we produce by splitting each band of

prototypical systole into one hundred bins and recording the energy in each one as

a distinct feature. Viewing the feature values in succession is roughly equivalent to

viewing a down-sampled version of the original prototypical beat, scaled to a have

a constant duration and maximum height. Generic features are most useful as the

basis for \physiological" and component-based feature sets.

Physiological features measure attributes of systole thatmedical wisdom has

deemed useful in the diagnosis of MR. We search for three types of MR murmurs:

holosystolic, \free standing," and \wide S2." Holosystolic murmurs have energy across

all of systole. Free standing murmurs have energy isolated to some region of mid-

systole. Wide S2 murmurs overlap with S2, making it appear unusually wide. We

use �ve features, measuring energy, height, and o�set of portions of the signal, in an

attempt to capture any of the three types that may be present for a given patient.

Component-based features re
ect comparison between the patient's prototypical

systole and characteristic systolic murmur shapes discovered by principal component

analysis (PCA). We rely on component/PCA-based and physiological features for the

�nal system block.

For Inter-patient comparison, we use self-organizing maps (SOMs) to compress

patient data from the high-dimensional feature space to a two-dimensional grid. Our

system projects each newly-recorded patient onto the SOM grid already holding a

set of diagnosed patients. We propose that the physician classify any new patient

projected onto the grid based on the proximity of that patient's SOM data point

to other points known to represent MR or lack of MR. If MR and lack of MR data

points are close together in the map, the physician will knows/he cannot make a

useful classi�cation based on this data. In cases of doubt, or of positive diagnosis of

the patient as having MR, the physician should refer the patient for further screening.
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1.5 Contributions of this Work

This thesis presents an assisted auscultation system and discusses the potential utility

of the techniques it employs.

� Physiological feature set:We show that this feature set provides a signi�cant

separation between most MR and non-MR patients Examinationof individual

features indicates most diagnostic content comes from a mid-systolic murmur

detector de�ned in Section 3.2.2.

� Component analysis: We demonstrate that principal component analysis ex-

tracts recognizable morphologies from the training set of MR prototypical sys-

toles. We also show that PCA-based features can help identify some patients

with MR when physiological features are unable to distinguish these patients

from those without MR.

� Screening using self-organizing maps (SOMs):We show how to classify patients

based on their location in SOMs. We demonstrate how SOMs can be used to

evaluate the classi�cation utility of the underlying space, e.g., by searching for

regions with clear diagnostic signi�cance on the grid and bycomparing the

prototypical systoles of patients placed together in the map.

� Analysis of system performance:Starting with a �xed set of acoustic recordings

from patients with and without MR, we compare the diagnosticaccuracy of a

technician (the author) using our system with that of a trained cardiologist.

We �nd our system allows a user to perform slightly worse thanour cardiolo-

gist collaborator|a considerable achievement, given cardiologists tend to have

signi�cantly greater skill in auscultation than do other doctors, e.g., primary

care physicians, who typically screen patients. [19]
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1.6 Thesis Organization

The rest of the thesis is organized as follows. Chapter 2 includes background on sev-

eral elements of our research. We describe heart physiologyand the factors involved

in heart auscultation. We introduce self-organizing maps,providing the groundwork

for inter-patient comparisons. Chapter 2 also establishesthe background research

in automated auscultation performed prior to the research within our group. We

procede, in Chapter 3, with a detailed description of our automated system, address-

ing prototypical systole construction, feature extraction, and classi�cation based on

self-organizing maps. Chapter 4 follows with general methods used in testing and de-

veloping our system. We present and evaluate our �ndings in Chapter 5 and propose

further work in Chapter 6.
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Chapter 2

Background

This chapter presents medical and engineering background for our research. We

discuss cardiac physiology and auscultation. We also review the mechanics of the two

learning methods employed by our system.

2.1 Heart Sounds

Doctors have relied on heart sounds for over a century to reveal the state of their

patients' hearts. Below, we discuss the physiological activities producing these sounds

and the variety of techniques doctors use to detect di�erentcardiac conditions.

2.1.1 Physiology of the Heart

The heart uses a combination of chambers and valves that movein a cyclical pattern

to pump blood through the body.

The heart has two pairs of chambers, accompanied by two pairsof valves. The

left and right atria receive blood into the heart and empty blood into their respective

ventricles. The ventricles contract at regular intervals to push this blood out of the

heart. Valves open and close to direct the blood pushed by thechambers. The aortic

and pulmonary valves close to prevent blood outside the heart from 
owing backwards

into the ventricles while the ventricles are being �lled by the atria. The mitral and
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Figure 2-1: Chambers and valves of the heart. [3]

tricuspid valves close to ensure the contracting ventricles do not force blood back into

the atria.

The heart cycle consists of two parts. During \diastole," the ventricles expand,

or \dilate," to accept blood from their respective atria. The aortic and pulmonary

valves are closed and the mitral and tricuspid valves are open to ensure appropriate

blood 
ow. During \systole," the ventricles contract to push out blood, while the

atria begin to �ll with new blood from outside the heart. At th is time, the mitral

and tricuspid valves are closed while the other valves are open. Diastole usually lasts

longer than does systole.

Our research focuses on detecting the failure of the mitral valve to remain closed

throughout systole. In \mitral regurgitation," or MR, the m itral valve fails to close

completely or opens backwards under the pressure exerted bythe blood in the left

ventricle. Thus, some blood is regurgitated into the left atrium, rather than contin-

uing on its standard path into the rest of the body. [11] Many patients have a small

degree of MR; physicians are concerned mostly with patientswith unusually high

MR|greater than or equal to 2 on the standard murmur intensit y scale. [2]

22



2.1.2 Auscultation and Murmurs

The sounds audible through a stethoscope are in
uence by theclosing of valves, the

contraction of chambers, and the 
ow of blood. Normally, a doctor can discern the

heart rate of a healthy patient and can distinguish between systole and diastole. The

doctor often can maneuver the stethoscope and the patient tohear the abnormal

heart sounds of a patient with a heart condition.

Most patient's heart sounda consist of two regularly-repeated thuds, known as S1

and S2. S1 and S2 each appear once, one after the other, in eachheart beat. S1

corresponds to the closing of the tricuspid and mitral valves immediately preceding

systole. S2 corresponds to the closing of the aortic and pulmonary valves at the end

of systole. Thus, each \thud" actually consists of sounds coming from two distinct

regions of the heart. Sometimes, the two events that constitute S2 occur su�ciently

far apart in time to be distinguishable by ear. In [9], Duranddescribes ongoing

controversy about the exact sources of S1 and S2,e.g., the movement of blood or

the contraction of muscles, and the frequency ranges of the resulting sounds. In this

thesis, we ignore these �ner physiological details.

Murmurs heard during auscultation indicate abnormal cardiac behavior, such as

MR. Murmurs are prolonged acoustic activities characterized by their location in the

cardiac cycle, their intensity, their frequency range, andtheir shape, or \morphology."

An MR murmur, for example, will be high frequency and take place during systole,

often near the middle or the end. The murmur is the result of turbulent 
ow of blood

backwards through the partially-opened mitral valve into the left atrium.

A doctor determines the signi�cance of a murmur in part basedon the physical

position of the patient and of the stethoscope during auscultation. Sounds originating

from a given region of the heart radiate their acoustic energy as dictated by the

orientation of that region and by the direction of turbulent 
uid 
ow. Regurgitation

at the mitral valve tends to radiate towards the apex and the axilla, whereas the

sounds resulting from the sti�ening of the aortic valve tendto radition towards the

right upper-sternal border.
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Figure 2-2: Sample output of systole visualization step.

Furthermore, a doctor can change the intensity of particular murmurs by having

the patient squat, lie down, hold his/her breath, or take a vasoactive agent. Some

techniques change blood volume levels; some change the physical orientation of the

heart. If a murmur changes under di�erent conditions, the doctor may be able to

distinguish it from murmurs invariant across these conditions. [2, 8]

Auscultation has many challenges. There are too many combinations of patient

and stethoscope positions to perform an exhaustive search for problematic heart

sounds. Those sounds recorded at the \optimal" position fora given patient still

may be too short or too soft to notice. MR murmurs often last less than a quarter of

a second. Also, MR murmurs are attenuated as they travel through the chest wall,

because the wall generally acts as a low-pass �lter. The properties of this �lter are

not well understood, though [9] presents several time-dependent models.

Doctors' continued reliance on the stethoscope for nearly two centuries [9] indicates

heart sounds have signi�cant diagnostic content. New technologies may lessen some

of the current challenges in auscultation, allowing doctors to gain more information

from the acoustic signal.

2.2 Unsupervised Learning

We use two standard statistical methods to learn more about the relationship between

heart sounds and diagnoses in our patient population. Principal component analysis

attempts to model prototypical systole shapes for all our patients as the linear com-
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bination of the shapes for a few fabricated \component" patients. The self-organizing

map (SOM), in contrast, attempts to separate the populationinto several subsets,

capturing the average properties of each subset and the inter-relationships among the

groups.

Our learning methods work on the output of our systole visualization and feature

extraction system blocks. The systole visualization blockof our system condenses a

sound recording from each patient into a short 3-channel \prototypical systole," such

as the one shown in Fig. 2-2, representing typical acoustic energy during S1, systole,

and S2. The feature extraction step translates each signal into a small number of

features, as fully explained in Section 3.2.

2.2.1 Principal Component Analysis

Principal component analysis (PCA) models the set of MR prototypical systole shapes,

X , as the combination of a set of principal components (PCs),P, ordered to provide

the best linear approximations toX . Using this constraint, we expect the �rst PC,

P1, to show relatively high energy throughout systole, to capture the typical presence

of high energy in the systoles of patients with MR. The next PCs could be added to

the �rst to re
ect the most common variation on the standard shape.

PCA is equivalent to the singular value decomposition (SVD)of the matrix

X = P� V T : (2.1)

To see the relation between SVD and PCA, we consider computing each PC in series.

