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Abstract

Chronic Obstructive Pulmonary Disease (COPD) is a pressing global health issue that
demands precise and prompt diagnostic methods. This thesis marks a significant
advancement in the field, as it explores the utilisation of artificial intelligence (Al) and
advanced signal processing techniques to enhance the diagnostic potential of
pulmonary auscultation audio for automatic COPD identification and severity
assessment.

The research comprises three main parts: 1) developing algorithms for compression
and reconstruction of auscultation signals whilst the diagnostic integrity is preserved,
2) detecting COPD from healthy individuals and other respiratory conditions using
processed audio signals, and 3) creating an Al model to accurately classify distinct
COPD severities based on auscultatory features from a diverse dataset.

A novel compression algorithm was developed, reducing audio file sizes by up to 97%
whilst enabling high-fidelity reconstruction without compromising diagnostic
information content. Using Random Forest Ensemble, a machine learning model
achieved 70-80% accuracy in distinguishing COPD from non-COPD cases using the
compressed framework.

Furthermore, an Al classification system using Support Vector classifiers
demonstrated 75% accuracy in the identification of COPD severity using projection
methods and machine learning algorithms, a significant improvement over a non-
projection approach. Projection methods, which transform data by learning from a
breathing dataset to apply to the COPD severity dataset, were crucial in reducing noise
and preserving diagnostic information in a form of transfer learning.

The study utilised two datasets, one comprising 124 subjects and another with 42
individuals, providing a diverse range of auscultatory data for analysis. The findings
validate the hypotheses that advanced signal processing can mitigate noise impacts
whilst Al models trained on diverse data can discern auscultatory patterns indicative
of COPD presence and severity.

This research contributes to the field by developing a compression framework for
pulmonary audio, an Al model for COPD identification and severity assessment, and
insights into the strategic handling of heart sounds in compressed sensing and

reconstruction. The automatic identification of COPD severity has significant



implications for personalised care, enabling tailored treatment plans and more
effective management of the condition.

Moreover, the potential for utilisation in remote and community care settings brings
advanced medical knowledge closer to patients. This approach could significantly
reduce diagnostic delays and improve early intervention strategies, particularly in
areas with limited access to specialist care.

The promising findings underscore the need for larger, more diverse datasets to aid
advanced feature engineering techniques in accurately capturing COPD severity
nuances. The integration of Al into clinical practice represents a significant
development with the potential to enhance diagnostic accuracy, remote care, and

personalised patient care.
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Preface

Embarking on this PhD journey has underscored the importance of resilience and adaptability
in academic pursuits. My professional background in Management within Retail and
Hospitality provided a robust foundation in organisational dynamics and leadership.
Concurrently, participating in ultramarathons fostered a strong sense of perseverance and the
capacity to tackle long-term objectives. In 2015, | experienced a significant change in my
vision, leading to the loss of the majority of my sight. This transition necessitated a shift in my
career path as regaining employment became challenging. In response, | redirected my focus
towards education, initiating this transformative journey. | began with a Diploma in Computing,
exploring a new field and building essential technical skills. This was followed by university
studies, where | deepened my knowledge and then pursued a PhD concentrating on signal
analysis and Chronic Obstructive Pulmonary Disease (COPD). Transitioning from a visual to
an audio-learning paradigm required the development of new academic strategies and
methodologies, which | successfully adopted. The shift from management to academia was
substantial, yet my management experience contributed significantly to my organisational and
strategic planning abilities. The consistency and perseverance developed through managing
teams and completing ultramarathons were instrumental in navigating the demands of
doctoral research. Throughout this process, | encountered various challenges that contributed
to my personal growth and the depth of this work. This thesis represents my academic
achievements and the integration of diverse skills and experiences. The unique perspective
gained from overcoming additional adversity challenges has informed my approach and
insights, enriching the research presented herein. | invite readers to engage with this work,

recognising the academic contributions and the diligent effort that underpins its creation.
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1. Introduction

Chronic Obstructive Pulmonary Disease (COPD) has become an increasingly significant
global health burden in recent decades (Adeloye et al., 2015). According to data from the
World Health Organization (2021), COPD is a major leading cause of death worldwide,
accounting for over 3 million deaths annually. In the United Kingdom specifically, an estimated
1.2 million people are living with diagnosed COPD, with millions more undiagnosed (British
Lung Foundation, 2022), and it is the third leading cause of mortality in the UK (Asthma + Lung
UK, 2024). This represents a substantial increase from previous estimates and underscores

the growing impact of this disease on public health and healthcare systems.

Individuals grappling with COPD encounter sudden exacerbations, commonly known as Acute
Exacerbation, necessitating hospitalisation and increasing the likelihood of subsequent re-
hospitalisation within 30 days following the initial discharge (Alpaydin et al., 2021) (Min et al.,
2019). In the United Kingdom, independent of additional global instances, the British Lung
Foundation (2021) has recorded an annual financial burden of COPD amounting to £1.9 billion
placed upon the National Health Service (NHS). Consequently, the imperative revolves around
implementing preventative, early detection, and management strategies concerning COPD
pathologies within healthcare services, as emphasised by the scholarly discourse presented
by Perna and Tagarelli (2019). Therefore, the escalating prevalence of COPD within the
population and the need for re-hospitalisation heralds rising financial implications for the NHS.

The mode of healthcare provision for individuals afflicted with COPD predominantly revolves
around outpatient services, primarily within the domain of primary care facilities and extending
to secondary care and community-based settings. The care management signifies that the
focal point of COPD management, encompassing diagnosis, monitoring, and therapeutic
interventions, is situated in the outpatient sphere, with primary care establishments serving as
the primary locus for initial assessment, with routine follow-ups and coordination of
comprehensive care plans within secondary and community-based care. Furthermore, the
continuum of care extends to secondary care facilities for complex cases or situations
requiring specialised interventions (NHS, 2024 ), which are all part of the RightCare for COPD
framework. In these settings, healthcare professionals can provide more intricate and
specialised medical attention to address the diverse facets of COPD pathology. This prevalent
care paradigm underscores the crucial role played by primary and secondary care services in
collectively orchestrating a comprehensive and patient-centric approach to COPD healthcare
delivery within the NHS.

In secondary care, the utilisation of a stethoscope constitutes an integral component of the

prognosis arsenal employed by healthcare practitioners (NHS, 2023). This auscultatory
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instrument is valuable for discerning subtle respiratory nuances, and auscultatory findings are
crucial in the comprehensive assessment of patients with COPD. Healthcare professionals in
respiratory medicine employ the stethoscope as a primary means to elucidate abnormal breath
sounds, evaluate airflow quality, and detect distinctive respiratory patterns indicative of COPD
or potential comorbidities. The auscultatory examination, conducted with precision and clinical
acumen, contributes significantly to the diagnostic accuracy and nuanced understanding of
the respiratory manifestations characterising COPD within the secondary care setting (NHS,
2023). This practice aligns with established clinical guidelines and attests to the indispensable
role of hands-on clinical auscultation in the refined medical evaluation of COPD patients within

the more specialised realm of secondary healthcare provision.

From a patient's perspective, COPD exerts a profound impact on patients' lives, extending far
beyond the physical symptoms of breathlessness and coughing. From the patients'
perspective, COPD significantly impairs their quality of life, affecting physical, psychological,
and social functioning (Buttery et al., 2021). Patients often report experiencing severe fatigue,
which they identify as a key factor in diminishing their overall well-being, limiting their daily
activities (Goértz et al., 2018) and reducing their quality of life. Moreover, the burden of COPD
is not solely confined to the lungs; multimorbidity is common among COPD patients, further

exacerbating their health-related challenges and overall quality of life (Buttery et al., 2021).

The psychological impact of COPD on patients is particularly noteworthy. Many individuals
with COPD experience anxiety, which can be difficult to differentiate from the physical
symptoms of the disease itself (Christiansen et al., 2018). This anxiety, coupled with the
experience of prolonged mechanical ventilation in severe cases, can have a profound effect
on patients' sense of self and mental well-being (Forbes, 2007). Furthermore, patients
emphasise the need for effective treatment strategies, including self-management and remote
support, to address the multifaceted challenges posed by COPD (Buttery et al., 2021). These
findings underscore the importance of a holistic approach to COPD management that
addresses not only the physical symptoms but also the psychological and social dimensions
of the disease from the patient's perspective. Therefore, providing accurate and timely
information to the patient regarding their COPD can support their self-management and

reduce the impact on their lives.

Traditional diagnostic tools like the stethoscope and spirometer remain invaluable in the
assessment and monitoring of the lungs and respiratory conditions such as COPD; the
complexity and variability of such diseases necessitate more sophisticated approaches. The
limitations of conventional non-invasive methods, particularly in detecting subtle pathological
changes, underscore the need for advanced technologies. This is where advanced signal
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processing and artificial intelligence come into play, offering enhanced diagnostic and
monitoring capabilities. These technologies complement existing methods and provide new

insights and efficiencies in patient care.

Advanced signal processing is a specialised branch of electrical engineering that focuses on
the analysis, modification, and synthesis of signals, such as sound, images, and scientific
measurements. It employs various techniques to optimise signal transmission, enhance digital
storage efficiency, correct distorted signals, and detect components of interest within a

measured signal (Najmi and Moon, 2020).

In healthcare, advanced signal processing has a crucial role in the enhancement of diagnostic
capabilities of modern medical imaging techniques, including functional Magnetic Resonance
Imaging (fMRI) and Optical Coherence Tomography (OCT). In fMRI, advanced signal
processing methods are essential for addressing the challenges of inherently noisy signals,
thereby facilitating accurate brain activity and connectivity mapping. This is vital for
understanding normal brain function and diagnosing neurological disorders (Qureshi et al.,
2017). Similarly, in OCT, widely used for high-resolution images of biological tissues, advanced
signal processing techniques are integral to improving image quality and enabling precise
tissue characterisation. These advancements aid in detecting conditions such as retinal

diseases (Alexopoulos et al., 2022).

Al can be broadly defined as the field of computer science dedicated to the creation of systems
capable of performing tasks that typically require human intelligence. At its core, Al seeks to
pragmatically develop rationalisation programs that simulate human cognitive processes, such
as reasoning, learning, problem-solving, and decision-making (Russell and Norvig, 2016).
This definition encompasses various methodologies and approaches, which can be

categorised into two primary groups: rational agents and machine learning.

Rational agents are systems designed to operate autonomously by applying conditional logic
to achieve specific goals. These agents perceive their environment, reason about potential
actions, and execute decisions based on predefined rules or heuristics. Such systems are
often employed in applications requiring deterministic decision-making, such as automated

planning or rule-based expert systems (Poole and Mackworth, 2017).

Machine learning, on the other hand, represents a paradigm shift in Al by enabling systems to
learn from data rather than relying solely on explicitly programmed instructions. This group
includes data mining algorithms, deep learning architectures, and large language models
(LLM). Machine learning algorithms leverage statistical techniques to identify patterns within
datasets and iteratively improve their performance over time. Deep learning, a subset of

machine learning inspired by neural networks, has demonstrated remarkable success in
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areas, such as image recognition, natural language processing, and speech synthesis
(Goodfellow et al. 2016). LLMs, such as Chat GPT-3, represent a more recent advancement
in Al by employing vast datasets and sophisticated architectures to generate human-like text

and perform complex reasoning tasks (Brown et al. 2020).

By combining these approaches, Al continues to evolve as a transformative technology with
applications across diverse domains, including healthcare, finance, transportation, and
education. The ability of Al systems to simulate aspects of human intelligence enhances

efficiency and opens new avenues for innovation and problem-solving.

The integration of Artificial Intelligence (Al) into healthcare systems further exemplifies the
transformative potential of advanced technologies. Al encompasses a range of
methodologies, including rational agents and machine intelligence, designed to emulate
human cognitive functions. Machine intelligence is divided into two main areas: data mining
and deep learning. Data mining involves the extraction of valuable insights from large
datasets, while deep learning utilises neural networks to model complex patterns, significantly

advancing fields like image and speech recognition.

Within the NHS, Al is being leveraged to enhance healthcare delivery and patient outcomes.
For example, Al-driven systems are utilised in breast cancer screening, assisting radiologists
in detecting malignancies with greater accuracy and efficiency, thereby improving early
diagnosis and treatment outcomes. Additionally, an Al-powered electronic stethoscope is
being trialled in London for cardiac monitoring, offering real-time analysis of heart sounds to
aid in the early detection of cardiac abnormalities (NIHR, 2024). These innovations underscore
the profound impact of Al on healthcare, offering promising avenues for improving diagnostic

precision and operational efficiency within the NHS.

1.1. Rationales

The rationale for conducting this study is rooted in the urgent need to address the growth in
the number of individuals developing COPD, which causes reduced quality of life, and aids in
the reduction of demand on healthcare systems. COPD, encompassing conditions such as
emphysema and chronic bronchitis, is characterised by persistent airflow limitation and a
complex interplay of inflammatory responses (Vestbo et al., 2013). This disease significantly
diminishes the quality of life for millions, leading to frequent hospitalisations and substantial
healthcare costs. The traditional diagnostic approaches, while valuable, often need to capture
the full spectrum of COPD's pathophysiological intricacies and its extrapulmonary effects,

which are crucial determinants of disease severity.
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Another rationale for research in this area seeks to transcend conventional diagnostic
paradigms with the integration of advanced signal processing and Al into the assessment of
COPD. By automatically analysing auscultation audio, the aim is to differentiate COPD from
other respiratory conditions and classify its severity. This approach promises to enhance
diagnostic accuracy and efficiency, moving beyond more invasive techniques like CT imaging

(Becirovic et al., 2021) to utilise the less invasive electronic stethoscope audio recordings.

The integration of Al in this context is particularly significant. Al algorithms can automatically
detect COPD and assess its severity, facilitating more personalised care and treatment plans.
This capability is crucial given the increasing prevalence of COPD and the ageing population
in the UK, which is outpacing the growth of the medical workforce. The scalability of Al-driven
solutions offers a sustainable approach to managing this growing demand, enabling remote
monitoring and care that can alleviate the pressure on healthcare services and work in
conjunction with medical professionals' workflows, for example, in risk stratification or

alongside in parallel as a second diagnosis tool.

The analysis of COPD through auscultation audio presents a multifaceted set of challenges,
underscoring the intricacies of extracting clinically meaningful information from respiratory
sounds. Firstly, the issue of noise and interference looms large, with environmental noise in
clinical settings or during recordings posing a substantial barrier to accurate analysis (Sullivan
et al., 2018). Additionally, interference from extraneous sounds such as heart, gastrointestinal,
or ambient sounds introduces complexity, necessitating meticulous efforts to isolate relevant

respiratory signals (Bohadana et al., 2014).

A significant challenge stems from the variability in auscultation techniques. The subjective
nature of auscultation results in differences between observers, where different healthcare
professionals may use varied methods and interpretations. Standardising techniques ensures
reliable analysis (Becirovic¢ et al., 2021). Additionally, variations in how the same individual
performs and interprets auscultation over time add complexity, highlighting the importance of
considering consistency in the analytical process (Pramono et al., 2017). Electronic
stethoscopes can help mitigate this subjectivity by allowing for the recording and playback of
pulmonary audio, enabling healthcare professionals to review and analyse lung sounds more
thoroughly. This capability facilitates more consistent and objective assessments, enhancing
standardisation and accuracy. Addressing these challenges is crucial, especially given the
inherent heterogeneity of COPD, which includes diverse conditions such as emphysema and

chronic bronchitis, further complicating the development of a universal diagnostic model.

The coexistence of comorbidities further complicates matters, challenging the ability to
attribute specific auscultatory findings solely to COPD. A lack of standardised databases
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featuring annotated data emerges as a pivotal challenge in developing artificial intelligence
(Al) learning algorithms for COPD diagnosis via auscultation. The limited availability of such
datasets hampers the development and validation of diagnostic models, requiring concerted
efforts to address this gap.

The rationale for research in this area is underscored by the innovative application of
advanced signal processing and Al to revolutionise the diagnosis and management of COPD.
By leveraging Al to detect COPD and assess its severity through auscultation audio
automatically, this research enhances the precision and reliability of diagnostic and monitoring
practices. Such advancements are poised to substantially contribute to the understanding and
treatment of COPD, ultimately improving patient outcomes and optimising healthcare delivery.
The integration of remote care and monitoring capabilities allows for early and timely
diagnosis, which can significantly impact patient well-being by facilitating prompt treatment
and potentially slowing disease progression. Furthermore, the scalability of Al-driven detection
and severity assessment aligns with the increasing demand for healthcare services, paving

the way for more personalised and effective care strategies.

1.2. Hypotheses

COPD poses a significant global health burden, necessitating accurate and timely diagnostic
approaches for effective management. While auscultation audio offers a promising avenue for
non-invasive COPD assessment, extracting meaningful information from respiratory sounds
presents several challenges. These include environmental noise, variability in auscultation
techniques, the heterogeneous nature of COPD, subjectivity in interpretation, and the dynamic
characteristics of respiratory sounds. Addressing these challenges is pivotal for advancing the
field and leveraging auscultation audio as a diagnostic tool for COPD. The fundamental

hypothesis of this PhD research is that:

“By observing lung sound signals, advanced signal processing and artificial
intelligence can be employed to detect COPD. Furthermore, these
observations can effectively distinguish COPD from other respiratory
conditions with satisfactory accuracy, and advanced signal analysis and Al

can also be utilised to assess the severity of COPD conditions.”

In pursuit of the hypothesis, this study aims to explore innovative approaches in signal

processing and machine learning. Specifically, the aims include:

1. Advanced signal processing techniques can effectively process pulmonary

auscultation audio while preserving diagnostically relevant information.
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2. Machine learning models trained on processed audio features will demonstrate high
performance in distinguishing COPD from other respiratory conditions.

3. Machine learning models will accurately classify the severity of the COPD disease.

1.3. Thesis Outline

This thesis comprehensively explores COPD through auscultation audio signals for the
identification of COPD from other conditions including COPD Severities. Commencing with an
in-depth examination of COPD in Chapter Two, the causes, diagnosis, assessments,
treatments, acute exacerbations, comorbidities, and the impact of pollution are meticulously
dissected. The chapter serves as a foundational platform for subsequent investigations.
Chapter Three harmonises the complexities of COPD through a melodic analogy, delving into
auscultation audio classification and the intricate interplay of environmental factors on COPD
acoustics. Chapter Four introduces compression and reconstruction of auscultation audio
signals to provide nuanced insights into lung signal compression theories and methodologies.
Chapter Five fine-tunes the exploration, while employing a framework for the identification of
COPD from healthy states and distinguishing it from pneumonia. Chapter Six dives into the
exploration of COPD severity to unfold frameworks for spectral audio analysis, breathing
characteristic projection and machine classification. Chapter Seven threads together the
diverse elements of this thesis in a discussion that critically assesses the overall achieved
work and gives the conclusion. This thesis seeks to advance the understanding of COPD by
exploring the use of advanced signal processing and Machine Learning, while contributing
significantly to the scholarly discourse within the field of medicine using data science and
artificial intelligence. The next chapter will examine lung and COPD in more detail to provide

background information.
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2. The Lung and COPD

The human respiratory system is vital in sustaining life and ensuring physiological equilibrium,
primarily through exchanging oxygen and carbon dioxide. Beyond its pivotal respiratory
functions, the system interlaces with the endocrine system. It serves as a crucial filter for
blood, facilitating the removal of minor clots and specific biological compounds, particularly
vasoactive agents. Comprising a complex network of nasal passages, airways, and lungs, the
respiratory anatomy orchestrates the seamless passage and diffusion of gases indispensable

for cellular metabolism and overall bodily function.

The Global Initiative for Chronic Obstructive Lung Disease (GOLD) 2023 report provides an
updated definition of COPD. It describes COPD as a heterogeneous lung condition
characterised by chronic respiratory symptoms, including dyspnoea, cough, expectoration,
and exacerbations. These symptoms arise from abnormalities in the airways, such as
bronchitis and bronchiolitis, as well as in the alveoli, manifesting as emphysema. Collectively,
these abnormalities result in persistent and often progressive airflow obstruction. The
inflammation often stems from an immune response triggered by particulate matter or noxious
gases, resulting in prolonged inflammation and subsequent alterations in lung tissue,
bronchial, bronchioles and alveoli architecture, depending on the specific disease within
COPD. Furthermore, COPD exhibits extrapulmonary ramifications that significantly influence

disease severity and treatments, which underscores its dynamic systemic nature.

This chapter delves into the multifaceted landscape of COPD to elucidate its underlying
causes, diagnostic modalities, and therapeutic interventions. By navigating through the
intricate web of COPD pathophysiology, the chapter endeavours to equip the reader with a

comprehensive understanding of this prevalent respiratory ailment.

The chapter unfolds structured, exploring the etiological factors driving COPD development.
It delineates various causative agents, ranging from environmental pollutants to genetic
predispositions. Subsequently, the discussion traverses through the diagnostic landscape of
COPD, unravelling the intricate interplay between clinical presentations, spirometry

assessments, and exposure histories.

Furthermore, the chapter delves into the therapeutic methods available for COPD
management, shedding light on pharmacological and non-pharmacological modalities to
alleviate symptoms and optimise patient outcomes. Additionally, the chapter navigates the
complex terrain of COPD comorbidities, elucidating their profound impact on disease

trajectory and management strategies.
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In order to gather relevant literature for this chapter, a literature review was conducted using
electronic databases such as PubMed and reviewing literature from medical bodies. The
search strategy included keywords related to COPD, such as ‘chronic obstructive pulmonary
disease,” ‘COPD diagnosis,” ‘COPD treatment,” and ‘COPD comorbidities’. Articles were
screened based on their relevance to the topic and inclusion criteria, including publication date
and study design. The selected literature was critically evaluated for quality and relevance to
ensure that only credible and authoritative sources were included in this chapter. While every
effort was made to be comprehensive, it is acknowledged that the complexity of the respiratory
system and COPD is vast and may not capture all relevant studies and cover the full depth of

the topics.

Ultimately, this chapter aspires to serve as a comprehensive repository of knowledge, guiding

the reader in navigating the intricate landscape of COPD.

2.1. Respiratory Structure

The lower respiratory system comprises the trachea, bronchi, bronchioles, and alveoli. This
complex structure facilitates efficient gas exchange, with the right lung having three lobes and
the left having two to accommodate the heart's position. The bronchial tree's extensive
branching increases the lung's surface area, optimising oxygen uptake and carbon dioxide

expulsion. Figure 1 is an illustration diagram of the Respiratory and lung structures.

Figure 1. lllustration of Respiratory and Lung Structure. (Sumaiya, 2009)
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2.2. Respiratory Dynamics

Respiratory dynamics, encompassing lung compliance, elasticity, and airway limitations, are
intrinsically linked to the respiratory system's structure. Lung compliance, the organ's capacity
to stretch and expand, is influenced by tissue elasticity and alveolar surface tension. Alveoli,
crucial for gas exchange, maintain stability through surfactant production, which reduces

surface tension.

Contrary to common belief, the bronchial tree is asymmetrical; the right main bronchus, being
straighter and wider, provides a more direct path to the right lung (Levitzky, 2022). This
anatomical disparity affects inhaled substance distribution and increases foreign object entry
into the right lung (Coskun et al., 2022).

Despite exposure to environmental threats, the lungs employ multiple defence mechanisms.
These include ciliary action, mucus production, macrophage activity, and the cough reflex. The

lungs also filter blood clots and toxins, contributing to cardiovascular health.

The extensive bronchial tree and numerous alveoli facilitate efficient gas exchange. Whilst
inspiration and expiration can have similar durations, expiration is typically longer due to its

passive nature, relying on elastic recoil rather than active muscle contraction.

2.3. Pulmonary Mechanics

2.3.1. Pleural and Intrapulmonary Pressures

The pleural cavity, the space between the visceral and parietal pleura surrounding the lungs,
plays a crucial role in respiratory mechanics. The pressure within this cavity, the intrapleural
or pleural pressure, is typically negative relative to atmospheric pressure. This negative
pressure helps keep the lungs inflated by opposing the elastic recoil of the lung tissues. During
quiet breathing, the pleural pressure fluctuates, becomes negative during inspiration,
approximately -6 cmH20, and less negative during expiration, around -3 cmH20O (John
Hopkins School of Medicine, 1995) (Zielinska-Krawczyk, et Al., 2018).

Intrapulmonary or intra-alveolar pressure is the pressure within the lungs' alveoli. This
pressure varies with the respiratory cycle phases and decreases below atmospheric pressure
during inspiration to allow air to flow into the lungs. Conversely, intrapulmonary pressure
increases above atmospheric pressure during expiration, which facilitates air expulsion from
the lungs (Levitzky, 2022). The interplay between these pressures is fundamental to the

mechanics of breathing.
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2.3.2. Muscle Activation for Inhalation and Exhalation

The primary muscles involved in breathing are the diaphragm and intercostal muscles. During
inhalation, the diaphragm contracts and moves downward, increasing the volume of the
thoracic cavity. This increase in volume reduces the intrapulmonary pressure, creating a
pressure gradient that draws air into the lungs. Concurrently, the external intercostal muscles
contract, lifting the rib cage and further expanding the thoracic cavity, reducing intrapulmonary

pressure (Levitzky, 2022).

Exhalation, on the other hand, is primarily a passive process driven by the elastic recoil of the
lungs and thoracic cavity. As the diaphragm and external intercostal muscles relax, the elastic
forces within the lungs and chest wall cause the thoracic cavity to contract, expelling air from
the lungs. However, additional muscles are recruited in situations requiring forced exhalation,
such as during exercise or certain respiratory conditions. The internal intercostal and
abdominal muscles (rectus abdominis, transverse abdominis, external oblique, and internal
oblique) contract, increasing intra-abdominal pressure and actively forcing air out of the lungs
(Levitzky, 2022).

2.3.3. Compliance, Elasticity, and Airflow Limitations

Lung compliance, a measure of the lungs' ability to stretch and expand, is influenced by its
inverse, the lung tissues' elasticity, the alveoli's surface tension and the liquid interface of
Surfactant in the alveolar. High compliance indicates that the lungs can expand easily, while
low compliance suggests stiffness and difficulty expanding (National Cancer Institute SEER
Program, 2024) (Levitzky, 2022). Elasticity, on the other hand, refers to the lung tissues' ability
to return to their original shape after being stretched or expanded, a property crucial for the
passive process of exhalation, where the elastic recoil of the lungs aids in expelling air
(National Cancer Institute SEER Program, 2024) (Levitzky, 2022). However, the Volume-
Pressure plot highlights the difference between compliance and elasticity of the lung, which
on the plot takes different paths to return to its original start, which is known as Hysteresis and
caused by the surfactant liquid interface that changes the surface tension within the alveoli
(Levitzky, 2022).

Airflow limitations can arise due to various factors, including airway obstruction, reduced lung
compliance, and decreased elasticity. COPD is characterised by airflow limitations, where the
airways are narrowed, and the lungs' elastic recoil is compromised, which leads to difficulties

in the removal of air during the exhalation (Aliverti, A., 2016).
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2.34. Breathing Rhythm and Patterns

The respiratory centre in the brainstem and the nervous system regulate breathing rhythm and
patterns, responding to changes in blood levels of carbon dioxide, Potential of Hydrogen (pH),
and emotional states. Various factors can disrupt standard breathing patterns, which include
body position, physical activity, and pathological conditions. For instance, lying down can
restrict diaphragm movement, reducing lung capacity and altering the breathing pattern
(Levitzky, 2022). Chronic coughing can also lead to breathing pattern disorders, where the
normal breathing rhythm is disrupted, which results in symptoms such as breathlessness,
chest tightness, and fatigue (Levitzky, 2022).

2.3.5. Gas Exchange and Tidal Volumes

Gas exchange, the fundamental process of respiration, occurs in the alveoli, where oxygen
from the inhaled air diffuses into the blood, and carbon dioxide from the blood diffuses into the
alveoli to be exhaled. This process is driven by the pressure gradients of the gases across the
alveolar-capillary membrane (Hallett et Al., 2024). Tidal volume, the air inhaled or exhaled
during a normal breath, is a critical measure of lung function and is typically around 500

millilitres in a healthy adult.

Other significant lung volumes include the Inspiratory Reserve Volume (IRV), the additional
amount of air that can be inhaled after a regular inspiration; the Expiratory Reserve Volume
(ERV), the additional amount of air that can be exhaled after a normal expiration; and the
Residual Volume (RV) (Levitzky, 2022), the amount of air remaining in the lungs after a forceful
expiration. These volumes and breathing mechanics are crucial in maintaining optimal

respiratory function.

With this comprehensive understanding of the respiratory system's structure and dynamics, it
is crucial to examine how these fundamental aspects are affected in COPD. This progressive
condition significantly alters lung function and structure, leading to physiological and

pathological changes that warrant detailed exploration.

2.4. COPD

COPD is a multifaceted inflammatory condition with persistent airway exhalation constriction.
This inflammation typically arises from an immune response to Particulate Matter (PM) or
gases. Prolonged inflammation of lung tissues can lead to an increase in inflammatory cell
populations, thereby altering the structural integrity of the lungs (Vestbo et al., 2013).
According to the guidelines established by the Global Initiative for GOLD, COPD is a
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preventable and treatable disorder characterised by abnormal inflammation and airflow

restriction within the bronchioles and alveoli, which is not fully reversible.

COPD manifests as a confluence of two pulmonary pathologies, namely Chronic Bronchitis
and Emphysema, wherein constrained airflow precipitates their onset. While Asthma shares
certain phenotypic features with COPD, notably the constriction of airways, it diverges in its
distinct cellular involvement, reversible nature, and onset during childhood, delineating a
discernible divergence between the two respiratory conditions. Additionally, it should be noted
that Asthma can exhibit features that overlap with COPD, further complicating the diagnostic
landscape. Chronic Bronchitis is defined by inflammation, which prompts structural alterations,
the narrowing of air passages, and an augmented protective mucus layer that lines the airway
walls. This surplus mucus prompts individuals affected by the condition to experience
coughing as the body endeavours to expel the excess secretion. Conversely, emphysema
also entails structural changes, elasticity reduction, and inflammation, potentially affecting the
surfactant levels within the alveoli and, consequently, diminished elasticity. The restructuring
observed in both conditions can precipitate air entrapment and a decline in elasticity, impairing
gas exchange efficiency, tapped air, known as hyperinflation, and chest deformation, known
as barrel chest (Bickley, 2017). Figure 2 illustrates healthy and COPD lungs, highlighting the
difference between healthy and COPD lung structures (National Heart Lung and Blood Institute

of National Institutes of Health, 2017).
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Figure 2. lllustration of the comparison between healthy and COPD lung structure. (National Heart Lung and Blood
Institute of National Institutes of Health, 2017)

Furthermore, Mannino and Buist (2007) discuss how COPD can have effects beyond the
lungs. In the context of COPD, these extrapulmonary effects may play a crucial role in
determining the overall severity of the disease. Recognition of these extrapulmonary
associations highlights COPD as a systemic ailment (Lim et al., 2017). Various conditions,
including muscle wasting and comorbidities such as congestive heart disease, are intricately

intertwined (Mannino et al., 2008), thus elucidating the multifaceted nature of COPD.

