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Abstract

Cardiac irregularity detection commonly occurs from consultation with medical practitioners.
Given the prevalence of mobile devices capable of heart sound recording, this project imple-
ments and investigates digital signal process techniques, based on intrinsic characteristics of
heart sounds, for on-device heart analysis.

The project implements systems to complete S1/S2 (’Lub’/’Dub’) segmentation and heart
sound category classification utilizing the PASCAL Heart Sounds Challenge, as the testing
dataset. Mobile device heart recordings are completed by positioning the mobile’s micro-
phone against a suitable heart auscultation location. Successful completion of automated
heart analysis, based on these recordings, would provide earlier detection tooling for cardiac
irregularities, without the initial need for a medical practitioner.

For S1/S2 segmentation, the project utilizes Harmonic Percussive Source Separation, in com-
bination with Onset Detection and 12 Chroma features inputted into a Support Vector Ma-
chine (SVM), of 31.7 KB in size, to complete S1/S2 segmentation from mobile recorded heart
sounds. The proposed solution for S1/S2 segmentation performed with ~ 23% less Total Error
than the challenge winning SLAC Stanford solution, on the provided mobile dataset.

For heart sound classification, an individual classification solution is proposed for each testable
category. To classify heart murmurs, 6 parameters of summarised tonnetz based on the har-
monics of each test heart audio, are inputted into an SVM of 4.1 KB in size. To classify extra
heart sounds (double S1/S2), prior S1/S2 segmentation is utilised. To classify extrasystoles
(irregular extra heart sounds), a heart rate variability metric for root mean square of succes-
sive dilerbnces (RMSSD) between heartbeats is evaluated. To classify artifacts (non-heart)
sounds, autocorrelation and Durbin Watson statistics are utilised along with S1/S2 detection
within a minimum expected heatbeat range. The proposed heart sound classification within
the mobile test dataset achieved the highest F-Score for Heart Problem irregularities (Mur-
murs and Extra Heart Sounds) compared to prior winners, for other metrics within the dataset
the solution performed near par.

The dissertation also evaluates the limitations, challenges and testing criteria utilised, con-
tributing to a discussion of the viability for medical usage of mobile recorded heart sounds
and subsequent automated heart analysis of mobile recordings.
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Nomenclature

S1

S2

Heart Murmur

The rst heart sound 'lub’ of 'lub-dub’ occurring from
atrioventricular valve closure (15).

The second heart sound 'dub’ of 'lub-dub' occurring
from semilunar valve closure (15).

whooshing, roaring, rumbling, or turbulent uid
noises of the heart between either "lub" and "dub”
or "dub" and lub" (14).

Extra Heart Sound Regularly occurring extra heart sounds e.g. lub-lub

Extrasystoyle

Artifact

ECG

PCG

HPSS

SVM

Chroma

Tonnetz

XIxs
.wav

.aif/.ai

dub or a lub dub-dub (14).

Irregularly occurring extra heart sounds e.g. lub-lub
dub or a lub dub-dub (14).

Non-heart sounds within the challenge dataset (14).

Electrocardiogram - Tracing of the changes of elec-
trical potential during a heartbeat by an electrocar-
diograph (16).

Phonocardiogram - High delity graphic representa-
tion of heart sounds made by means of a microphone,
ampli er, and recording equipment (17).

Harmonic Percussive Source Separation (18).
Support Vector Machines: A supervised machine
learning algorithm used for classi cation of data with
N-dimensional points (19).

Tonal feature descriptor for the tonal content of a
musical audio signal in a condensed form (20).
Tonal centroid features of harmonic changes within
audio. Tonnetz produces 6-dimensional basis fea-
tures, two-dimensional coordinates (x-axis, y-axis) for
each; perfect fth, minor third, and major third (11).

Excel Open XML Spreadsheet File Format (21).
Waveform Audio le format for uncompressed lossless
audio produced by IBM and Microsoft (22).
Audio Interchange Format File Format for uncom-
pressed lossless audio produced by Apple (22).

Xi



1 Introduction

1.1 Motivation

Hearts have a 100% uptime requirement or fatality could occur. Hearts are a single point of
failure (based in one geographical location, with no load balancing). Hearts lack su cient
monitoring or alerting, to complete e cient emergency incident response. Based on these
characteristics, if the heart was a technical service, it would not be utilized in a production
environment with a strong likelihood of continued success. Thus it is no wonder why, based
on heart characteristics, 31% of deaths worldwide are due to cardiovascular diseases

[1].