The �rst component, P1, must capture the most energy possible:

P1 = argmaxjj wjj =1 E(wT X )2: (2.2)

wT X i will take on the highest value for a givenX i , the observed prototypical systole

of patient i , whenw = X i . When there are multiple patients, we weightwT X i by the

probability of X i occuring and compute the optimalw. The kth PC is determined by
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�rst subtracting the energy accounted for by the precedingk � 1 components

X̂ k� 1 = X �
k� 1X

i =1

Pi PT
i X (2.3)

and �nding the PC accounting for the most energy in the remainder of the observed

signals

Pk = argmaxjj wjj =1 E(wT x̂k� 1)2; (2.4)

bringing us back to the SVD form. [4, 12]

2.2.2 Self-Organizing Maps

A self-organizing map (SOM) represents its training data using a set of cluster centers.

Each center re
ects only the data points closest to it in the speci�ed space, rather

than attempting to model the whole population. However, theSOM provides a sense

of the larger data distribution by maintaining an ordering among the centers and

by recording distances between adjacent pairs. We use the SOM to �nd clusters of

patients with similar feature values prior to the inter-patient comparison block.

The �nal location of centers is determined through an iterative algorithm. The

SOM begins as a 1- or 2-dimensional grid of centers placed into the N -dimensional

space in which the data lies; centers adjacent on the 1- or 2-dimensional representation

of the grid are adjacent in the space. The grid may be initialized to a 
at line or

surface in theN -dimensional space, or to random positions. For any initialization, it

is preferable the grid roughly spans the range of the data distribution. Next, we step

through all the data points, adjusting the centers using theequation

mi (t + 1) = mi (t) + hci (t)[x(t) � mi (t)]: (2.5)

For each data pointx(t), wheret = 0; 1; 2; ::: is the iteration index, each centermi (t) is

moved closer to the data point by a distance determined by theneighborhood function

hci (t). The neighborhood function decreases with increasing distance betweenx(t)

and mi (t), and with each new iterationt. One popular neighborhood function in the
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literature [14] is

hci (t) = � (t) � exp(�
jj r c � r i jj 2

2� 2(t)
); (2.6)

where� (t) and � (t) decrease witht. The commonly-used distance metric isjj r c � r i jj .

r c is the location of the center closest tox(t) and r i is the location of the center

being moved,i.e., mi . Thus, each data points pulls the closest centers even closer

to it, while exerting a weak or non-existant force on distantcenters. We repeat this

algorithm until it converges or we reach a cuto� fort. [14]

The resulting SOM consists of many centers located in the middle of natural data

clusters, and some centers spaced in un-populated space to preserve the original grid

ordering.

There are many visualization tools to understand the location of centers and data

properties each one represents. The \U-matrix" uses a grid of colored tiles to express

the distances between center pairs in the original space, aswell as the distances

between the points associated with each center. Our Inter-patient comparison block

relies on U-matrices. We can observe how many patients are assigned to each center.

Using the terminology above, we determine ther c for eachx. Because many centers

are assigned to speci�c data points, we can view these data points to derive a model

for the local activity. In this thesis, we show that MR screening bene�ts from many

of the properties of SOMs presented by [15].

2.3 Related Work

Over the past few decades, several papers have reported the ability to distinguish

particular heart conditions from one another, or simply from regular heart operation,

based on a variety of acoustical signal properties. Most studies of acoustic data

a�ected by heart conditions have focused upon the characteristics of a few central

heart sounds. There are many analyses of S1 and S2. Systole and diastole also have

been examined. Some papers directly address the murmurs themselves.

In [16], Leung reports that temporal patterns in S2 can be used to distinguish

S2 types reliably. S2 consists of two audible components, resulting from the closure
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of two valves. Ordinarily, the aortic valve closes before the pulmonary, and the

time between the two events changes with respiration. Unusual timing between the

two parts of S2, i.e., non-standard \splitting patterns," can indicate physiological

abnormalities. [16] successfully tracks this timing data in sound recordings. This

seems to be a promising technique for detecting conditions associated with \splitting

patterns." [16] does not address MR and other conditions associated predominantly

with systolic murmur rather than with S2 abnormalities. Also, [16]'s success with

pediatric diagnoses may not carry over to work on adults, whose heart sounds are

more di�cult to hear.

Other papers have suggested more complex techniques. In [20], Zhang used the

matching pursuit method to visually observe and compare murmurs. Splitting eleven

sound recordings into time-frequency atoms, the authors reported that the utility of

their method was highly variable based on the parameters chosen. Such instability

could not be incorporated into a product for use by primary care physicians. Con-

sidering other options, the review article [6] mentions theemployment of wavelets

to extract murmurs from background noise. It describes using wavelets to better

recognize the stenosis (narrowing) of arteries. An earlierpaper by the same author

[7] uses autoregressive methods to characterize diastole.While these results appear

encouraging for the goal of recognizing coronary artery disease, the lack of further

papers or commercialization of his approach in the fourteenyears since publication

may indicate that further investigation revealed faults inhis work.

Most reports of progress towards a classi�er for public use have appeared in con-

ference papers. Researchers have reported as low as zero percent error from decisions

based on the spectral and timing data of S1, S2, and murmurs. These encouraging

results, however, may derive from a focus on children, who have clearer heart sounds,

and by manual selection of data for analysis. Further discussion on the merits of

these papers is available in [17].

28



Chapter 3

Techniques

Our assisted auscultation system combines a set of common techniques in arti�cial

intelligence and signal processing with custom methods we develop for heart sound

screening.

3.1 De�ning \Prototypical" Systole

The systole visualization block condenses information from roughly 30 seconds of

acoustic recording into a time-amplitude plot displaying asingle \prototypical" sys-

tole, using the technique introduced by [17] and adjusted by[18].1 Brie
y, the algo-

rithm takes in simultaneous acoustic and EKG recordings. Itseparates the acoustic

signal into individual heart beats and extracts systole from each beat based on cues

from the EKG signal. The algorithm then splits the time-magnitude acoustic signal

in each systole into several frequency bands. Finally, a selected subset of systoles are

\averaged" together to form the prototypical for each band.

Fig. 3-1 displays the constructed prototypical systole fora patient with moderate

mitral regurgitation (MR). The peak of the Q wave (in the corresponding EKG sig-

nal, not shown) and the audible end of S2 are the designated limits of systole since

they are relatively easy to locate in the original EKG and acoustic data. Because of

1In [18], Syed uses the term \prototypical beat" rather than \ prototypical systole;" the re-
maineder of this thesis uses the latter to acknowledge our focus on systole. We are optimistic that
other studies will demonstrate the utility of a prototypica l diastole.
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Figure 3-1: Sample prototypical systole.

the signi�cant attenuation of high frequencies in heart sounds, as discussed in Sec-

tion 2.1.2, we separate the prototypical signal into 3 bands, roughly corresponding

to frequency ranges of 75-150 Hz, 150-300 Hz, and 300-600 Hz.Like [18], we apply

wavelet bands to achieves this separation while providing high temporal resolution at

high frequencies.

Prototypical systole incorporates data from the 3-band decompositions of a set

of beats selected from the original acoustic signal. We introduce a processing step

between the beat selection of [18] and the special \median" calculation for sample of

systole described by [17], scaling each selected beat in time. Scaling employs vocoding

to stretch all 3 band representations of systole to the duration of the longest one. By

enforcing a standard length, timing characteristics are viewed as a percentage of

systole rather than as a scalor o�set from S1. This approach re
ects the guidelines

of medical knowledge that express the location of murmurs as\middle" or \late"

systole, rather than as \300 miliseconds into systole" [8].

3.2 Features

Prototypical systole can provide the physician with a convenient visual overview of

the acoustic signal for an individual patient. However, to uncover structure among

groups of patients (which we can use for classi�cation) our learning algorithms require

that the tens of thousands of values making up each �le's �nely-sampled prototypical

systole be summarized by a moderately small number of features.
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This section presents several feature sets designed to capture the morphology of

the signals produced in Section 3.1.

3.2.1 Generic Measurements of Signal Energy

Our \generic" feature set consists of a sequence of energy values measured at regular

intervals between the start of S1 and the end of S2 in each wavelet band, mimicking

the form of the original prototypical systole. In each band,we record energies from one

hundred adjacent bins spanning prototypical systole and normalize by the maximum

feature value.

Through normalization, we intend to account for the considerable inter-patient

variation in acoustic signal amplitude. We posit that humanlisteners judge loudness

of a given sound relative to the amplitudes of other sounds they hear in the acoustic

environment. Unfortunately, normalizing based on a �xed activity ( e.g., S1 or the

relatively �xed quiet of diastole, known as \diastolic 
oor"), presumes that �xed

segments of the heart beat are constant across patients|a condition our experiments

have shown to be false.

While prototypical systole can vary in duration, dependingon the heart rate of

the patient, the number of generic features stays �xed at onehundred for all patients.

Thus, murmur onset and other timing data, when measured by bin index, e�ectively

are expressed as percentages into systole, which are more informative in our problem

than are scalar numbers of milliseconds from S1, as mentioned in Section 3.1.

Beyond the assumptions motivating scaling, the generic feature set does not re-


ect any knowledge about the characteristics of systolic murmurs. The other sets

described below incorporate physiological and statistical models of pathological and

normal heart sounds, bene�ting from insights in cardiologyand statistical learning,

but potentially su�ering from inaccuracies built into our models. Because the generic

feature set, when plotted in sequence, roughly captures theoriginal shape of proto-

typical systole in a �xed and relatively small number of samples|indeed, it acts as

our visualization of prototypical systole in Fig. 3-1|it se rves as the basis for these

other sets. Below, we refer to the generic feature drawn fromthe nth bin of band x
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as gen feat [x][n].

3.2.2 Extraction of Physiological Features

Following the approach of [13], this section identi�es a small set of morphological

measurements re
ecting the properties of murmurs caused bymitral regurgitation

(MR). We establish separate features for three types of murmurs:

� Free standing: When back
ow into the aorta begins in the middle of systole, but

tapers o� to be inaudible prior to S2; in prototypical systole, it is not connected

to either S1 or S2, and thus we refer to it as \free standing." Measure the height

of the murmur and the temporal location of its peak.

