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Figure 1.1: The Physiology of COPD and CHF
1.3 The Significance of COPD and CHF

Chronic obstructive pulmonary disease (COPD) and congestive heart failure (CHF')
are global epidemics incurring significant morbidity and mortality. The combination of these
disease spectrums present many diagnostic challenges because clinical symptoms and signs
frequently overlap with presence of cough and shortness of breath. Therefore, diagnosing
these conditions require objective diagnostic tests and careful interpretation to avoid mis-
diagnosis and inappropriate treatment. In COPD, there is destruction of the alveolar walls
leading to hyperinflation of the alveoli and airflow obstruction due to air not moving in
and out causing cough and difficulty breathing. Whereas, in CHF, due to the failing heart,
fluid backs up to the alveoli causing cough and difficulty breathing, as seen in Figure 1.1. A
plethora of other upper and lower respiratory conditions can also produce cough and difficulty
breathing such as a common cold, sinusitis, bronchitis, laryngitis, whooping cough /pertussis,

and influenzas.



To some extent, based on cough and the type of sputum produced, physicians can
differentiate the condition. However, to make a clear diagnosis, objective diagnostic test is
warranted, such as, an echocardiogram for the diagnosis of CHF, and pulmonary function
test using spirometry for COPD, and X-rays in both cases in order to make the diagnosis
to determine damage to the lung parenchyma. Once diagnosed, these patients are pre-
scribed complex medication and advised to monitor symptoms carefully to seek medical
help promptly, which is often a challenge for these patients. Thus, we hypothesized that our
approach will offer solutions for patients to monitor symptoms at home and seek medical

help promptly to avoid hospitalization and worsening health outcomes.

The current systems in place do not allow patients to share their data on symptom
monitoring with their health care provider. The use of mobile technology is proposed to
develop an integrated system to overcome delay in seeking care for exacerbation of symptoms.
We subsequently propose to develop a dashboard with patient data that allows sharing with
their health care providers. This allows health care providers to make decision on the need for
early treatment, thus improving health and avoid costly hospitalization. Thus, our system
combines smart health ideas and machine learning to detect early symptoms of exacerbation
of COPD and CHF from symptoms and audio signaling of cough and breath sound, which

is discussed in this dissertation.



1.4 Contributions

This dissertation elaborates upon research using smart-phones and machine learn-
ing techniques to detect COPD and CHF via cough and breath sounds. Specifically, the

contributions of this dissertation as follows:

- Chapter 2 — We present related works and systems in the domain of using audio signals
(i.e., cough, breath, sniffling, swallowing, etc.) for detection of different chronic illnesses
(i.e., COPD, asthma, pneumonia, etc.). We also present mobile applications available

in the market, that are targeted towards COPD and CHF patients.

- Chapter 3 — We develop a Random Forests classification system capable to distin-
guishing between cough patterns associated with COPD and without COPD, which
we labelled as Controls. Using 23 COPD and 16 Control subjects, and Information

Gain to select our strongest audio features, this system achieves high accuracy.

- Chapter 4 — Tussis Watch, a two-level Random Forests classification scheme to identify
cough patterns as indicative of a Disease (COPD or CHF) or No Disease is presented.
Here, we use a cohort of 9 COPD, 9 CHF and 18 Control subjects, and our system

achieves good Sensitivity and Specificity at both classification levels.

- Chapter 5 — We investigate the effectiveness of a clinically diagnosed COPD patient
using their inhaler to combat their symptoms, via cough and wheezing sounds, using
a Support Vector Machine approach. This system was modelled using data collected

from 55 clinically diagnosed COPD patients, and produced accuracies close to 80%.



- Chapter 6 — We present the conclusion of our work, as well as our work’s limitations
and future systems (i.e. our mobile application) and algorithms we plan to explore and

develop.