The primary objective of COPD treatment is to optimise patient well-being (Jones et al., 2009),
with healthcare professionals closely monitoring COPD patients. However, acute
exacerbations, characterised by sudden deterioration of COPD symptoms, significantly impact
patient health, which leads to frequent hospitalisations and increased mortality risk (Wedzicha
and Seemungal, 2007) and re-hospitalisations. With the established understanding of COPD,

the focus shifts to the causes.
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241. Causes

Four early-life predictors of COPD include allergic diseases, lung infections, parental asthma,
and passive smoking. Additionally, personal tobacco use exacerbates the risk of developing
COPD later in life. For adolescents, low Forced Expiratory Volume in 1 second (FEV1) predicts
respiratory, cardiovascular, and metabolic abnormalities in adulthood. These early predictors
constitute an individual’s medical history, which is crucial for assessing COPD diagnosis,

prognosis, and treatment plans (Bui et al., 2018).

The primary cause of COPD is exposure to harmful particulate matter such as PM2.5 — PM10
and gases like sulphur dioxide and ozone in air pollution (Tahery et al., 2021). However,
cigarette smoke is the predominant cause (Celli et al., 2004), which accelerates the
progression of airway limitation (Mirza et al., 2018), where even exposure to passive smoking
heightens COPD risk. Mirza et al. (2018) highlight the importance of genetic factors in COPD.
In particular, screening for Alpha-1 Antitrypsin Deficiency may be beneficial in populations with

high COPD rates, as this genetic condition could contribute to the development of the disease.

Lung infections represent another precipitating factor for COPD, increasing susceptibility to
such infections (Mannino and Buist, 2007), which often culminate in Acute Exacerbations
(Wedzicha and Seemungal, 2007).

Asthma and COPD share similarities in terms of airway limitation and adventitious lung
sounds, leading to potential misdiagnosis. However, distinguishing features include COPD
patients’ history of exposure to harmful particles and systemic inflammation, contrasting with
asthma’s more localised inflammation. Signs of emphysema, reduced gas diffusion, and
impaired lung function indicate COPD (Siafakas et al., 1995). Conditions such as
bronchiectasis, cystic fibrosis, and fibrosis tuberculosis should also be considered differentials

to COPD due to poorly reversible airflow limitation (Celli et al., 2004).

After the examination of the multifaceted causes of COPD, it is crucial to explore the diagnostic
approaches that enable clinicians to identify and assess the severity of this complex

respiratory condition.

24.2. Diagnosis

Medical history is essential to diagnose COPD and develop an individualised treatment plan.
Patients presenting with dyspnoea, cough, sputum production and a history of exposure
should be investigated for COPD, and if a patient has all the symptoms above, COPD
confirmation with an FEV1 of less than 0.70 post-bronchodilator (Mirza et Al. 2018). COPD
Severity is related to airway limitation and is measured with a spirometer, giving an FEV1
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recording. See Table 1 below for COPD severity and their corresponding FEV1 measures
(Miraz et al., 2018).

Grade Severity FEV1
GOLD 1 Mild 0.7-0.56
GOLD 2 Moderate 0.35-0.56
GOLD 3 Severe 0.21-0.35
GOLD 4 Very Severe Below 0.21

Table 1. GOLD 2017 Severity Grading of COPD.

The FEV1 measure alone is insufficient to diagnose COPD and does not allow for
understanding its complexity (Jo et al., 2019); therefore, current diagnosis strategies also

consider patient history and exposure to known risk factors (Ho et al., 2019).

GOLD combined COPD assessment also considered airflow limitation, the number of
exacerbations and COPD Assessment scores to categorise, as seen in Table 2 below, to aid
in individual treatment plans (Rabe et al., 2018)(Athlin et al., 2021).

Combined COPD Assessment
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Table 2. Combined COPD Assessment stage categorisation.

Physical examination of the patient is not generally used during diagnosis, as features cannot
be heard, even with a stethoscope’s auscultation, until significant lung impairment; hence,
COPD is often diagnosed late in its downward trajectory (Siafakas et al., 1995) (Ho et Al,,
2019). Also, people may not seek medical advice or treatment, with the first symptoms
presenting as intermittent cough and extra sputum production (Pauwels and Rabe, 2004).
Early diagnosis and prevention of COPD can lead to substantial economic benefits, including
reduced healthcare costs and improved patient productivity. By decreasing the prevalence of
COPD through effective prevention strategies, society can benefit from a healthier population

and reduced strain on healthcare resources.

Whilst diagnosis forms the foundation of COPD management, a comprehensive approach to
patient care necessitates thorough assessment and tailored treatment strategies. The
following section delves into the various assessment tools and treatment modalities employed

in COPD management.
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2.4.3. Assessments and Treatments

2.4.3.1. Assessments
In patients with COPD, a multidimensional risk assessment is recommended to develop a

treatment plan, with dimensions of airflow limitation, dyspnoea, overall patient health status,
and the number of exacerbations. GOLD developed an assessment that helps create an

individualised treatment plan and aims to predict mortality (Athlin et al., 2021).

Types of COPD assessments

modified Medical Research Council dyspnea scale (MMRC),

St. George Respiratory Questionnaire (SGRQ)

COPD Assessment Test (CAT)

Clinical COPD Questionnaire (CCQ).

Dyspnea, Obstruction, Smoking, Exacerbation (DOSE)

Age, Dyspnea, Obstruction (ADO)

Body Mass Index (BMI), Obstruction, Dyspnea, Exercise (BODE)

N o o bk owbd =

Jones et al. (2009) assessed and found the CAT to be a valid assessment of the COPD state,
and the other valid reviews are the SGRQ, CRQ, and CCQ. However, a COPD evaluation like

SGRAQ, which includes a six-minute walk, is impractical in time-restricted appointments.

ADO assessment is the best assessment for prognosis and mortality, followed by BODE. Still,
the six-minute walk of the assessment makes it challenging to complete in time-limited
services (Jones et al., 2009) (Athlin et al., 2021). However, BODE may require adjustment as
the Body Mass Index (BMI) for COPD patients reported in a study of BMI and COPD; the
Asian-Pacific Body Mass Index was relative to the population in the Asian-Pacific region (Lim
et al., 2017).

Respiratory auscultations with a stethoscope are commonly used to monitor COPD patients.
In these, the medical physician listens for adventitious lung sounds to understand the patient's
lung state. Advanced diagnostic tools, such as CAT scans, and MRI imaging technologies,
have the potential to detect COPD at earlier stages. Although invasive, these technologies can
identify subtle pathological changes that traditional methods might miss, enable timely
interventions that alter the disease trajectory, and improve patient outcomes. However,
advanced signal processing and Al can elucidate more information from the audio than a
physician using a stethoscope, allowing for a less invasive and remote diagnosis of COPD.
Additionally, remote monitoring of severity could identify changes more timely and have an

impact on maintaining optimal health outcomes.
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2.4.3.2. Treatments

COPD patient management encompasses a spectrum of healthcare services across primary
and secondary care, rehabilitation, and self-management initiatives (Celli et al., 2004) (Miraz
et al., 2018). The primary objective is to optimise patient well-being and mitigate exacerbations
(Jones et al., 2009) (Siafakas et al., 1995). Treatments are tailored to individual patient profiles
based on comprehensive assessments and COPD severity stratification as per GOLD 2017

guidelines (Mannino and Buist, 2007).

Preventative measures, including smoking cessation and indoor air pollution interventions, are
crucial (Quaderi and Hurst, 2018). Inhalation therapy, comprising inhaled corticosteroids, long-
acting beta 2-agonists (LABA), and long-acting muscarinic antagonists (LAMA), forms the
cornerstone of pharmacological management (Celli et al., 2004) (Criner et al., 2019). For

severe COPD, tablet medications like Roflumilast may be prescribed.

Respiratory rehabilitation therapies, involving exercise training and education, aim to enhance
exercise tolerance and quality of life (Holland et al., 2021) (Zhang et al., 2022). Non-Invasive
Positive Pressure Ventilation (NPPV) and oxygen therapy are recommended for patients with

diminished resting oxygen saturation levels (Celli et al., 2004) (Mirza et al., 2018).

During acute exacerbations, anti-inflammatory agents and antibiotics may be warranted (Viniol
and Vogelmeier, 2018). Post-exacerbation, respiratory rehabilitation has demonstrated
notable improvements in dyspnoea, exercise tolerance, and overall health status (Celli et al.,
2004).

24.4. Acute Exacerbation of COPD (AECOPD)

Acute Exacerbations of Chronic Obstructive Pulmonary Disease (AECOPD) represent a
significant contributor to heightened morbidity and mortality rates among COPD patients
(Quaderi and Hurst, 2018). Despite lacking a universally accepted medical definition
(Rodriguez-Roisin, 2000), exacerbations are commonly understood as abrupt deteriorations
in COPD symptoms from a stable baseline (Walters et al., 2012). Even with diligent adherence
to treatment regimens, COPD patients typically experience an average of 1.4 exacerbations
annually, a figure that escalates with disease severity (Albert et al., 2011) (Burge and
Wedzicha, 2003).

Bronchitis in COPD exacerbates airway pathology, characterised by bronchial dilation and
thickened sputum secretion lining the airways. This thickened sputum impedes the effective
functioning of cilia, diminutive hair-like structures crucial for particle and microbe clearance,
thereby predisposing individuals to heightened infection susceptibility (British Lung
Foundation, 2015). Consequently, increased sputum production correlates with declining



34

FEV1 measurements, with males exhibiting a higher risk of exacerbations than females
(Vestbo et al., 1996).

In contrast, emphysema, the second condition under COPD, presents a distinct
pathophysiology. The affected areas in emphysema exhibit a higher number of alveoli and
smaller bronchioles. This condition is characterised by structural changes that significantly
impact respiratory function. Specifically, inflammation and overextension lead to reduced
elastic recoil and impaired alveolar collapse. These alterations result in hyperinflation of the
lungs. Consequently, there is an increase in the volume of air that remains trapped within the
lungs and cannot be expelled during exhalation (Papandrinopoulou et al., 2012). Although
these conditions start in different locations, they may travel to each other and consist in parallel
as disease severity increases. Furthermore, infections might take advantage of these starting

areas as they are less likely to be cleared, or these locations are enclosed spaces.

Adherence to influenza and pneumonia vaccination regimes is recommended for COPD
patients to mitigate viral infection risks (Burge and Wedzicha, 2003). Notably, exacerbations
triggered by respiratory viral infections, prevalent during winter months, exhibit heightened
severity and protracted recovery periods compared to other triggers (Wedzicha and
Seemungal, 2007). Furthermore, declining outdoor temperatures correlate with minor yet
significant declines in lung function. The precise role of bacteria in COPD exacerbations
remains elusive, complicated by shared bacterial colonisation between stable and
exacerbation states, encompassing pathogens such as Influenza, Streptococcus

pneumoniae, and Staphylococcus aureus (Wedzicha and Seemungal, 2007).

Concurrent comorbidities, notably cardiovascular disease, further complicate the
management of AECOPD, impacting treatment decisions such as the prescription of
azithromycin. In patients with Resting Tachycardia comorbidity, caution is warranted due to

potential adverse effects (Albert et al., 2011).

High rates of AECOPD-related re-hospitalisation underscore the economic burden and
healthcare resource utilisation. Miraz et al. (2018) reported that in Canada, 13% of COPD
patients accounted for 20% of all ambulance calls and emergency care visits, accentuating

the strain on healthcare infrastructure.

Efforts to predict AECOPD onset utilise patient diaries documenting daily symptoms, although
completion rates still need to be improved, with only 41% of patients achieving consistent
compliance (Walters et al., 2012) (Burge and Wedzicha, 2003).

Whilst AECOPD represent significant events in the course of COPD, the disease's systemic

nature often leads to a complex interplay with other health conditions. The following section
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explores the various comorbidities associated with COPD and their impact on patient

management.

24.5. Comorbidities

A myriad of comorbidities frequently accompanies COPD, although a universally accepted
definition of comorbidity remains elusive. Typically, comorbidity is understood as the
coexistence of a secondary condition alongside the primary disease of interest (Sin et al.,
2006). Varied perspectives exist regarding the conceptualisation of comorbidities. At the same
time, some medical practitioners view comorbidities as distinct ailments affecting separate
organ systems, while others regard them as manifestations of a systemic inflammatory state
implicating multiple organs (Barnes and Cell, 2009). The term ‘multimorbidity’ is employed by
some clinicians to denote the concurrent presence of two or more chronic diseases (Morgan
et al., 2018), with comorbidities hierarchically ranked based on mortality risk, with the primary

disease of focus occupying the topmost position (Rabe et al., 2018).

An investigation by Mannino et al. (2008) analysed data from two American databases, the
Atherosclerosis Risk in Communities Study and the Cardiovascular Health Study, spanning
the late 1980s. Focusing on individuals aged 45 to 64 with a five-year follow-up, the study
revealed a higher prevalence of one to three comorbid diseases among patients with Gold
stage 3 or 4 COPD. Mortality rates within the five-year timeframe were notably elevated among
those with comorbidities, with 5.9% succumbing to the condition. Moreover, individuals with
COPD and comorbid cardiovascular or diabetes conditions exhibited a higher mortality risk

compared to those with hypertension as a comorbidity.

COPD, characterised by systemic inflammation, frequently extends its pathophysiological
influence to other organ systems. Notably, a significant proportion of COPD patients also
present with diabetes, a phenomenon less prevalent among asthma patients. Despite the
shared therapeutic approach for both conditions, the heightened inflammatory markers

observed in COPD hint at a plausible mechanistic link (Barnes and Celli, 2009).

Among the array of comorbidities, cardiovascular disease (CVD) emerges as the most
prevalent in the COPD cohort, irrespective of disease severity, correlating with elevated
hospitalisation rates, a 33-40% increase in mortality, and accelerated decline in FEV1 (Morgan
et al., 2018). The interrelationship between COPD and cardiovascular pathology assumes two
distinct forms: shared risk factors, such as smoking, predisposing individuals to both
conditions and reciprocal organ dysfunction, wherein lung diseases precipitate cardiovascular
impairments such as secondary pulmonary hypertension and ventricular dysfunction due to
increased intrathoracic mechanical load (Barnes and Celli, 2009). Notably, individuals with
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COPD and comorbid CVD exhibit heightened susceptibility to adverse events post-AECOPD,
often necessitating re-hospitalisation (Morgan et al., 2018).

The intricate interplay of biological pathways underpins the observed prevalence of CVD in
COPD patients. Shared risk factors, exemplified by cigarette smoking, exert mutual influence
on the development of COPD and CVD (Cavaillés et al.,, 2013). Furthermore, the
pathophysiological consequences of COPD, including reduced physical activity and hypoxia-
induced cardiovascular perturbations, contribute to the complex bidirectional relationship
between the two conditions (Viniol and Vogelmeier, 2018). Treatment complexities
compounded by comorbidities, particularly CVD, further challenge COPD management. While
COPD therapies have demonstrated benefits in mitigating arterial stiffness, thereby relieving
specific cardiovascular manifestations (Rabe et al., 2018), uncertainties persist regarding the
effects of inhaled corticosteroids on systematic inflammation and cardiovascular outcomes.
Conversely, cardiovascular medications exhibit the potential to alleviate COPD symptoms,
with agents such as Statins, Angiotensin-Converting Enzyme (ACE) inhibitors, and
antiplatelets possessing anti-inflammatory properties (Morgan et al., 2018). A 2023 study
protocol by Rogliani et al. highlighted the complex interplay between cardiovascular disease
and small airway disease in COPD, emphasising the need for a comprehensive assessment

of these relationships.

Beyond cardiovascular complications, COPD is intricately linked with various other
comorbidities, including mental health disorders, muscle wasting, and malnutrition, which
significantly influence disease trajectory. While instances of anxiety and depression preceding
COPD onset are often attributed to cigarette smoking, their exacerbation is predominantly
associated with compromised respiratory function. Similarly, muscle wasting and malnutrition
predominantly result from decreased physical activity, underscoring the multifaceted nature of
COPD comorbidities (Barnes and Celli, 2009). With the exploration of the multifaceted nature
of COPD and its associated complications, it is imperative to consider the broader

epidemiological context, especially the trend in the growth of COPD rates.

2.5. COPD Rates Increasing

The increasing prevalence of COPD in the UK, coupled with an ageing population (ONS, 2022)
and disease lag, people often diagnosed after the age of 50 (Lu et al., 2022) and affecting
middle and older individuals, underscores the urgent need for innovative diagnostic
approaches. This research addresses this challenge through advanced signal processing and
Al techniques.

Despite reduced smoking rates in the UK, air pollution remains a significant contributor to

COPD development. The broadening spectrum of pollutants, including those from car tires,
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may exacerbate COPD risk (Wang et Al., 2023). Long-term exposure to air pollution has been
linked to increased COPD risk (Parliament UK, 2021). Although air pollution has decreased
over the past 70 years, levels remain sufficiently high to contribute to COPD and asthma
development. The UK has frequently exceeded WHO air pollution guidelines nationwide. A
study of over 250,000 people in the UK demonstrated how air pollution accelerates lung
disease progression, increasing the likelihood of multiple lung illnesses and premature death
(Wang et Al., 2023). The research concluded that current legal standards are inadequate and
that further reductions would improve public health. The WHO's recommended annual
average NO2 pollution guideline is now four times lower than the UK's legal limit, indicating
ongoing public health risks. Government reports (DEFRA, 2021, 2022, 2023) provide
comprehensive data on air quality, highlighting episodes above WHO guidelines in recent
years. This underscores the ongoing challenge of meeting international health standards and

the need for continued efforts to reduce air pollution across the UK.

As COPD prevalence rises, the need for effective diagnostic and monitoring tools becomes
increasingly crucial. In this context, auscultation emerges as a fundamental technique in

respiratory assessment, warranting a closer examination of its role in COPD management.

2.6. The Role of Auscultation

Auscultation, a cornerstone of respiratory diagnosis since Dr René Laennec's invention of the
stethoscope in 1816, remains indispensable for evaluating respiratory conditions, including
COPD (Rogliani et al., 2023). Recent advancements, such as digital stethoscopes and
computer-aided analysis, have improved diagnostic accuracy and consistency (Barnes and
Celli, 2009; Cavaillés et al., 2013).

Standard auscultation protocol involves systematic examination of both lungs in a quiet
environment, progressing from the upper chest downwards and examining the posterior
thoracic region (Sarkar et al., 2015). Reichert et al. (2008) identified demographic,

physiological, and situational factors influencing auscultation findings.

Despite its longstanding use, auscultation's efficacy in detecting and classifying adventitious
lung sounds remains debated. Hafke-Dys et al. (2019) found that whilst pulmonary specialists
demonstrated higher proficiency in identifying certain sounds, classification of other
adventitious lung sounds proved challenging. Hangaard et al. (2017) attributed COPD
misdiagnosis primarily to errors in spirometry tests, COPD definition thresholds, and
healthcare professionals' assessments. Additionally, Art et al. (2020) conducted a meta-
analysis on auscultation accuracy, highlighting 37% accuracy for diagnosis of diseases and a
89% accuracy for ruling out disease. Furthermore, Kosh et al. (2005) findings indicated that
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41% of diagnoses were correct based solely on the patient's history. Lung auscultation
improved the diagnostic yield by only 1% and worsened it in 3% of cases. Normal lung
auscultation was a strong predictor for not having a lung or heart disease, while wheezing was
a predictor for having a lung disease. Therefore, auscultation plays an important role in ruling

out diseases rather than ruling in a disease.

In COPD management, auscultation provides valuable insights into disease progression and
exacerbations. Recent advancements in digital stethoscope technology and Al-driven sound
analysis offer promising improvements in accuracy, objectivity, and remote monitoring
capabilities (Yohannes, 2012). These innovations may address current limitations and

potentially revolutionise COPD care workflows with medical physician oversight.

Whilst the importance of auscultation in COPD management is clear, a deeper understanding
of the acoustic properties of lung sounds is essential for accurate interpretation and diagnosis.
The following section delves into the intricacies of respiratory acoustics and their clinical

significance.

2.7. Acoustic Characteristics of Lung Sounds
Lung sound auscultation, crucial in respiratory medicine, encompasses diverse auditory
phenomena. This section analyses lung sound components, clinical significance, and

interpretation challenges.

Lung sounds are non-stationary audio signals, presenting significant analytical challenges due
to rapidly changing characteristics (Reichert et al., 2008). Advanced signal-processing

techniques are necessary for accurate analysis and classification (Palaniappan et al., 2013).

Lung auscultation comprises five primary components: respiratory lung sounds, adventitious
lung sounds, heart sounds, digestive system sounds, and other noises. This classification
highlights the complexity of auscultation and the need for skilled differentiation between

physiological and pathological sounds (Sarkar et al., 2015).

The CORSA initiative, established in 2000, standardised lung sound definitions, fostering
consistency in clinical practice and research (Sovijarvi and Earis, 2000). Respiratory sound
propagation occurs through airway tubes and chest wall structures, with the latter acting as a

complex filter (Shiryaev and Korenbaum, 2013) (Sovijarvi et al., 2000).

Stethoscope placement affects acoustic properties, with studies noting differences in lung
audio characteristics from various locations (Shiryaev and Korenbaum, 2013) (Altan et al.,
2018).
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Adventitious lung sounds associated with pulmonary pathology or excessive sputum
production include wheezes, crackles, rhonchi, stridor, squawks, pleural rub, and cough
sounds. These sounds have distinct characteristics linked to specific respiratory conditions
(Bohadana et al., 2014) (Ellis, 2020) (Kim et al., 2022) (Priftis et al., 2018) (Pramono et al.,
2017). A summary of adventitious lung sound characteristics and common respiratory
conditions when these sounds occur is highlighted in Table 3.

Adventitious Frequencies Duration Conditions
Sound Found
Crackles (Fine) 60Hz to 2000Hz 25ms COPD and
Pneumonia
Crackles (Coarse) 60Hz to 2000Hz Peak amplitude COPD and
lasts 10ms Pneumonia
Wheeze 400Hz and 80ms to 250ms COPD and
upward Asthma
Rhonchi 200Hz or less 80ms or greater COPD,
Bronchiectasis
and Bronchitis.
Stridor 500Hz and 80ms Intrathoracic and
upwards extra-thoracic
lesions
Squawk 200Hz-300HZz 200ms Pneumonia
Pleural Rub 350Hz or less 15ms or greater Pleurisy
Cough 50Hz to 3000Hz 250+ms COPD, foreign
object

Table 3. List of Adventitious lung sounds and their characteristics.

In Figure 3A the image shows a spectrogram of lung sounds from a person experiencing
severe wheezing. It displays wheezing during inhalation and exhalation, with slight pauses
marking the transitions between these respiratory cycles. In Figure 3B, the image shows a
spectrogram of lung sounds of a person with crackle sounds. The image highlights the
transient nature of crackles. The comparison shows the differences between the two types of
adventitious lung sounds. However, Multiple adventitious lung sounds can occur
simultaneously, overlapping with each other and normal lung sounds in patients with

respiratory conditions, including those with COPD.
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Figure 3. A) A spectrogram of lung audio of severe wheezing. B) A spectrogram of lung audio with crackles.
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Despite its undeniable clinical value, auscultation presents several challenges. These include
frequency overlap between different adventitious sounds, the influence of stethoscope
placement on sound characteristics, and variability in sound transmission through different
chest wall structures (Bohadana et al., 2014). Therefore, these factors necessitate a cautious
approach to interpretation and underscore the importance of complementary diagnostic

modalities.
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3. Literature Review

3.1. Introduction

This comprehensive review examines the evolution of pulmonary respiratory auscultation
research over the past two decades, focusing on the classification of adventitious respiratory
sounds. It explores the progression from traditional signal processing techniques to advanced

deep learning models, evaluating their efficacy in lung sound classification.

Before the shift to machine learning approaches, the review covers fundamental signal
processing techniques, including various transforms and audio filtering methods. It critically
assesses the performance of different classifiers in respiratory sound analysis, addressing

challenges posed by limited datasets in the medical domain.

Additionally, the chapter examines statistical methods and advanced signal processing
techniques employed in respiratory sound analysis, highlighting their applications in

enhancing classification accuracy.

By synthesising findings from diverse studies, this review aims to provide a comprehensive
understanding of automatic auscultation classification, identifying promising avenues for future
research and potential areas for refinement. The identification of knowledge gaps and
proposals for addressing them, along with research objectives, form crucial components of

this review.

The review now shifts focus to the essential signal processing techniques underpinning
respiratory sound analysis. This section begins with an exploration of diverse signal transforms
and their applications in lung sound examination that follows the establishment of the review's

scope and objectives.

3.2. Signal Transforms in Lung Sound Analysis

A systematic review by Pramono et al. (2017) identified several standard signal-processing
techniques employed in lung sound analysis. These include Fast Fourier Transform (FFT),
autoregressive models, Fractal Dimension Analysis, Mel-Frequency Cepstral Coefficients
(MFCC), Time-Frequency Analysis, and wavelet transforms. This section critically delves into

the most prominent techniques and their applications in respiratory sound analysis.

3.2.1. Fast Fourier Transform (FFT)

FFT is an algorithm that efficiently computes the discrete Fourier transform of a sequence
(Cooley and Tukey, 1965), converting lung sounds from their original domain to a
representation in the frequency domain. In lung sound analysis, FFT reveals the spectral
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content of respiratory sounds, aiding in distinguishing between different types of sounds based
on their frequency components. However, FFT's limitation lies in its inability to capture
temporal information of non-stationary signals like lung sounds (Little, 2019), therefore turning

to time-frequency analysis methods.

3.2.2. Short Time Fourier Transform (STFT)

Time-frequency analysis techniques such as Short-Time Fourier Transform (STFT) have
addressed the FFT limitation for non-stationary signals. STFT balances a trade-off between
time and frequency resolution, where it maintains a uniform resolution, making it useful in
displaying frequency changes in lung sound signals. Tariq et al. (2020) utilised STFT to capture
a broader spectrum of non-stationary details in their study, which achieved an accuracy of
84% in lung sound classification using deep convolutional neural networks. In contrast,
Taplidou and Hadjileontiadis (2007) employed STFT for their time-frequency wheeze detection

method, demonstrating its ability to detect various lung breathing features.

3.2.3. Wavelet Transform

Another time-frequency method is the Wavelet transform, which is known for its multi-
resolution analysis (MRWA) capabilities (Torrence and Compo, 1998). This property allows for
the examination of signals at various scales, which is particularly useful in analysing
respiratory sounds. In the context of COPD, this approach could effectively identify short-
duration events, such as crackles and longer-duration events, like wheezes, which are
common in the disease. Unlike Fourier transforms, wavelets can localise features in both time
and frequency domains (Torrence and Compo, 1998), making them particularly suited for
detecting transient events such as crackles in COPD patients. Kandaswamy et al. (2004)
demonstrated the efficacy of wavelet transforms in lung sound analysis and achieved an

accuracy of 92% using an Artificial Neural Network (ANN) fed with wavelet-based features.

Kahya et al. (2001) investigated the application of a wavelet-based feature extraction process
to enhance the identification of crackles in pulmonary audio. Their methodology involved the
use of the wavelet inverse to convert the filtered and thresholded time-frequency band back
into the time domain, effectively isolating crackles from other lung sounds. Similarly, Bahoura
and Lu (2006) separated and identified crackles with high accuracy rates using wavelet

transforms.

The choice of wavelet is crucial in lung sound analysis. Daubechies wavelets, known for their
compact support and orthogonality, have been widely employed. Symlets, nearly symmetrical

modifications of Daubechies wavelets, have also shown promise. The Haar wavelet, while
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simple, has applications in detecting sudden transitions but may be limited in capturing smooth

variations.

The Complex Morlet Wavelet has emerged as a potent tool for lung sound analysis that offers
superior time-frequency localisation compared to traditional Fourier-based methods (Torrence
and Compo, 1998). Its ability to separate phase and amplitude components within the signal
is essential for capturing lung sounds' non-stationary and oscillatory nature (Addison, 2017).
Taplidou and Hadjileontiadis (2007) demonstrated its effectiveness in wheeze detection,

achieving high sensitivity and specificity.

3.24. Mel-Frequency Cepstral Coefficients (MFCC)
MFCCs, widely used in speech recognition (Zhen et al., 2000)(Benesty et al., 2008)(Mulimani

and Koolagudi, 2019), have shown remarkable efficacy in sound analysis due to their ability
to capture timbre and pitch characteristics. They represent the short-term power spectrum of
a sound based on a linear cosine transform of a log power spectrum on a nonlinear Mel scale
of frequency that has a compaction of frequencies into separate bands (Benesty et al., 2008).
This non-linear frequency scale aligns well with human auditory perception, potentially
mimicking the diagnostic process of experienced clinicians. However, MFCCs are susceptible
to noise (Ravindran et al., 2006). Therefore, as lung sounds contain a high noise level, MFCC

might not be a suitable method.

3.2.5. Empirical Mode Decomposition (EMD)

On a slightly different note, EMD is a time-domain signal processing technique that
decomposes a signal into a set of Intrinsic Mode Functions (IMFs). It operates adaptively and
is particularly effective for analysing non-linear and non-stationary signals. Khan and Pachori
(2021) utilised EMD in combination with high-dimensional Phase Space Representation to
classify chronic and non-chronic respiratory conditions, achieving an F1 score of 97.87%. Aziz
et al. (2019) applied EMD to classify pneumonia using auscultation recordings, effectively
identifying crackling sounds. However, Charleston-Villalobos et al. (2007) demonstrated that

overlapping crackles proved indistinguishable using EMD.

3.2.6. Hilbert-Huang Transform (HHT)

Hilbert-Huang Transform is an extension of EMD that applies the Hilbert Transform to the
EMD’s IMFs and transforms it into a time-frequency analysis method. This process allows for
the examination of instantaneous frequencies and magnitudes, providing a detailed
representation of the signal's time-frequency characteristics (Huang et al., 1998) (Li and Du,
2005). Chen et al. (2014) proposed using HHT to analyse lung sounds and extract statistical

features of crackles. Altan et al. (2020) explored using HHT and other advanced signal-



44

processing techniques to distinguish COPD patients from healthy subjects, achieving an

accuracy of 93.67% when combined with a Deep Belief Network (DBN) classifier.

3.2.7. Compressed Sensing (CS)

On the other hand, instead of traditional time-frequency analysis, Oletic and Bilas (2018)
employed a multifaceted approach for wheeze detection in respiratory sounds, with a core
emphasis on compressive sensing (CS) for data compression and reconstruction. This
approach utilised CS algorithms such as Orthogonal Matching Pursuit (OMP) and CoSaMP to
efficiently capture and represent respiratory sound spectra, reducing computational burden
and data transmission requirements. The methodology also incorporated STFT for feature

extraction and Hidden Markov Models (HMMs) for wheeze classification.