� Holosystolic: When the mitral valve is unable to prevent back
ow throughout

systole, murmur may span from S1 to S2. Measure mid-systolicenergy in each

band.

� \Wide S2": When regurgitation begins in late systole and continues through

the end of it, S2 and the murmur may overlap temporally, appearing as a \wide

S2" in the prototypical systole. Measure energy and width ofS2.

Focus on Band 3

Noting MR is associated with high pitched murmurs, as discussed in Section 2.1.2,

we originally focused our search for murmurs on bands 2 and 3,which span from

150 to 600 Hz, and ignored band 1, which covers lower frequencies [18]. However,

visual inspection indicated signi�cant redundancy between the two higher frequency

regions (e.g., Fig. 3-1). Interested in minimizing redundancy, an approach known to

improve performance of such classi�cation techniques as support vector machines [10],

we choose to focus on band 3 for the duration of this section.
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Figure 3-2: Prototypical systole for patient with MR.

Systolic Reference Measurements

For band 3 of the generic feature set,gen feat [3], the starting time2 of S2, as well

as the median magnitude and variance of the systolic 
oor must be calculated before

determining physiological feature values.

Knowing the end of S2 is roughly concurrent withgen feat [3][100] for band 3, we

begin our search for the start of S2 by �nding the maximum value of S2,i.e., the

location of the maximum-valuedgen feat [3][n], constrained to 88 � n � 100.

Searching backwards from this point, calleds2 peak loc[3], the starting location is

the largestn such that n < s 2 peak loc[3] and gen feat [3][n] is su�ciently close to

the systolic 
oor (as de�ned below) that we would not associate the recorded energy

with the closing of the aortic and pulmonic valves. We label this point ass2 start [3].

To �nd the systolic 
oor in band 3, we divide the gen feat [3][n] values in systole

into four equal-duration sections and choose the section with the lowest energy3. We

record the median and variance ofgen feat [3][n] values in this section, assigning them

the variable namessyst f loor median[3] and syst f loor var[3] respectively. Using

these de�nitions, n = s2 start [3] � 1 is the highest index belowS2 peak loc[3] for

which gen feat [3][n] < (s2 peak val[3] � syst f loor median[3]) � scale[3], where

2In this section, \time" signi�es \percentage into prototyp ical systole," or, equivalently, \generic
feature index number."

3Energy across a section is the summation of the individualgen feat [3][n] values, as discussed
below.
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s2 peak val[3] = gen feat [3][s2 peak loc[3]], and

scale[3] =

8
><

>:

0:3 if syst f loor var[3] > 5 � 10� 5

0:07 otherwise

When systolic 
oor has moderate variance, portions of prototypical systole slightly

above syst f loor median can be attributed to noise. However, when the 
oor is

relatively smooth, slight bumps in prototypical systole are more likely to be physi-

ologically signi�cant. For example, a patient with a prosthetic tricuspid valve may

have an unusually loud S1, as compared to the S1 produced by the closing of a nat-

ural tricuspid valve; a doctor, or patient, may hear the tricuspid valve close even

without a stethoscope. Normalizing by S1's energy peak in each band of generic fea-

tures will cause the substantially quieter S2, and a murmur of similar magnitude, to

appear relatively quiet. However, they will be noticable with respect to the systolic


oor, which looks 
at after scaling. Fig. 3-2 illustrates this example. We use a con-

ditional assignment rather than a standard mathematical function betweenscale[3]

andsyst f loor var[3], such aslog(syst f loor var[3]), because of our empirical success

with the former approach.

Free standing murmurs

To record free standing murmurs, we either must �nd the expected type of murmur,

or, just as importantly, must produce useful output if such amurmur does not seem

to exist. We begin by assuming the murmur is present, �nd it, and record relavent

features. We then check our starting assumption and adjust features as needed.

Since we de�ne these murmurs to be temporally separated fromS2, and since at

least some portion of MR normally occurs in the second half ofsystole, we declare

the location of the murmur peak in band 3,murmur peak loc[3], to be n such that

gen feat [3][n] = max50 � m � s2 start [x] gen feat [3][m] is the maximum value of those

in the speci�ed range. We also �nd the peak energy of the selected free standing peak

murmur peak height[3] = gen feat [3][murmur peak loc[3]] (3.1)
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A holosystolic feature, the mid-systolic energy, doubles as a third feature for free

standing murmurs. murmur peak height[3] and mid systolic energy provide intu-

ition about the height and width of the murmur, while murmur peak loc[3] provides

knowledge about the murmur's relative position within systole.

We examinemurmur peak height[3] to determine whether a free standing mur-

mur actually exists. Speci�cally, we evaluate

murmur peak height[3] > scale[3] � min (s1 peak val[3]; s2 peak val[3]) (3.2)

wheres1 peak val[3] ands2 peak val[3] are the peak values of S1 and S2 ingenf eat[3][n],

and scale[3] is de�ned above. If our inequality is false, we assignmurmur peak height[3] =

murmur peak loc[3] = � 1. We do not incorporate the systolic 
oor into our calcu-

lations in order to capture holosystolic murmurs, which will cause the systolic 
oor

median to be close to the murmur peak value.

Holosystolic murmurs

As the energy of a holosystolic murmur spans from the end of S1to the beginning

of S2, the best feature set will capture the activity betweenthese two points in

prototypical systole. Unfortunately, it is di�cult to reco rd precisely within these

boundaries. If high energy is visible throughout the band, standard approaches to

�nding the intended region of observation,e.g., �nding the proper \start" time of

S2, often can fail. Expanding our view to record all the energy in each band ensures

that all murmur activity will be captured. However, S1 and S2widely vary in energy

content across patients with and without MR, potentially obscuring the connection

between a \band energy" feature and the presence of holosystolic murmurs.

To be able to capture most activity in these murmurs, when they are present, we

�x two points in the middle of each band and sum the energy in the de�ned interval

to �nd mid-systolic energy:

mid syst energy[3] =
75X

n=25

gen feat [3][n] (3.3)
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The beginning and end points are chosen to exclude energy from most possible S1s

and S2s, while including a su�ciently large portion of systole to record signi�cant

murmur energy, if it is present. Since each entry ingen feat [x][n] is a measurement

of the (normalized) energy in one bin of prototypical systole, the values need not be

squared in Eqn. 3.3. As mentioned above, we consider mid-systolic energy to double

as a feature for free standing murmurs; although we expect the measurement to reach

beyond the temporal start and end of such a murmur (if we were to search for such

markings), a more-careful measurement within these boundswould constitute a fea-

ture very similar to mid syst energy[3], because the systolic 
oor will not contribute

signi�cant energy, thus running against our desire to avoidredundancy.

\Wide S2" murmurs

When the murmur resulting from MR overlaps with S2 in prototypical systole, the

viewer can mistake murmur onset for S2 onset. We rely on a similar error in the

calculation of s2 start [x] and use the resulting properties of the incorrectly marked

S2 as \wide S2" features.

The appended murmur most prominently changes S2's apparentenergy and width.

Thus, we record:

s2 energy[3] =
100X

n= s2 start [3]

gen feat [3][n] (3.4)

and

s2 width [3] = 100 � s2 start [3] + 1 (3.5)

Since prototypical systole ends at the termination of S2, weuse 100 (the last sample

of gen feat [3][n]) as the default maximum value of systole.

3.2.3 Feature Discovery through Component Analysis

While physiological features measure pre-determined morphological characteristics of

three types of murmurs, principal component analysis (PCA)learns the most common

murmur morphologies from a training set of generic feature bands. Our discovered
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feature set consists of the projection of band 3 ofgenf eat onto principal components.

PCA exploits a subset of the assumptions used in designing the physiological fea-

ture set. We determine all components from MR patients'gen feat bands, presuming

there is no substantial loss of information between prototypical systole and the generic

feature set. Understanding that most, if not all, of murmur activity is con�ned to

high frequencies, covered by the higher wavelet bands, we focus only on band 3. (We

omit band 2 to prevent component analysis from focusing on inter-band variations

rather than on inter-�le variations.) Believing the variability of S1 can impair classi-

�cation attempts, we ignore the �rst quarter of systole. Wanting to capture murmurs

blending into S2, we keep the last quarter of systole in our data set. In sum, our

frequency and timing speci�cations con�ne component analysis to gen feat [3][n], for

25 � n � 100.

Section 2.2.1 discusses the standard mechanics and statistical assumptions behind

PCA. Working in Matlab r
 , we use the implementation developed by [5], respec-

tively. pcaproj from [5] measures the similarity, via projection, between discovered

PCA components and each patient's prototypical systole. Our component/PCA-

based features consist of projection values for the �rst �veprinciple components.

3.3 Self-Organizing Maps

As discussed in Section 2.2.2, U-matrices describing self-organizing maps (SOMs) al-

low a medical practitioner to gain intuition about the distribution of training record-

ings in feature space and about the position of an undiagnosed patient within this

distribution. To create SOMs, we use the SOM Toolbox implemented by [5]. For a

given training set, we normalize the data to be of unit variance across patients for

each feature dimension and �nd a map in the feature space. Representing the map

through the U-matrix, we place a label for each training and testing �le on the �le's

best matching unit, i.e., the map center closest to the �le in Euclidean feature space.

Labels for training �les take the form m#or #. \#" is replaced by the �le's index

number; the label preceding the index indicates \mitral reguragitation," while the
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Figure 3-3: Sample self-organizing map.

lack of a label indicates \no mitral regurgitation." Labelsfor test �les take the form

q#. \q" indicates the status of the patient is in question.

We can classify aq patient by projecting the him/her onto the map and comparing

the location of the q label to that of labels for diagnosed patients. In Fig. 3-3, if q1

appeared in the bottom left hexagon, we would label it \probably MR." If it appeared

in the top left hexagon, we would label it \probably no MR." Section 5.1 discusses

division of the SOM into diagnostic regions.
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Chapter 4

Methods

In this thesis, we evaluate the outputs of our assisted auscultation system operating

on a data set of 46 patients, split between those with and without mitral regurgitation

(MR), and compare the classi�cation performance of a user aided by this system with

that of a cardiologist listening to the original acoustic recordings.