1.5 Thesis Statement

Using smart-phone, digital signal processing and machine learning techniques, we are
able to detect early symptoms of Chronic Obstructive Pulmonary Disease and Congestive
Heart Failure via cough and breath sounds. In this dissertation, we elaborate upon the
algorithms we have developed and data we have extracted from these cough and breath
audio signals, and how our systems are essential to advancements made in health-care and

smart-health.



Chapter 2: Related Work

In this chapter, we elaborate upon existing research conducted in the domain of
using audio signals (i.e., cough, breath, sniffling, swallowing, etc.) for detection of different
diseases. These projects are different based on the types of audio features extracted, data
collection methods, amounts of subjects incorporated into study, technology used to collect
data, machine or deep learning algorithm used, type of disease classified, etc. There are
several categories in which we can divide these topics into to completely grasp the diversity.
These categories include basic cough and breath identification systems, finer grained cough
and breath systems to detect diseases (i.e., COPD, pneumonia, asthma, etc.), deep learning

for health-care and mobile health using mobile applications to detect or monitor diseases.

2.1 Systems Developed for Detection of Basic Cough

In [14], a smartphone application has been developed to detect respiratory events
like sneezing, coughing, sniffling and clearing the throat. Using a number of time and fre-
quency domain features, followed by a Support Vector Machine based algorithm, the authors
design a multi-level classifier (similar to our design in [7]) for classification. The accuracy
achieved is 82% for respiratory events, and 99.1% for non-respiratory events. Similar results

to classify only cough from other noises are presented in [15]. In related works, like [16],
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[17] and [18], the problem is to classify wet cough from dry cough. The sources of data were
external recording devices in [16] and [17], and a high fidelity data acquisition system in
[18]. Features extracted include 1st, 2nd and 3rd order formant frequencies, mel-cepstrum,
non-Gaussianity, bispectrum, pitch, zero crossing rates, peaks of cough spectrum envelopes,
and power ratios of frequency bands. Subsequently, using standard machine learning algo-
rithms, good classification accuracies are achieved in these works. Another work in [19],
specifically focuses on classifying cough in pediatric settings. Using specialized instruments
to record cough, features extracted include MFCC, formant frequency, ZCR, non-Gaussian
score and Shannon entropy. Then, using Neural Net models, Sensitivity, Specificity, and
Cohens Kappa, accuracies of 93%, 98%, and 0.65, respectively, were achieved during classifi-
cation. These projects were merely for the detection of cough, and not finer grained research
that we have done to differentiate between cough patterns associate with and without COPD

in [5].

2.2 Deep Learning for Cough Detection

More recently, and with advances in deep learning via neural networks, there are some
works that design convolutional neural network (CNN) based techniques in the domain of
cough detection. Work in this domain include [20], [21] and [22]. In these papers though, the
number of subjects recruited was relatively small (ranging from only 9 to 14), and accuracies
close to 95% were achieved. A key difference in our research was the methodology used

to collect data. Due to the University of South Florida’s IRB agreement, we were only
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allowed to recruit a select number of patients (36-55) with COPD that met our criteria
for recruitment (including age, gender, mental health conditions, approved for inhaler use
etc.). And, it required nearly nine months of recruitment per project. Many patients did
not consent to our study, and it is normal to do so. As such, in this dissertation, we do not
attempt deep learning (i.e., featureless) techniques, due to non-availability of truly big data.

But we are confident that our machine learning techniques in this dissertation are rigorous.