Numerous signals exhibit compressibility, particularly when subjected to basis transformations
that facilitate sparse signal representation through a limited number of coefficients, with the
remainder represented by zeros (Brunton and Kutz, 2019) (See appendix C for more details
on CS). For machine learning algorithms, a reduction in the dimensionality of the feature space
can significantly enhance classification efficacy and improve generalisation capabilities
(Bishop, 2006).

While signal transforms provide powerful tools for analysing lung sounds, the efficacy of these
techniques often relies on the quality of the input signal. Therefore, a shift of focus to audio
filtering techniques which play a crucial role in enhancing the quality of pulmonary audio for

subsequent analysis.

3.3. Audio Filtering Techniques
3.3.1. Audio Filtering

Audio filtering is a crucial step to enhance the quality of pulmonary audio analysis. Audio
filtering techniques are essential in processing signals as they help isolate the relevant
frequency components and remove unwanted noise and artefacts (See Appendix F for
background on Filters). This is particularly important for pulmonary audio, where noise often
obscures lung sounds. The primary filters used in this context include low-pass, high-pass,

and band-pass, each serving specific purposes in signal processing.

Low-pass filters allow low-frequency signals to pass through while attenuating higher
frequencies. This functionality makes them particularly useful for smoothing signals and
reducing high-frequency noise interference. Conversely, high-pass filters perform the opposite

function by permitting higher frequencies and suppressing lower frequencies (Oppenheim and
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Schafer, 2013). They are instrumental in tasks where removing baseline drift or eliminating

low-frequency noise is paramount.

Band-pass filters offer a more refined approach by allowing a specific range of frequencies to
pass through (the passband) while blocking frequencies outside this range (the stopband).
This selective transmission capability is invaluable for isolating and analysing specific
frequency components of interest within a signal (Oppenheim and Schafer, 2013). Notch filters
excel in scenarios where narrow frequency bands must be targeted and eliminated, such as
filtering out 50 or 60 Hz line noise, which often poses significant interference challenges in

data analysis and signal processing tasks (McClellan et al., 2016).

The effectiveness of these filtering techniques in lung sound analysis has been demonstrated
in several studies. For instance, Skalicky et al. (2021) achieved 75% accuracy in detecting
inhalation and exhalation in high-noise environments and 95% in low-noise conditions using
appropriate filtering techniques. However, Haider et al. (2018) proposed using a Savitzky-
Golay filter for denoising lung sounds, demonstrating its effectiveness in preserving signal
characteristics while reducing noise. These studies underscore the importance of effective

noise reduction in improving the accuracy of respiratory sound analysis.

The application of advanced filtering techniques in lung sound analysis has been the subject
of recent reviews. Sfayyih et al. (2023) provided a comprehensive overview of lung disease
recognition methods using acoustic signal analysis with deep learning networks, with an
emphasis on the crucial role of pre-processing and noise reduction in improving the

classification accuracy of lung sounds.

3.3.2. Separation of lung and Heart sounds

In pulmonary auscultation audio, the lung and heart sounds can be heard. Hence in the
literature, various methods have been proposed based on blind source separation (BSS) of
heart sound separation from lung sounds. These include filter-based methods, independent
component analysis (ICA) (Pourazad et al., 2005) (Ayari et al., 2013) (Chien et a., 2006),
wavelet-based methods (Ayari et al., 2013), and non-negative matrix factorisation (NMF)
(Wang et al., 2023) (Lin and Hasting, 2013) (Grooby et al., 2010). Grooby et al. (2010)
presented an NMF-based method that effectively separates the raw sound recording into heart
and lung sound components. However, it is worth noting that ICA-based separation methods
can produce varied results due to the selection of the number of iterations and convergence
criteria, leading to uncertainties in the phase, amplitude, or ranking order of separated signals
(Sabry et al., 2024).



46

While effective, the NMF-based method faces challenges in its optimisation process. The
spectrogram of mixed signals is decomposed into two non-negative matrices, minimising the
difference between the product of these matrices and the original matrix (Wang and Zhang,
2013). However, since this minimisation process involves non-convex optimisation, the
decomposed signal can be limited to local optimal solutions, potentially reducing suboptimal

noise.

An alternative approach leverages the periodicity of heart sounds to differentiate them from
lung sounds. Ghaderi et al. (2011) applied singular spectrum analysis to locate and separate
different heart and lung sound trends. This method takes advantage of the inherent rhythmic

nature of heart sounds, providing a potentially more robust separation technique.

The debate over filtering out heart sounds from pulmonary audio remains ongoing in the
specific context of COPD classification. Heart and lung sounds exhibit overlapping
frequencies, with lung sounds typically commencing around 60Hz and extending upwards,
while heart sound frequencies span from 25Hz to 150Hz (Chien et al., 2006). The temporal

overlap of these sounds further complicates the separation process.

Sabry et al. (2024) reviewed various lung disease recognition methods using audio-based
analysis with machine learning, highlighting the ongoing challenges in separating heart
sounds from lung sounds and the impact of different filtering approaches on classification

performance.

Several studies have employed Butterworth filters for heart sound removal in COPD analysis.
Serbes et al. (2017) utilised a 12th-order Butterworth bandpass filter with a range of 120Hz to
1800Hz to remove frequencies outside this range, effectively cutting out heart sounds. iger
and Gengeg (2014) took a different approach, filtering heart and muscle sounds at a higher

rate of frequencies below 180Hz with a Butterworth filter.

Interestingly, Gregnnesby et al. (2017) initially employed a Butterworth bandpass filter but
discontinued its usage upon discerning negligible impacts on the results. This finding raises
questions about the necessity of heart sound removal in certain contexts. In contrast, Atlan et
al. (2018) filtered out frequencies below 7.5Hz with a first-order Butterworth filter and above

10kHz with an eighth-order Butterworth filter, notably not removing heart sound frequencies.

These varied approaches highlight the complexity of the filtering process in COPD
classification. While common, using Butterworth filters may introduce artefacts through
aliasing (Kandaswamy et al., 2004) or affect the phase shift, potentially compromising the

diagnostic integrity of the audio. To address these issues, some researchers have explored
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alternative methods. For instance, Riella et al. (2009) utilised an FIR filter as a high-pass filter

to reduce the introduction of aliasing in their processes for wheeze detection using STFT.

As Huang et al. (2023) discussed, recent advancements in deep learning-based lung sound
analysis have shown promise in handling noise and artefacts in lung sound recordings. Their
study on intelligent stethoscopes demonstrates how modern machine-learning techniques can

potentially overcome some of the limitations of traditional filtering methods.

3.3.3. Butterworth Filters in Pulmonary Audio Analysis

The Butterworth filter, designed to have a frequency response as flat as possible in the
passband (Butterworth, 1930), is widely used in audio processing due to its maximally flat
magnitude response in the passband and monotonic overall response (Oppenheim & Schafer,
2014). However, as an IIR filter, it can cause non-linear phase shifts in audio, potentially

distorting the signal.

In pulmonary audio analysis, the use of Butterworth filters for removing heart sounds is
debated. Heart and lung sounds exhibit overlapping frequencies, with lung sounds typically
commencing around 60Hz and extending upwards, while heart sound frequencies span from
25Hz to 150Hz (Chien et al., 20086).

Several studies have employed Butterworth filters for heart sound removal:

1. Serbes et al. (2017) used a 12th-order Butterworth bandpass filter with a range of
120Hz to 1800Hz.
icer and Gengec (2014) filtered frequencies below 180Hz.
Grgnnesby et al. (2017) initially used a Butterworth bandpass filter but discontinued
its usage upon discerning negligible impacts on the results.

4. Atlan et al. (2018) filtered out frequencies below 7.5Hz with a first-order Butterworth
filter and above 10kHz with an eighth-order Butterworth filter, not removing heart

sound frequencies.

However, the necessity of filtering out heart sounds for lung sound classifications, particularly
concerning COPD, is questioned due to the potential introduction of artefacts through aliasing
(Kandaswamy et al., 2004) or Gibb's Phenomenon (Anand Kumar, 2012), and the potential
relevance of heart sounds in capturing essential diagnostic information, particularly within the
context of COPD classification. These varied approaches to audio filtering in pulmonary sound
analysis underscore the need for careful consideration of filtering methods, particularly when

dealing with the complex acoustic characteristics of COPD.
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After the foundational signal processing techniques have been explored, a progression to the
application of advanced machine learning approaches in COPD classification, which

leverages these processed signals to extract meaningful diagnostic information.

3.4. Machine Learning in COPD Classification

Machine learning algorithms have emerged as powerful tools for analysing complex
respiratory data and classifying COPD. This section examines the most prominent machine
learning techniques employed in COPD classification, their strengths, limitations, and recent

advancements.

3.4.1. Support Vector Machines (SVM)

Support Vector Machines (SVM) have demonstrated significant efficacy in COPD
classification. SVM construct a hyperplane in a high-dimensional space that optimally
separates different classes (Cortes & Vapnik, 1995). Altan et al. (2019) explored the use of
different kernel functions in SVMs for this purpose. In their study on COPD classification, they
found that a polynomial kernel achieved the highest accuracy of 93.67%, outperforming linear
and radial basis function (RBF) kernels. However, SVM face challenges in handling large-

scale datasets and selecting optimal kernel functions (Hsu et al., 2003).

3.4.2. Artificial Neural Networks (ANN)

Artificial Neural Networks (ANN) have gained prominence in COPD classification due to their
ability to model complex, non-linear relationships in respiratory data. Artificial Neural Networks
(ANNs) have been explored to classify respiratory patterns. Sanchez Morillo et al. (2013)
applied a multilayer perceptron (MLP) neural network. Their study involving COPD patients
achieved an accuracy of 93.2% in distinguishing between normal and pathological respiratory
patterns, demonstrating the potential of ANNSs in this context. Despite their powerful modelling
capabilities, ANNs often require large datasets for effective training and can be prone to

overfitting, particularly with limited data (Srivastava et al., 2014).

3.4.3. Convolutional Neural Networks (CNN)

Convolutional Neural Networks have shown varied results in respiratory sound analysis, with
studies reporting accuracies with a range from 58.3% to 95.10% (Bardou et al., 2018; Nguyen
and Pernkopf, 2022). These studies highlight the potential of CNNs in the capture of complex
features from respiratory sounds, whilst there is the need for larger, more diverse datasets

required by these models.
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3.4.4. Hybrid Deep Learning Approaches

To extend CNN's ability Papadakis et al. (2023) proposed AusculNET, a deep learning
framework that integrates CNNs and Long Short-Term Memory (LSTM) networks for
adventitious lung sound classification. When tested on the ICBHI database, AusculNET
achieved an accuracy of 53%. In contrast, Nguyen and Pernkopf (2022) employed a ResNet-
50 model to classify healthy and unhealthy lung sounds, achieving a slightly higher accuracy
of 58.3%.

The AusculNET framework represents an innovative approach by combining CNNs, which
excel at spatial feature extraction, with LSTMs, which are adept at capturing temporal
dependencies in sequential data. This hybrid architecture aims to provide a more
comprehensive analysis of respiratory sounds compared to single-architecture models.
However, the lower accuracy achieved by AusculNET compared to the ResNet-50 model
suggests that the integration of multiple architectures may not always lead to improved

performance.

On the other hand, Chambres et al. (2023) proposed an innovative two-stage approach for
detecting respiratory diseases using lung sound analysis. Their method first employs a
boosted decision tree model to classify individual respiratory cycles based on the presence of
adventitious sounds (crackles, wheezes, or both). This micro-level classification achieved an
accuracy of approximately 49%, comparable to previous state-of-the-art methods. The novelty
of their approach lies in the subsequent macro-level analysis, where they aggregated the
micro-level predictions to classify patients as either healthy or sick. This patient-level
classification remarkably improved the accuracy to 85%. The study utilised the ICBHI 2017
Challenge database, comprising 920 recordings from 126 subjects. The micro-level
classification faced challenges due to the complex nature of respiratory sounds and dataset
imbalances. However, the macro-level approach demonstrated the potential of considering
overall patient trends rather than isolated respiratory cycles. This research highlights the
importance of contextualising individual acoustic events within a broader patient-level
framework, potentially offering a more robust method for respiratory disease detection in

clinical settings.

These studies collectively underscore the evolving nature of deep learning applications in
respiratory sound analysis. The exploration of hybrid models and advanced architectures
reflects the field's recognition of the need for more nuanced approaches to capture the

complex nature of lung sounds in various respiratory conditions, including COPD.
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3.4.5. Random Forests

Random Forests, an ensemble learning method, have shown promise in COPD classification
due to their robustness and ability to handle high-dimensional data. Amaral et al. (2017)
employed Random Forests for COPD severity classification based on spirometry and CT scan
features, achieving an accuracy of 88.9% in distinguishing between different COPD severity
levels. While Random Forests offer interpretability and robustness, they may struggle with
highly correlated features and can be computationally intensive for extensive datasets
(Genuer et al., 2010).

As machine learning techniques evolve, researchers are increasingly exploring hybrid models
and advanced architectures to capture the nuanced characteristics of lung sounds in various
respiratory conditions, including COPD. This exploration has led to the development of more
sophisticated statistical methods for respiratory sound analysis, which complement and

enhance the capabilities of machine learning algorithms.

3.5. Statistical Methods in Respiratory Sound Analysis

Building upon the machine learning approaches discussed previously, the analysis of
respiratory sounds, particularly adventitious sounds such as crackles, rhonchi, and wheezes,
has been a focus of numerous studies that employ various statistical features and
methodologies. This section examines the technical approaches used in recent research for
classifying and characterising lung sounds, which often serve as inputs for the machine

learning models described earlier,

3.5.1. Mel-Frequency Cepstral Coefficients (MFCC)

One of the most widely used statistical methods in respiratory sound analysis is the Mel-
Frequency Cepstral Coefficients (MFCC). MFCCs have been extensively employed to
represent the short-term power spectrum of respiratory sounds. These coefficients are
particularly effective in capturing the spectral characteristics of different lung sounds, which
include normal and adventitious sounds. Rocha et al. (2017) demonstrated that statistical
features could perform comparably to MFCCs in cough detection, suggesting their potential

utility in respiratory sound analysis and compatibility with various machine-learning algorithms.

3.5.2. Hjorth Parameters and Fractal Dimensional Analysis

Expanding on the use of MFCCs, researchers have also employed Hjorth parameters and
fractal dimensional analysis, including Higuchi's and Katz's methods, to quantify the
complexity of respiratory signals (Rizal et al., 2017) (Rizal et al., 2023) (Aras and Gangal,
2017). These techniques provide additional insights into the nature of lung sounds that

complement the spectral information captured by MFCCs. Aras et al. (2017) conducted a
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thorough investigation into MFCC and Hjorth parameters for lung sound recognition,
emphasising the importance of signal filtering in improving classification accuracy. This work
highlights the synergy between advanced statistical methods and the signal-processing

techniques essential for practical respiratory sound analysis.

3.5.3. Welch Method and Singular Spectrum Analysis
Other methods employed are the Welch method and the Singular Spectrum Analysis (SSA),

which are notable methods for extracting meaningful features from respiratory sounds.

The Welch method, developed by Peter D. Welch, is an approach for estimating power
spectral density. It involves dividing a time signal into successive, often overlapped segments,
computing the periodogram for each segment, and take the average of these periodograms
(Welch, 1967). This technique is particularly effective for estimating the power of a signal at
different frequencies, reducing noise in the estimated power spectra at the cost of reduced

frequency resolution.

SSA s a time series analysis and forecasting technique that decomposes a time series into a
sum of interpretable components such as trends, seasonal variations, and noise (Tomé et al.,
2018). This method is advantageous in respiratory sound analysis as it can help isolate
specific sound signal components, potentially separating normal breath sounds from

adventitious ones.

A combination of these methods by iger and Gengeg (2014) utilised the Welch method and
SSAin their research on respiratory sounds. Their work emphasised the significance of feature
selection, focusing on frequency ratios and eigenvalues, which enhanced classification

accuracy in distinguishing between crackles and rhonchi.

3.5.4. Non-linear Feature Extraction
With a focus on the non-linearity of lung sounds, Serbes et al. (2017) employed a different
methodology, focusing on non-linear feature extraction techniques and signal band splitting.
They applied a resonance-based decomposition method capable of representing transient
(crackle), oscillatory (wheeze), and noise components in separate channels. This approach
was based on the recognition that the frequency ranges of different lung sound types often

overlap, and the location of adventitious sounds within a signal is typically unknown.

The methodology involved a non-linear resonance-based wavelet decomposition to separate
lung sounds into three channels: high resonance (wheeze), low resonance (crackle), and
residual (noise). Following this decomposition, they applied an STFT to each channel,
integrating the resulting time-frequency distribution over time to capture the discriminative

frequency characteristics of different lung sound types.
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Serbes et al. incorporated statistical and spectral features derived from the wavelet
coefficients, including measures such as mean, skewness, kurtosis, standard deviation,
minimum, and maximum of the decomposed wavelet coefficients, linear energy, non-linear
Teager-Kaiser energy, and entropy of the wavelet coefficients. This comprehensive approach
to feature extraction aimed to capture a wide range of discriminative characteristics within the
dataset. This progression in analytical approaches leads us to consider more sophisticated

methods for identifying the most relevant characteristics within respiratory audio signals.

3.5.5. Feature Selection Methodologies

Don (2020) focused on feature selection methodologies, specifically Sequential Forward
Selection (SFS) and Random Subset Feature Selection (RSFS). SFS is a wrapper-based
algorithm that iteratively adds features to an empty set, while RSFS selects random subsets
of features for analysis. Despite working with a limited dataset, Don achieved competitive
classification results for normal and abnormal breathing audio, with F-measures of up to 94.1%

using SVM, K-Nearest Neighbours (KNN), and Naive Bayes models.

Whilst these diverse signal processing techniques and feature extraction methodologies have
significantly enhanced respiratory sound analysis, ongoing research aims to address
persistent challenges such as overlapping frequency ranges and dataset imbalances. The
evolution of these methodologies has paved the way for more sophisticated approaches to
COPD classification and severity assessment, which are crucial for improving patient

outcomes and healthcare efficiency.

3.6. Automatic COPD Classification and Severity
Assessment

The advancement of computer-assisted medical science has significantly enhanced the
diagnostic capabilities for respiratory diseases, particularly COPD. This section critically
examines and compares the technical approaches employed in recent research for classifying
COPD and assessing its severity, focusing on audio-based identification methods and where

it sits in the broader context of COPD classification.

3.6.1. Machine Learning Approaches for COPD
Classification

The automatic identification of COPD using lung sounds has emerged as a promising area of

research, leveraging advanced signal processing and machine learning methods. This

approach offers the potential for non-invasive, efficient diagnosis and monitoring of COPD

progression.
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Several studies have demonstrated the efficacy of various techniques in COPD classification.
Altan et al. (2018) introduced a novel method using a second-order difference plot (SODP)
and DBN for COPD classification. Inspired by chaos theory, this approach provides a nonlinear
analysis of lung sounds, offering a means to distinguish between different COPD stages. In
contrast, Naqvi and Choudhry (2020) developed an automated system for classifying COPD,
healthy, and pneumonia patients using lung sound analysis, employing advanced signal

processing techniques and Adaptive Synthetic Sampling (ADASYN) to balance the dataset.

The 3d-SODP method employed by Altan et al. (2018) highlights the potential of 3d-SODP for
feature extraction and visualisation, which is crucial for accurate COPD identification. This
approach aligns with the work of Serbes et al. (2017), who utilised a resonance-based
decomposition method to separate lung sounds into distinct channels, demonstrating the
value of advanced signal processing in capturing the complex characteristics of COPD

acoustics.

The integration of clinical data with machine learning for COPD identification has shown
promising results. This approach is exemplified by Amaral et al. (2012), who developed a
neural network classifier using pulmonary function test measurements and clinical data.
Similarly, Fernandez-Granero et al. (2018). proposed a machine learning model for early
detection of COPD exacerbations using respiratory sounds, achieving a 75.80% accuracy
rate. This study demonstrates the feasibility of using machine learning for monitoring COPD

progression, emphasising the importance of continuous monitoring in managing the disease.

These studies demonstrate the potential of combining acoustic analysis with machine learning
and clinical data for COPD diagnosis and monitoring. However, the variability in methodologies
and results suggests that further research is needed to establish standardised, reliable
approaches for automatic COPD identification using lung sounds. Whilst machine learning
approaches have demonstrated considerable promise in COPD classification, it is essential to
examine the underlying acoustic properties that form the basis of these analytical methods.
While machine learning techniques offer powerful tools for COPD classification, their
effectiveness is underpinned by the distinct acoustic properties associated with the disease.
Now with the examination of these unique characteristics better to understand the basis for

automated COPD detection and classification.

3.6.2. Acoustic Properties of COPD

The literature reveals that COPD patients exhibit distinct respiratory sound patterns,
particularly characterised by adventitious lung sounds such as crackles and wheezes. These
abnormal breath sounds provide valuable insights into the pathophysiological changes
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occurring within the airways of COPD patients when analysed using advanced signal

processing techniques.

Several studies have highlighted the correlation between the frequency and intensity of
crackles and the severity of COPD. Kahya et al. (2001) and Bahoura and Lu (2006) effectively
isolated and identified crackles using wavelet transforms, demonstrating their distinct acoustic
properties. These findings align with the work of Serbes et al. (2017), who employed a
resonance-based decomposition method to separate lung sounds into high resonance
(wheeze), low resonance (crackle), and residual (noise) channels, further supporting the

distinctive nature of COPD acoustic patterns.

The presence of wheezes has been consistently associated with airflow limitation and
bronchial hyperresponsiveness. Taplidou and Hadjileontiadis (2007) employed STFT for their
time-frequency wheeze detection method, which demonstrates its ability to detect various lung
breathing features. Taplidou and Hadjileontiadis (2007) report a higher prevalence of wheezes
in COPD patients than in healthy individuals, particularly during forced expiratory manoeuvres.
Having established the unique acoustic characteristics of COPD, it is imperative to explore the
signal-processing techniques that enable the extraction and analysis of these distinctive sound

patterns.

Where the distinctive acoustic features of COPD have been established, an exploration of the
specific signal processing techniques has now been developed to capture and analyse these

characteristics for accurate COPD classification.

3.6.3. Signal Processing Techniques for COPD
Classification

Serbes et al. (2017) successfully separated lung sounds into distinct channels using

resonance-based decomposition. However, Chen et al. (2015) reported significant overlap in

the acoustic features of different respiratory conditions. This discrepancy indicates the need

for further research to establish methods for isolating and characterising COPD-specific

acoustic features.

The application of advanced signal processing and machine learning algorithms has shown
promise to enhance the accuracy of COPD diagnosis and monitoring. High accuracy rates
have been reported in distinguishing COPD patients from healthy subjects using features
extracted from lung sound recordings. However, variability in the specific features and
classification methods employed across studies suggests a need for standardisation to ensure
consistency and reliability in diagnostic outcomes. Although signal processing techniques

provide the foundation for acoustic analysis, the ultimate goal is accurate COPD classification.
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With a comprehensive understanding of the signal processing techniques employed in COPD
analysis, a shift of focus on the broader landscape of automatic machine COPD classification

methods, examining various approaches and their efficacy in clinical applications.

3.6.4. COPD Classification

The automatic identification of COPD using lung sounds has emerged as a promising area of
research, leveraging advanced signal processing and machine learning methods. This
approach offers the potential for non-invasive, efficient diagnosis and monitoring of COPD
progression. However, the studies reviewed demonstrate considerable variation in dataset

sizes, which may significantly influence the reliability and generalisability of their findings.

Isik et al. (2015) took a different approach, using ANN for COPD classification. Their dataset
comprised 15 variables from 507 patients across four COPD severity levels. Using a MATLAB
implementation with two hidden layers and a 5-fold cross-validation method, they achieved an
impressive 99% accuracy rate. This substantial sample size likely contributed to their high
accuracy rate in COPD classification. However, the authors did not specify the distribution of
samples across training and testing sets, which is crucial for assessing the model's
generalisability. Moreover, the study did not specify the nature of the 15 variables that limit its

reproducibility and potential clinical application.

Several studies employed innovative techniques to address the challenges of limited dataset
sizes, a common issue in medical research. Bardou et al. (2018) demonstrated a particularly
noteworthy approach to dataset augmentation. Starting with just 15 audio samples from the
R.A.L.E. Lung Sounds dataset, they employed data augmentation techniques, including
spectrogram cropping and vocal tract length perturbation (VTLN), to significantly expand their
dataset. This approach led to improved model performance, with accuracy increasing from
93.26% to 95.10% after data augmentation.

The literature reveals that COPD patients exhibit distinct respiratory sound patterns,
particularly characterised by adventitious lung sounds such as crackles and wheezes. These
abnormal breath sounds provide valuable insights into the pathophysiological changes
occurring within the airways of COPD patients when analysed using advanced signal
processing techniques.

Kahya et al. (2001) and Bahoura and Lu (2006) effectively isolated and identified crackles
using wavelet transforms, demonstrating their distinct acoustic properties. These studies
focused on the time-frequency characteristics of crackles, highlighting their potential as

biomarkers for COPD diagnosis and severity assessment.
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Taplidou and Hadjileontiadis (2007) employed the Short-Time Fourier Transform (STFT) for
their time-frequency wheeze detection method, demonstrating its ability to detect various lung
breathing features. Their work reported a higher prevalence of wheezes in COPD patients
than in healthy individuals, particularly during forced expiratory manoeuvres. This finding
aligns with the physiological changes associated with COPD, where airway narrowing leads

to increased wheeze production.

Serbes et al. (2017) employed a resonance-based decomposition method to separate lung
sounds into high resonance (wheeze), low resonance (crackle), and residual (noise) channels.
This approach provided a more nuanced analysis of COPD acoustic patterns that allows for
the simultaneous examination of multiple adventitious sound types. Their method accurately

distinguished between different respiratory conditions, which includes COPD.

These studies demonstrate differences in methodologies and approaches for the identification

of COPD and take the review further to explore the literature on COPD severity classification.

3.6.5. COPD Severity Classification

The classification of COPD severity using lung sounds has emerged as a critical component
in personalised treatment and management of the disease. This approach leverages
advanced signal processing techniques and machine learning algorithms to analyse
respiratory acoustics, potentially offering a non-invasive method for assessing COPD
progression. However, recent research has also explored alternative methods, incorporating

a broader range of data types and analytical approaches.

Roy and Satija (2022) made significant strides in COPD severity classification using a novel
Mel-spectrogram snippet representation learning framework. Their study utilised the
Respiratory Database @TR, which comprises 12-channel lung sound recordings from COPD
patients at various severity levels. While the exact number of samples was not explicitly stated,
the dataset included recordings from five different COPD severity levels. The researchers
employed a sophisticated approach involving the pre-processing of lung sounds, generation
of Mel-spectrogram snippets, and fine-tuning of a pre-trained YAMNet model. This method
achieved remarkable accuracies of 99.25% for binary classification (COPD vs non-COPD)
and 96.14% for multi-class COPD severity classification. The study's strength lies in its
innovative use of deep learning techniques tailored for audio data, demonstrating the potential
of transfer learning in respiratory sound analysis. However, the utilisation of a specialised
database recorded at a single hospital may limit the model's applicability to diverse clinical

settings.
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Altan et al. (2018) conducted a comprehensive study on COPD severity classification using
the Respiratory Database @TR, which comprises 12-channel lung sound recordings from
COPD patients at various severity levels. Their research employed a novel approach using
the 3D Second-Order Difference Plot (3D-SODP) method combined with a DBN classifier.

The study acknowledged the GOLD classification system, which grades COPD severity into
five stages (COPDO to COPD4) based on FEV1% and FEV1/FVC ratios. However,
recognising the challenges of classifying all five GOLD stages using only lung sounds, the

researchers focused on broader severity categories.

Altan et al. (2018) categorised COPD severity into clinically common grades: mild COPD,
moderate COPD, and severe COPD. Their model achieved high classification performance
for distinguishing between mild COPD and moderate + severe COPD, as well as between
moderate COPD and severe COPD. The study effectively differentiated between COPD-0
(Symptomatic/at risk of COPD) and COPD-4 (Very Severe) stages, providing valuable insights

into the acoustic differences between the early and advanced stages of COPD.

The researchers achieved an accuracy of 95.84% for binary classification (COPD vs non-
COPD) and 94.31% for multi-class severity classification. These results demonstrate the
potential of their approach in assisting clinicians with preliminary diagnosis of COPD severity

using lung sound analysis.

It is important to note that while Altan et al. (2018) made significant strides in COPD severity
classification using lung sounds, the challenges of classifying all GOLD stages (0 to 4) with

acoustic data remain.

Both studies demonstrate the potential of advanced signal processing and machine learning
techniques in COPD severity classification using respiratory sounds. However, they also
highlight the need for larger, more diverse datasets to enhance these approaches'
generalisability and clinical applicability. The high accuracies achieved by both studies suggest
that acoustic analysis of lung sounds could become a valuable tool in COPD diagnosis and
severity assessment, potentially offering a non-invasive and cost-effective method for

monitoring disease progression.

In contrast to these acoustic-based approaches, Cheplygina et al. (2017) focused on
extracting features from CT images to classify COPD severity, utilising support vector
machines and achieving an accuracy rate of 77.60%. Moghadas-Dastjerdi et al. (2017)
expanded on this approach by analysing lung CT images with spirometry metrics, using a

Naive Bayes classifier to improve accuracy to over 84%. These studies highlight the potential
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benefits of incorporating multiple data types in severity classification, although they do not

directly utilise acoustic data.

Newandee et al. (2003) took yet another approach, achieving high performance in COPD
severity classification through the application of Principal Component Analysis (PCA) on
historical medical and physiological data. This study underscores the importance of integrating
multiple physiological signals for a comprehensive COPD severity assessment, demonstrating

the potential of data reduction techniques in improving classification accuracy.

A recent study by Moslemi et al. (2024) in the CanCOLD study employed a novel approach
using Sparse Subspace Learning for COPD severity classification. Their methodology focused
on predicting healthcare utilisation in COPD patients, utilising a two-step hybrid feature
selection method that combined sparse subspace learning with nonnegative matrix
factorisation and a genetic algorithm. This approach achieved 82% = 3% accuracy in
predicting subsequent healthcare utilisation, significantly outperforming seven commonly used
feature selection methods. The study's use of quantitative CT lung imaging, alongside
demographic and lung function measurements, highlights the potential of integrating multiple

data types for improved COPD severity assessment and prediction of clinical outcomes.

The variation in dataset sizes and handling techniques across studies has notable implications
for their results' interpretation and clinical applicability. Larger datasets, such as those used
by Isik et al. (2015) and Moslemi et al. (2024), generally provide more robust and generalisable
results. However, the lack of detail regarding the train-test split in some studies makes it

challenging to assess the true performance of their models on unseen data.