4.1 Data Collection/Selection

We use the data set collected for [17]. These �les include auscultatory signals from the

apex and from the parasternal notch, recorded from patientsin the sitting, squatting,

and lying-on-left-side positions. Each �le also contains an EKG signal temporally

aligned with the acoustic data; both signals stretch between thirty seconds and one

minute. Over one hundred patients participated in the study(roughly thirty with

mitral regurgitation and seventy without), each recorded between two and four times.

Each recorded patient also received an echocardiogram, which was analyzed by a

technician to produce a \gold standard" diagnosis. For the purposes of our study,

we label patients as having MR only if their echocardiogram reveals they have mitral

regurgitation of an intensity greater than or equal to 2. Section 2.1.1 notes less intense

murmurs generally do not merit medical attention. Throughout the thesis, we refer

to patients \with MR" and \without MR" based on their echocar diograms.

We remove about half of the patients' records from our study following a few
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guidelines. We wish to minimize extraneous sources of errorfrom �les a human

(and, presumably, a computer) could easily recognize as un-informitive; therefore,

we remove �les with noisy EKG signals and with noisy or extremely low amplitude

acoustic signals. We also wish to minimize the number of variables used in the

composition of our training set; thus, we select �les recorded from only one position

on the body (the apex) with the patient in only one body position (lying on his/her left

side). We choose these parameters as they maximize the number of �les available for

analysis and, from a physiological standpoint, constitutewhat tends to be one of the

best positions for capturing the murmurs we seek, as discussed in Section 2.1.2. The

selected �les are split between 16 patients with mitral regurgitation and 30 without

it.

4.2 Evaluating the Assisted Auscultation System

We run each patient through all of our three system blocks, studying the system's

output. We �rst create a prototypical systole for each patient and extract the three

features sets|generic, physiological, and component-based. Next we use SOMs to

display the distribution of patient data in the spaces de�ned by the physiological and

PCA-based feature sets, and study the results to determine the diagnostic value of

each feature set.

4.2.1 SOM-Based Classi�cation

We search for regions in each map with moderately clear diagnostic value,e.g., several

nearby hexagons predominantly hold patient with MR. We compare the prototypical

systoles of patients placed close together on the maps, to determine if the SOM

algorithm and the feature set successfully group patients based on their similarity to

one another.

Evaluation of SOM \performance" is made di�cult by the requi rement of human

judgement for any given diagnosis. Nonetheless, we employ standard leave-one-out

cross-validation, incorporating human intuition into the testing loop. Givenn = 46
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�les, we form a map fromn � 1 �les, project the training �les, and then project the

1 test �le. For each test �le, we classify as \probably MR" or \probably no MR,"

based on the proximity of the patient's projected label to the labels in the SOM, as

introduced in Section 3.3. If there appears to be insu�cientinformation, we classify

the �le as \probably MR," indicating the patient, like other \probably MR" patients,

should be sent for an echocardiogram examination to resolveour ambiguity. These

choices are then compare to the echocardiogram diagnosis.

4.2.2 Comparison with a Cardiologist

We compare the classi�cation guidance from our system, using both physiological and

PCA-based features, with the classi�cations proposed by a trained cardiologist, Dr.

Collin Stultz, on the same data set.

Because of his limited time, we had Dr. Stultz listen to half of our recordings|10

MR patients and 13 patients without MR. We selected most patients at random, al-

though a few were intentionally included speci�cally because our system had di�culty

with them.

We performed a double blind interview. Dr. Stultz listened through a set of

headphones as we played �les in a random order, determined bya computer random-

number generator. For each patient, we asked him two yes/no questions:

� Does the patient have MR?

� Should the patient by sent for an echocardiogram?

We intended the latter question to permit him to express a degree of uncertainty,

similar to the potential uncertainty one might draw from our SOMs. After a short

time, we formally added the opportunity for Dr. Stultz to volunteer additional com-

ments about each recording, noting he already had provided such comments without

our prompting.

Because we intend our assisted auscultation system to help primary care physicians

identify patients in need of further cardiac examination, we compare Dr. Stultz's
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answer to our second question, \send for echocardiogram?" with the \probably MR"-

\probably no MR" decision made by a technician (the author) guided by our system.

42



Chapter 5

Evaluation

Each of the three major system blocks contributes to the accessibility and the per-

formance of our system.

In this chapter, we study the properties and performance of the three major system

blocks: systole visualization (via prototypical systole), feature extraction, and inter-

patient comparison (via self-organizing maps). Our modi�cations to prototypical sys-

tole formation help later blocks separate patients with andwithout MR. Physiological

and component-based feature sets reveal distinct aspects of our patient population to

be exploited during screening. Self-organizing maps (SOMs) presents non-technical

users with a visual impression of patient data, as processedby the rest of the system.

The SOM visualizations provide su�cient guidance for a userto distinguish between

patients with and without MR with accuracy approaching that of a cardiologist.

5.1 Interpretation of Self-Organizing Maps

Our system's �nal output is a set of self-organizing maps (SOMs) intended to aid

physicians in their screening decisions. Each map indicates pictorially the similarity

between a new, undiagnosed patient, and several patients with known diagnoses,i.e.,

\has MR" or \does not have MR." We equate subjective similarity of heart sounds

with proximity of the corresponding data points in feature space, which is expressed

by the SOM.
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Figure 5-1: Sample self-organizing map, using physiological features.

In this section, we discuss how a user should interpret SOMs to make screening

decisions. We employ these techniques throughout the chapter. We examine the

merits of SOMs, and further SOM attributes, in Section 5.4.

Each patient in our data set appears once on each given SOM. Weassign the

patient a unique label,m1through m16for patients with MR and 1 through 30 for

patients without MR. Undiagnosed patients receive a label of the form q#. Often in

this thesis, we display the distribution of only diagnosed patients within the SOM,

since we have no truly \undiagnosed" examples in our data set. We invite the reader

to assess the ease or di�culty of classifying a recording based on its location in the

map. In Section 6.2, we propose alternate labeling schemes when representing the

data of hundreds or thousands of diagnosed patients. We believe the analysis methods

proposed below for our 46-patient data set require little modi�cation to be applied

to our modi�ed labeling approach for a larger set.

A user determines similarity between two patients based on their relative locations

in the map and based on the colors of the hexagons in the vicinity of the patients.
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A pair of labels located on opposite ends of the SOM identify patients whose heart

sounds are quite di�erent from each other. Map coloring indicates the degree of

similarity between patients appearing relatively close toone another on the SOM.

Patients sitting in a blue hexagon are more similar to one another than are those

sitting on a red one.

We now review some elements of SOM construction to explain further the signi�-

cance of the location and color of the hexagons in a SOM. The SOM algorithm adjusts

a grid of points in the feature space to minimize the distancebetween patient data

and the closest grid point; we call each point a \center." Thehexagons in the SOM

display represent centers. Between each pair of center hexagons is an \inter-center"

hexagon whose color indicates the Euclidean distance in feature space between the

centers on either side. The color of an inter-center hexagonindicates how similar the

typical member of one adjacent center hexagon is to the typical member of another

adjacent center hexagon. Because centers can be adjacent vertically, horizontally,

or diagonally on the grid, all center hexagons not on the edges of the display are

surrounded on all sides by inter-center hexagons. The colorof each center hexagon

indicates the distance between the corresponding center and the data points assigned

to it (if there are any). For a hexagon holding patient labels, its color roughly indicates

the similarity of these patients to one another.

A user can use the coloring of center and inter-center hexagons to identify broader

diagnostic regions. For example, the predominance of blue hexagons, indicating high

similarity, in the upper rows of Fig. 5-1 likely signi�es patients su�ciently similar to

one another to be considered one group. The ratio of patientswithout MR to those

with MR in this broad region, 23 to 5, suggests that a doctor should label new patients

appearing in the region as \likely not to have MR." The red anddark-red inter-center

hexagons abovem13and below12 and 25 indicate patients in the bottom half of the

SOM di�er much more signi�cantly from those in the top half than they do from one

another, despite the lighter blue and yellow coloring in thebottom hexagons. Thus,

we can declare the bottom portion of the map to be a second diagnostic region. The

ratio of patients with MR to those without, 11 to 6, suggests new patients appearing
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in the region are nearly twice as likely to have MR than not to have MR. We use

the \60% heuristic:" if there are roughly twice as many patients with one diagnosis

as those with the alternative diagnosis in a SOM region,e.g., the bottom of Fig. 5-1,

new patients in the region are labeled with the �rst diagnosis. Although 65% MR

(or no MR) is a rather small majority, we �nd this practice produces relatively good

system classi�cation performance on our data set.

We should note we train on twice as many patients without MR asthose with MR.

Presuming our current patient distribution is representative, we can claim the true

ratio of MR to no MR in the bottom region is 22 to 6, further supporting a doctor

labeling new patients in this region as \probably MR." Unfortunately, doubling the

number of MR patients also changes the ratio in the upper region to 23 non-MR

patients to 10 MR ones, leading us again to rely on the 60% heuristic.

5.2 Prototypical Systole Formation

In [17], Syed introduces prototypical systole and addresses its value for medical di-

agnoses. Below, we evaluate the three changes we make to the original algorithm:

time-scaling each systole before incorporating it into theprototypical; breaking the

time-amplitude signal into wavelet bands (rather than [17]'s frequency bands); and

selection of the most \representative" systoles through non-deterministic clustering.

On the whole, each change is bene�cial to our system or, at least, does no harm.

For a given patient, our systole visualization block splitsthe patient's acoustic

recording into three wavelet bands, segments the signal into heart beats, and selects

a set of \representative" systoles. Next, our system stretches the systoles to ensure

all have equal duration. Finally, it �nds the median amplitude value for each time

sample across systole.

5.2.1 Time Scaling

Doctors typically judge murmur timing relative to the duration of the systole in which

the murmur appears. To model medical practice, our system introduces time-scaling
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Figure 5-2: Prototypical systoles for patientm14, incorporating and omitting the
time-scaling step. In this chapter's �gures, \prototypical systole" will refer to the 300
generic features capturing the shape of the original prototypical systole.