2.3 Finer Grained Systems for Detection of Diseases Using Cough

The work in [23]| attempts to differentiate pneumonia from asthma using a sample of
18 child subjects and cough data recorded from a low noise microphone. Using features like
MFCC, non- gaussianity score and Shannon entropy, the authors design Artificial Neural Net
classifiers to achieve a Sensitivity, Specificity and Kappa of 89%, 100%, and 0.89, respectively
in classification. In [24], the problem is to evaluate the airflow and sound characteristics of
a voluntary cough to classify lung diseases, wherein specialized instruments were designed
to record signals. Using a sample of around 100 subjects, and a relatively large number
of features (more than 100 of them), the authors design a Principal Component Analysis
model, wherein the classification accuracies were in the range of 94% and 97% for female
and male subjects, respectively. In another paper [25], the problem is to detect pertussis in
children. Classification was performed using publicly available audio sources from 38 children
patients to achieve an accuracy of 92%. In [26], work has been done to diagnose and screen

pulmonary disease via cough sounds, using a sample of 33 healthy subjects and 54 patients
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having COPD, asthma, and allergic rhinitis. The source of data was a stethoscope to collect
lung sounds data. Using 7 audio features (including kurtosis, variance, zero crossing rate,
and rate of decay), and a logistic regression algorithm, classification accuracy of 80% was

achieved.

In another project, researchers collected cough sounds from 38 subjects, 17 with
tuberculosis and 21 without, to develop an algorithm capable of detecting symptoms of
Tuberculosis [27]. Cough samples were recorded, voluntarily, from both infected and unin-
fected patients, using a Tascam DR-44WL hand-held audio recording device with a 44100Hz
sampling rate. The features processed were log spectral energies and MFCC (similar to
our system in these papers [5][6]|7]), and the classifier combines decision trees and logistic
regression methods. For this problem, the authors achieved an 82% accuracy, 95% sensitiv-
ity, 72% specificity, and an area under the curve (AUC) score of 0.95 [27]. Although these
project are finer grained, none of them attempt a two-level classification scheme using cough

to differentiate between COPD, CHF and no disease as we do in [6].

2.4 Finer Grained Systems for Detection of Diseases Using Breath

In [28] and [29], techniques are developed to analyze breath samples using gas chro-
matography and mass spectrometry to detect the presence of volatile organic compounds
(VOCs) that are indicative of COPD. Accuracies, in range of 70% to 90%, have been re-
ported in such studies using samples of around 80 to 120 subjects. Unfortunately, these

techniques are quite expensive and un-suitable for periodic or in-home use. Machine Learn-
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ing algorithms have been designed and implemented to analyze breathing techniques to
differentiate patients with lung cancer from healthy patients, and from a mixed group of
patients with other lung diseases (i.e., COPD, asthma, pneumonia, etc.) in works like [30].
Also, systems to detect various phases on breathing (without a specific disease context) have
been developed in works like [31]. Other related work in the space of breath detection is [32],
where algorithms are devised to measure lung function, including exacerbation, by processing
breath sounds via a spirometer connected to a smart-phone. Our project in [7] dives deeper
to evaluate breath sounds, specifically wheezing, before and after inhaler administration for
the severity level of the users COPD symptoms. To the best of our knowledge, this problem

is unique and has not been attempted in the literature.

2.5 Mobile Health Systems for Chronic Obstructive Pulmonary Disease

Mobile health for COPD is in its rudimentary form with emerging evidence. Partic-
ularly, researchers from Radboud University Medical Centre and Australian National Uni-
versity collaborated to develop an automated telephonic exacerbation assessment system
(TEXAS) [33], while another set of researchers developed “The EXAcerbation of Chronic
Pulmonary Disease Tool” (EXACT) [34][35], which are both tools used to quantify and mea-
sure exacerbations in COPD subjects. Additionally, the COPD Self-Management Activation
Research Trial (SMART action) [36], a support tool for self-management of physical activi-
ties, was developed for COPD patients unable to attend a pulmonary rehabilitation center.

This system consists of an education sector, which pairs users with a health coach, who
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schedules weekly follow ups with the user. Furthermore, there is Self-Management Program
of Activity, Coping and Education (SPACE) [37], developed to provide COPD education,
with the intention to change user behavior for an improved method of COPD management.
SPACE showed improvement in quality of life, endurance and mental health (i.e., depres-
sion). There are also several other COPD centered developments, such as M-COPD |38,
a cost-effective system allowing users to directly communicate with health care providers,
and COPD24 [39], a wearable body area network system which manages COPD symptoms
with respect to the user’s environmental conditions. However, none of these current systems
that are being tested are available in the mobile App stores for download. Once our system

[5]6][7] is fully developed, we will make it available for use on all platforms.