Furthermore, Data quality is crucial for effective automatic COPD severity classification
models. Accurate, complete, and consistent data are essential for reliable models, as poor
quality can lead to biased results regardless of dataset size. Researchers must prioritise
quantity and quality, employing proper preprocessing, standardisation, and validation
techniques, for data fidelity (Natarajan et al., 2017) to maintain data integrity and validity, and

model reliability.

Studies utilising smaller or more specialised datasets, such as Roy and Satija (2022) and Altan
et al. (2018), demonstrate the potential of advanced signal processing and machine learning
techniques in maximising the value of limited data. However, the high accuracies reported in
these studies should be interpreted cautiously, as they may not fully reflect performance in

diverse clinical settings.

The data augmentation approach demonstrated by Bardou et al. (2018) offers a promising

solution to the challenge of limited datasets in medical audio analysis. Artificially expanding
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the dataset potentially improves model robustness and generalisability. However, it is crucial
to ensure that augmented data accurately represents the variability present in real-world

clinical scenarios.

As research in COPD severity classification progresses, addressing the challenges posed by
limited datasets remains critical. Future studies should prioritise the collection of larger, more
diverse datasets to enhance the robustness and clinical applicability of developed models.
Additionally, transparent reporting of dataset composition, including train-test splits and
augmentation techniques, is essential for accurate interpretation of results and comparison

across studies.

The variability in methodologies and data types used across these studies reflects the complex
nature of COPD and the challenges in developing a standardised approach to severity
classification. While acoustic-based methods show promise, particularly in terms of non-
invasive assessment, the integration of multiple data types (e.g., CT images, spirometry
metrics, and clinical data) may provide a more comprehensive evaluation of COPD severity,

as demonstrated by Moslemi et al. (2024).

The diversity of approaches and results in COPD classification and severity assessment
highlights several gaps in the current knowledge base. These gaps present further research
and development opportunities in COPD diagnosis and monitoring, encompassing audio-
based methods and broader multimodal approaches. The following section will bring the
knowledge together and explain critical insights. The multifaceted approaches to COPD
classification and severity assessment discussed thus far underscore the complexity of the

disease and the challenges inherent in its diagnosis and management.

With the examination of various approaches to COPD Classification and severity assessment,
it is essential to synthesise these findings to identify overarching trends, challenges, and

opportunities in the field.

3.7.Literature Synthesis

The comprehensive literature review regarding COPD acoustics reveals several pivotal
findings that significantly contribute to the comprehension of the disease's acoustic properties.
This synthesis aims to consolidate these findings to highlight the field's key themes,

methodological approaches, and challenges.

3.7.1. Distinct Acoustic Patterns in COPD

COPD patients exhibit distinct respiratory sound patterns, characterised by adventitious lung

sounds such as crackles and wheezes. When analysed using advanced signal processing
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techniques, such as wavelet transforms or spectrogram analysis, these abnormal breath
sounds provide valuable insights into the pathophysiological changes occurring within the
airways of COPD patients (Serbes et al., 2017). The literature demonstrates a strong
correlation between the frequency and intensity of crackles and the severity of COPD. Kahya
et al. (2001) and Bahoura and Lu (2006) effectively isolated and identified crackles using
wavelet transforms, highlighting their distinct acoustic properties. Patients with more advanced
stages of COPD tend to produce a higher number of crackles, often described as 'coarse' in
nature. This finding aligns with the work of Altan et al. (2018), who used 3D statistical features
for COPD severity classification, and Grgnnesby et al. (2017), who explored the acoustic
characteristics of COPD patients. These studies collectively suggest that the progressive
deterioration of lung tissue and airway obstruction associated with COPD manifests

acoustically in a quantifiable manner.

3.7.2. Wheezes and Airflow Limitation

Wheezes, another prominent acoustic feature in COPD, have been consistently associated
with airflow limitation and bronchial hyperresponsiveness, an exaggerated airway response to
various stimuli. The literature reports a higher prevalence of wheezes in COPD patients than
in healthy individuals, particularly during forced expiratory manoeuvres (Taplidou and
Hadjileontiadis, 2007). Interestingly, some studies have noted that the absence of wheezes in
severe COPD cases may indicate minimal airflow, highlighting the complex relationship
between acoustic parameters and disease severity (Grgnnesby et al., 2017). This observation
aligns with the findings of Serbes et al. (2017), who employed a resonance-based
decomposition method to separate lung sounds into high resonance (wheeze), low resonance
(crackle), and residual (noise) channels, acknowledging the complex nature of these acoustic

phenomena.

3.7.3. Crackles and Structural Changes

Crackles, a type of adventitious lung sound, have emerged as crucial acoustic indicators of
lung structural changes and airflow limitations in COPD patients. These discontinuous,
explosive sounds provide valuable insights into the pathophysiological alterations occurring
within the airways and lung parenchyma of individuals with COPD. The literature demonstrates
a strong correlation between the characteristics of crackles and the severity of COPD. Kahya
et al. (2001) and Bahoura and Lu (2006) effectively isolated and identified crackles using
wavelet transforms, highlighting their distinct acoustic properties. These studies found that
patients with more advanced stages of COPD tend to produce a higher number of crackles,
often described as 'coarse’ in nature. This finding aligns with the work of Serbes et al. (2017),

who employed a resonance-based decomposition method to separate lung sounds into high
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resonance (wheeze), low resonance (crackle), and residual (noise) channels, acknowledging

the complex nature of these acoustic phenomena.

The analysis of crackles presents unique challenges due to their non-stationary and transient
nature. Wavelet transforms have proven particularly effective in the capture of these
characteristics. Kandaswamy et al. (2004) demonstrated the efficacy of wavelet transforms in
lung sound analysis, achieving an accuracy of 92% using an ANN fed with wavelet-based
features. This approach allows for the detailed examination of crackles' time-frequency

characteristics, providing insights into the underlying structural changes in the lungs.

The presence and characteristics of crackles in COPD patients reflect the progressive
deterioration of lung tissue and airway obstruction. Fine crackles are associated with
reopening previously closed small airways, while coarse crackles indicate more severe
structural changes and increased airflow limitations. This interpretation is supported by the
findings of Altan et al. (2018), who used 3D statistical features for COPD severity classification,

and Grgnnesby et al. (2017), who explored the acoustic characteristics of COPD patients.

The understanding of crackles in COPD has evolved from simple acoustic observations to
quantifiable indicators of disease progression. Early studies focused on the mere presence of
crackles, while recent research, such as that conducted by Naqvi and Choudhry (2020), has
employed advanced signal processing techniques to extract detailed statistical features from
these sounds. This evolution reflects a more nuanced understanding of how crackles

represent the underlying pathophysiology of COPD.

3.7.4. Advanced Signal Processing Techniques

The application of advanced signal processing techniques has significantly enhanced the
analysis of COPD acoustics. Techniques such as FFT, STFT, wavelet transforms, MFCC,
EMD, and the HHT have all demonstrated efficacy in identifying and classifying COPD-related
acoustic features. Each method offers unique strengths; for instance, wavelet transforms and
EMD are particularly adept at handling non-linear and non-stationary lung sounds. MFCCs
align closely with human auditory perception, potentially mimicking clinical diagnostic
processes. Serbes et al. (2017) successfully employed wavelet transforms for lung sound
analysis, while Chen et al. (2014) demonstrated the effectiveness of HHT in analysing

crackles. However, there are still challenges in lung sound acoustic analysis.

3.7.5. Challenges in Acoustic Analysis
Despite these advancements, significant challenges remain in COPD acoustic analysis. The
inherently sparse and individually unique nature of the adventitious lung sounds in COPD

poses a significant challenge in analysis and classification. These sounds exhibit
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characteristics that share statistical relationships akin to natural sounds, such as rainfall,
which necessitates sophisticated statistical approaches to capture the underlying patterns
(Hadjileontiadis, 2022). Furthermore, the non-linear nature of lung sounds adds another layer
of complexity to their analysis, requiring advanced signal processing techniques to represent
and interpret these acoustic phenomena. Furthermore, a challenge includes the presence of
background noise, heart sounds, and variability in recording conditions. This complexity
underscores the need for continued research into novel analytical approaches tailored to the

unique characteristics of lung and COPD acoustics.

3.7.6. Machine Learning and Classification

The application of machine learning algorithms to respiratory sound analysis has yielded
promising results in COPD diagnosis and monitoring. Several studies have reported high
accuracy rates in distinguishing COPD patients from healthy subjects using features extracted
from lung sound recordings. These algorithms typically incorporate a combination of time-
domain, frequency-domain, and statistical parameters to characterise the acoustic properties
of COPD. For instance, Altan et al. (2018) achieved high accuracy using a DBN classifier,
while Naqgvi and Choudhry (2020) developed an automated system using statistical features
from advanced signal processing techniques. However, variability in the specific features and
classification methods employed across different studies suggests a need for standardisation

to ensure consistency and reliability in diagnostic outcomes.

3.7.7. Deep Learning and Classification

While deep learning models have shown remarkable efficacy in COPD acoustic analysis, they
have limitations. Srivastava et al. (2014) noted that ANNs often require large datasets for
practical training and can be prone to overfitting, particularly with limited data. This challenge
is echoed in the work of Nguyen and Pernkopf (2022), who achieved a modest accuracy of
58.3% using a ResNet-50 model for classifying healthy and unhealthy lung sounds. These
findings underscore the ongoing challenges in developing robust deep-learning models for

COPD acoustics, mainly when dealing with limited or imbalanced datasets.

The field has seen a progression from traditional ANNs to more sophisticated architectures.
While Sanchez Morillo et al. (2013) achieved high accuracy with an MLP network, later studies
like Bardou et al. (2018) and Nguyen and Pernkopf (2022) explored more complex CNN
architectures. Papadakis et al. (2023) proposed AusculNET, a hybrid framework integrating
CNNs and LSTMs. However, the modest accuracy of 53% achieved by AusculNET on the
ICBHI database suggests that increased model complexity does not always translate to

improved performance.
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The evolution of deep learning approaches in COPD acoustic analysis reflects a growing
recognition of the need for more nuanced methodologies. From the early success of MLPs to
the exploration of CNNs and hybrid architectures, researchers have continually sought to
develop models capable of capturing the complex nature of lung sounds. However, the

variability in accuracy across different studies highlights the ongoing challenges in this field.

3.7.8. COPD Severity Classification

The classification of COPD severity using acoustic analysis has emerged as a critical area of
research, offering the potential for non-invasive and accurate assessment of disease
progression. This approach leverages advanced signal processing techniques and machine
learning algorithms to analyse respiratory acoustics, potentially providing a more nuanced

understanding of COPD severity than traditional spirometry-based methods.

The variability in methodologies and results across these studies highlights the complex nature
of COPD severity classification. While Altan et al. (2018) focused on acoustic features,
Cheplygina et al. (2017) and Dastjerdi et al. (2017) incorporated imaging data, each approach
offering unique insights into disease progression. This diversity in methodologies suggests
that a multifaceted approach to COPD severity classification, incorporating acoustic, imaging,

and functional data, may yield the most comprehensive and accurate assessments.

The field has progressed from binary classification models to more nuanced approaches
attempting to distinguish between multiple COPD stages. Roy and Satija (2022) advanced this
concept by classifying COPD severities into extreme categories using a variational mode
decomposition method. Their approach, which involved separating audio into overlapping
segments and the application of EMD methods, achieved impressive classification accuracies
of 97% using a combination of SVM, KNN, decision trees, and neural networks. This high
accuracy suggests the potential of advanced signal processing techniques in capturing subtle

acoustic differences between COPD severity levels.

The evolution of COPD severity classification methods reflects a growth in recognition of the
disease's complexity. Early studies focused on binary classifications, while more recent work,
such as that by Newandee et al. (2003), has explored the use of Principal Component Analysis
(PCA) on historical medical and physiological data. This shift towards incorporating diverse
data types and advanced analytical techniques demonstrates the field's progression towards

more sophisticated and potentially more accurate severity classification models.

3.7.9. Future Directions and Challenges
While significant progress has been made in understanding the acoustic properties of COPD,

challenges remain in standardising methodologies and improving the accuracy of severity
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classification. The field would benefit from a balanced approach that leverages the strengths
of machine learning and mathematical models whilst prioritising the development of accurate
and interpretable models that can effectively handle the unique characteristics of COPD

acoustic data.

Furthermore, dataset sizes and composition vary considerably across studies, ranging from
large datasets like Isik et al. (2015) with 507 patients to smaller, specialised datasets used in
acoustic studies. This variability underscores the need for larger, more diverse datasets to

enhance the robustness and generalisability of developed models.

Future research directions should focus on developing novel signal processing techniques
tailored to the specific challenges of COPD acoustics and exploring models that combine the
interpretability and pattern recognition capabilities of machine-learning and mathematical

models.

The literature synthesis reveals that while significant strides have been made in understanding
and analysing the acoustic properties of COPD for identification and classification, there
remains substantial scope for advancement. The integration of advanced signal processing
techniques, machine learning algorithms, deeper mathematical understanding and clinical
expertise holds promise for the development of more accurate, scalable, non-invasive
diagnostic and monitoring tools for COPD. For this, a focus is placed on the identification of

knowledge gaps for new research endeavours.

3.8. Identification of Knowledge Gaps

The comprehensive literature review in COPD acoustics has revealed significant
advancements in understanding the disease's acoustic properties. However, several critical
gaps in knowledge have been highlighted that warrant further investigation. These gaps
present opportunities for future research to enhance the accuracy and clinical applicability of

acoustic-based COPD diagnosis and severity classification.

3.8.1. Phase Analysis in Signal Processing

Often overlooked in traditional signal analysis, the phase component has emerged as a critical
element in advanced signal processing techniques. Oppenheim and Lim (1981) demonstrated
the pivotal role of phase information in signal reconstruction and perception. Their research
revealed that under certain conditions, primarily when the magnitude spectrum is known or
assumed to be constant, a signal's phase information alone can preserve the temporal location

of events and enable accurate signal reconstruction.
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Recent research has further emphasised the importance of phase analysis in signal
processing. Wang et al. (2022) proposed an amplitude-phase-form detection scheme for high-
order modulations in wireless communications, highlighting the critical role of phase
information in improving transmission reliability. Liu et al. (2023) demonstrated the use of
phase-amplitude coupling in near-infrared spectroscopy signals for monitoring the depth of
anaesthesia, showcasing the broader applications of phase analysis in medical signal

processing.

Each component is inherently characterised by its magnitude and phase in the frequency
domain. The magnitude spectrum determines the strength of each frequency component,
while the phase spectrum dictates their temporal relationships. This interplay between phase
and magnitude is fundamental to preserving the signal's temporal and spectral characteristics
(Boashash, 2015).

In pulmonary auscultation, where audio signals are inherently non-stationary, phase
information becomes invaluable for localising changes within the audio signal during analysis
and for the precise reconstruction of time-varying signals. The ability to accurately reconstruct
signals is crucial in medical applications where preserving the integrity of the original signal is

paramount for diagnostic accuracy (Reichert et al., 2008).

3.8.2. Pulmonary Audio-Compressed Features

One area requiring further attention is the application of compression techniques for feature
extraction and reconstruction in COPD acoustic analysis. While compression techniques have
demonstrated efficacy in preserving information while reducing data dimensionality, their
specific application to COPD acoustics across various severity levels remains underexplored.
Oletic and Bilas (2018) demonstrated the potential of compressive sensing (CS) algorithms
such as Orthogonal Matching Pursuit (OMP) and CoSaMP for efficient data compression and
reconstruction in wheeze detection. However, there is a notable gap in research exploring

similar compression techniques specifically for COPD acoustic analysis.

The potential impact of pulmonary audio compression on COPD identification could be
significant, affecting data storage and transmission capabilities as COPD datasets grow. This,
in turn, could influence remote monitoring and timely treatment strategies. Further research is
needed to explore the effectiveness of compressed sensing methods for the classification and
identification of respiratory conditions, particularly in distinguishing COPD from healthy and

other respiratory conditions.
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3.8.3. Pulmonary Audio Reconstruction

The reconstruction of pulmonary audio from extracted or compressed features has not been
a significant research focus in respiratory sound analysis. Whilst considerable attention has
been given to feature extraction and classification methods, as evidenced by the extensive
literature on signal transforms and machine learning approaches discussed earlier in this
chapter, the reverse process of reconstructing the original audio signal from these features

remains largely unexplored.

A few studies have touched upon this area, albeit tangentially. For instance, the work on EMD
by Riella et al. (2009) and the HHT by Reyes et al. (2014) provides some insights into signal
decomposition and reconstruction. However, these methods primarily focus on noise reduction

and feature extraction rather than full signal reconstruction from a compressed representation.

As mentioned earlier, CS offers potential avenues for signal reconstruction. However, its
application to pulmonary audio reconstruction has been limited. The challenge lies in ensuring
that the extracted features encapsulate the majority of the audio information whilst allowing
for accurate mapping back to the original audio characteristics. This is particularly crucial in
COPD diagnosis and severity assessment, where subtle acoustic features may hold

significant diagnostic value.

The lack of research in the pulmonary audio reconstruction area represents a significant gap
in the literature. Developing robust methods for pulmonary audio reconstruction could have
far-reaching implications for telemedicine and remote patient monitoring, especially in
resource-limited settings. Such techniques could enable the transmission of compressed
respiratory sound data, which could then be reconstructed for specialists to analyse,

potentially improving access to expert diagnosis and monitoring.

Furthermore, the ability to reconstruct high-fidelity audio from compressed features could
enhance the interpretability of machine learning models. Allowing clinicians to listen to the
reconstructed sounds corresponding to specific extracted features could bridge the gap
between automated analysis and clinical intuition, potentially increasing the adoption of Al-

assisted diagnostic tools in clinical practice.

3.84. Standardisation of Methods

The literature review has highlighted a lack of standardisation in acoustic measurement
techniques across studies. This variability in recording protocols, equipment, and analysis
methods makes it challenging to compare results and establish universal diagnostic criteria
for COPD acoustics. The work of Hafke-Dys et al. (2019), involving 185 medical practitioners,

underscored the difficulties in distinguishing different auscultation sounds, with accuracy rates



67

for certain adventitious lung sounds falling below 40%. This emphasises the urgent need for
standardised protocols and advanced analytical tools to improve the reliability and

transparency of acoustic-based COPD diagnosis.

Advanced signal processing methods, such as wavelet transforms and multiresolution
analysis in the time-frequency domain, have shown promise in capturing COPD lung sounds'
non-linear and non-stationary characteristics. However, the variability in wavelet basis
functions, decomposition levels, and feature extraction methods employed by different
researchers contributes to a lack of standardisation. Addressing this challenge through
collaborative efforts to standardise methodologies could significantly advance the field,

potentially leading to more reliable and comparable diagnostic tools for COPD management.

3.8.5. Longitudinal Studies of Audio Features

A significant gap in the current literature is the limited number of longitudinal studies that
examine the changes in acoustics as COPD progresses. While cross-sectional studies have
provided valuable insights, they must capture the acoustic features' temporal dynamics as the
disease advances. Longitudinal studies could offer crucial information on how respiratory
sounds evolve, potentially leading to the development of more accurate prognostic tools and

personalised treatment strategies.

3.8.6. Automatic COPD Severity Identification

There is insufficient research exploring the relationship between specific acoustic features and
COPD severity. COPD is a heterogeneous disease with various clinical presentations, yet the
acoustic signatures associated with different phenotypes and COPD severities remain poorly
understood. Serbes et al. (2018) highlighted challenges in classification between all GOLD
COPD stages, indicating that the acoustic differences between severity levels are more

nuanced than those between COPD and other conditions.

Furthermore, few studies focus on utilising acoustic analysis for early COPD detection. Early
intervention is crucial in managing COPD, but current diagnostic methods often fail to detect
the disease in its early stages, as highlighted by Hangaard et al. (2017). Acoustic analysis
presents a promising non-invasive approach for early detection, yet research in this area

remains limited.

The integration of machine learning techniques, particularly deep learning models, with
acoustic analysis in COPD diagnosis and monitoring has shown potential. However, the 'black
box' nature of these models often makes it challenging to interpret their decision-making
process, which is crucial in medical diagnostics. Research is needed to develop interpretable
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machine-learning models that can effectively handle the unique characteristics of COPD

acoustic data while providing transparent and explainable results.

The identification of these knowledge gaps underscores the complexity of COPD acoustic
analysis and highlights the need for innovative approaches to address these challenges. As
the field progresses, it is imperative to develop methodologies that fill these gaps and integrate
seamlessly with existing clinical practices. The following section outlines proposals for
addressing these identified gaps, offering potential pathways for advancing COPD acoustic

research and its clinical applications.

3.9. Proposal for Filling These Gaps

Building upon the identified knowledge gaps, this section proposes targeted strategies to
advance COPD acoustic research and enhance its clinical utility. The evolution of signal
processing techniques in respiratory sound analysis has significantly shifted from basic
compression methods to more sensitive approaches, particularly in COPD diagnosis and
severity classification. Compression and reconstruction methods have demonstrated promise
in distinguishing COPD from healthy subjects and other respiratory conditions; they often fall
short when differentiating between COPD severity levels. This limitation underscores the need
for more nuanced and sophisticated analytical approaches to capture the subtle acoustic

variations associated with different stages of COPD progression.

Compression techniques, such as dictionary learning and compressive sensing (CS), have
shown efficacy in capturing the essential characteristics of respiratory sounds. These methods
offer the advantage of reducing audio to fewer information-efficient features, particularly
valuable in COPD analysis. For instance, Oletic and Bilas (2018) successfully employed CS
algorithms like Orthogonal Matching Pursuit (OMP) and CoSaMP for efficient data
compression and reconstruction in wheeze detection, a common symptom of COPD. Similarly,
using advanced signal processing techniques, Chen et al. (2015) accurately distinguished
between normal lung sounds and various adventitious sounds, which are often indicative of
respiratory conditions. However, the compression nature of these techniques may lead to a
loss of sensitivity in capturing the subtle variations between COPD severity levels, as
highlighted by Altan et al. (2018).

The application of compressive sensing in lung audio analysis for COPD detection has shown
considerable promise. By leveraging the sparsity of respiratory sounds in specific domains,
which refers to the fact that most of the information in respiratory sounds is concentrated in a
few key features, CS techniques might efficiently capture these key features that distinguish
COPD from healthy lung sounds. This approach allows for more compact data representation

and potentially enhances the detection of subtle acoustic markers associated with COPD.
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Nevertheless, the challenge lies in the preservation of nuanced acoustic differences between
various COPD severity stages, which are often more subtle than those between COPD and
other conditions. While compression techniques have proven effective for data reduction, the
reconstruction of these compressed signals is equally crucial for ensuring that diagnostic

integrity is maintained.

Signal reconstruction of compressed features is paramount for diagnostic integrity maintained
in COPD assessment. The study of reconstruction techniques ensures that the maximum
amount of relevant information is preserved within compressed features whilst minimising
error, which enhances the overall quality and reliability of reconstructed lung sounds. This
preservation of acoustic fidelity is crucial for accurate COPD diagnosis, as it enables data
mining algorithms to work with high-information features that maintain diagnostic integrity and
closely resemble the original recordings. However, the efficacy of these reconstruction
methods in preserving the subtle acoustic markers associated with different COPD severity
levels remains a critical area for further investigation. In consideration of the importance of
both compression and reconstruction, it becomes evident that these techniques may face

challenges when applied to the nuanced task of COPD severity classification.

As the field progresses, researchers are exploring more advanced methods to address these
challenges and enhance the sensitivity of COPD severity classification. Subspace methods,
such as those utilised in Moslemi et al. (2024), which change the feature dimensional space,
and projection methods, which can increase relevant features while decreasing noise, offer
promising alternatives. These approaches might capture the nuanced acoustic characteristics
associated with different COPD severity levels, potentially offering a more precise assessment
than current methods. By integrating these advanced techniques with traditional methods, the
development of a more comprehensive approach to COPD acoustic analysis and

classification.

In light of these challenges, data mining algorithms have gained prominence in COPD acoustic
analysis. These algorithms offer greater transparency and interpretability than complex deep-
learning models, providing valuable insights into the relationships between acoustic features
and COPD severity. The interpretability of data mining approaches allows researchers and
clinicians to understand the decision-making process, which is crucial in medical applications
where explainability is paramount. Moreover, data mining techniques emphasise the
importance of feature selection, a critical step in developing classification models that can

potentially capture the subtle variations distinguishing between different stages of the disease.

A comprehensive approach to COPD acoustic analysis and classification is proposed to bridge
the identified knowledge gaps. This approach integrates advanced signal processing
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techniques, innovative compression frameworks, and sophisticated machine learning models
to overcome the limitations of current methodologies. Researchers aim to develop more
sensitive and accurate COPD diagnosis and severity assessment methods by combining
compression and reconstruction techniques with data mining algorithms and advanced

classifiers.
The proposal to fill the knowledge gap informs the objectives of the study. The objectives are:

1. To develop and validate a novel framework for the compression and reconstruction of
pulmonary auscultation audio, with the following sub-objectives:
a. Evaluate the efficacy of various transforms in the capture of the non-stationary
characteristics of respiratory sounds.
b. Utilise dictionary learning algorithms for sparse representation of lung sounds.
2. To assess diagnostic Integrity.
a. Reconstruction of audio from features to high fidelity using RMSE scores to
demonstrate that critical information is maintained in the features.
3. To detect COPD from healthy and other respiratory conditions using the compressed
audio features, with sub-objectives that include:
a. Compare the performance of various machine learning algorithms in COPD
detection.
b. Investigate the impact of different features on classification accuracy.
4. To develop a machine learning model for accurate classification of COPD severity
levels based on Singular Value Spectral Analysis, with sub-objectives such as:
a. Explore the Significance between specific audio COPD severity.
b. Model and explore COPD severities.

c. Evaluate the model's performance across different COPD severities.

Having examined the current landscape of respiratory sound analysis, the subsequent
chapters will detail this novel approaches to COPD classification and severity assessment,

building upon the strengths and addressing the limitations of existing methodologies.
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4.Pulmonary Audio Compression and
Reconstruction

4.1. Introduction

As discussed in Chapter 3, previous studies have explored various signal-processing
techniques for analysing pulmonary auscultation audio. The literature review highlighted the
potential of innovative approaches such as wavelet transforms and compressed sensing
methods for capturing the non-stationary characteristics of respiratory sounds. These
methods, which have yet to be extensively explored in this context, could be instrumental in
addressing the unique challenges presented by pulmonary auscultation audio signals for
compression and reconstruction due to their complex, non-stationary nature, and susceptibility
to various noise sources. Building on these insights from chapters two and three, this chapter
examines and introduces a novel framework for the compression and reconstruction of
pulmonary auscultation audio. At the same time, diagnostic integrity is preserved to address
the first research objective: developing algorithms for the compression and reconstruction of

pulmonary auscultation signals.

4.2. Approach

Our methodology encompasses two primary phases: Signal Compression and Signal
Reconstruction. To ensure a comprehensive evaluation of the framework, the utilisation of
several transforms for comparison and the ICBHI Respiratory Challenge 2017 Database
(Rochaetal., 2017), comprising 920 pulmonary audio samples from 126 people of varying ages
and conditions. Each recording in the dataset is accompanied by comprehensive metadata,
encompassing demographic information such as age, gender, and smoking status, as well as
clinical data, including the presence of respiratory diseases. This metadata is crucial to
contextualise sound recordings and enable the development of models that can generalise
across diverse patient populations. The recordings are provided in WAV format, with a
sampling rate range from 4 to 44.1 kHz, ensuring high fidelity and facilitating precise analysis
of respiratory sounds that range from 10 to 30 seconds in duration. Additionally, the recordings
were made with four different electronic stethoscope models (AKGC417L, Litt3200, LittC2SE,
and Meditron). Whilst all recordings include diagnostic annotations, it is essential to note that
there are instances of missing data for certain variables. Specifically, birth, gender, age,
weight, and height have varying degrees of incompleteness across the dataset. A
comprehensive breakdown of the dataset is presented in Table 4 below. The recording
locations are denoted by a two-letter abbreviation system, which provides information about

the specific region and the side of the body. The first letter indicates the anatomical region,
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whilst the second letter denotes laterality, except for "Tc', which represents the trachea as a

single location. The abbreviations are structured as follows:

1. 'A' denotes anterior (front) chest regions
2. 'P'represents posterior (back) chest areas

3. 'L'indicates lateral (side) chest locations

These are followed by 'I' or 'r' to specify the left or right side, respectively. See Rocha et al.
(2019) paper “An open access database for the evaluation of respiratory sound classification

algorithms”, section 3.2 for an image of the recording locations.
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ICBHI Respiratory Challenge 2017 Database Data Description Table

Age
" 1 9f Birth Gender (?22?:) Recording Locations Equipment (Model)

Conditions Audio

Recordings Male | Female | Min | Max Al Ar LI Lr PI Pr Tc AKGC417L | Litt3200 | LittC2SE | Meditron
Asthma ! 0 1 70 | 70 0 1 0 0 0 0 0 0 0 1 0
Bronchiectasis 16 4 12 19 73 4 4 1 1 1 1 4 0 0 0 16
Bronchiolitis 13 9 4 loe7| 73 5 1 0 2 4 1 0 0 0 0 13
COPD 793 512 266 | 45 | 93 125 140 168 108 125 124 100 646 60 51 36
Healthy 35 15 20 |o025] 16 10 7 3 1 2 2 10 0 0 0 35
L 2 2 0o |oss| 3 1 1 0 0 0 0 0 0 0 0 2
Pneumonia 37 30 7 4 | 81 7 8 3 0 5 2 12 0 0 35 2
URTI 23 10 13 067 | 16 7 6 2 0 2 2 4 0 0 0 23
Totals 920 582 323 159 168 177 112 139 132 130 646 60 87 127
Percentage of recordings | 63.26% | 55.50% 17.28% | 18.26% | 19.24% | 12.17% | 15.11% | 14.35% | 14.13% | 70.22% | 6.52% | 9.46% | 13.80%

Table 4. Description of the ICBHI Respiratory Challenge 2017 database.
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4.3. Proposed Framework

The proposed Time-Frequency (TF) framework for the compression and reconstruction of
pulmonary auscultation audio integrates advanced signal processing techniques to address
the inherent complexities of lung sound signals. This approach combines the Complex Morlet
Wavelet Transform, Dictionary Learning with OMP, and Singular Value Decomposition (SVD)

to achieve optimal compression whilst maintaining diagnostic fidelity.

4.3.1. Continuous Wavelet Transform

Byrne (2015) discusses the Continuous Wavelet Transform (CWT) as a method for time-
frequency representation of signals. This approach is particularly suitable for analysing non-
stationary signals, in which pulmonary auscultation audio is non-stationary. In this study, an

application of the CWT is applied to respiratory sounds defined as:

W(a,b) = ifoo X)W (ﬂ) dt
al A

Equation 1. CWT equation

where y (t) is the mother wavelet, A is the scale parameter, and B is the translation parameter.
The CWT allows for the analysis of lung sounds at various scales, capturing high-frequency
components. This multi-resolution analysis is particularly useful for the identification and
classification of different types of audio features. The MRWA has an advantage over the STFT,
where the window size controls the resolution focus of the transformed output (Byrne, 2015).
However, wavelet analysis is more computationally expensive than STFT analysis because of

the repetitive scaling and translation of the mother wavelet (Chui, 1997).