Figure 5-3: Prototypical systoles for patientm6, incorporating and omitting the time-
scaling step.

into the formation of prototypical systole.

Time-scaling is advantageous to our general classi�cationtask, when compared

to a system without time-scaling. This step typically allows prototypical systole to

present a more clear view of any existing murmur morphology.It also leads to better

separation between patients with and without MR in our feature spaces.

For individual patients, time-scaling reveals previously-hidden murmurs or keeps

known murmurs visible. Fig. 5-2 demonstrates the signi�cant growth of an MR pa-

tient's band 2 murmur using time-scaling. We suspect the patient has beats signif-

icantly varying in length, preventing the relatively-narrow murmur from lining up

appropriately among the original systoles. Fig. 5-3 shows adecline in band 3 mid-

systolic energy in MR patientm6. Nonetheless, the murmur remains clearly visible.

Here, we suspect an abundance of short beats and of long beatsallowed S2 of some
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(a) (b)

Figure 5-4: Self-organizing maps showing the distributionof patients in the physio-
logical feature space based on their prototypical systoles, calculated (a) with and (b)
without time-scaling.

short beats to be incorporated into band 3 morphology, accounting for the sudden

jump in energy after a gradual rise from S1.

Our modi�cation poses bene�ts to the physicians �nal screening decision, as he

views the full population in our system's feature spaces. Fig. 5-4 compares self-

organizing map (SOM) visualizations of the distribution ofpatients in the physiologi-

cal feature spaces derived from the two types of prototypical beats.1 In both maps, we

see patients with MR tend to cluster near the bottom and patients without MR tend

to cluster towards the top. However, only time-scaling produces a full red/orange

line splitting the SOM into the \mostly MR" and \mostly no MR" regions. The

high-distance, red separator produced without time-scaling fails to partition SOM

(b) fully, indicating the \mostly MR" and \mostly no MR" regi ons are closer to one

another in the physiological feature space (and more similar in appearance). A doc-

tor should place more con�dence in the separation and resulting diagnosis based on

time-scaling.

1Later sections address our choice of features and provide full commentary on SOM analysis.
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Figure 5-5: Prototypical systoles for patientm7, using �lter bank and wavelet band ap-
proaches. The �lter bank-based prototypical systole has low-magnitude tails at both
ends, spanning roughly 10% of the prototypical distance on each side, corresponding
to convolution beyond the edges of the original signal.

Figure 5-6: Prototypical systoles for patientm9, using �lter bank and wavelet band
approaches.

5.2.2 Wavelet Bands

We separate each patient's acoustic signal into three wavelet bands rather than using

the frequency band approach of the original prototypical systole systole algorithm. In

[18], Syed chooses wavelets to capture the short duration events at high frequencies,

i.e., MVP clicks. Our system applies the same technique to searchfor high-frequency

energy spanning considerably longer periods of time.

Wavelet bands appear to strike a delicate balance between capturing high-frequency

murmurs and generally missing high-frequency noise. Our technique usually heightens

the visibility of MR murmurs in individuals' prototypical s ystoles, helping SOM-based

screening.

Each wavelet band appears superior to it corresponding frequency band for our
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Figure 5-7: Prototypical systoles for patientm2, using �lter bank and wavelet band
approaches.

Figure 5-8: Prototypical systoles for patient31, using �lter bank and wavelet band
approaches.

purposes because wavelet bands cover a broader range of frequencies. Although most

energy in a wavelet band comes from a central range, nearby regions of the spectrum

also contribute to the energy we observe. For example, band 3focuses between 300

and 600 Hz. Frequencies slightly above 600 Hz and slightly below 300 Hz a�ect the

band in proportion their distance from the central frequency.

Patient m7's prototypical systole, shown in Fig. 5-5, provides a good example of

energy-blurring across frequencies. The shape appearing in wavelet band 3 is similar

in form to the smaller murmur in frequency band 2, indicatingenergy coming from

lower frequencies. Activity in higher frequency bands may help increase the visible

energy in the shape.

Fortunately, blurring energy across frequencies generally does not capture enough

irrelevant high-frequency noise to 
ood prototypical mid-systole with non-murmur-

related energy. For most patients, wavelet bands feature anelevated systolic 
oor|a
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Figure 5-9: Prototypical systoles for patient22, using �lter bank and wavelet band
approaches.

constant level of noise permeates the signal. However, thiselevation usually is too

small to lead to an incorrect positive diagnosis. Our systemcorrectly marks patients

31 and 22, shown in Figs. 5-8 and 5-9, as \no MR" despite their non-zerosystolic


oors.

Comparison of SOMs resulting from the frequency band and wavelet band ap-

proaches, in Fig. 5-10, indicates wavelet bands may pose great bene�t to patient

classi�cation. The frequency bands-derived feature spaceevenly spreads patient with

and without MR throughout the map, providing little room to d esignate diagnos-

tic regions. Discussion in Section 5.1 already has extablished these regions in the

wavelets-based map. The striking visual di�erence betweenSOMs seems su�cient

motivation to favor wavelet bands above frequency bands.

5.2.3 Non-Deterministic Clustering

The prototypical systole is formed based on a subset of all systoles in a patient's

acoustic recording. This subset is selected by assigning each systole two feature

values, as described by [18], clustering the systoles, and choosing the largest cluster.

The selected subset may vary in content from run to run, due tothe non-deterministic

nature of clustering.

We observe our system may assign as few as 8 heart beats to the largest cluster.

This �gure is reasonable in order of magnitude, given we typically capture about 30

heart beats in 30 seconds of recording. We cannot increase signi�cantly the number
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(a) (b)

Figure 5-10: SOMs showing the distribution of patients in the physiological feature
space based on their prototypical systoles, calculated with (a) wavelet bands and (b)
frequency bands.

of selected systoles without recording for several minutes|an infeasible option for the

primary care physician intended to use our software. In [17], Syed also establishes

that his system is biased to select the longest beats, most likely to reveal MR. The

length of beats follows the breathing cycle, which is usually much slower than the

cardiac cycle, leading to the inclusion of less than 30% of recorded beats.

Because prototypical systole formation relies on a low-population cluster, we

are concerned that prototypical appearance might change considerably as our non-

deterministic clustering algorithm changes cluster members on each run. However,

[18] establishes performance bene�ts gained by the clustering step.

Fortunately, our experiments indicate that prototypical systoles, and their result-

ing distributions across the feature spaces, remain relatively stable across runs of our

system. Once again using SOMs to visualize the distributionof patients in physiolog-

ical feature space, derived from two copies of identical prototypical systole formation

code, we �nd relatively minor di�erences. Fig. 5-11 shows the \mostly MR" and

\mostly no MR" regions are retained with the red, high-distance separator across the
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(a) (b)

Figure 5-11: SOMs showing the distribution of patients in the physiological feature
space based on their prototypical systoles using two sets ofprototypical beats created
with identical time-scaling and wavelet band settings. We rely on the second run,
(b), for the rest of the thesis.

two maps. The distribution of patients within each region also remains similar, with

many patients falling into the same hexagon in each SOM.

Although a small number of patients, like MR patientm8, move between distant

hexagons from one map to the other, further inspection showsthese changes may be

insigni�cant to classi�cation. m8moves from the bottom in Fig. 5-11(a) to the upper-

right region in Fig. 5-11(b). However, analysis of the second SOM in Section 5.4

suggests this right edge be considered an MR block within the\mostly no MR"

region. Visual comparison of the two underlying prototypical systoles in Fig. 5-12

shows relatively little visual di�erence, suggesting a weakness in the physiological

features for classifying this patient rather than a problemwith clustering.
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Figure 5-12: Prototypical systoles for patientm8, produced by two runs of our �nal
code.

5.3 Features

Section 3.2 describes the extraction of 3 di�erent kinds of feature sets from prototyp-

ical systole: generic, physiological, and component-based/PCA-based. Experiments

indicate each kind of feature set is useful to MR screening, although generic features

provide signi�cantly less help than do the other features wetested. We �nd projection

of our patients into either physiological and PCA-based feature spaces successfully

separates most patients with MR from most of those without MR. The SOM clas-

si�cation approach in each of these two spaces leads us to correctly identify 14 out

of 16 MR patients. In contrast, SOM visualization of our patient distribution in

the generic feature space shows moderate mixing of patientswith and without MR,

making a screening decision di�cult.

5.3.1 Generic Features

To measure generic features, we divide each wavelet band of prototypical systole

into 100 bins of equal size and record the signal energy in each bin. In developing

these features, we intended them as an aid to the construction of other feature sets,

rather than to facilitate direct inter-patient comparisons. Unsurprisingly, they prove
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Figure 5-13: SOM showing the distribution of patients in thegeneric feature space
based.

sub-optimal for classi�cation tasks.

The generic feature set has many characteristics considered undesirable when

training and running classi�ers, including high dimensionality and signi�cant redun-

dancy among features. Despite these limitations, we observe generic features allow us

to separate some patients into diagnostically-meaningfulclasses using SOMs. Screen-

ing with other feature sets yields still more reliable and more convincing diagnoses,

as discussed in later sections.

Perhaps the most troublesome characteristic of the genericfeature set, from the

perspective of machine learning, is its size compared to thenumber of patients being

studied. We measure three hundred feature values for each patient, as described in

Section 3.2.1. Using our selected recordings, we would train on 46 patients. Thus,

the distribution of data points in the feature space will be far too sparse to draw

signi�cant conclusions. Performing unsupervised learning, using SOM inter-patient

comparison in Fig. 5-13, we see a relatively uniform coloring, indicating most patients

are relatively evenly distributed across the feature space, showing no notably distinct

clusters.

The high dimensionality of our feature set presents a secondproblem: it will

present a greater challenge to users attempting to understanding the meaning of a

classi�er's output, or of a SOM visualization. Because of human's di�culty with
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reasoning in more than 3 dimensions, they probably will havetrouble visualizing the

slope of the high dimensional separation surface produced by the SVM. Studying

the prototypical systoles associated with the support vectors provides some insight

into the surface, but it will prove intractible to study the hundreds of vectors chosen

to capture the distribution of the thousands of training points. Undertanding the

distribution of SOM centers, an analysis technique discussed in detail in Section 5.4,

also will prove intractable given the number of training points. The generic feature

space is not amenable to human comprehension of our system.