The previously described applications each only cater to one component of COPD
management and are not comprehensive with feedback for early symptoms. EXACT and
TEXAS only measure COPD exacerbation, while SMART’s sole purpose is physical activity
and SPACE specifically specializes in COPD education. Our systems, on the contrary,
will be effective in early identification of COPD symptoms and target preventing COPD
exacerbation. Our system will encourage deep breathing exercise to help loosen phlegm
(sputum) and track six-minute walk test (6MWT), which are medically approved self-care
techniques, and include COPD education. The system will offer reminders for medications
and post-discharge follow-ups with the user’s healthcare provider, which are essential for
proper maintenance of COPD. A built-in feedback feature, developed using machine learning

algorithms, will offer feedback and warn the user when it is imperative that they seek medical
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attention due to symptom exacerbation. Furthermore, our system also speaks to the needs
of the current technology landscape, by ensuring an important user requirement, which is
convenience. Individuals with COPD require a variety of assistance, and they need it swiftly
to avoid rehospitalization. It will provide that assistance as an all-inclusive package, sparing
users the time of having to download multiple applications, all of which performs only one
task each. This prevents users, specifically elderly users whom will majorly utilize (since
COPD occurs most frequently in the elderly population) from this development, from having
to search through an app store to find, download, update and maintain enough phone storage
to store several applications devices. We are certain that our multi-component systems

[5][6][7] is innovative and includes all key aspects of self-care needs for patients with COPD.
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Chapter 3: Detecting Symptoms of COPD via Cough !

3.1 Introduction and Contributions to Study

Chronic Obstructive Pulmonary Disease (COPD) symptoms often don’t appear until
significant lung damage has occurred. However, daily cough and mucus (sputum) production
at least three months to a year or two are reported by 90% of COPD sufferers [2]|. Patients
tend to find coughing the most embarrassing and disruptive of these symptoms. Coughing
can interfere with social events, like going to the movies, and it can prevent patients from
falling asleep at night. As annoying as coughing may be, it actually serves a useful function.
Deep coughing clears the mucus clogging the airways, allowing individuals to breathe more
easily [2]. The evaluation of chronic cough begins with a thorough history, including smoking
status, environmental exposures, and medication use. Once the healthcare provider diagnoses
that the coughing and trouble breathing are due to COPD, patients are told to quit smoking
and are started on medications to control symptoms. For patients with COPD, coughing is
due to mucus buildup. Therefore, patients are also taught to self-manage COPD symptoms
at home and taught a coughing technique, called huff cough, to bring up mucus without
wearing out. It is important however, for patients to understand their coughing patterns

to know if their symptoms are getting worse due to superimposed infection, or if their

IThis work has been accepted into the 11th International Conference on Health Informatics (HEALTHINF
2018) as a short paper. Permission is included in Appendix A.
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symptoms are more stable. The clinical criteria for assessment of COPD include a pulmonary
function test and listening to lung sounds with a stereoscope for wheezing, rales, and other
adventitious sounds by trained health care providers. But this is not possible to be done
in patient homes, which imposes a serious challenge to care, which this system aims to
overcome. In this chapter, we present the feasibility of leveraging cough samples recorded
using a smart-phone’s microphone, and processing the associated audio signals via machine

learning algorithms, to detect cough patterns indicative of COPD.