In an ideal world, hearts would be depreciated and replaced with an engineered heart with
more optimal characteristics. However in lieu of drastic changes, this project aims to develop
low-resource cardiovascular analysis algorithms based on widely accessible mobile
microphone audio, enabling easier monitoring and alerting of hearts.

A low resource requirement is enforced due to access to hardware and privacy
considerations. >75% of Cardiovascular deaths occur in low- and middle-income countries,
thus it is bene cial for the algorithms in this project to be developed with low-resource
devices in mind suitable for both low- and middle-income countries.

The heart displays concerning privacy characteristics. Heart audio can display vulnerabilities
in an individual's health condition. Whilst living, humans are unable to opt-out of their heart
being audible. Heart audio is di cult to alter even with signi cant lifestyle changes,

meaning heart audio could be used as an additional method of permission-less identity

veri cation. Thus ideally, this medically sensitive data should be processed e ciently with
low-resource mobile devices.



1.2 Research Obijectives

The central objectives of this project are:

1.2.1 Develop low-resource Heart Sound Segmentation

In a normal healthy heart of adults, two fundamental sounds heard are S1 ("lub”) and S2
("dub™). S1 occurs from atrioventricular valves closure signifying the beginning of systole
(ventricles pumping blood) phase of the cardiac cycle. S2 occurs from semilunar valves
closure signifying the beginning of diastole (ventricles lling with blood) phase of the cardiac
cycle (15).

The low-resource heart sound segmentation algorithms will be developed with explainable
justi cation for the computational techniques used based on characteristics of heart
sounds.

Successful heart sound segmentation enables detection of the heartbeat, arrhythmia (rate or
rhythm issues with the heart) and easier classi cation of additional heart sounds in each
cardiac cycle e.g. "lub...dub.dub" or murmurs.

1.2.2 Develop low-resource Heart Sound Classi cation

Alongside the normal cardiac cycle sounds, additional heart sounds events can occur,
including murmur (turbulent sounds of blood), extra sounds of S1/S2 and arrhythmia.

Whilst detection of these events in a heart audio does not necessarily mean a serious health
issue, earlier detection can prompt a medical practitioner to appropriately investigate.

Given the of mobile phone recorded audio, classi cation of artifacts (non-heart) audio would
be bene cial to highlight if the heart audio recording is suitable.

The low-resource heart sound classi cation algorithms will also be developed with
explainable justi cation of the computational techniques used, based on explainable
properties of these events.



1.3 Technologies Used

1.3.1 Python

Python is an open source high-level general-purpose programming language (23). Access to
thousands of third-party modules through the Python Package Index (PyPl) and Python's
language accessibility makes Python popular language in academic research. Python is the
main language utilized in this project.

1.3.2 Librosa

Librosa is an open source Python package for music and audio analysis. Librosa provides
tooling to aid the creation of music information retrieval systems (24). In this project,
Librosa is utilized for core music information retrieval operations including; Harmonic
Percussive Source Separation and Onset Detection in S1/S2 ('Lub’/'Dub’) segmentation,
Tonnetz Feature Extraction for murmur classi cation and Autocorrelation for artifact

classi cation.

1.3.3 NumPy

NumPy is an open source Python package for scienti c computing. NumPy provides
multidimensional array objects with a variety of fast array operations (25). In this project,
NumPy is utilized for mathematical and reshaping array operations, during all feature
extractions.

1.3.4 SciPy

SciPy is an open source Python package for mathematics, science and engineering. SciPy is
built on top of NumPy, o ering additional functions for optimization, statistical, signal
processing (26). SciPy's Butterworth Bandpass lIter is utilized in this project.

1.3.5 Scikit-Learn

Scikit-learn is an open source Python package for advanced machine-learning algorithms.
Scikit-learn also provides model selection, classi cation reporting and model metrics, to aid
in appropriate machine-learning application (27). Scikit-learn is utilized in this project for
Support Vector Machines (SVM) for S1/S2 Classi cation and Murmur Classi cation.



1.3.6 statsmodels

statsmodel is an open-source Python package providing classes and functions for statistical
models, tests and data exploration (28). In this project, statsmodel is utilized for Durbin
Watson Statistic calculation for auto-correlation of artifact audio.