Our large feature set also may su�er from redundancy among features, which can

be harmful to standard classi�cation approaches. It is likely that many feature values

are strongly correlated with one another, since they often are taken from adjacent

or near-adjacent stretches of prototypical systole. Guided by [10], we suspect this

redundancy contributes to poor SVM performance. We design later feature sets in

part to avoid this problem.

Despite our concerns about using the generic feature set to separate our small

patient group into diagnostic classes, we observe our SOM analysis approach identi�es

a \mostly MR" and \mostly no MR" regions in the generic feature space, in addition

to a moderately large region of uncertainty. We might place up to nine MR patients

into the \mostly MR" class at the top of the SOM. Unfortunately, both diagnostic

regions blend into the \unclear classi�cation" region|the re is no notable separation

between classi�cation groups in space. Nonetheless, the presence of these regions

might correspond to an existing separation in general feature space that could be

revealed with more training data.

5.3.2 Physiological Features

Building o� the generic feature set described in Section 5.3.1, we �nd physiological

features to be useful in screening for MR. Thresholds on eachof several individual

features separate the patient population moderately well between those with and with-

out MR; each feature has a distinct physiological signi�cance, making the thresholds

meaningful to a medically trained user. Projecting the patients into the full feature
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space enables us to identify correctly more of those with MR,though sometimes at the

expense of incorrectly labeling more patients without MR. Viewing patient distribu-

tion via SOM, we see the small, �ve-dimensional, space produces distinct diagnostic

groups, unlike the generic feature space. In combination with results from screen-

ing in the PCA-based feature space, physiological featuresenable our �nal assisted

auscultation system to miss only 2 out of 16 MR patients, as discussed in Section 5.4

Individual Features

We recall from Section 3.2.2 that the 5 physiological features in our set are (1) the

height of the free standing murmur peak, (2) the o�set of the free standing murmur

peak into systole, (3) the mid-systolic energy, (4) the width of S2, and (5) the o�set

of the beginning of S2 (s2 start [3])). For this section, we often refer to these features

by their number as listed here.

Two of the physiological features have signi�cant classi�cation utility when con-

sidered individually. Each of the two free standing murmur features can be used

individually to perform threshold classi�cation with accuracy close to that of screen-

ing with the full set using a SOM.

The �rst two plots in Fig. 5-14 show the distributions for the two free standing

murmur features (features 1 and 2). By visual inspection, wecan place a threshold

line at featurevalue = 0 in either plot, separating the majority of patients with

MR (above the line) from those without (below the line). Thistechnique produces 5

false negative classi�cations (out of 16 MR patients) and 6 false positives (out of 30

patients without MR), equivalent to our results from SOM-based classi�cation in the

full physiological feature space.

Our results indicate the rough free standing murmur detector implemented in

Section 3.2.2 may be a su�cient classi�er on its own. If our system does not �nd a

free standing murmur, it outputs the �rst two feature valuesas -1, below the threshold.

If we do detect a murmur, we output a positive value that will be above our visually-

selected line. Our simple threshold places no restrictionson the activity's temporal

properties or energy content to be accepted as MR. Also, because a patient can only
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Figure 5-14: Individual feature plots. Each plot shows the values for all patients
drawn from one dimension in the feature space,e.g., mid-systolic energy. For easier
comprehension, MR patient values are sorted to be in increasing order and non-MR
patient values are sorted to be in decreasing order. For comparison, MR data points
are stretched over the x-axis to occupy the same range as datapoint for patients
without MR.

have a positive value for his/her �rst two features if we detect a free standing murmur,

the threshold in either of the �rst two features misclassi�es the same patients with

and without MR.

The free standing murmur detector operates like the human who listens to the

heart sound or who views our system's prototypical systole display. The presense of

mid-systolic high frequency energy of su�ciently high magnitude makes us suspect

a murmur. Holosystolic and \wide S2" murmurs share this characteristic with free

standing murmurs, leading all three types of MR outlined in Section 3.2.2 to be

captured by the simple detector. Perhaps the o�set and height may distinguish

between sub-classes, a task outside the stated goals of our system.

The last three features shown in Fig. 5-14 do not appear to be useful individu-

ally for classi�cation, nor do they appear to identify MR patients misclassi�ed by

free standing murmur features. Although the optimal threshold on mid-systolic en-

ergy (feature 3) achieves the same number of false negativesas do the free standing

murmurs, false positive classi�cations increase. Placinga second threshold, we can
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Figure 5-15: SOM distribution for full data set in physiological feature space.

isolate 4 further \MR" patients, de�nitively above the high est \no MR" patients;

however, it is unclear whether further data from both patient groups would support

this separator. \Wide S2" features (features 4 and 5) exhibit even less diagnostically

helpful structure. The \wide S2" murmurs, which successfully are identi�ed by these

features (they are assigned the highest feature 5 values), already are identi�ed by the

free standing murmur features, as anticipated above.

SOM Display of Patient Distribution

In Fig. 5-15, we see that the SOM visualization of our patients' distribution in the

physiological feature space, reveals even further structure. The SOM shows a clear

separation|represented by two lines of red hexagons|between the majority of MR

patients and the majority of those without MR. We observe an identical separation

in the distribution of values for the �rst physiological feature, shown in Fig. 5-14;

patients who fall below 0 in the one-dimensional plot fall below the upper red line in

the SOM. Further features contribute to grid coloring, as well as to further spatial
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separation: the lighter blue of theMRregion, compared to thenMRregion, indicates

patients with relatively clear MR take on a broader range of feature values than

do patients without MR. The individual feature plots in Fig. 5-14 demonstrate this

phenomenon for features 3 and 5. Since we de�ned our measurements roughly to

correspond to degrees of murmur activity, it is not surprising that most patients

lacking murmurs have relatively uniform feature values, while those with murmurs of

varying shapes and sizes populate a larger region in the feature space.

Besides presenting knowledge available from Fig. 5-14 and SVM tests, albeit in

a compact graphical format, Fig. 5-15 shows the distribution of the SVM's false

positives and false negatives, as well as that of the correctly classi�ed �les, within the

MRand nMRblocks. We �nd a core of \obvious MRs" in the bottom left hexagon and

of \obvious nMRs" along the upper left edge.2 Ignoring the one outsider in each of

the two aforementioned groups, the SOM organizes the set of prototypical systoles

to indicate two prominent morphology groups. We may focus onsuch patients in

training doctors to ensure they catch the most easily detected murmurs. Further

studying the nMRblock reveals that almost all patients with MR lie on the right edge

of the SOM, and are packed less tightly in the feature space|aphenomenon that

may prove useful to classi�cation.

5.3.3 Component Analysis-Based Features

Component-based features use projection to measure the degrees of similarity between

a patient's prototypical systole and automatically-derived components. We consider

components created by principal component analysis (PCA),a statistical method de-

signed to �nd standard morphologies from a training set of MRpatients' prototypical

band 3s. We only view the last three quarters of band 3, ignoring S1 activity.

We had only moderate success using component analysis and component-based

features to characterize and to classify the prototypical systoles drawn from our data

set. PCA extracts shapes that individually represent commonly-seen patient mor-

2The dark blue spreading across the upper left edge indicatesthe centers for each hexagon are
quite close to one another in Euclidean space; thus, we can treat the edge here as one hexagon.
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phologies,e.g., typical forms of MR murmurs and of S2. We use these shapes to

create the component-based feature set.

The PCA-based feature space is valuable in screening for MR,particularly when

used to supplement other spaces. Compared to the physiological feature space, PCA

space provides less clear separation between patients withand without MR. However,

it allows a user to identify correctly several MR patients embedded in the \mostly no

MR" region of the physiological feature space. In Section 5.4, we combine classi�ca-

tion results from the PCA-based and physiological feature spaces to correctly classify

almost all MR patients.

PCA-Derived Components

We use software from [5] to perform PCA on the prototypical systoles of our MR

patients. Earlier principal components account for more ofthe energy|here, have

higher corresponding eigenvalues|than do later ones. Because of details in the algo-

rithms used to perform PCA, some discovered components are dominated by negative

peaks, although only positive energy peaks have valid physiological interpretations.

We 
ip these components, i.e., scale by a negative number, when using them to

reconstruct prototypicals in the data set

Because PCA attempts to capture the maximum energy across all patients, it

focuses on low frequency shapes in our prototypicals. Individual principal components

(PCs) capture long-range activities representing murmurs, S2, or both. We also can

reconstruct common patient morphologies using relativelyfew components.

Some PCs in Fig. 5-16 have particularly clear relations to diagnostically-relavant

attributes of systole, once we account for typical side-e�ects of PCA. The �rst PC,

when multiplied by a negative scalar as discussed above, takes the form of a strong

holosystolic murmur with a muted S2. In Fig. 5-17, we see one of our MR patients,

m6, with a murmur rising and falling across systole, similar tothe behavior of the

inverted PC. Some PCs include energy over a broader range than seen in any patient;

PCA creates components with extra peaks, in the opposite direction from the main

peak of the PC, to cancel out extra energy from these wide components. Ignoring
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Figure 5-16: Six extracted principal components.

Figure 5-17: Comparing �rst principal component (PC) to last 75% of band 3 proto-
typical systole for patient m6.

62



Figure 5-18: Reconstruction ofm6using three principal components.

Figure 5-19: Reconstruction ofm11using principal components.

the negative peaks, we associate PCs 4 and 5 respectively with quiet MR, in which

S2 is much louder, and with a strong MR murmur isolated to mid-systole. The other

components relate to further S2 and MR murmur shapes, although the scaling of our

display can make the activities di�cult to see.

Not surprisingly, principal components are very useful forreconstruction of band

3s observed in our data set. The �rst 3 PCs can form an overall shape quite similar

to that of the holosystolic murmur of m6, as shown by Fig. 5-18, ignoring the negative

peak in the S2 region. Unfortunately, some band 3 murmurs cannot be reproduced be

our components. The free standing murmur ofm11, shown as the target in Fig. 5-19,

does not match well with reconstruction from the �rst 6 PCs. PCs, in particular, fail

to mimic the sharp peaks at samples 30 and 45 in the target.
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Figure 5-20: SOM distribution for full data set in PCA-basedfeature space.