4.3.1.1. The Complex Morlet Wavelet

The Complex Morlet wavelet is a Gaussian-modulated complex sinusoid and is calculated as shown in
Equation 2.

. t?
Y(E) = et o7z

Equation 2. Complex Morlet Wavelet Equation
Where (t) is the complex Morlet function, et is the complex exponential function that

t2
represents a sinusoidal wave with omega as the central frequency of the wavelet and the e 2

is the Gaussian function that allows for localisation in the time domain. The sinusoidal function
makes the Complex Morlet wavelet suitable for analysing oscillations in the time-frequency

domain and accessing the signal's phase information.

The application of the CWT and Multi-Resolution Wavelet Transform (MRWT) using the
complex Morlet wavelet is particularly advantageous for the compression and reconstruction
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of pulmonary auscultation audio, ensuring the preservation of diagnostic integrity. The
complex Morlet wavelet, characterised by its Gaussian-modulated complex sinusoid, provides
excellent time-frequency localisation, crucial for capturing lung sounds' non-stationary and
oscillatory nature (Addison, 2017). This property allows for the precise identification and
analysis of transient events and subtle features within the audio signal, which is essential for

accurate diagnosis.

The Gaussian envelope of the wavelet aids in detecting the energy level, thereby providing
superior frequency localisation, and reducing leakage of energies to neighbouring scaled
blocks (Torrence and Compo, 1998). This characteristic is particularly beneficial for analysing
pulmonary auscultation audio, where precise energy localisation is crucial to distinguish

between different respiratory sounds and identifying potential abnormalities.

Secondly, the CWT's multiresolution capabilities enable the decomposition of the audio signal
into various scales and facilitate the isolation and enhancement of diagnostically relevant
components whilst suppressing noise and irrelevant features (Mallat, 2009). This
decomposition is particularly beneficial in handling the multi-component nature of pulmonary
sounds, which include overlapped noises from the heart, digestive system, and external

environment.

Furthermore, the complex Morlet wavelet's ability to retain phase information during the
transformation process ensures that the temporal location of events within the signal is
preserved, which is critical for reconstructing the original signal with high fidelity (Grossmann
and Morlet, 1984). This preservation of phase information is indispensable for the
maintenance of the feature's diagnostic integrity in the compression and reconstruction

processes.

Wavelet reconstruction involves using the inverse wavelet transform to recover the original
signal from its wavelet coefficients. This method is particularly effective for non-stationary
signals like lung sounds, as it captures time and frequency information (Daubechies, 1992).
The inverse wavelet transform reconstructs the signal by summing the contributions of the

wavelet coefficients at different scales.

Therefore, the integration of CWT or MRA with the complex Morlet wavelet in pulmonary
auscultation audio processing not only enhances the efficiency of data compression but
ensures that the essential diagnostic information is retained, thereby gives support to the

accurate and reliable medical assessments (Rioul and Vetterli, 1991).
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4.3.2. Dictionary Learning

Elad and Aharon (2006) describe Dictionary Learning as an advanced Compressed Sensing
(CS) technique that adapts to data by learning a sparse representation. In this analysis of
pulmonary auscultation audio, the employment of this method consists of two main
components: dictionary learning and sparse coding. This approach allows us to represent the

complex features of respiratory sounds efficiently.

The dictionary learning process involves finding an optimal set of basis vectors, known as
atoms, which can sparsely represent the data. These atoms collectively form a matrix, called
a dictionary, representing the signal's structure (Tosic and Frossard, 2011). This process is

typically achieved through iterative algorithms such as gradient descent or OMP.

The sparse coding step, which follows dictionary learning, involves finding the sparse
representation of the signal using the learned dictionary. This step often employs algorithms
like OMP or other sparse approximation techniques (Tropp and Gilbert, 2007). The Scikit-
Learn library in Python provides functionality for dictionary learning, creating a sparse matrix

dictionary of size M by N using the following equation (Pedregosa et al., 2011):

1
[m,n]=argmin—||X—MN|| +a><||M|| (M,N)
2 L2 L1

With v M, v,< 1 forall 0 <k < Neomponents
Equation 3. The equation for Dictionary Learning

Various methods exist for sampling the signal components for each atom in dictionary learning.
Greedy algorithms, such as OMP, select samples that best represent the signal for
reconstruction (Mallat and Zhang, 1993). The reconstruction process is robust to noise, as the
selection process, through the L1-norms, disregards samples associated with interference or
outliers (Stankovic¢ et al., 2013).

It is important to note that the reconstruction process is distinct from OMP, primarily used in
the sparse coding step. Reconstruction utilises the learned dictionary and sparse coefficients
to recreate the original signal (Rubinstein et al., 2010). The reconstruction problem in

compressed sensing using OMP can be formulated as:

min(x)|y — @x|3, subject|x|yk
Equation 4. Formula for signal reconstruction in Compressed Sensing.

where k is the sparsity level, and |x|, denotes the number of non-zero components in x.
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OMP is a greedy algorithm that iteratively selects the most important signal components,
ensuring that the reconstructed signal captures the essential features of the original signal
(Tropp and Gilbert, 2007)

In the context of pulmonary auscultation audio compression and reconstruction, dictionary
learning with OMP is employed to achieve sparse representation and efficient feature
extraction. This approach is convenient for such audio signals, where diagnostic information
is often contained in a few sparse components, such as COPD lung sounds of wheezes or
crackles, amidst a background of noise and other non-essential sounds (Kandaswamy et al.,
2004).

However, traditional dictionary learning methods may lack structure due to challenges in non-
convex optimisation, constraints of sparse representation, and insufficient incorporation of
prior knowledge. To address these limitations, Fujii and Soma (2018) propose that dictionary
selection, with its combinatorial approach, may offer a more structured and efficient

alternative.

43.3. SVD

Singular Value Decomposition (SVD) is a mathematical technique that generalises eigenvalue
decomposition to non-square matrices (Golub and Van Loan, 2013). In this analysis of
pulmonary auscultation audio, the application of SVD is applied to decompose the

spectrogram matrix A into three distinct matrices:

A=UxVT
Equation 5. Formula for SVD

Where U and V are orthogonal matrices, and % is a diagonal matrix containing the singular
values (Golub and Van Loan, 2013). The matrix multiplication of these elements allows the
reconstruction of the A matrix. SVD has found extensive applications in subspace methods,
particularly for identifying signal subspaces and mitigating noise in complex datasets (Jolliffe
and Cadima, 2016).

In the context of pulmonary auscultation audio analysis, SVD demonstrates remarkable utility
in discerning repetitive patterns within the rows and columns of the A matrix. This is achieved
by identifying the principal components corresponding to the most significant values in % (Tufts
et al., 1982). The original A matrix can be faithfully reconstructed through the multiplication of

these three matrices, ensuring the preservation of essential signal characteristics.

Several studies have demonstrated the efficacy of SVD in processing pulmonary auscultation
audio. Zheng et al. (2017) employed a multi-level SVD technique to effectively separate heart

sounds from lung sounds and broad background noise in pulmonary auscultation recordings.
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This application showcases the method's capability in isolating specific components within

complex audio signals.

Furthermore, icer and Gengeg (2014) incorporated SVD within the Singular Spectrum Analysis
(SSA) framework for the classification and analysis of non-stationary characteristics in crackle
and rhonchus lung adventitious sounds. Their approach achieved impressive accuracies of
approximately 90%, which underscores the potential of SVD-based methods in the precise

identification of specific respiratory conditions.

The application of SVD proves particularly effective in the enhancement of the quality of lung
sound signals, a critical factor in ensuring accurate diagnosis and monitoring of respiratory
conditions. This aligns seamlessly with the objectives of compression and reconstruction of

pulmonary audio, where maintaining signal fidelity is paramount (Charbonneau et al., 2000).

4.3.4. Framework Summary

The proposed framework for the compression and reconstruction of pulmonary auscultation
audio integrates advanced signal processing techniques to address the inherent complexities
of lung sound signals. This approach combines CWT and Dictionary Learning with OMP and

SVD to achieve optimal compression while maintaining diagnostic fidelity.

The framework begins with the application of the CWT, explicitly utilising the Complex Morlet
Wavelet to perform a comprehensive time-frequency analysis of the pulmonary auscultation
audio. This transform is particularly well-suited for analysing non-stationary signals, such as
lung sounds, due to its excellent time-frequency localisation properties (Addison, 2017). By
decomposing the audio signal into various scales, the wavelet transform facilitates the

identification and analysis of transient events and subtle features within the signal.

Following the wavelet transform, Dictionary Learning with OMP is employed to achieve a
sparse representation of the time-frequency domain. This step aims to find an optimal set of
atoms representing the audio signal sparsely and efficiently, thereby reduces the
dimensionality of the data and making it more manageable for subsequent processing tasks
(Tosic and Frossard, 2011). The sparse representation aligns with the natural statistics of
adventitious lung sound features, often exhibiting a high redundancy of features of crackles

and wheezes that occur sparsely (Sakai et al., 2012).

Finally, SVD is applied to the dictionary to enhance the quality of the compressed signal. This
decomposition helps identify common patterns within the dictionary, reduce the noise, and

uncover the underlying structures that might otherwise be hidden (Zheng et al., 2017).
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Crucially, each component of this framework is accompanied by an inverse process to allow
for reconstruction. The SVD and Dictionary Learning stages can be reversed through matrix
multiplication, whilst the wavelet transform has an inverse function that converts the processed
features back into the time-domain audio sample. This comprehensive approach aims to
maintain the essential diagnostic information throughout the compression and reconstruction
process, thereby supporting accurate and reliable medical assessments of respiratory

conditions.

4.4. Evaluation Methods

To evaluate the effectiveness of the proposed framework for pulmonary auscultation audio
analysis, a comparative analysis against several alternative methods was conducted. These
methods were selected based on their relevance to respiratory sound analysis and their

potential for capturing different aspects of the signal. The comparison included:

1. Dominant frequency extraction using FFT
2. The proposed framework without Dictionary Learning

3. An alternative implementation of the proposed framework using STFT instead of the
Wavelet Transform.

Each method offers unique insights into the analysis of respiratory sounds. This allows for the
assessment of the strengths and limitations of the proposed approach in the context of COPD
diagnosis and severity assessment. The performance of each method was evaluated using
the Root Mean Square Error (RMSE) metric. Evaluating signal reconstruction quality in the
context of pulmonary auscultation audio requires a nuanced approach beyond simple error
metrics. Whilst the RMSE provides a valuable overall measure of reconstruction fidelity, it is
essential to acknowledge its limitations and complement it with additional analytical methods
to preserve diagnostically critical information. The RMSE is calculated as follows (Chai and
Draxler, 2014):

1% .,
RMSE = |- (= 9)
i=1

Equation 6. RSME formula

Where n is the number of data points, y; is the original value, and y, is the recovered value. Whilst low
RMSE values generally indicate a close approximation between the original and reconstructed
signals, this metric alone does not provide insight into which specific signal components may

have been lost or altered in the compression and reconstruction process. As Taplidou and
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Hadjileontiadis (2007) note, respiratory sounds such as wheezes and crackles possess unique
spectral and temporal characteristics crucial for accurate diagnosis. Therefore, it is imperative

to employ additional analytical techniques to preserve these diagnostically significant features.

The sensitivity of RMSE to significant errors is advantageous in medical signal processing due
to the critical nature of diagnostic accuracy. By disproportionately penalising larger deviations,
RMSE highlights potential areas of concern in the reconstructed signal that may have
substantial clinical implications. Clifford et al. (2015) argue that even small signal
reconstruction errors can lead to misdiagnosis or missed pathologies in medical applications.
Therefore, a metric that emphasises these discrepancies is particularly valuable to ensure the

reliability of diagnostic tools based on compressed and reconstructed signals.

The widespread use of RMSE across various fields of signal processing offers several
advantages in the context of pulmonary auscultation audio analysis. Firstly, it facilitates
comparability with existing literature, allowing researchers to benchmark their results against
established standards in the field (Chowdhury et al., 2018). Secondly, the ubiquity of RMSE in
signal processing research lends credibility to the evaluation methodology, as it aligns with
accepted practices in the broader scientific community (Dabou et al., 2021). Finally, the
utilisation of a widely recognised metric enables interdisciplinary collaboration and knowledge
transfer, potentially leading to novel insights and methodologies for the improvement of signal

compression and reconstruction techniques in medical applications.

4.4.1. Comparison Methods Rationale

Various methods have been explored in the context of pulmonary auscultation audio analysis
to enhance signal processing and classification accuracy and efficiency. The dominant
frequency extraction using the FFT is a traditional approach for analysing stationary signals.
FFT is widely used due to its ability to decompose signals into their constituent frequencies,
making it a straightforward choice for identifying dominant frequencies in lung sounds (Byrne,
2015). However, FFT assumes stationarity, a significant limitation for non-stationary signals
like pulmonary auscultation audio. This assumption prevents FFT to capture transient events
or subtle changes in frequency over time, which are crucial for accurate diagnosis (Chui, 1997)
(Torrence and Compo, 1998). Consequently, while FFT provides a clear representation of
dominant frequencies, its application in non-stationary contexts such as pulmonary
auscultation is constrained, necessitating the exploration of more advanced techniques. This
leads to the consideration of frameworks that incorporate more sophisticated signal-
processing methods.
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The proposed framework without Dictionary Learning simplifies the analytical process by
relying solely on wavelet transforms and SVD. This simplification reduces computational
complexity and processing time, which can be advantageous in certain contexts. However,
the absence of dictionary learning may lead to less efficient data representation, as dictionary
learning helps focus on the most diagnostically relevant components by learning a sparse
representation of the data (Elad and Aharon, 2006). Without this capability, the framework may
not efficiently capture the essential features of lung sounds, potentially compromising the
accuracy and reliability of the diagnostic process. Therefore, while simplifying the framework
has its benefits, it also highlights the importance of dictionary learning in enhancing data
representation and diagnostic accuracy. This consideration naturally extends to the

exploration of alternative methods, such as the STFT.

In contrast, the proposed framework with an STFT instead of the Wavelet Transform provides
an alternative approach by applying the Fourier Transform to overlapping signal segments.
This method allows for the analysis of non-stationary signals, which captures changes in
frequency over time (Grossmann and Morlet, 1984). STFT is useful for signals where the
frequency content changes rapidly, offering a time-frequency representation that can be
valuable for specific analyses. However, the fixed window size in STFT results in a trade-off
between time and frequency resolution (See Appendix A for more details), limiting its ability to
capture fine details in the signal (Rioul and Vetterli, 1991). This limitation suggests that while
STFT offers a viable alternative, the Wavelet Transform's superior TF localisation (See
Appendix B) makes it more effective for capturing the intricate details of pulmonary

auscultation audio.

4.4.2. Discrete Fourier Transform (DFT)

The discrete Fourier transform (DFT) is a mathematical transform that converts a time-domain
signal into its frequency-domain representation, expressed in complex values (Oppenheim
and Schafer, 2010). This transformation allows further analysis and exploration of the signal's
frequency components. The DFT decomposes the original signal into multiple sinusoidal
components, each representing a specific frequency (Proakis and Manolakis, 2007), as

calculated by the following equation:
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Equation 7. DFT Formula
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The DFT encapsulates the time-domain information within its complex components,
preserving both magnitude and phase. Consequently, the original time-domain signal can be
fully reconstructed using the Inverse DFT (IDFT) from the frequency-domain representation

(Lyons, 2010). The following equation gives the IDFT:

N-1
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n=0
Equation 8. Inverse FFT Formula
However, detailed time-domain information might be lost if the frequency bins are wide and
contain multiple or close frequencies that fall into the same bins. A 'wide frequency bin' refers
to a frequency range larger than the frequency resolution of the DFT, which can lead to the
representation of multiple frequencies within the same bin. This is because the DFT assumes
each bin corresponds to a single frequency, making it difficult to distinguish between multiple
frequencies within the same bin (Smith, 1997). Additionally, the DFT assumes integer or
discrete value bins that can cause energies to be spread across several bins. This can be
known as Spectral Leakage, a phenomenon where the power of a signal at a particular
frequency 'leaks' into adjacent frequency bins (Oppenheim and Schafer, 2010), thereby
distorts the frequency representation of the signal. Finally, the DFT assumes that the audio or
signal is stationary, creating a temporal localisation limitation problem where frequency and
temporal values change over time. However, the DFT might achieve identifying the dominant
frequencies that can be selected and the reconstruction from the inverse may highlight the

essential characteristics of the pulmonary audio.

4.4.3. Short-Time Fourier Transform (STFT)

To overcome the DFT's temporal localisation limitations, particularly its inability to represent
non-stationary signals accurately, the STFT was developed. The STFT applies the DFT to
overlapping signal or audio window segments, with an assumption of stationarity in the short
term (Oppenheim, 1969), effectively introducing a time dimension to the frequency analysis.
This approach enables time-frequency analysis and reveals changes in frequency content

over windowed time periods. The STFT is calculated as follows (Byrne, 2015).

X(f, 1) = foox(t) cw(t—1)-e 2Tt dt

Equation 9. STFT formula
Where f is the frequency and t is the window size. x(t) is the original audio signal in the time
domain t, while w(t - 7) is a selected time window function (Proakis and Manolakis, 2007) and

e 2™/t s the Fourier Transform.
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Studies by Tariq et al. (2020) utilised the STFT for the classification of respiratory conditions,
and Serbes et al. (2017) utilised the STFT in conjunction with wavelet transform on pulmonary

audio. Therefore, the STFT is a usable technique for pulmonary auscultation audio analysis.

4.5. Compression and Reconstruction Results

To ensure the generalisation of the compression and reconstruction, all 920 samples from the
ICBHI database were utilised, as the primary objective is to compare the original and the
recovered signal. The results metric reports the distribution of the RMSE score over all
samples, which gives the Minimum, Mean, Median, and Maximum scores to show the

distribution of the results.

Method Min Mean Median Max
TF-Framework 0.02956 | 0.297809 | 0.280018 | 0.912912

STFT
TF-Framework
VT 0.03318 | 0.180623 | 0.172553 | 0.483451
Dominate 0.244079 | 0.437656 | 0.426963 | 0.883547
Frequencies

MRWT and SVD 0.08044 | 0.317748 | 0.298914 | 0.945551

Table 5. RMSE Error Results distributions for all 920 samples for each method.
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Figure 4. Box plot of RMSE results for each compression and reconstruction method.

The RMSE evaluation of the reconstructed pulmonary auscultation audio highlights the

effectiveness of the proposed framework.
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Firstly, the dominant frequency extraction method produced the least accurate
reconstructions, with the highest RMSE scores. The minimum RMSE for this approach was
0.2441, the mean was 0.4377, the median was 0.4270, and the maximum was 0.8835. These
higher error values indicate that this method cannot effectively capture the complex features

of lung sounds as the wavelet and dictionary-based approaches.

The proposed framework with the Wavelet Transform achieved the lowest RMSE values, with
a minimum of 0.0332, a mean of 0.1806, a median of 0.1726, and a maximum of 0.4835. The
box plot in Figure 4 illustrates the RMSE scores for each method and provides a
comprehensive view of their distribution. The plot features ared line that indicates the median,
whilst a blue box represents the interquartile range, spanning from the lower to the upper
quartile. The whiskers extend to 1.5 times the interquartile range, encompassing most data
points. Notably, the proposed framework's reconstruction error exhibited a more compact
distribution than other methods. This tighter cluster of RMSE scores underscores the
framework's superior reconstruction accuracy, demonstrating its consistency and reliability in

preserving the essential characteristics of pulmonary auscultation audio.

Furthermore, the framework without Dictionary Learning showed a significant decrease in
performance, as evidenced by higher RMSE scores across all metrics. The minimum RMSE
for this method was 0.0804, the mean was 0.3177, the median was 0.2989, and the maximum
reached 0.9456. The absence of Dictionary Learning limits the framework’s ability to efficiently
represent the sparse nature of lung sounds, underscoring the importance of this component

within the overall framework.

In contrast, the framework with STFT also performed well but showed slightly higher RMSE
values. The STFT-based method had a minimum RMSE of 0.0296, a mean of 0.2978, a
median of 0.2800, and a maximum of 0.9129. Although the STFT provides a functional time-
frequency representation, it is less consistent than the Wavelet Transform in capturing
pulmonary sounds with reconstruction ability. Additionally, the STFT results in Figure 4 display
a more comprehensive range of RMSE values than the Framework with MRWT and only

slightly less than the framework without Dictionary learning.

Overall, these results underscore the performance of Wavelet Transform and Dictionary
Learning in capturing essential information features while maintaining reconstruction

accuracy.
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4.6. Discussion

The results underscore the significance of employing advanced signal processing techniques,
such as the Complex Morlet Wavelet Transform and Dictionary Learning with OMP, in the
compression and reconstruction of pulmonary auscultation audio. The superior performance
of the proposed framework, as demonstrated by the lowest RMSE values, highlights its
effectiveness in preserving the diagnostic integrity of lung sounds during the compression
process. The Wavelet Transform's excellent time-frequency localisation capabilities allow it to
capture the intricate, non-stationary features of lung sounds, which are critical for accurate
diagnosis. However, while the low RMSE values are promising, they alone cannot guarantee
the preservation of transient features. An example sample of the reconstruction comparison
in the time domain is shown in Figures 5-8. However, future work should include visual and
quantitative analyses of reconstructed signals, particularly those containing wheezes and
crackles, to empirically demonstrate the preservation of these transient features. In the next
chapter, the proposed framework is utilised in classification, which can strengthen whether the

features or essential information is kept.
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The inclusion of Dictionary Learning and OMP in the framework significantly enhances the
quality of the reconstructed signals. By enabling a sparse representation of the audio data,

these techniques effectively reduce the dimensionality of the signals, focusing on the most
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diagnostically relevant components while eliminating redundant and noisy features. This
process aligns with the inherent redundancy in lung sounds, where a few key features can
represent most of the diagnostic information. The importance of sparse coding in capturing
the essential characteristics of natural sounds is further corroborated by existing literature,
such as the work of Mlynarski (2013).

While the framework with the STFT-based method provides a helpful alternative, it falls short
in consistently capturing the complex nature of pulmonary sounds. The higher RMSE values
indicate that the STFT is less effective than the Wavelet Transform in managing the non-
stationary properties of lung sounds, leading to a less accurate reconstruction. The windowed
segment of the STFT has an assumption of stationarity. If the transient nature of crackles falls
within the windowed segment, it might fail to satisfy the stationary assumption of the FFT
(Harris, 1998). Hence, the violation of the STFT assumption within the windowed segment
could have an impact on reconstruction. This finding suggests that the choice of transformation
technique is crucial in pulmonary sound analysis and that the Wavelet Transform is better

suited for this application.

The framework's performance without Dictionary Learning demonstrates the critical role of this
component. The higher RMSE scores observed in its absence indicate that the framework
cannot adequately capture the sparse nature of lung sounds without the dictionary-based
representation. This result emphasises the necessity of integrating Dictionary Learning and

OMP to achieve efficient compression and high-quality reconstruction.

Finally, the performance of the dominant frequency extraction method highlights the limitations
of more straightforward approaches in handling the complexity of lung sounds. The
significantly higher RMSE values suggest that this method cannot adequately capture the
nuanced features required for accurate diagnosis. This finding reinforces the need for more
sophisticated signal processing techniques to compress and reconstruct pulmonary

auscultation audio.

In practice, efficient compression and accurate reconstruction of pulmonary auscultation audio
are crucial for remote monitoring and telemedicine. The proposed framework ensures that the
lung sounds’ essential diagnostic features are preserved, which enables accurate diagnosis
and monitoring of respiratory conditions such as COPD. This streamlined approach is
particularly beneficial for developing reliable diagnostic tools that can be deployed in clinical

and remote home care settings.

The proposed continuous wavelet transform-based compression algorithm effectively reduces audio file

sizes by 97%, as demonstrated in the results section. This compression technique preserves essential
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diagnostic features, ensuring high-fidelity reconstruction of auscultation signals. The compression

framework developed in this chapter has been published in Albigés et al. (2024).
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5. COPD Identification from Pulmonary Audio

5.1. Introduction

Building upon the signal compression and reconstruction framework established in Chapter 4,
this chapter focuses on developing algorithms for COPD detection using processed
auscultation signals. These algorithms will be designed for the accurate identification and
Classification of COPD based on nuanced acoustic markers. As discussed in Chapter One,
COPD represents a significant global health burden, characterised by persistent respiratory
symptoms and airflow limitation. The complex pathophysiology of COPD, outlined in Chapter
Two, necessitates sophisticated diagnostic approaches such as advanced signal processing

and machine learning techniques.

The literature review presented in Chapter Three highlighted the potential of machine learning
techniques in respiratory sound analysis, particularly for distinguishing COPD from healthy
lungs and other respiratory conditions. This chapter aims to validate and extend these findings
by applying the proposed novel TF framework, which utilises the Wavelet transform,

developed in Chapter Four, for COPD detection.
Our approach addresses two critical classification challenges:

1. Distinguish COPD from healthy lung sounds

2. Differentiate COPD from healthy and pneumonia cases

In these classification tasks, the aim is to demonstrate the ability of the proposed TF framework
to maintain diagnostic integrity across different clinical scenarios. This aligns with the
overarching research objective of enhancing COPD diagnosis through advanced signal

processing and machine learning techniques.

The selection of pneumonia as an additional respiratory condition for comparison in this
classification problem was predicated on several compelling factors. Firstly, pneumonia
presents distinct acoustic characteristics from COPD, offering a clear point of differentiation in
auscultatory findings. While COPD is primarily characterised by wheezing sounds with
occasional crackles (especially in emphysema cases), pneumonia typically presents with
prominent crackles (Bohadana et al., 2014). This contrast and similarity in adventitious sounds
provide a challenge in acoustic differentiation between the two conditions. Secondly,
pneumonia holds significant clinical relevance as it is a common acute respiratory infection,
making it an essential differential diagnosis in respiratory medicine (Restrepo et al., 2018)
(Torres et al., 2013). The inclusion of pneumonia in the classification problem thus enhances

the clinical applicability of the model, potentially aiding in more accurate differential diagnoses
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in real-world settings. Additionally, the availability of a sufficient number of pneumonia samples
in the ICBHI Respiratory Challenge 2017 database, while still presenting a challenge due to

class imbalance, allows for meaningful comparisons and model training.

The inclusion of Pneumonia in one of the classification approaches aligns with the broader
objective of developing more sophisticated and nuanced diagnostic tools for respiratory
diseases. This study's potential impact on clinical practice is significant, as it could lead to the
development of more accurate, scalable, and efficient diagnostic tools for respiratory

conditions, ultimately improving patient outcomes for this growing population.

The study employs various machine learning classification algorithms to evaluate
comprehensively, that includes Random Forest Classifier (RFC), Support Vector Classifiers
(SVC), Naive Bayes Classifier (NBC), Logistic Regression classifier (LRC), and Decision
Trees classifiers (DTC). This multi-algorithm approach allows us to assess the generalisability

of the compressed signal features across different classification paradigms.

Furthermore, audio augmentation techniques are being implemented to address the inherent
class imbalance in the ICBHI respiratory database, where COPD samples outnumber other
categories. This data balancing strategy enhances the classifiers by the minimisation of bias

from a dominant class and mimics the variability encountered in real-world clinical settings.

This chapter represents a crucial step towards translating this theoretical framework into
practical diagnostic tools by building upon the signal processing foundation established in
Chapter Four and leveraging the pathophysiological insights from Chapter Two and the
literature review. Subsequent sections will detail the study’s methodology, present the

classification results, and discuss their implications for COPD diagnosis and management.

5.2. Approach

The methodology for this study was designed to address the challenge of the identification of
COPD from other respiratory states using pulmonary lung audio, which was conducted in two
approaches. Firstly, The classification of COPD and healthy; Secondly, the classification of
COPD, healthy, and pneumonia. The approach integrates advanced signal processing

techniques with machine learning algorithms to enhance the accuracy of COPD diagnosis.

5.2.1. Data Imbalance and Audio Augmentation

The study utilised the ICBHI 2017 Respiratory Challenge database. To address the class
imbalances in the ICBHI 2017 Respiratory Challenge database, a data augmentation strategy
was implemented for the underrepresented Healthy and Pneumonia classes. This process

involved selecting a random seven-second segment from each audio sample, sufficient to
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capture a complete breathing cycle, given that breathing typically ranges from 12 to 18
revolutions per minute (AudioLearn Medical Content Team, 2020). The augmentation process
applied a random permutation of two of five possible augmentation techniques to each sample.

These techniques included:

1. Time-stretching: Alter the speed of the audio without changing its pitch (Ko et al.,
2015; Salamon and Bello, 2016).

2. Pitch-shifting: Modify the audio frequency (Tariq et al., 2019; Salamon and Bello,
2016).

3. Added noise: Introduce controlled noise to the signal (Ko et al., 2015).
Time-shifting: Roll the audio forward or backwards in time (Salamon and Bello,
2016).

5. Non-augmentation: Leave the sample unaltered.

This approach resulted in up to 20 different permutations for each sample to ensure that each
augmented sample was unique. The augmentation process significantly expanded the
dataset, increasing the Healthy class from 35 to 735 audio samples and the Pneumonia class
from 39 to 740 audio samples. This expansion of the minority classes helped to balance the
dataset, addressing the initial disparity with the 793 COPD samples.

In considering oversampling techniques to address the imbalance of minority classes, it was
found that while these methods can improve the detection of minority instances, they often
lead to overfitting. Particularly when synthetic samples do not accurately represent the true
distribution of the minority class. Oversampling methods, such as (Synthetic Minority Hulse et
al. (2007) discuss the limitations of oversampling techniques, including SMOTE, in addressing
class imbalance. While these methods may improve performance on threshold-dependent
metrics, they might not necessarily enhance the overall discriminative power of classifiers. In
the context of the study’s COPD classification task, the study opted for audio data
augmentation techniques to address the class imbalance and maintain the integrity of the
original audio characteristics. Therefore, audio data augmentation techniques were employed
to avoid these pitfalls and enhance the model's generalisation. These techniques not only
diversify the dataset but also maintain the integrity of the original audio characteristics, thereby

providing a solution to the class imbalance issue,

5.2.2. Audio Cleaning

The audio pre-processing stage was crucial to reduce noise and standardising the samples.
This process involved several steps, that include down-sampling all audio to 4000 Hz,
thresholding to reduce outliers caused by stethoscope movement, and the application of a
Savitzky-Golay filter for smoothing (Haider et al., 2018). Schafer (2011) discusses the
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properties of various smoothing filters, including the Savitzky-Golay filter. For this study, the
selected filter is the Savitzky-Golay filter for smoothing lung sound signals due to its ability to
reduce noise while it preserves the signal characteristics. This property is particularly valuable
in pre-processing respiratory audio data, where maintaining the integrity of potential diagnostic
features is crucial. This filter is particularly adept as a filter of biomedical signals, as it smooths
data without significant distortion of the original signal. The filter employs a local polynomial
regression approach, which maintains the shape and features of the original signal (Schafer,
2011). This property is essential for preserving potential indicators of respiratory conditions.
Haider et al. (2018) empirically demonstrated the efficacy of the Savitzky-Golay filter in
denoising lung sound signals whilst it retains the essential diagnostic information. Their

research supports the application of this filter in pre-processing lung auscultation audio.