1.3.7 Pickle

Pickle is a standard Python package, allows for binary serializing and de-serializing of python
object structure (29). Pickle's usage is necessary in the project, to store pre-trained e cient
machine-learning models, for later predictions.

1.3.8 Jupyter Notebooks

Jupyter Notebooks is an open-source project to provide interactive data science and
scienti c computing (30). In this project, Jupyter Notebooks through a web browser, were
utilized for all Python project development.

1.3.9 Audacity

Audacity is open-source cross-platform application for audio editing and recording. Audacity
allows for various audio e ects applications (31). During project investigations, Audacity
was utilized for e cient e ect applications.

1.3.10 TinkerCad and Utilmaker Cura

TinkerCad is an easy-to-use online 3D design software (32). Utilmaker Cura is 3D printing
software with an open-source silencing engine for 3D prints (33). TinkerCad and Utilmaker
Cura were used in the design and printing of a 3D printed Stethoscope to Phone attachment
during investigations of this project.

1.3.11 Android Studio

Audio Studio is the o cial Integrated Development Environment (IDE) for Android
application development (34). During project investigations, Android studio was used for the
creation of an optimal heart audio recording application.



2 Background

2.1 Audible Heart Fundamentals

To analyse heart audio, knowledge of core audible heart sounds is necessary:

2.1.1 S1/S2 ('Lub'/'Dub’) Sounds

Figure 2.1: Healthy Heart in Diastole and Systole (1)

The cardiac cycle of a normal healthy heart consists of two phdsestole andsystole.

During diastole, the atrioventricular valves open, this allows for blood to enter the heart
from the pulmonary veins. As the systole phase begins, the atrioventricular valves close to
prevent blood further lling the ventricles of the heart. Thisioventricular valves

closure causes the 'lub’ sound, formally known as S1 (15).



With the systole phase continuing, the semilunar valves open, this enables blood to leave the
ventricles of the heart. When systole phase ends, these semilunar valves close. This
semilunar valves closure causes the 'dub’ sound, formally known as S2 (15). Then the
diastole phase begins and the cardiac cycle starts again.

S1 and S2 the fundamental audible heart sounds. There is additional sounds S3, referred to
as "ventricular gallop" due to ventricular lling and S4, referred to as "atrial gallop™” due to
atrial lling (15). These sounds usually indicate a stressed heart however are extremely
low-pitched (15) thus are hard to detect even in clinical settings, due to this S1 and S2
segmentation remain the sole focus of this dissertation.

The pattern of S1 and S2 can be described with the illustration (14):

2.1.2 Extra Heart Sounds

Extra heart sounds are identi able from the presence of regularly occurring repeated heart
sound of either S1 or S2 e.g. lub-lub dub or a lub dub-dub (14).

The pattern of extra heart sounds can be described with the illustration (14):

lub............ dubdub.................. lub............ dub.dub

2.1.3 Extrasystole

Extrasystole are extra beats or contractions of the heart. The di erence between extra heart
sounds and extrasystoles, is that extrasystoles are not regularly occurring extra heart sounds.
In certain cases extrasystoles can be caused by heart diseases, thus earlier dection can lead
to a more e ective treatment (14).

The pattern of extrasystole hearts can be described with the illustration (14):



2.1.4 Murmurs

Heart murmurs is the terminology to describe whooshing, roaring, rumbling, or turbulent
uid noise occurring between either S1 to S2 and S2 to S1 within the heart however not
during S1 or S2 (14). Based on the understanding of the heart this is justi able given S1
and S2 indicate the movement of valve closures, not immediate blood movements.

Figure 2.2: Phonocardiograms of normal and murmur hearts with blood pressure diagram (2)

Murmurs arise from two sources; valvular abnormality or abnormal blood ow pathway (15).
Valvular abnormality means di culty experience with complete valve closure within the
cardiac cycle. Abnormal blood blood can be congenital or acquired (15). Murmurs can be a
symptom of many heart irregularities which can be serious, thus earlier detection can lead to
a better outcome.



2.2 Audibility of Mobile Recorded Hearts

2.2.1 Heart Frequency Range

The most challenging aspect from the onset of this project is the issue of amplitude and low
frequency of heart sounds. Human hearing can detect sound vibrations from 16-18,000 Hz
(35) however the audible range is dependant on the sound intensity. Thus the frequency
range of heart sounds with are audible is approximately between 40-500 Hz (35), depending
on pressure intensity.