Between Fall 2016 and Spring 2017, we visited Tampa General Hospital in the Hills-
borough County area of Downtown Tampa, Florida, USA to collect cough samples from
patients diagnosed with COPD, and those without any history of COPD (Controls). The col-
lection process was executed using a smartphone recording application developed in Android.
While specific details are presented later, Table 4.1 summarizes the patient’s demographics.
Our experiments resulted in collecting 82 seconds of cough samples from 23 COPD patients
and 83 seconds of cough samples from 16 Controls. Then, we extracted several audio-related
features from the cough samples and used an Information Gain approach to select a subset of
15 features, which were used to develop a cough detection model. Our model is based on the
notion of Random Forests Classifiers, which are ideal for our problem, because they are one
of the most accurate learners available, produce high classification accuracy, and reduce the
likelihood of over-fitting [40]. Our performance evaluations, using a 10-Fold Cross Validation

technique, yielded an accuracy of 85.45% with very good Precision, Recall and F-Measure.
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Table 3.1: Subject’s Demographics Data

Amplitude (dB)

1 2 3 4
Length of Sample (sec)

Figure 3.1: Amplitude (dB) and Length (sec) of COPD and Controls Cough

L L L
5 6 7 8

Description COPD Controls
Age: Mean/SD 59.85 + 12.88 67.43 +14.32
Range 30-86 30-89
Gender: Male 14 10
Female 9 6
Martial Status: Married 15 7
Single, Divorced | 8 9
or Widowed
Race: White 13 13
African Ameri- | 8 1
can
Hispanic 2 2
Education Level: | Graduate  De- | 2 3
gree or above
Bachelor’s De- | 4 6
gree
Some College 5 3
High 8 4
School/GED
>High School 4 0
Smoking Status: | Smoker 6 1
Quit Years Ago | 9 1
Non-Smoker 8 14
; Chroni? Obs\ru;tive Pu‘lmonary‘Disease‘ (COPD)'Cough §ample s ‘Controlv SubjecSCough 'Sample‘

-06
0

L L L L L
2 3 4 5 6

Length of Sample (sec)
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3.2 Experimental Design

In this section, we describe in detail the procedures of our experiment using a cus-
tomized recording mobile application for data collection. The Institutional Review Board
(IRB) of the University of South Florida approved the experimental procedures. The authors

performed experimental procedures in accordance with the approved guidelines.

3.2.1 Data Collection

All cough samples, shown in Figure 3.1, were recorded using a custom voice recording
android application, called VoiceRecorder, developed by the authors. This application was
implemented on the Samsung Galaxy S5 smart-phone, which uses Android Operating System
5.1.1 Lollipop, used to record cough samples. This smart-phone devices also consists of a
microphone with a sampling rate of 44100Hz. We present the graphical user interface (GUI)

of this recording application in Figure 3.2. The recording applications works as follows:

1. When the application is opened, it immediately initiates a 30 second timer, and audio

recording begins.

2. The Stop button is used to stop the audio recording. Otherwise, the application will

automatically close and stop the audio recording upon reaching the 30 second limit.

3. Recording is saved in local device storage of smart-phone as 3GP file.
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&) VoiceRecorder

Recording....

Figure 3.2: GUI of Mobile Application Used to Collect Cough Samples
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3.2.2 Recording Cough Samples

Tampa General Hospital (TGH) in Downtown Tampa, FL was our primary source for
data collection. With the expertise of nursing staff, we identified many patients with COPD,
and many alternative subjects, of a similar age group, that did not have COPD and served
as Controls. All subjects that gave us their cough samples consented to do so. Individuals
with COPD and Controls were numbered traditionally, as we recorded their cough samples.
Prior to recording each cough sample, the nurse would turn on the app, and state a unique
identifying number for the patient, followed by stating whether or not the patient has COPD
(stated as “COPD” or “Controls”). Then, the subject was asked to cough into the microphone
of the Samsung Galaxy S5 smartphone for a maximum of 30 seconds. The duration of each
cough ranged from 2 seconds to 14 seconds. The number of subjects were 23 with COPD

and 16 without COPD. Table 4.1 presents demographics of the subjects.