Additionally, detrending was performed to reduce non-stationarity in the audio samples
(Cheveigné and Arzounian, 2018). The European Broadcasting Union Regulation-128 (EBU
R128) loudness normalisation (Tariqg et al., 2019) was applied to the audio samples to account
for the variability in air and lung structural sounds across different recording environments

(Shiryaev and Korenbaum, 2013).

Finally, value normalisation is a fundamental technique in this process, as it adjusts the
amplitude of audio samples to a standard range, typically between -1 and 1. This
standardisation is crucial because it allows for more effective pattern recognition by elimination
of amplitude discrepancies that could bias the analysis (Simic and Gavrovska, 2023). Overall,
the audio cleaning process effectively reduced noise and artefacts while the normalisation of

the audio to a consistent format, facilitating equal comparison.

5.2.3. Feature Selection

For feature extraction, the study utilised the proposed framework from Chapter Four that
employed a Complex Morlet Wavelet Transform, chosen for its ability to effectively capture the
transient nature of respiratory sounds. This transform decomposes the audio signals into real
and imaginary components, which provides a rich representation of the signal characteristics
and allows the classification of each component. Additionally, after the dictionary learning, the
SVD for the real and imaginary components of the signal characteristics is decomposed into
three components, the U, Sigma, and VT, which are used for classification, each given a

different perspective of the signal characteristics.

5.2.4. Classification Algorithms
The classification task was approached using a variety of machine-learning algorithms to

ensure a comprehensive evaluation of the feature set's discriminative power. The models
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employed included Gaussian Mixture Models (GMM), Decision Tree Classifiers (DTC),
Support Vector Classifiers (SVC), and Random Forest Classifiers (RFC). Each model was

chosen for its unique strengths in handling complex, high-dimensional data.

Murphy (2012) describes GMM’s as a probabilistic model that represents the data as a
combination of multiple Gaussian distributions. GMM'’s are used in this study to analyse
respiratory audio signals. These models can capture complex feature distributions, which may
have multiple modes. GMM'’s are particularly useful for modelling complex distributions and
can capture complex relationships in the data (Murphy, 2012). They are well-suited for
scenarios with multimodal data distributions, making them potentially valuable for

distinguishing between different respiratory conditions.

DTC’s employ a tree-like model of decisions and their possible consequences (Hastie et al.,
2009). They are nonparametric models that can capture nonlinear relationships and
interactions between features. DTC’s offer the advantage of interpretability, as the decision-

making process can be easily visualised and understood.

SVC'’s are discriminative classifiers that work by finding the hyperplane that best separates
different classes in a high-dimensional feature space (Cortes and Vapnik, 1995). SVC'’s are
particularly effective when dealing with high-dimensional data and can handle non-linear
classification tasks using kernel functions. Their ability to maximise the margin between
classes makes them limit overfitting, which is especially important when working with limited

datasets.

Breiman (2001) introduced the RFC, an ensemble learning method that builds multiple
decision trees during training. The final classification is determined by the most common
output among the individual trees. This approach could be particularly useful in analysing
complex respiratory data, such as that associated with COPD, due to its ability to handle high-
dimensional datasets and capture non-linear relationships. RFC’s combine the strengths of
decision trees with the power of ensemble methods, resulting in improved generalisation and
robustness to noise. They are particularly effective at handling high-dimensional data. They
can provide insights into the importance of features, which can be valuable for understanding

which aspects of the respiratory sounds are most diagnostic.

To address the requirement for transparency and explainability in medical Al systems to
increase trustworthiness, the interpretability of machine learning models becomes a critical
factor. GMM’s are generally less interpretable due to their probabilistic nature and complexity
in understanding the mixture of Gaussian distributions (Murphy, 2012). This complexity can
obscure the decision-making process, posing challenges for transparency. In contrast, DTC’s

are highly interpretable as they employ a straightforward tree-like structure to visualise and
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understand, making the decision-making process transparent and accessible (Hastie et al.,
2009). This clarity is crucial in medical applications where understanding the rationale behind
decisions is essential. SVC’s, while effective for high-dimensional data, are less interpretable
because they work in high-dimensional space to find the optimal hyperplane for class
separation. However, their interpretability can be improved with techniques that visualise
decision boundaries and support vectors, aiding transparency (Cortes and Vapnik, 1995).
Finally, despite their complexity due to their ensemble nature, RFC’s provide insights into
feature importance, which helps in understanding the model's predictions and contributes to
explainability (Breiman, 2001). Each model thus presents a trade-off between interpretability
and complexity, which must be carefully considered to meet the transparency and

explainability requirements in medical Al systems.

Therefore, the selection of these diverse models allows for a comprehensive evaluation of the
feature set's discriminative power across different classification paradigms. The comparison
of the performance of these models gives insights into the nature of the classification problem

and the effectiveness of this study’s feature extraction methods.

5.2.5. Model Performance Metric

To evaluate model performance, the employment of a comprehensive set of metrics as
discussed by Written (2017). These include accuracy, recall, precision, F1 score, Receiver
Operating Characteristic (ROC) curves, and Area Under the Curve (AUC) scores. This multi-
faceted approach allows for a thorough assessment of this study’s classification models'
performance in distinguishing COPD from healthy and pneumonia cases. To ensure robust
assessment, five-fold cross-validation was employed, with results reported as averages
across the folds along with standard deviations. Confidence Intervals (Cl) at the 95% level

were calculated to measure the reliability of the performance estimates (Bruce et al., 2020).

Through this methodological approach, the study aimed to develop a framework for COPD
detection from pulmonary auscultation audio, that addresses the challenges of data
imbalance, signal variability, and the complex nature of respiratory sounds. The integration of
advanced signal processing techniques with machine learning algorithms presents a
promising avenue for enhancing the accuracy and reliability of COPD diagnosis in clinical

settings.

5.3. Results

The research endeavoured to differentiate COPD from healthy subjects and pneumonia cases
through the application of machine learning models to pulmonary audio recordings. The

findings are structured to commence with baseline results, progress to model optimisation and
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culminate in performance evaluation via ROC curves. The classification tasks were delineated
into two primary categories: firstly, the differentiation between COPD and healthy cases, and
secondly, the tri-classification of COPD, healthy subjects, and pneumonia patients. This
methodical approach facilitated a comprehensive assessment of the model's efficacy in

distinguishing between these distinct respiratory conditions.

5.3.1. Healthy and COPD Classification

The initial results for classifying healthy individuals versus those with COPD were obtained
using machine learning models. The baseline results were achieved with specific parameter
settings for each model: RFC with a depth of 500 and 280 estimators, GMM with two
components and full covariance, and SVC with gamma set to auto and a penalty parameter

(C) of 3000, as displayed in Table 6. These settings provided a foundation for further

optimisation.
CIassifi(Eation Classification Model Label Precision Recall F1- Accuracy
Details score
SVD U, Real Random Forest COPD 89 77 82 80
depth=500,estimators =280 Healthy 68 84 75
GMM COPD 4 35 7 m
components=2, Covariance=full Healthy 92 45 60
DTC COPD 72 72 72 o
Healthy 67 67 67
SvC COPD 64 74 69 5
gamma=auto, C=3000 Healthy 74 64 68
SVD Vt, Real Random Forest COPD 82 70 76 72
depth=500, estimators=280 Healthy 60 74 66
GMM COPD 4 60 7
components=2, Covariance=full Healthy 97 46 63 47
DTC COPD 58 63 60 o0
Healthy 61 55 58
SsvC COPD 55 57 56 54
gamma=auto, C=3000 Healthy 52 50 51
SVD S, Real Random Forest COPD 76 72 74 71
depth=500,estimators =280 Healthy 65 70 68
GMM COPD 16 34 22
components=2, Covariance=full Healthy 65 40 49 38
DTC COPD 62 63 63 60
Healthy 57 56 57
SvC COPD 100 54 70 54
gamma=auto, C=3000 Healthy 0 0 0
SVD U, Imag Random Forest COPD 88 77 82 79
depth=500,estimators =280 Healthy 69 83 75
GMM COPD 95 53 68 o
components=2, Covariance=full Healthy 4 36 6
DTC COPD 73 71 72 5
Healthy 65 67 66
SvC COPD 75 72 73
gamma=auto, C=3000 Healthy 65 69 67 0
SVD Vt, Imag Random Forest COPD 82 70 76 o
depth=500, estimators=280 Healthy 60 74 66
GMM COPD 36 52 43 48
components=2, Covariance=full Healthy 61 45 52
DTC COPD 58 63 60 59
Healthy 61 55 58
SvC COPD 55 57 56 54
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gamma=auto, C=3000 Healthy 52 50 51
SVD S, Imag Random Forest COPD 78 72 75 72
depth=500,estimators =280 Healthy 64 71 67
GMM COPD 1 54 70 o
components=2, Covariance=full Healthy 0 0 0
DTC COPD 67 66 66 o
Healthy 60 61 60
SsvC COPD 1 54 70 54
gamma=auto, C=3000 Healthy 0 0 0

Table 6. Baseline results of COPD and healthy classification

Subsequent parameter tuning of the SVC and Random Forest model classification yielded
refined results. The RFC model results outperformed the SVC, and the RFC model's
robustness was checked with CV scores (Average and Standard Deviation). Upper and lower
Cls of 95% and 10% were reported to ensure the robustness of the models. Table 7 displays
the binary classification results, highlighted green, yellow, and red to represent the highest to
the lowest classification results. The ROC curves displayed in Figures 9a and 9b show the
classification models' discriminative ability, comparing the signals' real and imaginary

components using the RFC.

Classification L ..
Details Classification Model Label |Precision| Recall |Fl-score|Accuracy|CVmean| CVAstd | CI95% | Cl10%
SVD U, Real
RFC . copD 87 77 82 79 76 5 73-78 75-76
depth=25, estimators=390 Healthy 69 82 75
svC COPD 64 74 69 69
gamma=auto, C=2265.8436 Healthy 74 64 68
SVD Vt, Real |RFC _ COPD 82 72 77 73 68 5 6570 |68.1-68.5
depth=20, estimators=400 Healthy 63 75 68
svC COPD 55 57 56 54
gamma=auto, C=17911.6418 |Healthy 52 50 51
SVDS,Real |RFC _ COPD 77 73 75 72 73 6 2075 |72.6.72.0
depth=25, estimators=390 Healthy 67 71 69
svC COPD 1 54 70 54
gamma=auto, C=1251.9018 |Healthy 0 0 0
SVD U, Imag |[RFC _ COPD 89 77 83 80 76 5 7279 |76.5-76.8
depth=30, estimators=390 Healthy 70 84 76
svC COPD 75 72 73 70
gamma=auto, C=80190.1489 |Healthy 65 69 67
SVD Vt, Imag |RFC _ COPD 89 77 83 80 76 5 7279 |76.6-76.9
depth=20, estimators=400 Healthy 70 84 76
svC COPD 75 72 73 70
gamma=auto, C=58523.6400 |Healthy 65 69 67
SVDSImag |RFC _ COPD 77 72 74 72 73 5 2074 |72.3.72.6
depth=30, estimators=400 Healthy 65 71 68
svC COPD 1 54 70 54
gamma=auto, C=2764.7901 Healthy 0 0 0

Table 7. Classification of COPD and healthy with parameter tuning on SVC and RFC, and Cross-validation on RFC

The classification of Healthy versus COPD achieved an accuracy of 80%, with 95% confidence
intervals that range from 76% to 79% on the audio signals' imaginary components of the SVD’s
U and VT elements. Additionally, the high accuracy of the audio's imaginary component points
towards the audio's phase for the classification results. This high accuracy level underscores

these features' potential in distinguishing between healthy individuals and those with COPD.
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Figure 9. A) ROC of RFC on Real Components. B) ROC of RFC on Imaginary Components.

5.3.2. Healthy, COPD, and Pneumonia Classification

The classification of healthy individuals, COPD patients, and pneumonia patients was also

evaluated. The baseline results for this multi-class classification were achieved using the same

parameter settings as the previous binary classification.

Details Classification Model Label | Precision Recall Fl-score Acc

SVD U, Real Random Forest COPD 64 81 72
depth=500,estimators =280 Healthy 51 51 51 51

Pneumonia 64 50 56

GMM COPD 67 42 52
Healthy 28 39 32 37

components=3, Covariance=full Pneumonia 6 11 7

DTC COPD 55 63 59
Healthy 40 43 42 60

Pneumonia 57 46 51

SsvC COPD 56 54 55
gamma=auto, C=3000 Healthy 40 44 42 46

Pneumonia 39 37 38

SVD Vt, Real Random Forest COPD 65 78 71
depth=500, estimators=280 Healthy 52 54 53 60

Pneumonia 62 48 54

GMM COPD 23 36 28

Healthy 23 35 28

components=3, Covariance=full Pneumonia 55 28 37

DTC COPD 49 62 55
Healthy 46 40 43 46

Pneumonia 42 38 40

svC COPD 56 54 55
gamma=auto, C=3000 Healthy 32 37 35 45

Pneumonia 46 42 44

SVD S, Real Random Forest COPD 69 75 72
depth=500,estimators =280 Healthy 65 69 67 70

Pneumonia 76 65 70

GMM COPD 99 40 57
Healthy 5 64 9 40

components=3, Covariance=full Pneumonia 0 0 0

DTC COPD 62 65 63
Healthy 48 51 49 56

Pneumonia 59 51 54
svC COPD 100 39 56 39
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gamma=auto, C=3000 Healthy 1 100 1

Pneumonia 0 0 0

SVD U, Imag Random Forest COPD 66 81 73
depth=500,estimators =280 Healthy 50 55 52 61

Pneumonia 66 48 56

GMM COPD 67 60 63
Healthy 28 39 33 50

components=3, Covariance=full Pneumonia 52 45 48

DTC COPD 59 65 62
Healthy a4 45 45 52

Pneumonia 53 46 49

svC COPD 56 53 54
gamma=auto, C=3000 Healthy 36 44 40 47

Pneumonia 48 43 45

SVD Vt,Imag | Random Forest COPD 66 79 72
depth=500, estimators=280 Healthy 54 57 56 62

Pneumonia 67 52 59

GMM COPD 18 28 22
Healthy 38 29 33 32

components=3, Covariance=full Pneumonia 47 40 43

DTC COPD 58 61 59
Healthy 38 39 39 50

Pneumonia 52 47 49

svC COPD 54 54 54
gamma=auto, C=3000 Healthy 29 40 34 45

Pneumonia 52 40 45

SVD S Imag Random Forest COPD 69 72 71
depth=500,estimators =280 Healthy 62 64 63 67

Pneumonia 71 66 68

GMM COPD 98 40 56
Healthy 0 0 0 39

components=3, Covariance=full Pneumonia 3 27 6

DTC COPD 60 63 62
Healthy 58 54 56 59

Pneumonia 58 58 58

svC COPD 100 39 56
gamma=auto, C=3000 Healthy 1 100 1 39

Pneumonia 0 0 0

Table 8. Baseline results of the Classification of COPD, healthy, and Pneumonia.

The RFC demonstrated the best performance, highlighted green in Table 8, and was selected
for further parameter tuning. The results of this tuning process were reported, showing
improvements in classification accuracy and robustness (Albiges et al., 2023). Table 9 shows
the results of the multi-class classification, with the CV results (the mean and standard
deviation) and the CI for 95% and 10%.
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Details . Precisio
Classification Model Label n Recall |Fl1-score| Acc |CVmean|CVAstd | CI95% | Cl10%
SVD U, Real |RFC COPD 64 81 72 58.1-
depth=20, estimators=300 [Healthy 50 51 50 59 58 3 56-59 58.3
Pneumoni 63 48 54
svc COPD 56 56 56
gamma=auto, C=1143.8993 (Healthy 36 39 37 45
Pneumoni 40 37 38
SVD Vt,Real |RFC COPD 66 78 71
depth=40, estimators=500 |Healthy 52 55 54 61 59 4 57-61 |59.2-59.5
Pneumonii 64 50 56
svc COPD 56 61 58
gamma=auto, C=1839.8386 |Healthy 36 37 37 47
Pneumoni 48 42 45
SVD S, Real |RFC COPD 70 76 73
depth=20, estimators=400 |Healthy 65 69 67 70 68 4.5 66-70 |68.3-68.6
Pneumonii 76 64 70
svC COPD 100 40 57
gamma=auto, C=1536.9283 |Healthy 1 67 3 52
Pneumonii 2 50 3
SVD U, Imag |RFC COPD 65 80 72
depth=30, estimators=500 |Healthy 50 55 52 61 58 4.9 56-61 |58.6-58.9
Pneumoni 67 49 57
Ssvc COPD 59 57 58
gamma=auto, C=1536.9283 |Healthy 31 39 35 47
Pneumonii 49 42 45
SVD Vt, Imag |RFC COPD 66 78 72
depth=20, estimators=400 |Healthy 56 58 57 63 59 3.8 57-61 |59.6-59.8
Pneumoni 65 52 58
Ssvc COPD 56 63 60
gamma=auto, C=1536.9283 |Healthy 35 41 38 50
Pneumoni 57 43 49
SVDSImag |RFC COPD 69 73 71
depth=20, estimators=300 |Healthy 62 64 63 68 68 4.2 65-70 |67.9-68.1
Pneumonii 73 66 69
svc COPD 99 40 56
gamma=auto, C=1536.9283 |Healthy 25 3 39
Pneumoni 0 0 0

Table 9. Classification results of parameter tuning on RFC and SVD and cross-validation on RFC models

The Random Forest classifier again provided the best results for the multi-class classification.

The SVD’s S (Singular) values of the auscultation recordings' real and imaginary components

were the most discriminative features, achieving 70% and 68% accuracy, respectively. The

ROC curves for the multi-class classification were computed using one versus the rest for

comparison. The ROC curves for these components showed close values for each COPD

class, with the real components that range from 0.71 to 0.87 and the imaginary components

range from 0.69 to 0.86 for the AUC in the plots, as shown in Figures 10(a-f).
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Figure 10. ROC Curve results of COPD, Healthy, and Pneumonia Classification on each SVD element and signal
component. a) Ureal. b) Sreal. c) Vt real. d) Uimaginary. e) S imaginary. f) Vt Imaginary.

The study's findings present encouraging results in the classification of Healthy and COPD

conditions, particularly highlighting the efficacy of the imaginary components of the signal and

the orthogonal SVD elements. These components were identified as the best performers,

potentially due to the harmonic resonance of wheezes often observed in COPD patients. The

classification of Healthy versus COPD achieved a good accuracy of 80%, with 95% confidence

levels of 76-79% on the audio signals' imaginary components on the SVD’s U and VT

elements. For the Healthy versus COPD versus Pneumonia classification, an acceptable level

of accuracy of 70% with a 95% confidence level of 66—-70% on the audio signals' real

components on the SVD’s S (singular values) was achieved, which indicates good levels of

discrimination between conditions. The classification of the real component of the audio points

towards the discrimination of features lying more within the amplitude or frequency rather than

the phase of the audio.

The study demonstrated that machine learning models, particularly Random Forest classifiers,

effectively classify respiratory conditions based on lung sound data. The utilisation of the SVD

elements, especially the imaginary components, provided significant discriminative power.

The findings suggest that these models can be further optimised and validated with larger

datasets to improve their accuracy and robustness. Future work should focus on integrating

multi-modal data and exploring advanced feature extraction techniques to enhance the

diagnostic capabilities of these models. Additionally, the development of real-time monitoring

systems that use these models could provide valuable tools for early diagnosis and

management of COPD and pneumonia and ultimately improve patient outcomes.
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5.4. Discussion

This study presents significant advancements in the classification of respiratory conditions by
leveraging sophisticated signal processing techniques. The proposed approach, which
integrates the Complex Morlet Wavelet Transform with Dictionary Learning and OMP, has
demonstrated improved accuracy in the capture of non-stationary and non-linear respiratory
sounds' characteristics. The classification of Healthy versus COPD achieved an accuracy of
80%, while the multi-class classification (Healthy vs COPD vs Pneumonia) achieved 70%.
These results, while modest compared to some deep learning models such as Perna et al.
(2019), who reported 98% accuracy using LSTM networks, reflect a more realistic assessment
of model performance due to the focus on the maintenance of diagnostic integrity and avoid

model overfitting.

The utilisation of the imaginary components of the signal and orthogonal SVD elements has
proven particularly effective. These components capture the harmonic resonance and
structural abnormalities characteristic of COPD, offering significant discriminative power. This
approach is further validated by the ability to achieve signal reconstruction and recovery with
high credibility, a crucial aspect for maintaining the integrity of diagnostic processes. This
study's methodology demonstrates competitive performance when compared to existing
studies. Hazra and Majhi (2020) achieved an accuracy of 87% using CNN’s, while Tariqg et al.
(2020) reported 84% accuracy with deep CNN'’s. Although these studies show the potential of
deep learning models, this study’s approach offers the advantage of advanced signal
processing techniques that compress the audio to essential information features, enhance this
study’s model to be generalised, reduce the risk of overfitting, and increase interpretability.
Although GMM and RFC are not as fully interpretable as SVC and DTC, feature importance
or rank could be extracted. With the ability to reconstruct from features, one could track these
features back to the time and frequency domains. With this interpretability, the models with
more data and further research could become more trustworthy in understanding why the

features classify and further impact COPD knowledge and management.

Serbes et al. (2017) utilised wavelet transforms to classify normal lung sounds, wheezes, and
crackles, achieving accuracies between 39.97% and 49.86%. Chambres et al. (2018) also
highlighted the challenge of achieving above 50% accuracy in the ICBHI 2017 challenge
database, where they aimed to classify normal, wheezes, crackles, and both wheezes and
crackles. They suggested potential issues with the dataset, such as incorrect audio
annotations, which could affect classification performance. Tiwari et al. (2021) achieved an F1
score of 81.64% for classifying healthy and unhealthy categories using discrete wavelet

transforms and machine learning. This study’s method's F1 score of 83% for Healthy versus
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COPD is comparable, yet this study specifically targets COPD, providing a more focused
approach to this prevalent condition. On the other hand, this study surpasses these results,
demonstrating the effectiveness of integrating wavelet-based approaches with dictionary
learning and SVD applied to the audio real and imaginary components to identify highly
informative features. However, Naqvi and Choudhry (2020) developed an automated system
that achieved 99.7% accuracy using ADASYN. However, the potential risk of overfitting due to
synthetic sample generation is a concern. This study's more modest accuracy rates likely
reflect a more realistic assessment of model performance, emphasising generalisation

overfitting to the training data.

With the utilisation of the Random Forest Ensemble model, the study achieved an accuracy
of up to 80% in the classification of COPD cases from healthy controls. These results
underscore the potential of machine learning algorithms in respiratory disease diagnostics.
The classification model presented herein has been published as Albigés et al., 2023,
demonstrating its efficacy in distinguishing COPD from non-COPD cases. The next chapter

dives deeper into COPD and investigates COPD Severity identification and classification.
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6. COPD Severity ldentification and Classification

6.1. Introduction

COPD severity assessment presents significant challenges due to its heterogeneous nature
and progressive impact on lung function. Accurate severity classification is crucial for guiding
interventions and prognostic evaluations, which ultimately enhances patient outcomes
(Vogelmeier et al., 2017). Current diagnostic approaches, including spirometry, have

limitations in accessibility and capturing the disease's multifaceted nature (Celli et al., 2015).

This chapter introduces a novel approach to COPD severity identification and classification
using advanced spectral analysis techniques and SVD. The methodology employs a two-stage
process: Firstly, the identification of unique features, which are associated with each COPD
severity level through singular value distribution analysis; Secondly, the utilisation of these
findings are purposely used for the intelligent classification of severities via projection and

machine learning methods.

The approach incorporates STFT application to respiratory sound recordings, and generates
the magnitude spectrograms in order to capture time-varying frequency content. An SVD
application to these spectral representations identifies principal components which
encapsulate salient acoustic features. The method aims to address key challenges in COPD

severity assessment as follows:

1. Comprehensive Identification of COPD-related acoustic phenomena across severity
levels.

2. Enhancement of COPD severity understanding for advancing COPD severity
classification.

This innovative approach offers potential advantages over traditional techniques by focusing
on magnitude information of spectral representation and utilising SVD for dimensionality
reduction and noise attenuation. The research aims to contribute to advancing non-invasive
COPD assessment techniques and extend benchmarking across the full range of COPD

severities.

6.2. Approach

This study's approach to COPD severity identification and classification comprises several key

steps:
1. Audio pre-processing
2. Spectrogram generation
3. Singular Value Decomposition
4. COPD Singular Value Distribution
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Each step builds upon established mathematical and signal-processing principles, which will

be explored in detail.

6.2.1. Audio Pre-processing

Signal pre-processing is crucial for enhancing the quality and relevance of pulmonary
auscultation audio for COPD severity classification. A band-pass Finite Impulse Response
(FIR) filter with 200 Hz and 1500 Hz cut-off frequencies was employed. This specific frequency
range was selected and based on the comprehensive review by Sovijarvi et al. (2000), who
identified it as optimal for capturing respiratory sounds whilst minimising cardiac interference.
In their seminal work on standardising respiratory sound terminology and analysis, the authors
emphasise the importance of this frequency band for isolating and analysing lung sounds,

particularly in the context of obstructive pulmonary conditions.

The Finite Impulse Response (FIR) filter was selected over alternative filter types due to its
linear phase response, which minimises phase distortion during filtering. The linear phase
characteristic is particularly crucial for the analysis, as it preserves the temporal features of
the respiratory sounds, which may contain valuable information regarding COPD severity.
Oppenheim and Schafer (2010) elucidated in their work on digital signal processing that FIR
filters can be designed to have linear phase properties, which is important in applications such
as speech processing. This property ensures that all frequency components of the input signal
are delayed by the same amount, thereby maintaining the relative timing of different frequency
components and preserving the waveform shape of the filtered signal. In the context of COPD
severity, audio signals can be essential in maintaining the waveform of diagnostic relevant

features.

6.2.2. Spectrogram Generation

Spectrograms offer a comprehensive visualisation of both the frequency content and the
temporal evolution of respiratory sounds. They provide a powerful tool for the analysis of
pulmonary acoustics. This capability was elegantly demonstrated by Taplidou and
Hadjileontiadis (2007) in their seminal work that concerns wheeze detection in asthmatic
subjects. The time-frequency representation, which is afforded by spectrograms, facilitates the
identification of specific acoustic features associated with varying degrees of respiratory
condition severity. This concept was further explored by Palaniappan et al. (2013) in their

comparative study of machine learning algorithms for respiratory pathology diagnosis.

The inherent structure of spectrograms renders them particularly suitable for the application

of advanced mathematical techniques, notably SVD. This synergy between spectrogram
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analysis and SVD has been leveraged greatly in recent years, as Brusa et al. (2021)
exemplified in their development of 'eigen-spectrograms'. Their innovative approach creates
an interpretable feature space for bearing fault diagnosis, demonstrating the power of

combining these techniques for signal processing and feature extraction.

The theoretical foundations underpinning this synergy have been rigorously examined by
Weiss et al. (2024) in their comprehensive study of the properties and structure of analytic
SVD. Their work provides a mathematical framework for understanding the optimal application
of SVD to time-frequency representations such as spectrograms. They elucidate the unique

properties of SVD when applied to analytic signals and their relation to spectrograms.

The time-frequency representation, which is provided by spectrograms, enables researchers
to observe patterns and characteristics in respiratory sounds. These may remain obscured in
traditional waveform analysis. This advantage was highlighted by Emmanouilidou et al. (2012)
in their study on lung sound classification, where spectrogram analysis revealed subtle
spectral and temporal features that are crucial for distinguishing various respiratory conditions.
Their work underscores the potential of spectrogram-based analysis in clinical settings.
Further to the discussion in Chapter Four, the spectrogram transformation utilises the STFT

approach, then takes the absolute value, as shown in Equation 13:

X(f,1)= ‘Z:;:x(n) -w(n —tR) - e 27

2
Equation 10. Spectrogram Equation
Where x(n) is the input signal, w(n) the window function, 1 is the time index, and R the hop

size. f the frequency, and N the FFT length.

The utilisation of magnitude spectrograms, while resulting in the loss of the complex
exponentials, offers analytical advantages by emphasising energy distribution patterns, as
elucidated by Auger et al. (2012) in their examination of phase-magnitude relationships in the
Short-Time Fourier Transform. Crucially, the authors demonstrate that phase information is
implicitly encoded within the time-frequency derivatives of the log-magnitude, while
establishing a direct link between the phase structure and the local curvature of the

spectrogram's magnitude.

Additionally, the magnitude representation of spectral data enhances the visibility of amplitude
patterns across frequencies; A characteristic which is particularly salient for differentiating
between COPD severity levels, as elucidated by Grgnnesby et al. (2017) in their analysis of
lung sound features. Further, in their study of crackle detection, the authors emphasise the
importance of frequency domain features, specifically the spectrum mean, which provides a
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measure of central tendency in the frequency domain. This approach, which involves the
calculation of the Fourier Transform, focuses on the real-valued magnitudes and facilitates the
discernment of distinct sound patterns, which are associated with varying degrees of airway
obstruction. It offers a quantitative basis for assessing COPD severity through acoustic

analysis.

6.2.3. Singular Value Decomposition

SVD is applied to the pre-processed spectrograms to extract singular values and vectors. This
technique is particularly valuable for the analysis since it allows the decomposition of complex
signals into orthogonal components, each capturing distinct aspects of the signal's variance.
The application of SVD, as seen in equation 5 in section 4.3.3, is applied to the pre-processed
spectrograms to extract the singular values and vectors. In the context of COPD severity
analysis, the singular values quantify the relative importance of different spectral features in
the respiratory sounds. Larger singular values correspond to the more dominant signal
components, which potentially indicate the significant acoustic markers of lung sounds, while
the smaller singular values correspond to the sparser COPD adventitious acoustics markers.
These are importantly linked to lung restructuring, as discussed by Dournes and Laurent

(2012), in terms of their correlations with COPD severities.