Figure 2.3: Threshold of Heart Sound Audibility (3)

The threshold of audibility of heart sounds explains why some medical practitioners use
palpitation (touching) rather than auscultation (listening) when diagnosing low-pitched
sounds such as S3 and S4 (36).

The threshold of heart sound audibility highlights the challenging nature of this project.
Heart sounds, even in clinical conditions, can be challenging to detect and diagnose, let
alone with environmental background noise, movement of the mobile device from the user
and the frequency response from all manufactured mobile microphones.



2.2.2 Frequency Response of Mobile Microphones

Figure 2.4: Mobile Microphone Frequency Response (4)

The frequency response of a microphone is the largest factor to determine the sound
signature of a microphone (37). A microphone can have a at or shaped response. A at
response means the microphone is equally sensitive across frequency ranges, whilst a shaped
response microphone is more sensitive to certain ranges of frequency (37), this can limit the
audibility of other frequency ranges.

The typical frequency response of mobile microphone, as expected, is shaped to favour high
frequency ranges (4) individuals talk in, whilst reducing the frequency response of lower
frequency ranges to prevent movements of the device being picked up by the microphone
during communication.

For the sake of this project, typically the frequency response of mobile microphones work
against the objectives of this project. A typical mobile microphone frequency response by
design tries to limit the audibility of the frequencies this project relies on to detect and
diagnose heart sounds.

The frequency response in combination with the threshold of audibility of heart sounds,
highlights the largest challenge with this project from the o set. Even with sophisticated
algorithmic approaches, at both hardware levels, human hearts and mobile devices, the
audibility frequency range is challenging. Thus limitations from the audibility from mobile
recorded hearts need to remain considered throughout any research in this topic area.



2.3 Classifying Heart Sounds Challenge

2.3.1 Introduction

Given the medical nature of this project, a source of truth dataset for training and testing
was certainly a requirement for this project to proceed, given the author of this dissertation
is a Computer Science Masters student.

The Classifying Heart Sounds Challenge (14), sponsored by PASCAL (high-tech and Al
focused magazine), was discovered, which provided access to labelled S1/S2 dataset for
normal heart sounds and labelled heart sound classi cations for multiple categories, for both
training and testing.

2.3.2 Background on Challenge

The challenge was publicized on 1st November 2011 with an extended deadline for
submission of results till 13th April 2012, with winners announced on 24th April with a
workshop at AISTATS (14). The timeline of the challenge is an important consideration as
it gives scope to the prominent technical techniques at that time. For example, certain
techniques utilised within this project's implementation only were publish relatively recently,
such as Harmonic Percussive Source Separation in 2010 (18).

The challenge dataset provided .wav and .aif/.ai le formatted audio for 832 audio
samples, across two di erent datasets (14).

2.3.3 Dataset A - Mobile: iStethoscope Pro iPhone App

Peter J Bentley created an iPhone application, iStethoscope Pro, which received widespread
media attention, which enabled the use of the iPhone microphone as a stethoscope,
providing real-time ampli ers and lters to improve the audibility of heart sounds (38).

Dataset A consisted of heart sounds acquired from the iStethoscope Application. This was
ideal for the scope of this project. The audio was 44100 Hz sampling rate and feature real
world data collection from mobile microphones.

Dataset A was split into 5 folders:

Normal, Murmur, Extra Heart Sound, Artifact (non-heart) Sounds and Unlabelled.
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2.3.4 Dataset B - DigiScope

Dataset B was acquired from usage of a digital stethoscope, DigiScope. This data was
acquired in clinical trials within hospitals and featured a lower sampling rate of 4000 Hz.
Dataset B's feature vary vastly from Dataset A's of high sampling rate but high noise mobile
devices.

Dataset B was split into 4 folders:

Normal, Murmur, Extrasystole, Unlabelled.

2.3.5 Challenge 1: Heart Sound Segmentation

For both datasets normal heart sounds, Challenge 1 required the expected location of S1/S2
(lub/’dub’) to be recorded within an .xIsx spreadsheet for evaluation. This location was
recorded in samples, which required sampling rate manipulation in implementation given the
di ering sampling rates (44100 Hz and 4000 Hz) of both datasets.

2.3.6 Challenge 2: Heart Sound Classi cation

Challenge 2 required heart sound classi cation of speci ed unlabelled dataset sounds, into
the correct corresponding category from the provided labelled training data. For Dataset A,
classifying into; ‘Normal', '"Murmur', 'Extra Heart Sound' and 'Artifact’. For Dataset B,
classifying into; ‘Normal', '"Murmur', 'Extrasystole’.