3.3 Technical Approach

In this section, we discuss our approach to distinguish COPD from Controls cough,
using smart-phone recorded cough samples. In our approach, we first remove irrelevant noises
and pauses from each sample, tag each sample in the presence of medical professionals with
COPD expertise, extract and select limited features from cough audio, and then design our

algorithm for classification.

22



3.3.1 Remove Irrelevant Noise and Pauses

The first step is to remove irrelevant noise from each cough sample. Occasionally,
during data collection, there were additional sounds picked up while recording cough samples.
These sounds were derived from televisions, medical equipment, surrounding conversations,
and dialog between the nurses and patients. Such noises were considered distractions from
our main concern, which is the cough itself, and, therefore, were removed. Also, recall that
nurses began each recorded cough sample stating a patients number and cough association.
Once we created individual files, separating COPD and Controls cough samples, the nurses

recorded identification was no longer needed, so it was discarded.

Additionally, there were few instances of samples containing long pauses before, af-
ter and in between coughs. These occurrences, as well as previously mentioned ones, will
cause inconsistencies in samples that could later become a problem while extracting features.
Consequently, pauses were removed to ensure consistency. All noises, additional voices, and
pauses were removed from cough samples using a publicly available online audio cutting

application.

3.3.2 Data Tagging to Enable Learning

Once all noises were removed, we developed a one second windowing algorithm to
partition each cough sample into one second segments. That is, for a cough duration of
10 seconds, we extract 10 segments each of one second duration. Then, our collaborators

with COPD expertise listened to each second of each cough sample, to tag the segment
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| Chronic Obstructive Pulmonary Disease (COPD) Cough Sample . _Control Subject Cough Sample

Amplitude (dB)
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30 FEATURES FROM EACH WINDOW 30 FEATURES FROM EACH WINDOW

Figure 3.3: One Second Windowing Algorithm

as indicative of COPD or otherwise. As a result of this step, we obtained a total of 82

seconds of COPD cough, and 83 seconds of Controls cough, which enabled subsequent model

development.

3.3.3 Feature Extraction and Selection

The third step is feature extraction. We first chose 30 features to extract from each
cough sample. Since, we partitioned each cough sample to multiple one second segments,
these 30 features were computed for each one second segment for COPD and Controls cough.
For example, suppose a COPD cough sample lasted for 10 seconds. Then in total, 300
features are computed for this sample. The same is done for Controls coughs. This process
is depicted in Figure 3.3. After computing features for both cough classes, the accumulated
numerical data from features was appended to a .csv file where each feature and class name

(COPD or CONTROLS) was labeled to create a dataset, i.e., a collection of organized data.
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After extracting features, the next step is to intelligently reduce the number of features
to a select few that provides high discriminatory power among the two classes. We did this
because processing too many features can lead to over-fitting and increased overhead. To
do so, we employed an Information Gain feature selection approach [41]. In this approach,
the entropy (or randomness) of each feature is computed to determine the feasibility of that
feature for classification. More specifically, Information Gain of each feature is calculated as
the difference between entropy of all features combined and entropy of the individual feature.
A higher difference means more information contained in that feature for classification, and

hence is more useful. The Information Gain /G for a feature Fi calculated is as follows:

IG(Tr,F;) = H (Tr)— Y p(t)H(t), where (3.1)

tEFi

H(Tr) == > p(z)log,p(x) (3:2)

r € m

Here, T'r denotes the set of training samples containing all features extracted for all
cough segments, and F; denotes the i'* feature. The term ¢ denotes the number of unique
values for the feature Fj, and p(t) is the ratio of the number of cough segments for which
the corresponding Feature F; = t. Here, H(T'r) and H(t) are the entropy of the features in
training set T and the entropy of features in the subset ¢ respectively. The term p(z) is the
ratio of number of cough segments in one class = (i.e., COPD or CONTROLS) to the total
number of cough segments in training data set Tr and m is the total number of classes (in

this case = 2).
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