PCA-Based Features

We create a new, �ve-dimensional feature set by projecting prototypical systoles onto

our top �ve principal components.

PCA-based features make an important contribution to the MRscreening system,

although they perform worse than do physiological features. SOM visualization of

the patient distribution establishes \mostly MR" regions holding MR patients hard

to classify correctly in physiological feature space.

Traditional classi�cation via simple thresholds performsunacceptably poorly in

PCA-based feature space. The distribution of patients overany individual feature

appears to be devoid of useful structure. We �nd no feature comparable to mid-

systolic murmur peak height in Section 5.3.2, that neatly divides our population.

The SOM display of the patient distribution in PCA-based feature space, shown

in Fig. 5-20, can help a user correctly classify MR patients misdiagnosed with phys-

iological features. Patients with MR lie at the edges of the map most distant from

the bottom-left corner, and nearly 50% of patients without MR are focused in this

corner. We easily can de�ne \mostly MR" and \mostly no MR" regions, although the

blur of colors across the map informs us these regions do not consist of data points

densely concentrated in the feature space. Most encouragingly, we �nd all but one of
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the patients typically misclassi�ed in the physiological feature space,i.e., m4, m5, m7,

m8, and m15, joined together in a \mostly MR" region at the top of Fig. 5-20.

5.4 Properties of Self-Organizing Maps

Throughout this chapter, we have used self-organizing mapsto reveal structure in the

high-dimensional distribution of our patient population. Below, we discuss tests of

our SOM-based classi�cation system, and the utility of the SOM visualization.

Our SOMs present non-technical users with screening recommendations with vary-

ing degrees of certainty. Our system projects most new patients into a \mostly MR"

or \mostly no MR" region, suggesting a classi�cation decision. Hexagonal coloring

and the morphological display of neighboring patients' prototypical systoles informs

users how much con�dence to place in their decisions. Users also can use SOM ap-

pearance to determine which set of features (or, possibly, of patients) will best help

them screen a given new patient. In a �eld where incorrect diagnoses can have serious

consequences and where qualitative statements abound, ournew classi�cation system

invites regular examination of its own performance, ratherthan requiring the user to

rely upon the binary answer of a black box.

5.4.1 Distribution of Full Patient Data Set

SOMs display the distribution of patients in our high-dimensional feature spaces in a

two-dimensional grid. These maps provide both a population-wide and �ne-grained

view of the distribution. Pursuing the �ne-grained details, we can determine our trust

in the feature space underlying a given SOM by comparing the prototypical systoles

placed into the same hexagon.

Observing the PCA-Based Feature Space

The bene�ts of SOM visualization for classi�cation and for more detailed data analy-

sis are most clear in the PCA-based feature space, displayedin Fig. 5-20. The spatial

orientation of labels leads us to recognize \mostly MR" and \mostly no MR" regions.

65



(a) (b)

Figure 5-21: Band 3 morphologies for patients in centers (a)\A1" and (b) \A3" of
the PCA-based SOM shown in Fig. 5-20. We label centers by row and column; each
row is assigned a letter (starting with A at the top) and each column is assigned a
number (starting with 1 at the left).

The distribution of colors in the map helps explain why a radial basis kernel sup-

port vector machine running in the same space will perform worse than SOM-based

classi�cation, misclassifying 8 out of 16 patients with MR in leave-one-out testing.

MR labels are located in red and green hexagons, indicating they appear sparsely

in their section of the feature space. In both the upper-leftcorner of the SOM and

on the right end of the second row of center hexagons,3 \no MR" labels appear in

MR-dominated space. A radial basis kernel will not recognize these labels as outliers;

instead, it will over-�te and carve out unwarranted islandsof \no MR" classi�cation

territory.

Understanding the Location of SOM Centers in Feature Space

Viewing band 3s of the prototypical systoles assigned to a given center gives us further

intuition about each map's organization.

3See Section 5.1 for a de�nition of \center hexagons."
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Inspection of band 3 of the prototypical systoles of patients appearing in individual

centers in Fig. 5-20 indicates PCA-based features detect morphological similarities.

Many centers hold a set of visually similar morphologies. Patients in the upper-left

hexagon, seen in Fig. 5-21(a), all show clear murmurs reaching a peak around the

70% mark. Patients in other centers appear to have greater variability, but remain

in the same diagnostic class. The populated center in the upper-middle of the SOM

captures low magnitude murmurs of varying shapes, seen in Fig. 5-21(b); it correctly

includes m4, a murmur with activity so small compared to the S1 peak that it is

practically invisible. We appreciate that PCA-based features, unlike physiological

features, stress form over energy.

Examination of murmur shapes for patients grouped togetherin physiological

feature space provides similar con�dence in Fig. 5-15, as well as intuition into the

morphological signi�cance of physiological features. Theshapes in Figs. 5-22 and

5-22(a) illustrate the SOM's \recognition" that there is a di�erence between wide S2

murmurs and others,e.g., holosystolic and free standing murmurs. The SOM draws

these two subgroups respectively to the top-right and upper-left of the \mostly MR"

region. Comparing the upper-left and upper-right corners of the \mostly no MR"

region, in Figs. 5-22(b) and 5-22(c), we similarly see the expected di�erence between

\clear no MRs," lacking any activity, and the higher-activity right edge \MRs and

no MRs," grouped together because of slight turbulence in systole (often coincident

with MR).

5.4.2 Pseudo-Classi�cation

Leave-one-out testing shows that the SOMs for the physiological and PCA-based

feature spaces are useful for classifying patients in our data set. Consulting both

feature spaces for classi�cation labels leads to detectionof nearly all of our MR

patients.
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(a) (b)

(c) (d)

Figure 5-22: Band 3 morphologies for patients in center (a) \F3," (b) \G1," (c) \A1,"
and (d) \A3" of the SOM drawn from physiological feature space , shown in Fig. 5-15.
As in the PCA-based SOM, we label centers by row and column; each row is assigned
a letter (starting with A at the top) and each column is assigned a number (starting
with 1 at the left).
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Figure 5-23: Projection of patient5, as q1, onto physiological feature SOM trained
without it. q1 appears in the upper-left portion of the SOM, circled in red.

Changes in SOM Appearance Across Training Sets

In both feature sets, removing individual patients for leave-one-out testing usually

has little e�ect on SOM appearance. Often, the new map looks almost identicle to

the one holding the excluded patient. The removal of a few patients lying in sparsely-

populated red hexagons, however, cause variations in the coloring scheme within each

region that alter the SOM's overall appearance. Nonetheless, in the worst cases in our

data, we still identify \mostly MR" and \mostly no MR" region s as corresponding to

the map incorporating the whole patient population. Classi�cation remains tractable

by relying more heavily on the arrangement of labels rather than the arrangement of

colors.

Leave-one-out testing provides some intuition for the stability of our SOM repre-

sentation to a changing data set. We might perform a more realistic assessment by

removing half of our training data rather than one point. However, the small size of

our patient population makes it likely that such a test wouldeliminate all the patients

de�ning one or more important diagnostic regions. We gain some con�dence in SOM

stability based on the e�ects of removing individual outliers, which are most likely to

e�ect SOM output and de�ne the MR region in PCA-based featurespace.

Maps from the physiological feature space vary predominantly in grid dimensions,
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Figure 5-24: Projection of patientm1, as q1, onto PCA-based SOM trained without
it. q1 appears in the upper-left portion of the SOM, circled in blue.

when they change in appearance at all. We instuct the SOM algorithm to �nd a

rectangular grid with roughly 20 centers. Depending on the training data, it outputs

either a thin 3 by 7 grid, like that shown in Fig. 5-15, or a square-like 4 by 5 grid, like

that shown in Fig. 5-23. Both forms retain the same general distribution of colors

and labels. A red line divides all SOMs in the physiological feature space into two

diagnostic regions. When we leave out patient5 from the data set in Fig. 5-23, the

resulting SOM continues to place the same patients in the most-populated MR center,

at the bottom-left. The labels in the dark blue left edge of the full-population SOM

are almost identical to those in the three dark blue hexagonsin the top row of our

new map.

Maps derived from the PCA-based feature space organize patient labels in a rel-

atively consistent manner, although maps derived by removing some outlier patients

vary considerably from Fig. 5-20 in their distributions of hexagonal colors. Neither

Fig. 5-24 nor 5-25 contains the red edge con�ned to the upper-left portion of the

SOM. However, the contents of this edge stay relatively close together in the new

SOMs, as the labels are rotated and 
ipped along the grid. We can consider the top

of each of the new SOMs to be a \mostly MR" region, following the rule established in

Section 5.3.3 for the original PCA SOM. Fig. 5-24 seems to establish this MR region
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Figure 5-25: Projection of patientm7, as q1, onto PCA-based SOM trained without
it. q1 appears in the middle-right portion of the SOM, circled in blue.

with a dark red horizontal line separating lighter red hexagons above and below it.

Patients without MR continue to cluster in a blue region at the bottom of each of

our SOMs.

Analysis of the SOM in Fig. 5-20 helps explain the changing color distributions we

observe for maps in PCA-based feature space, supporting ourclaims above about the

harm of removing outliers. Across leave-one-out tests, thegreatest changes in SOM

appearance stem from removing MR �les. Most patients with MRappear in red or

light green in Fig. 5-20, indicating they are relatively distant from one another in the

original feature space. Thus, the absence of one training point can make a signi�cant

di�erence in the optimal positioning of SOM centers in the feature space: centers can

fall into more sparse or more dense areas than in the originalSOM. New principal

components also are likely to appear di�erent when they no longer have to re
ect the

unusual morphology of a patient now removed from the training set. The new PCs

can alter the patient distribution in the resulting featurespace. Patients without MR

often fall relatively close together in the feature space, as shown by the blue regions

of Fig. 5-20. The removal of such patients from the training set causes little variation

in SOM appearance, either in color or in label distribution,as seen in Fig. 5-26.
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Figure 5-26: Projection of patient8, asq1, onto PCA-based SOM trained without it.
q1 appears in the upper-middle portion of the SOM, circled in blue.