2.3.7 Evaluation Method

The challenge also provided two locked .xIsx le formatted spreadsheets, for which the
results of both challenges should be outputted. The .xlsx evaluation sheet provided
automatic evaluation of proposed answers locally. This was a highly bene cial resource as
allowed for locally testing without any internet connection, however the security of a locked
Xlsx for testing evaluation will be discussed in subsequent chapters.

2.3.8 Results and Previous Contestants

The challenge also had prior results (39) for project comparison from three well-regarded
nalist universities groups (ISEP/IPP Portugal, CS UCL and SLAC Stanford). It is worth
noting SLAC Stanford completed Challenge 1, however not Challenge 2. SLAC Stanford
however did produce the best result by a substantial margin, within the challenge's deadline,
for S1/S2 Heart Sound Segmentation in Dataset A.
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3 State of the Art

The State of the Art discusses previous attempted techniques to the Classifying Heart
Sounds Challenge (14).

3.1 S1/S2 ('Lub'/'Dub') Segmentation

SLAC Stanford's winning result paper for S1/S2 Segmentation was unfortunately not
available online anymore, due to this, the State of the Art discusses ISEP/IPP Portugal's
system to complete S1/S2 Segmentation.

3.1.1 S1/S2 Detection

ISEP/IPP Portugal's S1/S2 detection examines a normalized average Shannon energy curve
to identify peaks which the system would consider as S1/S2 detections.

The justi cation for usage of normalized average Shannon energy to identify peaks is
well-founded in academic research given that normalized average Shannon energy
"attenuates the e ect of low value noise and makes the low intensity sounds easier to be
found" (40). Making the properties of normalized average Shannon energy for peak
detection of S1/S2 heart sounds strongly justi able.

In preprocessing, a low pass Iter was applied whilst maintaining the frequency components
of S1/S2, then the signals were subsequently normalized to the absolute maximum length of
this signal (39). Shannon Envelope of the normalized signal was calculated, to allow for
Average Shannon Energy calculations in windows across the signal for use to calculate the
normalized average Shannon energy (39). As noted in their explanation this technique was
based on prior research utilising normalized average Shannon energy for heart segmentation
(40). Lastly, across the normalized average Shannon energy, local maxima peak detection
was utilised to nd potential S1/S2 locations.
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3.1.2 S1/S2 Classi cation

ISEP/IPP Portugal's S1/S2 Classi cation of the found S1/S2 locations was self-deemed
"unsatisfactory” (39) however the solution presented is logical. It is challenging to
implement their solution with successful results, as the domain is full of variability.

Assuming working S1/S2 detection, ISEP/IPP Portugal attempted to classify S1/S2 based
on the distance from S2 to S1 and the distance from S1 to S2. The reasoning behind this
decision was that for normal heart rates the distance from S2 to S1 was longer than the
distance from S1 to S2 (41).

Heart cycle detection was then attempted with the goal to classify the longer of the two
lengths corresponding to the diastolic period, with the peak on the right classi ed as S1 and
the peak on the left as S2. Unfortunately given the variability with the datasets, this
solution for S1/S2 classi cation wasn't as successful as hoped due to the variability in the
dataset. (39)

3.2 Classifying Heart Sounds

For this section, the State of the Art will discuss the ISEP/IPP Portugal's system, which
achieved the highest total precision and F-score using Multi-Layer Perceptrons. ISEP/IPP
Portugal's system utilised 6 features, 4 based on distances between S1 and S2 peaks and 2
subsequent features: Rmedian (a ratio of the largest segments in the sample over the total
mean) and R2 (a measure of linearity of the signal), these features were subsequently
trained on an Multi-layer Perceptron for classi cation (39).

Figure 3.1. Multi-Layer Perceptron lllustration (5)
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A Muli-layer Perceptron is suitable for use cases in which the inputted features are not
linearly separable from a singular perceptron (5), thus making it justi able, as an machine
learning algorithm choice, for aiding in classi cation of heart sound types without further
feature extraction, to make the data more linearly separable.