Transforming audio into time-frequency analysis matrices for SVD involves unique challenges
and considerations specific to time-frequency matrices. In the case of STFT matrices, which
are typically uniform with time and frequency along separate axes, SVD application is relatively
straightforward. The non-uniform sampling in the frequency domain inherent to CWT matrices
introduces complexities that can impede SVD application and result interpretation, in contrast
to the uniform sampling and linear frequency scale of Fourier-based methods. It facilitates
a more straightforward analysis, as discussed by Virtanen et al. (2018) in their comprehensive
overview of computational techniques for sound scene and event analysis. This distinction
highlights the need to carefully consider time-frequency representations when applying matrix
factorisation approaches to audio signals. The STFT encounters limitations in its application,
particularly in regard to its fixed time-frequency resolution trade-off across the entire frequency
spectrum and potential inadequacies in capturing very low-frequency signal components, as
elucidated by Sejdi¢ et al. (2009). This constraint is especially pertinent when analysing
signals with widely varying frequency content, such as those encountered in geophysical or
biomedical applications, where the CWT may offer superior adaptability in time-frequency

resolution.
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In contrast, CWT matrices are non-uniform, with time represented along one axis and scale
(which corresponds to frequency) along the other, reflecting the variable resolution of the
wavelet analysis across different scales. While CWT offers advantages such as better time
resolution at high frequencies and improved frequency resolution at low frequencies (Addison,
2017), the non-uniform nature of the matrix introduces significant complexities when applying
SVD.

The non-uniform sampling in the frequency domain of CWT matrices complicates SVD
application and result interpretation, as Hyberts et al. (2012) demonstrated in their work on
iterative soft thresholding for reconstructing non-uniformly sampled NMR data. Although
Hyberts et al. do not explicitly discuss CWT matrices or SVD, they provide relevant context on
the challenges of reconstructing spectra from non-uniformly sampled data in multidimensional
NMR experiments. The irregular sampling patterns in the frequency domain, analogous to
those encountered in CWT matrices, introduce artefacts and complicate the extraction of
meaningful information using techniques like SVD. This parallel underscores the broader
implications of non-uniform sampling on spectral analysis and reconstruction across different

spectroscopic methods.

Additionally, Tary et al. (2018) reviewed spectral estimation techniques comprehensively.
Specifically, the CWT's scale-dependent sampling density, which results in fewer samples at
lower frequencies, can skew SVD results towards higher-frequency components.
Furthermore, the scale-dependent energy distribution characteristic of CWT matrices may
necessitate normalisation procedures before SVD application to ensure equitable
representation across frequency scales. These intrinsic properties of CWT matrices
underscore the need for careful consideration and potential pre-processing steps when
applying SVD to wavelet-transformed data, particularly in geophysical applications where

accurate spectral analysis is paramount.

Furthermore, the CWT matrices often exhibit high redundancy, particularly at lower
frequencies, which can significantly impact the interpretation of singular values and vectors
derived from SVD. As elucidated by Addison (2017) in their comprehensive handbook on
wavelet transforms, the computational complexity is substantially increased due to the
typically larger size of CWT matrices than those of the STFT. Furthermore, Mallat (2008)
emphasises in their seminal work on wavelet theory that the non-orthogonality of CWT basis
functions introduces additional complexities in interpreting SVD results. Consequently, whilst
applying SVD to an STFT matrix is relatively straightforward, doing so with a CWT matrix
necessitates more careful consideration due to its non-uniform nature. Therefore, this study

utilises the STFT in conjunction with SVD. At the same time, it aligns with the approach
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advocated by Sejdi¢ et al. (2009), where the advantages of STFT for specific spectral analysis

applications are highlighted.

6.2.4. Harmonics and Transient

COPD's prominent adventitious lung sounds include wheezes (which can be monophonic or
polyphonic), rhonchi (low-pitched continuous sounds), and crackles (sudden, discontinuous
sounds). Understanding how these sounds propagate from the audio to the singular values in

a mathematical form can aid in the interpretation of the singular value distributions.

6.2.4.1. Harmonics
The analysis of harmonic structures in singular value distributions provides crucial insights into

the underlying periodicities in respiratory sounds, which are associated with COPD, especially
harmonic wheezes. To elucidate these structures, begin with an illustrative example using
harmonic frequencies consisting of multiple Dirac delta functions (Kanwal, 2004). Consider a
signal composed of a series of equally spaced Dirac delta functions (Ombao and Van

Bellegem, 2006) as in Equation 11:

s(t) = Z 8(t — nT)

n=-—oo

Equation 11. Harmonic function as a series of Dirac Delta functions

Where T represents the spacing between pulses. The Fourier transform of this signal yields

the spectral density function S(w) (Buttkus, 2000) as in Equation 12:

s@=z3., (o)

Equation 12. Fourier Transform Harmonic Equation

This results in a spectrum consisting of equally spaced harmonic components, with the

spacing determined by the fundamental frequency 1/T (Oppenheim and Schafer, 2010).

In the context of this COPD severity analysis, the presence of harmonic structures in the
singular value distributions may indicate underlying periodicities in the respiratory sounds.
These periodicities could arise from various physiological processes, such as the rhythmic
opening and closing of airways or the propagation of sound waves through the branching
structure of the bronchial tree (Suki et al., 2013). This analysis of correlation on the polynomial
modelling coefficients (See Appendix G) reveals that these harmonic structures are captured
in the singular value distributions. This distinction is crucial, as it suggests that the SVD
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process captures fundamental oscillatory patterns in the spectral content of the respiratory

sounds across different severities.
When the application of SVD is applied to the spectrogram matrix A, the result is:

¢ U contains the left singular vectors representing the spectral structures (Brusa et al.,
2021).

e V contains the right singular vectors representing the temporal structures (Hansson-
Sandsten, 2015).

e X is the “main diagonal” matrix of singular values representing the energies of the

signals (Zhang et al., 2017).
In this decomposition:

1. The columns of U (u;) represent the spectral patterns (Brusa et al., 2021):

2k

ug(w) = 6 (w —T)

Equation 13. SVD U harmonic equation

Where k is the harmonic number, and T is the fundamental period.
2. The columns of V (v, ) represent the temporal patterns (Hansson-Sandsten, 2015):

2wkt
v (t) = cos( T

+ ¢k)

Equation 14. SVD V harmonic equation

Where ¢, is a phase offset.

3. The singular values (o}) in Z reflect the energy distribution of each harmonic component:

1
O X —

Vk

Equation 15. SVD singular value harmonic equation

This relationship demonstrates how the energy of each harmonic is captured in the singular
value spectrum. Additionally, as the harmonic contains multiple frequencies, each frequency
component would be represented by a singular value (o;,) and the lower components in the
lower singular values; this could contribute to the oscillation identified in the tails, and the
harmonic frequencies below the fundamental frequency would have their own singular value

that, when reordered in the SVD process, moves them to lower components.
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6.2.4.2. Transients
Crackles in COPD can be modelled as transient bursts, which can be approximated using

Dirac delta functions. The Dirac delta function is defined as:

(oo, ifx=0
6(x) = { 0, ifx # 0

Equation 16. Equation for the Dirac Delta function

Furthermore, the Dirac Delta Function, §(X), can be represented in matrix form (Zhang, 2021)

via a real matrix mby n, X = [x;;] € R™™

n

sc0 =[] [6en
i=1j

=1
Equation 17. Matrix formulation of the Dirac Delta Function
To explain how the Dirac delta function is decomposed when it appears within a matrix or
operator using SVD, let us consider a simple example with a 2x2 matrix containing delta

functions centred at two points of frequency and time.

Let us define a matrix A as:
T (LN
0 6(t —tg)
Equation 18. Defined Matrix with delta functions.
Where §(f — f,) and §(t —ty) are Dirac Delta functions which are respectively centred at

points f and t. For instance, they could represent a crackle transient signal.

When the application of SVD is applied to matrix A, it results in a decomposition into three
matrices, in the following way:
5(f — fo) 0 ] _ [U11 U12] 01 0] [Vn V12]T
0 5(t —to) Ui Uzll0 02f|Var Voo
Equation 19. SVD applied to the defined matrix of Dirac Delta functions
The key point is that the delta functions are now distributed across the singular vectors
(columns of U and V) and scaled by the singular values (o1 and 62). Specifically:
1) 6(f —fo) = Upp * 01 % Vi + Upy * 03 * Vpp
2) 8(t—tg) = Uy * o1 % Voy + Upy x 0y * Vpy
Equation 20. Distribution of Singular values. 1) frequency domain. 2) time domain
Transient events, such as crackles in pulmonary audio, are characterised by high power and
low overall energy compared to continuous sounds. These brief bursts of energy exhibit high

instantaneous power and significant high-frequency components. Conversely, sustained
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sounds have lower power at any moment but accumulate more energy over time. When SVD
is applied to a matrix containing transient events, their non-stationary and high-frequency
nature disperses their energy across multiple singular vectors. This leads to energy being
distributed among several singular values, including smaller ones typically considered noise.
Consequently, transient bursts reduce the magnitude of larger singular values, redistributing
signal energy to smaller values and altering the singular value distribution. Each delta function
becomes a linear combination of singular vectors, weighted by singular values, spreading the
original sharp localisation across singular matrices. The energy of transient events disperses
into smaller singular values, potentially accumulating in non-dominant components if multiple
crackles co-occur. This can result in oscillations in the plot and model coefficients. It is
important to note that while the Dirac delta function theoretically represents crackles, practical
signal processing often uses discretised approximations, as actual Dirac delta functions are

mathematical idealisations not directly representable in digital systems.

A comparison of the mathematical models of the wheezes and crackles distribution within the
singular values highlights that these sounds can have components in the lower values that
require a redirection from standard methods of SVD from rank reduced to the utilisation of the

whole range of values.

Matrix projection techniques, particularly subspace projection, become useful for enhancing
COPD severity classification. By decomposing complex audio signals into principal
components, SVD may uncover subtle patterns and features which are not necessarily evident
in raw data or in simpler fitting models. This method aligns with the observed energy
accumulation in smaller components, as discussed in the context of wheezes and crackles,
while it is represented under Dirac delta functions. Matrix projection techniques may improve
the ability to capture and quantify gradual changes in lung sounds across COPD stages.
Further, it may potentially enable the differentiation between severity levels, which themselves

lead us to better training of more performing machine classifiers.

6.3. COPD Singular Value Distribution

This study aims to investigate how singular value distributions derived from pulmonary
auscultation spectrograms correlate with COPD severity, potentially offer new insights into the
disease progression and severities classification. Building upon this visual representation,
histograms can offer additional analytical advantages that are particularly relevant to further

COPD severity classification using machine learning.
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Histograms were employed as a fundamental tool for analysing data distribution across
different COPD severity classes. The utilisation of histograms serves several critical purposes
in this research: Firstly, histograms provide a visual representation of the data distribution,
while they offer an intuitive and accessible means of understanding the underlying patterns
(Scott, 1979) within each COPD severity class. This visual approach allows for the rapid
identification of key characteristics such as central tendencies, spread, and potential outliers,
which are crucial for initial data exploration and potential hypothesis generation. Secondly,
while histograms do not directly display the probability density function (PDF), they offer a
valuable approximation of the underlying PDF for each COPD severity class (Silverman,
1986). This approximation is particularly useful in this research, as it allows for the comparison
of distribution trends across different COPD severity levels. These could reveal important
shifts or changes in the data structure as the disease progresses across higher-level

severities.

The distribution of singular values across different classes provides crucial insights into the
underlying characteristics (Jolliffe and Cadima, 2016) concerning COPD severity levels. It
provides crucial insights into the underlying acoustic characteristics of the disease severity
too. The eigenvalues, which are represented by the singular values in this context, play a
pivotal role in quantifying each eigenvector's significance while it captures the data's variance
(Wall et al., 2003). Higher eigenvalues indicate more influential eigenvectors, that correspond
to more prominent features in the pulmonary auscultation audio, which may be distinct across
COPD severity levels (Reichert et al., 2008).

Sampling the singular values of each COPD severity level highlights their distribution. Plotting
the distribution of the sampled data helps visualise how the data points are spread across
different values, as shown in Figure 11. It shows the distribution of singular values for each
COPD severity. The data distribution underwent a transformation utilising the eighth root
function to mitigate skewness and enhance the spread of values. Subsequently, the
transformed distribution was normalised to facilitate meaningful comparisons across different
datasets and variables. The plot demonstrates that the Singular Values are highly skewed,

with oscillations in the tail.
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Severity
COPDO
COPD1
COPD2
COPD3
COPD4

In order to assess the statistical significance of the differences in acoustic features across

COPD severity levels, the Mann-Whitney Test was employed. This non-parametric test is

particularly suitable for this analysis as it does not assume normality in the data
distribution(McKnight and Najab, 2010).

The results of the Mann-Whitney Tests are presented in Table 10. The p-values fall

substantially below the predetermined significance level a = 0.05 for severity zero, when

compared with all other severities. However, besides COPD1 to COPD4, which showed

significant differences, all other comparisons were above alpha and, therefore, do not have

substantial differences. These results align with those of Atlan et al. (2018), who highlighted

the challenges in the classification of COPD severity stages.

COPD Severities By Severity Mann
Whitney U-Test
Singular Values Results
group1 | group2 | u_stat | p_value
copd0 | copd1 1262621
copd0 | copd2 | 1568624
copd0 | copd3 | 1846399
copd0 | copd4 | 3773048
copd1 | copd2 | 1333830
copd1 | copd3 | 1624855
copd1 | copd4 | 3195376
copd2 | copd3 | 2100361
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copd2 | copd4 | 4147357
copd3 | copd4 | 4902597

Table 10. COPD Severity Significance Testing

6.4. COPD Severity Modelling

Modelling the singular values derived from the SVD of pulmonary auscultation spectrograms

provides valuable insights into the nuances of COPD severity. This approach is effective for
several reasons. Firstly, the singular values represent the importance of different spectral
components in the auscultation signal, which correlate with specific pathophysiological
changes in COPD (Taplidou & Hadjileontiadis, 2007). Secondly, the distribution and decay
pattern of singular values can reveal the complexity and variability of lung sounds, which are
known to increase with COPD progression (Morillo et al., 2013). Furthermore, the modelling
of these singular values allows for the quantification of subtle changes in lung acoustics that
may not be apparent through traditional auscultation methods, thereby enhancing the
sensitivity of COPD severity assessment (Reichert et al., 2008). Further, this mathematical
approach facilitates the development of objective, reproducible metrics for COPD severity,
while it addresses the limitations of subjective clinical assessments (Palaniappan et al., 2013).
Two different curve-fitting models are leveraged to give several perspectives: a Log-Normal
distribution with a dampened cosine function and a polynomial model. In evaluating the
efficacy of modelling singular value distributions, the utilisation of a log-normal distribution with
a dampened cosine function, coupled with a polynomial model, presents a compelling
approach. This method offers a nuanced representation of the data's inherent skewness whilst
accommodating oscillatory behaviour in the tail region (Limpert et al., 2001). The log-normal
component captures the fundamental asymmetry often observed in singular value
distributions, whilst the dampened cosine function allows for the modelling of periodic
fluctuations that may persist in the tail (Weiss et al., 2024). Furthermore, including polynomial
modelling offers terms that provide additional flexibility to account for potential deviations from
the log-normal-cosine model and capture nonlinear behaviour, thereby enhancing the overall
fit (Bishop, 2006). Other degrees of polynomials were considered; however, lower degrees
could not capture the non-linear behaviour, and higher degrees overfitted the model, going

into negative values.

To assess the model's performance, the coefficient of determination (R?) serves as a crucial
metric, since it quantifies the proportion of variance in the dependent variable that is
predictable from the independent variable(s) (Hastie et al., 2009). However, it is imperative to
acknowledge that whilst R? offers valuable insights into the model's goodness-of-fit, it should
not be considered in isolation. The interpretation of R? must be contextualised within the

broader framework of model diagnostics, including residual analysis and consideration of the



114

model's theoretical underpinnings (Golub and Van Loan, 2013). Moreover, the complexity
introduced by combining log-normal, cosine, and polynomial components necessitates careful
consideration of potential overfitting, which may be mitigated through cross-validation

techniques or the use of adjusted R? values (Morillo et al., 2013).

6.4.1. Log-Norm and Dampened Cosine

The log-normal distribution with a dampened cosine function was selected for its ability to
capture both the overall shape of the singular value distribution and the potential oscillatory
patterns often observed in respiratory acoustics. The log-normal distribution with a dampened

cosine function can be expressed mathematically as follows:

log norm =

1 < (log(x) — u)2>
exp| —

sx\/2m 252

Equation 21. Log-normal Equation

Where u is the mean, and s is the standard deviation of the distribution.
The dampened cosine part function is calculated as follows:

cosine_part = acos(bx+c)+d

Equation 22. Damped Cosine Equation

Therefore, the calculation for the modelling is

output = log_norm X cosine_part

Equation 23. Model fitting formulation

Furthermore, the log-norm with cosine dampening modelling is described by six parameters

as listed and described below:

1. s: This is the shape parameter of the log-normal distribution. It controls the spread or
standard deviation of the distribution. A larger s results in a wider distribution and
represents the s in the log-norm equation.

2. Scale: This is the scale parameter of the log-normal distribution. It shifts the distribution
along the x-axis. The scale parameter is essentially the exponential of the mean of the
underlying normal distribution and represents the p in the log-norm equation.

3. a: This parameter controls the amplitude of the cosine function. It scales the height of
the cosine part function.

b: This parameter controls the frequency of the cosine part function.
c: This parameter controls the phase shift of the cosine part function.

d: This parameter controls the vertical shift of the cosine part function.
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This model was selected for its ability to capture the overall shape of the singular value
distribution and the potential oscillatory patterns often observed in respiratory acoustics.

These are particularly relevant in this COPD severity analyses.

The log-normal component of the model accounts for the skewness typically seen in singular
value distributions. At the same time, the dampened cosine part function allows for
the modelling of the fluctuations that may persist in the tail of the distribution function (Weiss
et al., 2024).

The results of modelling the COPD severities singular values are shown in the Figures below.

The plot legend gives the R values for the fit evaluation, respectively.

Original and Predicted Values for COPDO for Log-Norm and Dampened Cosine

1.0 1 === Curve Fit for COPDO: R2=0.6986
s CoPDO
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Figure 12. COPD 0 Log-Norm dampened Cosine fitting.
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Original and Predicted Values for COPD1 for Log-Norm and Dampened Cosine
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Figure 13. COPD 1 Log-Norm dampened Cosine fitting.
Original and Predicted Values for COPD2 for Log-Norm and Dampened Cosine
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Figure 14. COPD 2 Log-Norm dampened Cosine fitting.
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Original and Predicted Values for COPD3 for Log-Norm and Dampened Cosine
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Figure 15. . COPD 3 Log-Norm dampened Cosine fitting.
Original and Predicted Values for COPD4 for Log-Norm and Dampened Cosine
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Figure 16. COPD 4 Log-Norm dampened Cosine fitting.

The model coefficient results for these plotted models are described in table 11.
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Scale

A

C

D

COPDO

0.704394

20.91481

1.380153

-1.29224

-2.4702

23.03304

COPD1

0.915833

19.7722

4.249319

0.231225

0.485236

28.30833

COPD2

0.657533

23.74733

-1.88123

1.028668

-3.23098

27.28798

COPD3

0.840466

23.30278

4.971829

0.050989

0.650159

26.29529

COPD4

0.784699

20.43013

-1.59098

-0.50233

-4.49649

27.37605
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Table 11. Log-Norm and dampened Cosine parameters for model fitting.

The analysis of the log-normal distribution with dampened cosine function modelling for COPD
severity reveals distinct patterns across disease progression stages. This examination
provides insights into the subtle acoustic characteristics associated with COPD advancement.
They do offer valuable

information about underlying patho-physiological changes

underpinning COPD.

The log-normal distribution parameters, 's' and 'scale', and the dampened cosine function
parameters, 'a', 'b', 'c', and 'd', demonstrate complex variations across severity levels. COPD2
exhibits the highest scale value, potentially indicating a peak in crackle amplitude at this
seemingly moderate stage of the disease. This observation aligns with the hypothesis that
increased airway obstruction and inflammation in moderate COPD could lead to more

pronounced crackle generation.

While the amplitude parameter 'a' shows high values for COPD2 and COPD3 in the numerical
results, the visual representation of the COPD3 curve does not demonstrate pronounced
oscillatory elements. This discrepancy warrants further investigation into the interplay of model
parameters and their manifestation in the fitted curve. The relationship between these
parameters and potential increased airflow turbulence or frequent crackles may be more
complex than initially interpreted and requires careful consideration of both numerical and

visual results.

Interestingly, the frequency parameter 'b' remains relatively stable across COPD levels. This
stability suggests that the fundamental frequency characteristics of lung sounds may not
undergo dramatic alterations with disease advancement. This finding warrants further

investigation in the context of COPD pathophysiology.

The phase shift parameter 'c' presents a complex pattern across severity levels. The
significant negative value for COPD4 aligns with expectations of extensive structural changes
in advanced COPD. However, the similar values observed for COPD0 and COPD2 present

an intriguing anomaly that merits further exploration.

The vertical shift parameter 'd' exhibits higher values in COPD1, COPD2, and COPD3
compared to COPDO and COPD4. This pattern may represent a baseline shift in lung sound
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characteristics due to adventitious signals affecting singular values, potentially indicating

persistent alterations in moderate to severe COPD.

6.4.2. Polynomial Modelling

A polynomial model was also employed to provide a complementary perspective and ensure
a comprehensive analysis of the singular value distributions. The polynomial model offers
additional flexibility to capture nonlinear behaviour in the singular value distribution that may
not be fully accounted for by the log-normal with a dampened cosine model. The choice of an
8th-degree polynomial is to balance between model complexity and the risk of overfitting
(Bishop, 2006). The eighth-degree polynomial is calculated as follows:

f(X) =c+ ayx + azx? + agx® + agx* + agx® + agx® + a;x7 + agx®
Equation 24. Eighth-degree Polynomial Equation

Where c is the constant and a4, ay,...,as are the polynomial series coefficients.

While the coefficients of the fitted polynomials may offer potential insights into the acoustic
characteristics associated with different COPD stages, the interpretation of these values

requires careful consideration.

An eight-degree polynomial model was used to model the COPD severity distributions from
another distribution perspective. Figures 17 to 21 show the blue line 8"-degree polynomial
fit, along with the respective R values in the plot legend. Additionally, Table 12 gives the

coefficients of each polynomial of each COPD severity model.
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Figure 17. COPD 0 8th order polynomial fitting.
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Figure 18. COPD 1 8th order polynomial fitting.
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Lo Original and Predicted Values for COPD2 8th Degree Polynomial
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Figure 19. COPD 2 8th order polynomial fitting.
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Figure 20. COPD 3 8th order polynomial fitting.
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Figure 21. COPD 4 8th order polynomial fitting.
COPD Parameters
Severity 8 7 6 5 4 3 2 1/C
COPDO 1.68E-15 | -8.61E-13 | 1.53E-10 | -7.36E-09 | -1.00E-06 | 1.51E-04 | -7.49E-03 1.34E-01 | -5.55E-02
COPD1 -3.22E-15 | 217E-12 | -6.14E-10 | 9.43E-08 | -8.53E-06 | 4.55E-04 | -1.33E-02 1.67E-01 | 1.09E-01
COPD2 4.16E-15 | -2.38E-12 | 5.38E-10 | -5.85E-08 | 2.82E-06 | -2.82E-06 | -4.66E-03 1.26E-01 | -1.56E-01
COPD3 -3.31E-15 | 2.25E-12 | -6.42E-10 | 9.96E-08 | -9.10E-06 | 4.90E-04 | -1.46E-02 1.91E-01 -1.03E-01
COPD4 -3.24E-15 | 2.26E-12 | -6.65E-10 | 1.06E-07 | -1.00E-05 | 5.56E-04 | -1.70E-02 2.27E-01 | -1.76E-01

Table 12. COPD Severity polynomial parameters.

The application of an eighth-degree polynomial model to the singular value distributions across

COPD severity levels has yielded intriguing insights into the acoustic characteristics

associated with disease progression. This approach complements the log-normal with

a dampened cosine model, offering additional flexibility to capture nonlinear behaviour that

may not be fully accounted for by the previous model.

The analysis of polynomial coefficients reveals subtle patterns corresponding to COPD's

various stages. Focusing primarily on the more stable lower-degree coefficients provides a

more reliable basis for comparison between severity levels.
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The polynomial coefficients exhibit moderate variability for COPDO, serving as a baseline. The
relatively small magnitude of higher-degree coefficients suggests a smoother overall
distribution of singular values in the early stages of COPD. As the disease progresses to
COPD1, a notable shift in coefficient values is observed, potentially indicating increased

complexity in the acoustic signature.

COPD2 presents a distinct pattern, oscillating in the signs of higher-degree coefficients across
severity levels. This suggests a non-linear progression in the acoustic features of COPD,
which aligns with the complex nature of the disease's impact on lung function. The constant
term for COPD2 differs markedly from COPDO and COPDA1, possibly indicating a significant
change in the overall distribution of singular values at this stage of the disease.

It is crucial to acknowledge the challenges in modelling COPD3, particularly in capturing the
fine oscillations observed in the empirical data. The coefficients for COPD3 show similarities
to COPD1, which might suggest some acoustic similarities between these stages despite the
expected progression of the disease. However, the limitations in modelling the tail behaviour

for COPD3 necessitate a cautious interpretation of these coefficients.

For COPD4, the most severe stage, the coefficients show further changes. The constant term
is the largest in magnitude among all severity levels, potentially indicating the most significant

deviation from normal lung sounds in this advanced stage of COPD.

While the higher-degree coefficients provide insights into the fine structure of the singular
value distributions, their interpretation should be approached with caution due to potential
instabilities in the fitting process. The lower-degree coefficients and the constant term offer

more stable severity-level comparisons.

Aconsistent increase in the magnitude of the constant term from COPDO to COPD4 (excluding
COPD3 due to modelling challenges) suggests a progressive shift in the overall distribution of
singular values as COPD severity increases. This trend aligns with the expected changes in
lung acoustics as the disease advances. An additional harmonic analysis of the polynomial

coefficients can be found in Appendix G.

6.4.3. Modelling Comparison

The two modelling approaches present distinct methodologies and insights into analysing
COPD severities through pulmonary audio signals. Each modelling approach attempted to
capture the characterisation of lung sounds using different mathematical formulations, with
complementary perspectives on understanding the distribution function trends and their

manifestations in accord with COPD severity progressions.
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The first approach, which models combines a log-normal distribution with a damped cosine
function, adeptly capturing crackle amplitude distribution and respiratory acoustics' oscillatory
nature. The log-normal component, defined by 's' and 'scale' parameters, reveals a non-linear
trend across COPD stages, with COPD2 showing the largest 'scale’' value, suggesting

pronounced abnormal lung sounds at moderate stages.

The damped cosine function, characterised by parameters 'a’, 'b', 'c', and 'd', elucidates
oscillatory aspects of lung sounds. Parameters 'a' (amplitude) and 'c' (phase shift) show
marked variations across COPD stages, with moderate to severe stages exhibiting high
amplitude values. The frequency parameter 'b' remains relatively stable, indicating consistent

fundamental frequency characteristics.

In contrast, the second approach utilises an eighth-degree polynomial model, offering a
perspective on lung sound complexity and variability across disease stages. The computed
polynomial coefficients for COPDO serve as a baseline, with notable shifts observed as COPD
severity progresses, particularly in higher-degree terms. This suggests increased complexity
in lung sound characteristics, even at mild stages. For moderate and severe stages,
coefficients exhibit further increases in magnitude and variability, aligning with expected

pathological progression.

While the log-normal with damped cosine model provides a physiologically interpretable
framework, the polynomial model offers a flexible approach to capturing overall distribution
shape. The complementary nature of these approaches allows for a comprehensive
understanding of COPD progression, with the log-normal model offering insights into specific
acoustic features and the polynomial model providing a holistic view of distribution shape and

complexity..

6.5. COPD Severity Audio Classification

The classification of COPD audio utilises two datasets: the @TR Respiratory and ICBHI

Respiratory Challenge 2017 databases. A pre-processing step is applied to all audio samples.

The ICBHI database generates a projection matrix representing a subspace of audio-
breathing features. This subspace, derived from SVD, encapsulates essential features in a
lower-dimensional space. The audio, transformed as previously described, forms a matrix
where rows represent samples and columns correspond to spectrogram features. SVD
decomposes this matrix into U, %, and VT matrices.

We focus on the U matrix, which serves as the orthogonal basis for the input space,

representing the column space of the original matrix. This captures the frequency structures
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inherent in the audio data, encapsulating fundamental patterns and variations in COPD

signals.

Several projection matrices were tested against a control of no projection. Firstly, the U matrix,
which serves as the orthogonal basis to the input space - the column-space of the original
matrix - represents the frequency structures and is a subspace of R™. Additionally, an
approximate to the U matrix, noted as U was created by the rearrangement of the SVD
equation. This adjustment helps relax the equality constraint, and it is crucial for capturing
additional variance. While novel in medical signal processing, this study’s approach builds on
established matrix approximation techniques, such as those of Jiang et al. (2019), which were

demonstrated in EEG analysis.

Adventitious, non-stationary lung sounds exhibit reduced orthogonality, which is crucial for
their analysis and classification. As Moonen and De Moor (1995) explain, strict orthogonality
implies complete independence of signal components. However, adventitious lung sounds
balance uniqueness and shared characteristics, enabling detailed study and automated

classification.

This reduced orthogonality is evident in their categorical distribution. Sounds maintain
individuality, as noted by Bohadana et al. (2014), yet share enough features for reliable
classification, as shown by Palaniappan et al. (2013) and Andrés et al. (2018). This property
exemplifies non-stationary signals with reduced orthogonality, contrasting with strictly

orthogonal stationary signals.

This study's novel application of this rearranged SVD equation to COPD severity classification
represents an extension of these principles for the investigation of respiratory audio signals

and their mathematical analysis.

6.5.1. Approximate U matrix and its Implications

The following derivation aims to demonstrate the mathematical relationship between the
original U matrix and its approximation, U. This proof elucidates the theoretical underpinnings

of the approach and justifies its application in the COPD severity classification task.

To show: U=AVX* in a noiseless case.

1. Start with the SVD of A: A=U3V"
2. Multiply both sides by V: AV=U3

3. Multiply both sides by =*: AVZ*t=U
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4. Since 32X*=/ (the identity matrix), the result is: U=AVX*

However, as there are variations in V matrix, U becomes an approximation,

U~ A-V-2*¥
Equation 25. Approximate U equation
Where z* is the Moore-Penrose Pseudo-Inverse (See Appendix D for further details) applied
to X, VT is the transpose of V, and A is the original data matrix, in this case, the flattened
spectrograms. The Moore-Penrose Pseudo-Inverse and the inverse of X via the application of
a least squares methodology to the inversion can be applied to non-square matrices (Favier,
2019) (Kanatani, 2022).

In the COPD severity classification, the conditions where the audio signals contain both noise
and overlapping features are elucidated in Chapter Three. These conditions necessitate the
use of the U matrix to better capture the complex acoustic signatures associated with different

COPD severity levels.