\Leave-One-Out" Statistics

For each patient in our data set, we used our system to create SOMs in physiological

and PCA-based feature space based on all patients except theselected one. We then

projected the \left out" patient onto each SOM, seen asq1 on several example �gures

above. The author applied the SOM evaluation guidelines established in Section 5.1

to classifyq1. If the patient fell in a \mostly MR" region, the classi�cati on was \MR;"

if s/he appeared in a \mostly no MR" region, the classi�cation was \no MR;" and if

the region was unclear, the patient was classi�ed as \MR." For each feature space,

the author relied on the regions established in this chapterfor the SOM built on the

full data set, though the regions occassionally had to be rotated with the labels.

The author was able to classify correctly most patients withand without MR

based on their projections onto SOMs. In our two feature spaces, human-driven

classi�cation correctly identi�es 9 and 10 out of 16 MR patients respectively. The

set of false negatives from the two spaces has little overlap. Thus, we can drive

our false negative rate down to 2 or 1 out of 16 by choosing the most pessimistic

classi�cation, i.e., if either SOM indicates the patient has MR, we classify the patient

as \likely MR." Unfortunately, maximizing correct MR diagnoses in
ates the false
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Figure 5-27: Projection of patientm4, as q1, onto PCA-based SOM trained without
it. q1 appears in the upper-left portion of the SOM, circled in red.

positive count to as many as 11 out of 30. We hope to drive falsepositives down in

the future, but remain mindful that false positives cause much less harm than do the

false negatives we already minimize.

Hard-to-Classify Patients

Each of our SOMs can fail to o�er su�cient guidance for the classi�cation of a partic-

ular patient. Thus, our system's performance in part depends on human judgement

calls.

Two elements of human decision are involved in SOM-based diagnosis: the drawing

of boundaries for diagnostic regions and the decision of howto handle outliers. In

leave-one-out testing, we interpreted patientm4's projection, as the labelq1, into the

upper-left corner of Fig. 5-27 to be unclear screening guidance. However, one can

argue that the presence of 3 MRs in the same center|a large percentage of the MR

population|should be su�cient to consider q1's region as MR. Similarly, patient

19's position in the middle-right region of Fig. 5-28 may be considered a clear MR

diagnosis, given proximity tom3and m12, a clear no MR diagnosis, given the shared

hexagon with25, or uncertain, considering the di�culty of judging between the prior

two possibilities based on coloring and location. Presuming patients m4and 19 are

73



Figure 5-28: Projection of patient10, as q1, onto PCA-based SOM trained without
it. q1 appears in the middle-right portion of the SOM, circled in blue.

in uncertain territory during leave-one-out testing, we still must provide each a label.

We favor the \pessimistic" choice, declaring MR when there is some doubt. This

approach produces the correct answers for one patient, but misclassi�es the other.

In a clinical setting, we would expect a physician to resolvethe uncertainty based

on further knowledge about the patient. The cardiologist enlisted to suggest classi�-

cations based on our acoustic recordings emphasized that screening for MR is more

nuanced than binary classi�cation through auscultation. Our presentation of a par-

tial classi�cation may make our system more suitable to the medical domain than are

traditional binary classi�ers, like thresholds and SVMs.

5.5 Physician-Based Classi�cation

We recruited Dr. Collin Stultz, a cardiologist, to listen to a subset of the recordings

used throughout this chapter to provide his assessment of each patient. We compare

the classi�cation provide by our system and by Dr. Stultz on these 13 patients with

MR and 10 patients without MR.

Our system performs equivalent to or slightly worse than Dr.Stultz. Depending

on the judgement of our human SOM-reader, SOM-based classi�cation mislabels 5 or
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6 patients, while Dr. Stultz mislabeled 4. Presuming the 5 error system, we have one

fewer false negatives than he does. He misclassi�es the one false negative in doubt

in our system, patientm4discussed above. Our system also misclassi�es Dr. Stultz's

2 false positive patients, in addition to making 2 further false positive assignments.

On the whole, our two SOM visualizations generally provide the bene�ts, and the

pitfalls, of a specialist's ear.

The abundance of comments Dr. Stultz provided, when originally requested only

to indicate \has MR" and \send for echo" for each patient, emphasizes the complexity

of medical decision making. Several times, Dr. Stultz commented that nobody should

be sent for an echocardiogram on the basis of their heart sounds alone. We intend the

degrees of diagnostic certainty permitted by SOMs to re
ectrealistically the modus

operandi of medical science.

Comparison between the classi�cation guidance from our system and from our

cardiologist collaborator strongly suggests our system will perform well in a hospital

screening. Our system makes only a few more errors than does the cardiologist,

allowing most doctors to sharpen their understanding of a patient's heart sounds.
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Chapter 6

Conclusions

Our assisted auscultation system provided signi�cant helpin identifying patients with

mitral regurgitation (MR) based on their heart sounds. Analysis of the system blocks

o�ered insights into the screening problem and suggested directions for further work.

6.1 Summary

Our system introduced and incorporated multiple tools thatcould be used in screen-

ing for MR. Physiological and PCA-based feature sets revealed distinct, clinically

meaningful patterns in our data set. Self-organizing maps (SOMs) enabled us to vi-

sualize this structure, while suggesting a classi�cation approach that may be useful

to medical practice. In leave-one-out testing, the author used this system to classify

patient with accuracy approaching that of a cardiologist.

This thesis introduced three novel feature sets: generic, physiological, and PCA-

based. Each separated patients with and without MR from one another, although

some sets were more e�ective than others. Physiological andPCA-based feature sets

each allowed us to identify correctly di�erent subsets of the MR patient population.

Physiological features drew the clearest boundary betweenour two classes of data.

We distinguished between patients predominantly based on the presence or lack of

signi�cant mid-systolic energy. Further features allowedus to detect additional pa-

tients with MR. Incorporation of prior medical knowledge proved to be more useful
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in interpreting prototypical systoles than was the application of purely statistical

techniques.

Principle component analysis (PCA) also made important contributions to our

screening task. Extracted principle components represented meaningful S2 and MR

murmur shapes. Features based on these shapes organized patients into diagnostic

regions in the SOM. However, MR patients spread out widely inthe PCA-based

feature space. As a result, removal of individual MR patients in leave-one-out testing

changed the appearance of the MR region from one SOM to the next. Nonetheless, the

separation between patients with and without MR remained and could be detected

using the analysis techniques explained in Section 5.1.

Self-organizing maps provided visual intuition about the distribution of our patient

population in each feature space, and the relation of new, undiagnosed patients to

this population. SOM-based understanding permits a user toassess the reliability of

our system for him/herself and provides guidance in screening for MR.

SOMs were useful in judging the utility of the physiologicaland PCA-based feature

sets. For each set, we evaluated the ease of �nding diagnostic regions on the map

based on grid coloring and label placement, and sought features that maximized the

number of patients captured in diagnostic regions. In another evluation technique,

we examined the protoypical systoles of patients grouped together in the SOM. When

the SOM places systolic shapes that are similar in appearance near each other, one

has greater con�dence in both the feature set and the clustering algorithm producing

the map.

SOM-based screening performed better than other classi�cation techniques we

used on the same data set. In PCA space, the sparse distribution of data points in

the \mostly MR" region led the radial basis kernel support vector machine (SVM) to

over�t outlier \no MR" patients. In contrast, the SOM allowe d the human operator

to recognize the outlier patients as exceptions.

SOM-based classi�cation produced di�erent false negativeclassi�cations for the

PCA-based and physiological feature sets. A doctor could attain a very small number

of total false negatives with our system by assigning the MR designation to any patient
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who fell in the \mostly MR" region of the SOM for at least one ofour 2 feature spaces.

By combining classi�cations from physiological and PCA-based features, a human

operator could use our system to classify patients with accuracy close to that of a

cardiologist listening to the same �les. Leave-one-out testing of our system produced

as many false negatives as our collaborating cardiologist does. Our classi�er also

made 4 false positive errors, 2 more than those made by the cardiologist. Because we

intended to aid primary care physicians, who have poorer auscultation skills than a

specialist, we were encouraged by the results of our comparitive study.

6.2 Future Work

Much work remains to optimize the assisted auscultation system and to improve its

utility. We must recruit medical practitioners to test our SOM visualizations for

intelligibility and to test the classi�cation performance of the SOM-doctor combina-

tion. We should explore improvements in systole visualization and feature extraction

blocks. We also should search for optimal SOM formation parameters for our data

set. Beyond our current data, we may test the system over broader populations and

explore screening for conditions besides MR.

A user test is the most important step to test the bene�ts of SOMs for doctors

lacking a technical background. Several medical practitioners, including cardiologists

and primary care physicians, should be enlisted to suggest classi�cations for our

patients based on acoustic recording, SOM displays, or both.

We should explore a wide range of settings for the number of SOM centers, to

observe its e�ect on classi�cation performance and on intelligibility. Preliminary

testing indicates a decrease in centers results in improvements in all aspects of the

system, but this remains to be thoroughly investigated.

Chapter 5 suggests our other system blocks also may bene�t from tuning. For

example, in the systole visualization block, we should seekto reduce the variability

in the formation of prototypical systole, revisiting the non-deterministic selection of

individual systoles to be incorporated into the prototypical.
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In addition to improving our performance on our current 46-patient data set, we

should explore how well our system scales to larger populations, handles recordings

from multiple positions on the body, or distinguishes between multiple heart condi-

tions. As we increase the size of our training set, we will have to modify the SOM

displays to keep them intelligible. Our current system lists all patients individually,

causing labels in some SOMs, such as Fig. 5-20, to 
ow past thebounds of the map

and some to appear misleadingly over hexagons with which they are not associated.

Increasing the number of centers may avoid over
ow, while revealing �ner structures

visible from a larger data set. Alternatively, for each center, we may list oneMRand

oneno MRlabel and pick the size of each label according to the number of �les of the

associated class falling into the center.
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