Multi-layer perceptrons form the core of neural networks. Inputs have a dot product
operation applied with the weight between the input and hidden layer, this dot product is
then used within an activation function at each layer, then passed to the next layer for the
same repeated process at each layer until the output layer is reached (5). There can be
multiple hidden layers within the Multi-layer perception. At the output layer either; a
decision is made (e.g. heart sound classi cation) or in training back-propagation would
occur to improve the Multi-layer perceptron. (5)

Whilst this solution clearly was performant for ISEP/IPP Portugal it is less justi ably
explainable for why heart classi cations occurred, especially in a small dataset. This project
believes the techniques used should be justi able based on the intrinsic properties of the
heart, especially given the limited dataset size of 832, there is strong potential for a 'black
box' approach to over t.

3.2.1 Note on a Proposed High Precision Solution

During investigation, a paper (42) was discovered which utilised multiple machine learning
approaches (include Naive Bayes, Support Vector Machines, Decision Trees, Ada-Boost,
Random Forest and Gradient Boosting) for comparison to the Classifying of Heart Sounds
within the PASCAL Classifying Heart Sounds Challenge. This paper was not part of the
evaluated solutions given the time of production.

This paper showcased remarkably high precision values in comparison to the State of the Art
however upon further investigation of the paper, it seems these precision values stated are
based on averaged precision values from K-fold cross validation, not the separate evaluation
on speci ed unlabelled test data.

"Each method above uses a K-fold cross validation of 4, which means that 25% of the
dataset is used for the validation testing and 75% of the dataset is used for training. All nal
precision and score results listed are an average of the K-fold cross validation" (42).

Based on the understanding the nal precision values were tested on a K-fold of the training
dataset, not the separate unlabelled test dataset with accompanying evaluation sheet, thus
this dissertation shall be not utilising the paper's results as a comparison for State of the
Art.
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4 Investigation

This section will outline the investigative steps taken near the o set of this project. This
investigation in uenced the key factors leading to the implementation of the project.

4.1 Data Acquisition - Primary

The intention of primary data acquisition was to assess the feasibility of mobile microphone
recorded heart audio under the project's own controlled circumstances and assess where data
acquisition alterations could be made to improve the input data, aiding the subsequent heart
analysis.

4.1.1 Mobile Recording

Originally the feasibility of the heart audio recording was assessed through pre-built
recording applications on a singular device. The recording output whilst under the same
conditions varied dramatically between recording applications. Upon further investigation,
two key factors were identi ed:

4.1.1.1 Application Setup

The rst key factor was the con guration of recording application. Recording applications
were trialed, when the environment remained constant (phone position with bottom of phone
in aortic region of heart, background audio quiet and user laying down and resting) showed
the recording applications produced varying quality of audio recordings. From research |
established the programming implementation of the tested applications must be varied.

Mobile phones can feature multiple microphones and the application can select a
microphone for the use-case (e.g. on android with Microphone Direction allows for selection
of the microphone on the side of the phone as the user). The recording quality is also
impacted by the selection of recording APl and the selected recording settings in use with
the API (e.g. on android AudioRecord (43) or MediaRecorder (44)).

MediaRecorder for instance, provides compressed audio and the recording methodology can
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be altered to account for di erent activities e.g. voice communication. MediaRecorder also
allows an unprocessed microphone selection. AudioRecorder provides raw uncompressed
audio from the microphone however isn't as convenient for developers, requiring managing
bu ers.

The di erences between the two API is strong reasoning for why audio recording di ers
across applications. Both the APIs have justi ed use-cases but the audio for this project is
low frequency and low magnitude. Low frequency and low amplitude audio is often lItered
through selected MediaRecorder API operations e.g. normal handheld voice communication.
The result of this discovery was to build my own android application, using AudioRecorder
raw microphone input with the microphone direction set to the side facing the user. This
provided the optimal application recording for this use-case, maintaining the low frequency
components the project relies on, to solely apply the desired digital signal processing
techniques.

4.1.1.2 Device Positioning

The second key factor impacting mobile recording quality was positioning. Positioning plays
a crucial role in quality of the recording for heart analysis. Positioning needs to be evaluated
from two areas, positioning of microphone on device and positioning of the device on the
user.

4.1.1.2.1 Hardware Microphone Positioning

Modern mobile devices often feature at least two microphones, however the quantity and
location of microphones can vary across the spectrum of devices. Primary data collection
was completed, on the basis a microphone, was present on the bottom of the mobile device,
near where a user would conventionally talk during phone calls. This microphone would also
feature a hole in the phone body leading to the microphone.

Figure 4.1: Example of array of microphone, in modern phones, in an iPhone 8 (6)
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This microphone hole enables a sealed medium to be formed when the microphone is placed
against skin, similar to a stethoscope. In case a phone doesn't follow this convention, an
external microphone would be able to be connected to the device instead. Not following the
convention of a bottom microphone would be unlikely for a mobile phone given the need
during calls.

During primary data collection, the microphone positioning was near ideal circumstances
with the microphone on the bottom side of the device, capable of being placed directly on
the user's skin, forming a sealed medium for audio to pass through.

As the primary data collection completed was successful and there were solutions for rare
cases of microphone positioning changing (using an external microphone), the project moved
focused on attempting to improve and analyze the signal acquired. Given the variety of
devices and limited access to devices to test, it was infeasible to trial the success of this
heart recording across a representative sample however this compatibility concern felt more
suitable for a business with breadth to pursue, instead of an academic dissertation which is in
pursuit of technical depth. In this case, to produce justi able heart analysis algorithms.

4.1.1.2.2 User Device Positioning

The area at which the device is placed can drastically change the quality of the recording,
from classi able to inaudible. To decide on appropriate locations to place the device, the
project relied on optimal stethoscope positioning acquired from established heart
auscultation practices. During primary data collection, Erb's point was most commonly used
for comparison of the collection, as from a singular point, Erb's point, is optimal to hear
both S1 ("Lub") and S2 ("Dub") and heart sounds have the highest intensity (45).

Figure 4.2: Heart Auscultation Optimal Positions (7)
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In comparison to stethoscopes, mobile microphones have a smaller area of sealed medium
between the skin and the device. This means the user needs to be more precise with the
device positioning to acquire an adequate signal. Unlike a stethoscope, the orientation of the
device also plays an important role, as microphones are often o -center on a side of a
device, with a much smaller area than either side (bell or diaphragm) of a stethoscope. The
device orientation must be altered to have the microphone hole in the central location the
stethoscope would ordinarily be, to produce the optimal signal.

4.1.2 3D-Printed Stethoscope-to-Mobile Attachment

Traditional stethoscopes have a bell and diaphragm side, the bell (smaller diameter side) is
utilised to hear low pitched sounds via low pressure of placement on the heart (15).

Figure 4.3: Stethoscope used during project investigations

As part of primary data collection enhancement, a 3D Printed Stethoscope to Mobile
attachment was produced. The usage of the attachment was to bene t from the existing
stethoscope design whilst making it convenient to record the audio le on mobile device
without the need for a digital stethoscope.

Figure 4.4: 3D Printing Self-Made Attachment to connect Stethoscope to Mobile
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Despite numerous iterations on the design of this attachment along with additional sealing
to aid formation of vacuum, the audio produced was found to be less audible than directly
placing the device in Erb's point on the heart. Overall this discovery was of bene t for the
use-case. Suitable audible quality could be achieved only with a device with a microphone
placed against an adequate location near the heart. Further improvements could be made
from di erent materials from Polylactic acid (PLA) and alternations to design however the
convenience not requiring a 3D printed part and stethoscope whilst still attaining an
adequate signal means a phone for recording alone is suitable for the project.

4.1.3 Key Findings from Primary Data Collection

4.1.3.1 Blood Pressure Impact

The rst key nding impacting heart mobile recording was blood pressure. As would be
expected the higher the blood pressure correlates to an increase in the audibility of the heart
sounds whilst particularly low blood pressure samples could be less audible without

ampli cation.

(a) Afternoon (b) Night

Figure 4.5: Audio Recordings Variablity with Day

These characteristics can be seen from primary testing. Heart sounds were recorded in the
afternoon with a higher blood pressure and also in night with a lower blood pressure. The
timing correlates to our bodies natural change in blood pressure throughout the course of the
day (46). This nding of blood pressure impacting audibility also discussed in the literature
for cases of hypertensive (medically classi ed high blood pressure) patients (47).

(a) Afternoon (b) Night

Figure 4.6: Blood Pressure Readings
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For the design of sound based heart analysis algorithms, the impact of blood pressure on
sound, highlights the need for algorithms that account for variability in heart sounds even in
the same heart. Characteristics such as blood pressure, lead the project to focus on
developing algorithms based on aggregated patterns across a signal to handle the variability.
The audible impact of variation in blood pressure highlights the challenges faced building
solutions to analyze biologically varied systems.

4.1.3.2 Stethoscope Pressure Impact

From researching heart auscultation, the project discovered the importance of applying low
pressure to the surface being listened to detect low pitched sounds (15). Low pressure allows
for low pitched noises to maintain enough amplitude for audibility. This has signi cant
considerations for users utilizing their phones for heart recording, as given the size of the
device compared to a stethoscope, users could be more include to press the phone rmly
against the area being recorded. This poses a further challenge to the suitability of mobile
recorded heart sounds for analysis.

4.2 Data Acquisition - Secondary

Before deciding on proceeding with Classifying Heart Sounds Challenge, as the core dataset
for training and testing evaluation of heart sounds. The project explored the use of two
other datasets, which both lead to key ndings prompting further action.

4.2.1 Michigan University Heart Sounds and Murmurs dataset

Michigan University Heart Sounds and Murmurs dataset is only 23 heart recordings provided
for educational purposes (48). The delity of the recordings provides a much greater
understanding of each classi cation of murmur and see the importance of positioning when
completing heart auscultation.

4.2.2 PhysioNet/Computing in Cardiology Challenge 2016 Database

The PhysioNet database provided the largest quantity of heart sound recordings featuring
2,435 separate recordings, collected from 1,297 mixed of both subjects with a variety of
cardiac conditions and no conditions (49). Crucially parts of the dataset included
electrocardiograms (ECGs) recorded simultaneously with phonocardiograms (PCG). Despite
the dataset having large variety, the challenge itself was to classfy abnormal/normal hearts
and classify the audio as noisy/clean, This dataset thus had the quantity but arguably not
the granularity designed in a system to develop algorithms to complete heart analysis.
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4.2.3 Key Findings from Secondary Data Collection

4.2.3.1 Harmonic Percussive Relationship

From sampling audio between from the Classifying Heart Sounds Challenge and the Michigan
University Heart Sounds and Murmurs dataset, it became abundantly clear the importance

of the relationship between harmonic and percussive components in heart sounds. Percussive
components gave a clear indicator to each beat of the heart S1 and S2, whilst the harmonic
components seemed vital in describing the majority of heart murmurs you would want to
detect. This justi cation makes sense given S1 and S2 are closures of valves which is by
nature a percussive action and turbulent blood ow is a harmonic action.

4.2.3.2 Background Noise

The level of background noise present in some of the sample data, made distinguishing the
characteristics of the heart seem increasingly challenging. Enhancing the provided audio
through additional preprocessing during implementation would be necessary to make
accurate analysis of the heart audio. Particularly for iStethoscope data, the amplifying
techniques within the application aided audibility of the heart sounds however also the
background noise.

4.2.3.3 Relationship between ECG and Heart Sounds

Despite not selecting as a main dataset, the PhysioNet dataset (49) providing simulatenous
recordings of ECG and sounds of the heart, allows for the relationship between ECG and
PCG to be explored. Whilst researching the application of this dataset, was informed of the
abundance of ECG algorithms to diagnosis hearts. | furthered investigated this relationship,
to see could producing "Synethic ECGs" from audio, to utilize the existing ECG algorithms
be a viable solution this project.
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4.3 Synthetic ECGs: Audio to ECG

Electrocardiogram (ECGs) are the tracing of the changes of electrical potential during a
heartbeat by an electrocardiograph (16). The bene ts of an ECG include the ability to
analyze the heart from various directions depending on location of the electrodes, this allows
for precise diagnosis of electrical impulse faults within the heart, which in turn could produce
audible faults. There is many decades of research completed in the ECG domain to analyse
hearts so producing an accurate 'Synthetic ECG' would be worthwhile, if possible.

Figure 4.7: Cardiac Cycle - Pressure, ECG and Heart Sound Relationship (8)

Within a normal healthy heart, a time-series relationship is visible between certain electrical
potential changes of the heart and the subsequent heart sounds. However upon further
research, 'Synthetic ECGs' were not continued, for a variety of reasons:

4.3.1 Positioning

ECG output is based on the positioning of electrodes, di erent positioning of electrodes
impacts the ECG produced. This is a huge bene t of an ECG, as with a 12-lead ECG you
are capable of analysing the electrical changes of a heart from a variety of sides (50). To
infer a Synthetic ECG' from audio would require inferring the polarization for all di erent
positions of an ECG or limit the positioning to one. This would be far too much inferring of
data without strong justi cation to be able to translate between audio and ECG.
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