The relaxation of the equality constraint is to capture more variance in the data as the
adventitious features can overlap in the time and frequency domain. The SVD process of
sifting the data to gain U elements is not conducted; therefore, extracting U from the data
captures more variance. Additionally, in the mathematical modelling of the harmonics, it is

seen that the U elements are almost equal to the harmonic equation (Equation 19).

Additionally, the difference between the two matrices, U and U is highlighted when checking
for orthogonality, the U matrix is not entirely orthogonal and UU” is approximately one,
rounding to two decimal places. Whereas UUT is significantly closer to one. This shows that
the vectors in U are not as orthogonal as U, which might be because noise and features

overlap in the subspace.

The U matrix captures more variance in the data by relaxing the strict orthogonality constraints
of the original U matrix (Taplidou & Hadjileontiadis, 2007). This flexibility allows U to adapt to
the subtle variations in frequency content and temporal patterns of crackles and wheezes,
which are known to change with COPD progression. Consequently, U provides a more
comprehensive representation of the acoustic signatures associated with different COPD
severity levels, potentially enhancing the discriminative power of subsequent classification

models.

When crackles are considered Dirac Delta functions, multiple crackles and wheezes build up

energies, creating more pronounced oscillations in the smaller components and pointing to
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overlapping features more than noise alone. Mathematically, These deviations can be

represented as:

U=U+ AU
V=V+ AV
Equation 26. Approximate U and V components

Here, AU and AV represent the variations due to noise and feature overlap. When the
projection of Aonto VV and multiply by £*, the result approximates U, taking into account the

variations, therefore,

uiT =1,
uuT =1,
Since U = U+AU+ AV
and UUT < UUT
Equation 27. Comparison of U and approximate U

Therefore, in the absence of noise, the equation U=AVX™ holds exactly. However, where U
and V incorporate variations from non-orthogonal features, such as the dispersion and
accumulated energies of crackles, the orthogonality of the equality diminishes. Consequently,
U serves as an approximation of U, or maintaining more detailed information about the
characteristics of crackles and wheezes in the audio. It is, therefore, crucial to recognise that
overlapping features in audio signals are not inherently superior for classification tasks.
Feature engineering aims to create discriminative, independent features that effectively
represent the underlying patterns in the data. This approach employed signal processing
techniques to extract meaningful features from the COPD audio signals while mitigating the

effects of noise and overlapping acoustic events.

6.5.2. Subspace Projection

The utilisation of projection techniques in the classification of pre-processed COPD severity
audio signals is predicated on the hypothesis that such methods can enhance class
separability by amplifying salient features whilst concomitantly attenuating noise. This
hypothesis is grounded in the fundamental principles of dimensionality reduction and feature
extraction inherent to projection methods. The projection onto a carefully selected subspace
U is posited to achieve this dual objective through several mechanisms. Firstly, projection can
concentrate the variance of the data along specific directions, potentially accentuating the

discriminative characteristics that differentiate COPD severity levels (Hastie et al., 2009).
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Secondly, by mapping the data onto a lower-dimensional space, projection can mitigate the
'‘curse of dimensionality', thereby improving the efficacy of subsequent classification
algorithms (Bishop, 2006). Furthermore, the projection process can act as a form of
regularisation, potentially reducing overfitting and improving generalisation performance
(Goodfellow et al., 2016). This is particularly pertinent in the context of audio signal analysis,
where high-dimensional input spaces are common. The selection of an appropriate projection
matrix U is crucial, as it determines the subspace onto which the data is mapped. Techniques
such as Principal Component Analysis (PCA) or Linear Discriminant Analysis (LDA) can be
employed to derive U in a data-driven manner, optimising for variance preservation or class
separability, respectively (Duda et al.,, 2012). In the specific context of COPD severity
classification, the projection onto U may capture the subtle acoustic differences associated
with varying degrees of airway obstruction, potentially enhancing the discriminative power of
the subsequent classification model. While this hypothesis is theoretically sound, empirical
validation through rigorous experimentation and comparative analysis remains essential to
substantiate the efficacy of projection in this specific application domain. The projection
method is shown in equation 30, where P is the projection matrix, N is the new COPD sample,

and S is the COPD sample transformed into the subspace.

S=Pr-N
Equation 28.Projection formula

This is explained mathematically, with Py being the projection mapping onto the subspace U.
Let P,,. be the projection mapping onto the orthogonal complement subspace of U, u*, which
is shown in the formula below (Kanatani, 2022) and a supported mathematical explanation

can be found in Appendix E:

Py= X, X€Eu
ux—{o’ x € ut

0, XEU

Px={
+ x, x € ut

u
Equation 29. Projection mapping formula

Therefore, the projection application was created from a range of breathing audio, the ICBHI
Respiratory Database. The aim was to project the COPD severity audio samples from the
@TR Respiratory Database into the subspace to allow for increased classification.
Additionally, the method of the creation of a Projection matrix from one dataset for the

utilisation of another dataset is a form of transfer learning.
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Therefore, the classifications in this chapter are on COPD Severity classes zero to four, in

three methods: with no projection, projection with the U matrix, projection with U.

6.5.3. Machine Learning
The machine learning algorithms utilised in this study encompass a variety of algorithms,
including Random Forest, Gaussian Naive Bayes, Support Vector, and Logistic Regression

classifiers, that match the literature.

In the context of addressing class imbalance, it is essential to differentiate between machine
learning algorithms that inherently support class weighting and those that do not. Whilst
algorithms such as Support Vector Machines, Random Forests, and Gradient Boosting
methods offer built-in mechanisms for adjusting class importance during training, others, like
k-nearest Neighbours and traditional Neural Networks, lack this intrinsic capability (Hastie et
al., 2009; Bishop, 2006). Algorithms falling into the latter category often require external
techniques, such as resampling methods or algorithm-specific modifications, to effectively
handle imbalanced datasets (Chawla et al., 2002). It is crucial to note that the absence of built-
in class weighting does not necessarily render these algorithms ineffective; rather, it
necessitates careful consideration of alternative approaches to achieve comparable
performance in managing class imbalance. The selection of an appropriate algorithm and
imbalance-handling technique should be guided by the specific characteristics of the dataset
and the problem domain, with due consideration given to the trade-offs between computational

complexity and model performance (He & Garcia, 2009).

In terms of classification evaluation, this study employed several metrics, including Accuracy,
Precision, Recall, F1-Score, Kappa (McHugh, 2012), and weighted Kappa. Weighted Kappa
is particularly relevant in this study due to the ordinal nature of the target classes, imposing
heavier penalties for greater distances from the correct class. Weighted Kappa is particularly
relevant in this study due to the ordinal nature of COPD severity classes. This metric assesses
the agreement between predicted and actual classifications and accounts for the degree of
disagreement. In essence, it penalises predictions further from the true class more heavily
than those closer, providing a nuanced evaluation of the model's performance in classifying
COPD severity.

In order to ensure model performance credibility and avoid overfitting, a crucial step in this
study involved the implementation of a train-test split. The dataset was partitioned into training
and testing sets using a 75:25 ratio, where 75% of the data was used for training the machine
learning models, and the remaining 25% was reserved for evaluating their performance on
unseen data. This approach serves two primary purposes: Firstly, it allows the models to learn

patterns and relationships from the training data, which helps make predictions on new,
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unseen data. Secondly, the evaluation of the models on the test set allows the assessment of
their generalisation capability and ensures that they do not merely memorise the training data

but can effectively generalise to new unlearned instances.

For the projection matrix, the data selection from the ICBHI respiratory database, based on
being able to select a 20-second duration of audio, is described in Table 13. The 20-second
segment strikes a balance between providing adequate temporal resolution to detect short-
term events (such as crackles or wheezes) and offering a broad enough view to observe

repetitive longer-term patterns in breathing dynamics (Morillo et al., 2013).

Condition Count Selected
Asthma 1 1
Bronchiectasis 16 16
Bronchiolitis 13 13
COPD 793 757
Healthy 35 30
LRTI 2 2
Pneumonia 37 37
URTI 23 21
Total 920 877

Table 13. ICBHI disease breakdown and selected samples for the projection matrix

For the COPD Severity classification, the data selected for audio with 20 seconds durations

for the train-testing split of 75:25 is described in Table 14.

Severity Selected Training Test
COPDO 63 51 12
COPD1 48 45 3
COPD2 60 45 15
COPD3 7 57 14
COPD4 145 111 34
Total 387 309 78
Table 14. @ TR Respiratory database COPD severities selection for training and test sets.

6.6. Results

This section presents the results obtained from the application of three distinct classification
models to the dataset under investigation. Table 15 displays the results of the classifications

of no projection, with the U matrix as projection, and the approximate. U projection matrix.

Projection | Mode F1- Accurac | Precisio Weighted
Recall | Kappa

Type | score y n Kappa

RFC 38.78 56.41 51.21 37.19 0.31 0.28

No projection | SVC 53.52 58.97 53.6 | 59.51 0.44 0.56

LGC 50.04 58.97 51.19 | 55.68 0.44 0.52
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NBC 33.17 50 48.18 | 33.13 0.17 0.11
RFC 33.65 56.41 52.95 35.1 0.31 0.52
U SVC 69.65 74.36 68.42 75.3 0.64 0.68
LGC 60.3 67.95 59.53 | 63.47 0.56 0.62
NBC 25.34 48.72 32.89 | 27.63 0.15 0.07
RFC 45.17 57.69 7547 | 41.86 0.32 0.46
i SVC 70.86 75.64 7143 | 7447 0.65 0.67
LGC 66.63 73.1 67.82 | 67.31 0.62 0.61
NBC 19.38 44.87 2714 | 23.35 0.07 0.12

Table 15. COPD severity Classification results for projection type and for each model.

The results of the classification models for COPD severity are presented across various
projection types and machine-learning models. Each projection type reflects distinct

subspaces applied to the dataset, influencing the performance metrics evaluated.

Without any projection method, the machine learning models showed varied performance. The
RFC achieved an F1-score of 38.78%. The SVC demonstrated superior performance with an
F1-score of 53.52%, highlighting its effectiveness in accurately classifying COPD severity
levels. LGC and NBC performed comparably, with F1-scores of 50.04% and 33.17%,

respectively, showing differing levels of accuracy in predicting COPD severity categories.

Significant improvements in model performance were observed upon applying the projection
type U. SVC emerged as the top-performing model under projection type U, achieving the
highest F1-score of 69.65% and accuracy of 74.36%. This underscores the beneficial impact
of pre-processing techniques on enhancing the models' ability to classify COPD severity

accurately.

Further analysis under U Projection revealed varied outcomes across different models;
however, the best-performing model performed slightly better than the U. SVC maintained its
performance with an F1-score of 70.86% and an accuracy of 75.64%, demonstrating its
resilience to relaxing the orthogonal constraint in classifying COPD severity levels. RFC and
LGC showed competitive F1-scores of 45.17% and 66.63%, respectively, under this projection
type, with LGC achieving a higher accuracy of 73.10% compared to RFC. LGC and RFC
represent different levels of model complexity. LGC is a simpler, linear model, while RFC is an
ensemble method capable of capturing more complex, non-linear relationships. The superior
performance of LGC in terms of the F1-score suggests that the relationship between the

features and COPD severity might be projected into a more linear structure.

The assessment of weighted Kappa values offered profound insights into the concordance
between predicted and actual COPD severity classifications, ranging from 0.28 to 0.68 across

various models and projection types. A higher weighted Kappa indicates stronger agreement
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beyond chance, demonstrating the models' accuracy in predicting COPD severity categories.
Notably, under projection U, the SVC achieved a weighted Kappa of 0.68, indicating
substantial agreement in classifying COPD severity compared to other models and projection
types, with the U projection slightly behind with a weighted Kappa score of 0.67. The
approximate U matrix captures more variance in the audio features compared to the original
U matrix due to the relaxation of strict orthogonality constraints during the approximation
process. While the original U matrix maintains perfect orthogonality between its columns, the
U allows for slight deviations, enabling it to adapt more flexibly to the underlying structure of
the audio data. This increased flexibility potentially captures subtle variations that might be
missed by the more rigid original, particularly in representing the complex, overlapping
acoustic characteristics associated with different COPD severity levels. However, this
increased variance retention and flexibility come at the cost of reduced ordinal classification
performance, as evidenced by the slightly lower weighted Kappa scores for U. Nonetheless,
the improved overall accuracies and F1 scores suggest that the U's ability to capture more
variance leads to enhanced diagnostic capabilities, particularly in distinguishing between
closely related COPD severity levels. The reduction in weighted Kappa scores may be more

susceptible to the presence of outliers.

This aligns with the ROC curves and AUC scores shown in Figure 22. The ROC curves for the
SVC and LGC using the One-vs-Rest (OVR) method illustrate the balance between the true
positive rate (sensitivity) and false positive rate (specificity) across different decision
thresholds for each COPD class. The AUC quantifies overall classifier performance, with a
higher AUC reflecting superior discrimination ability. Thus, these plots provide visual and
quantitative evaluations of how effectively SVC and LGC differentiate between COPD severity

classes using the OVR strategy.

ROC Curves for COPD Severity SVC with U projection ROC Curves for COPD Severities LGC with U projection
(One-vs-Rest) (One-vs-Rest)
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ROC Curves for COPD Severity SVC with Approx U ROC Curves for COPD Severities LGC with Approx U
(One-vs-Rest) (One-vs-Rest)
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Figure 22. COPD Severity ROC Curves results. A) U projection SVC. B) U projection LGC. C) Approx U SVC. D) Approx
ULGC.

The SVC model demonstrated performance across most classes in the U projection, with AUC
scores of 0.94 for Class 0, 0.97 for Class 1, 0.90 for Class 2, 0.79 for Class 3, and 0.90 for
Class 4. These results indicate that the SVC model is highly effective in distinguishing between
the different severity levels of COPD, particularly for Classes 0, 1, 2, and 4, where the AUC
scores are above or equal to 0.90. However, the model's performance is slightly lower for

Class 3, with an AUC of 0.79, suggesting a moderate discriminative ability for this class.

The LGC model also exhibited strong performance in the U projection, with AUC scores of
0.93 for Class 0, 0.98 for Class 1, 0.91 for Class 2, 0.80 for Class 3, and 0.90 for Class 4. The
LGC model achieved excellent discriminative power, particularly for Class 1, with an AUC of
0.98, indicating near-perfect classification capability. The performance for Classes 0, 2, and 4
is also commendable, with AUC scores above 0.90. Like the SVC model, the LGC model's
performance for Class 3 is slightly lower, with an AUC of 0.80.

For the U projection, the SVC model's AUC scores are 0.90 for Class 0, 0.96 for Class 1, 0.93
for Class 2, 0.77 for Class 3, and 0.92 for Class 4. The U projection SVC model maintains high
discriminative power for Classes 0, 1, 2, and 4, with AUC scores above 0.90. The performance
for Class 3 remains the lowest, with an AUC of 0.77, indicating a need for further optimisation

for this class.

The LGC model's AUC scores for the U projection is 0.90 for Class 0, 0.97 for Class 1, 0.92
for Class 2, 0.78 for Class 3, and 0.91 for Class 4. The U projection LGC model shows
consistently high performance across most classes, with AUC scores above 0.90 for Classes
0, 1, 2, and 4. The AUC score for Class 3 is 0.78, which, while lower than the other classes,
still indicates a reasonable level of discriminative ability. The lower scores might point to the
COPD3 sharing properties similar to the other severities in the frequency and amplitude

dimensions.
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In comparison, the SVC and LGC models exhibit strong performance in classifying COPD
severity, with AUC scores generally above 0.90 for most classes. The LGC model slightly
outperforms the SVC model, particularly for Class 1, where it achieves an AUC of 0.98
compared to the SVC's 0.97. The performance for Class 3 is consistently lower across all
models and projections, suggesting that this class presents a more significant challenge for

accurate classification.

For the U projection, again, the SVC model demonstrates superior performance compared to
the LGC model for the U projection. The enhanced accuracy and F1-score observed with the
utilisation of the U projection matrix, derived from the right singular vectors, V, and the inverse

of the diagonal singular value matrix ¥, can be attributed to its reduced orthogonality.

The diminished orthogonality of U is intrinsically linked to the complex acoustic characteristics
of crackles and wheezes in COPD. These sounds manifest differently across severity levels.
They create overlapping features in the time-frequency domain. Crackles, as transient events,
and wheezes, as continuous sounds, contribute to audio signal energy dispersal across
multiple singular vectors. This dispersion results in a less orthogonal U matrix, which more
accurately captures the subtle interplay between these acoustic phenomena, which are
observed according to various severity levels. Further, the relaxed orthogonality constraint
allows U to adapt to the subtle variations in frequency content and temporal patterns of
crackles and wheezes, which are known to change with COPD progression (Taplidou &
Hadjileontiadis, 2007) (Reichert et al., 2008). Consequently, U provides a useful
representation of the acoustic signatures associated with different COPD severity levels. This
may potentially lead to the enhancement of the discriminative power of subsequent machine

classification models.

6.7. Discussions

The classification of COPD severity from pulmonary auscultation audio remains a challenging
task, necessitating sophisticated signal processing and machine learning models. This study
employed SVD to develop projection matrices, which facilitated the extraction of critical
features for projecting samples for training classifiers. The SVC surpassed the 75% accuracy,
particularly with the U projection matrix, while it demonstrates the efficacy of this approach

and further benchmarks the results on COPD severity machine classification.

The classification of COPD severity Class 3 proved an extra challenge. This is likely due to
the overlap in pathologies of the two diseases, Chronic Bronchitis and Emphysema, which

might result in similar audio features across severity levels. This overlap complicates
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differentiation, particularly between Classes 2 and 3, and Classes 3 and 4. Further

investigation into the specific features of Class 3 could enhance classification accuracy.

The study also explored transfer learning by applying a projection matrix from the ICBHI
Respiratory Challenge 2017 database to the @ TR Respiratory Database. This cross-domain
knowledge transfer showed promise, particularly with the SVC model achieving notable
accuracy under the U projection. Comparative analysis revealed that SVC and LGC models
outperformed others, highlighting their suitability for handling complex, high-dimensional data

and capturing non-linear relationships within audio signals.

While the results show promising trends, it is important to exercise caution when interpreting
subtle differences in performance metrics. The observed variations between models and
projection types, particularly those within a few percentage points, may not be statistically
significant and could be influenced by the inherent variability in the dataset. Although slight
differences in performance metrics are observed between the U and U projection methods, it
would be too early to draw definitive conclusions about their relative efficacy solely based on
these obtained pioneering results. Further investigation, potentially involving larger datasets
with statistical significance testing, would be necessary to substantiate any claims of

superiority between these approaches.

Despite the study's novelty, limitations include a small dataset of 42 individuals, which
constrains generalisability. FIR filters may not eliminate all interferences, potentially affecting
data quality. Additionally, imbalanced datasets and a lack of data granularity could introduce
biases and obscure confounding variables. Addressing these limitations could enhance the
robustness and applicability of the findings. The severity classification approach discussed is
in publishing, as Albigés et al. (2025). In the next chapter, the discussion of the whole project,
which concerns compression, reconstruction, COPD classification, and Severity Identification

and classification, is further elaborated.
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7. Discussion and Conclusion

7.1. Discussion

In the synthesis of these findings of this comprehensive research on the application of
advanced signal processing techniques and machine learning algorithms for the automatic
identification and severity classification of COPD, several significant contributions to the field
emerge. This study has made substantial strides in addressing the challenges associated with
COPD diagnosis and management, particularly in the context of an ageing population and
increasing disease prevalence. The proposed approach aligns with established guidelines
such as those outlined by GOLD. By refining algorithms and expanding datasets, this
methodology has the potential to evolve into a widely accessible diagnostic device that

complements existing GOLD standards of care.

The fundamental hypothesis that underpins this research posits that advanced signal
processing and artificial intelligence could be employed to detect COPD, distinguish it from
other respiratory conditions, and assess its severity through the analysis of lung sound signals.
The findings largely support this hypothesis and demonstrate the potential of these techniques
to significantly enhance COPD diagnosis and management, thereby offering a promising

outlook for the future of COPD care.

One of the primary contributions of this research is the development of a novel framework for
the compression and reconstruction of pulmonary auscultation audio, while the preservation
of diagnostic integrity is maintained. The proposed framework, which integrates the
Continuous Wavelet Transform, Dictionary Learning with Orthogonal Matching Pursuit, and
Singular Value Decomposition, achieved significant compression rates of up to 97% whilst
maintaining high fidelity in signal reconstruction. This achievement addresses a critical gap in
the literature: the need for efficient compression techniques that preserve diagnostically

relevant information in pulmonary audio signals.

The efficacy of this compression framework demonstrated a clear understanding of COPD
pathophysiology and its acoustic manifestations. It underscores its potential for enhancing
remote monitoring and telemedicine applications in COPD management. The ability of the
framework to capture and preserve subtle acoustic features, even at high compression rates,
opens up new possibilities for remote COPD care. Furthermore, the successful application of
the Complex Morlet Wavelet in this framework corroborates the findings of previous studies,
highlighting the wavelet's effectiveness in capturing both the temporal and spectral

characteristics of respiratory sounds.
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The second significant contribution lies in the development of performing machine-learning
models for COPD detection, with the utilisation of compressed audio features derived from
pulmonary auscultation. This approach employed a Random Forest Ensemble, yielding
noteworthy results across two distinct classification tasks. In the binary classification scenario,
distinguishing COPD from healthy cases, the model achieved an impressive accuracy of 80%.
This outcome substantiates the hypothesis that artificial intelligence models can effectively
discern acoustic patterns indicative of COPD presence when trained on diverse auscultatory

data.

Moreover, the study extended the investigation to a three-way classification task that
differentiates between COPD, healthy states, and the acute condition, pneumonia. In this more
challenging scenario, the Random Forest model maintained performance, while achieving an
accuracy of 70%. This result underscores the model's capacity to discriminate between COPD
and other respiratory pathologies, a distinction of particular clinical relevance. Both
classification outcomes are comparable to, and in some instances surpass, the benchmarks

established by previous studies in the field.

The third significant contribution is the development of a machine classification model for
COPD severity assessment. Using Support Vector classifiers and projection methods, an
achievement of 75% accuracy in the identification of the COPD severity levels. This represents
a substantial improvement over non-projection approaches and addresses a critical gap in the
literature, namely the limited research on automatic COPD severity classification that utilises
the full range of the GOLD COPD Severity stages.

The success of this study's severity classification model has important implications for
understanding the progression of COPD and its acoustic manifestations. The acoustic-based
severity classification model provides a complementary approach that may offer insights into
the relationship between lung structural changes and their acoustic signatures. The use of
projection methods in the severity classification model proved crucial in reducing noise and

preserving diagnostic information.

Another significant contribution of this research was the statistical analysis of COPD severity,
which addressed a notable gap in the existing literature. The findings revealed statistically
significant differences between COPD stages one and four, while failing to demonstrate such
distinctions between any other combinations of stages. Additionally, the modelling and
classification of COPD severity three highlighted this class's specific challenges of automatic
identification. This outcome aligns with and expands upon previous research, offering a

nuanced understanding of the acoustic distinctions—or lack thereof—between adjacent
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COPD stages. These findings and benchmark results offer a direction for further research into
COPD severity classification between COPD2 and COPD3, as well as COPD3 and COPDA4.

On another note, the results obtained from the automatic classification methods presented in
Chapters Five and Six warrant comparison with the current diagnostic accuracies achieved by
medical practitioners in classifying COPD and its severities. This comparison is crucial for

contextualising the potential impact of these automated approaches within clinical practice.

In Chapter Five, the Random Forest Classifier achieved 70-80% accuracy in distinguishing
COPD from non-COPD cases using the compressed framework. This performance is
particularly noteworthy when compared to clinicians' diagnostic accuracy. A systematic review
by Hangaard et al. (2017) revealed that healthcare professionals' misdiagnoses are common,
often due to errors in spirometry tests, defining COPD thresholds, and the diagnostic
assessments themselves. While specific accuracy rates for clinical diagnosis vary across
studies, it is estimated that up to 30-50% of COPD cases may be misdiagnosed or

undiagnosed in primary care settings (Lamprecht et al., 2015).

The results from Chapter Six, where an Al classification system using Support Vector
classifiers demonstrated 75% accuracy in identifying COPD severity, also merit comparison
with clinical practice. COPD severity assessment relies heavily on spirometry results and
symptom evaluation, which can be subject to variability and interpretation errors. A study by
Mapel et al. (2011) found that primary care physicians' assessments of COPD severity aligned
with guideline-based classifications only 30-40% of the time, highlighting the challenges in

accurate severity assessment.

Moreover, the study by Hafke-Dys et al. (2019) on auscultation accuracy is particularly
relevant. Their research involving 185 medical practitioners from various specialities found
that even pulmonary specialists had difficulty distinguishing between different auscultation
sounds, with accuracy rates falling below 40% for some adventitious lung sounds. This
underscores the potential value of automated acoustic analysis in augmenting clinical

decision-making.

While not perfect, the automated methods presented in this thesis demonstrate comparable
or potentially superior performance to current clinical practice in certain aspects of COPD
diagnosis and severity assessment. The consistency and objectivity offered by these
automated approaches could provide valuable support to clinicians, potentially improving
diagnostic accuracy and enabling more precise severity classifications. However, it is crucial
to note that these automated systems should be viewed as complementary tools to clinical
expertise rather than replacements for comprehensive medical assessment made by a trained

healthcare professional. For example, Al models developed with specialist pulmonary
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knowledge could incorporate this specialist knowledge closer to the beginning of a patient's
respiratory journey, like at general practice (GP), to allow the GP to make more informed
decisions regarding the patient's pulmonary health, to refer to specialist pulmonary care or

they maintain the monitor their health.

Future research should focus on integrating these automated classification methods into
clinical workflows, evaluating their real-world performance, and assessing their human-system
integration and impact on patient outcomes. Additionally, directly comparing the studies'
performances of these automated systems with those of clinicians in the same patient cohorts
would provide more definitive evidence of their relative efficacies. Further, more clinical studies
with the integration of automatic models with medical physicians' workflow to aid the

development of human-system interactions and offer better outcomes.

Regarding the first hypothesis, "Advanced signal processing techniques can effectively
process pulmonary auscultation audio while preserving diagnostically relevant information",
the findings from Chapter Four strongly support this claim. The novel compression algorithm
developed in this study achieved a remarkable reduction in audio file sizes by up to 97% whilst
enabling high-fidelity reconstruction. The preservation of diagnostic information was
evidenced by the subsequent successful classification of COPD using these compressed and

reconstructed signals.

The second hypothesis, "Machine learning models trained on processed audio features will
demonstrate high performance in distinguishing COPD from other respiratory conditions" is
supported by the results presented in Chapter Five. The utilisation of the compressed
framework, the Random Forest Ensemble model, achieved 70-80% accuracy in distinguishing
COPD from non-COPD cases. While not perfect, this performance demonstrates a significant
capability in differentiating COPD from other respiratory conditions using processed audio

features.

Finally, the third hypothesis, "Machine learning models will accurately classify the severity of
the COPD disease" is addressed by the findings in Chapter Six. The Al classification system
using Support Vector classifiers demonstrated 75% accuracy in identifying COPD severity.
This result, achieved through projection methods and advanced machine learning algorithms,
represents a significant improvement over non-projection approaches and supports the

hypothesis that machine learning models can effectively classify COPD severity.

Collectively, these results provide strong evidence to accept all three hypotheses. The study
demonstrates that advanced signal processing can mitigate noise impacts while preserving
diagnostic information and that Al models trained on diverse data can discern auscultatory

patterns indicative of COPD presence and severity. However, it is essential to note that while
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the hypotheses are supported, there is still room for improvement in classification accuracy,
particularly in severity assessment. Future research should focus on refining these techniques

to enhance their diagnostic capabilities further.

7.2. Limitations

Notwithstanding the promising outcomes achieved in this study, it is imperative to
acknowledge several limitations that warrant consideration. The research needed to fully
account for the complex, multifaceted nature of COPD, particularly the notable disparities
between male and female presentations, potentially impacting the generalisability of findings
across diverse patient populations. Moreover, whilst the COPD severity classification using
the approximate U projection method yielded improvements in accuracy and F1 scores, it
resulted in a slight reduction in the weighted kappa statistic, highlighting a limitation in the

current approach's ability to optimise all performance metrics simultaneously.

The omission of patient demographic information in the classification process represents a
significant limitation, as such factors could influence the acoustic signatures of COPD and
affect the accuracy of diagnostic tools. For example, the inclusion of features such as age,
sex, BMI, and comorbidities could be beneficial for improving the models' performance.
Furthermore, the delicate balance observed between different performance metrics
underscores the need for further refinement of the analytical approach, as the current model
may not be sufficiently robust to capture all the nuances of COPD progression across diverse
patient groups. Another example of inclusion data is patients with Chronic Bronchitis,
Emphysema, or both, or overlap with Asthma, which could influence the acoustic biomarkers

and aid the machine learning algorithms for more accurate results and reduce biases.

In addition to these methodological constraints, the challenge of distinguishing between
individual GOLD COPD stages persists, suggesting that the acoustic differences between
adjacent severity levels may be more subtle than initially hypothesised. This limitation points
to the need for even more sensitive analytical techniques to discern the nuanced acoustic

signatures associated with different stages of COPD progression.

A notable limitation pertains to the datasets employed in this research and their
representativeness of the broader COPD population. The ICBHI Respiratory Database,
comprising recordings from 126 individuals, and the @TR Respiratory Database,
encompassing 42 patients, whilst valuable, represent only a fraction of the estimated 3 million
individuals affected by COPD in the United Kingdom. This disparity between the sample size
and the target population raises pertinent questions about the generalisability of the study’s
findings. When juxtaposed against the vast and diverse COPD population, the relatively small

cohort, especially with small training and testing datasets, may not fully capture the
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heterogeneity of the disease's manifestations across different demographic groups,

comorbidities, and environmental factors.

Despite the transformative potential of Al in healthcare, its clinical integration is constrained
by several critical limitations. A primary concern is data drift, denoting a divergence between
the data used to train Al models and that encountered in real-world practice. Such drift may
result from shifts in patient demographics, evolving clinical protocols, or the adoption of new
technologies, and can lead to model miscalibration and diminished reliability, ultimately
undermining generalisability and clinical applicability. Kim et al. (2024) highlighted that the
rapid evolution of COVID-19 variants reduced the capabilities of Al models. These shifts
necessitate Al model oversight and continual model adaptation to preserve diagnostic
accuracy and clinical relevance. A further limitation lies in the scarcity of high-quality data,
particularly for rare diseases (Nishat et al., 2025). Al systems typically require extensive,
diverse datasets for robust performance. Yet, such data are often limited or fragmented for
less common conditions, impeding the model's ability to learn meaningful patterns and

generalise effectively.

In contrast, human clinicians demonstrate a unique capacity to synthesise insights from sparse
or incomplete information, leveraging clinical experience and contextual understanding to
make informed decisions where data are scarce (Sacristan and Dilla, 2015). This ability to
reason with limited data, combined with the risks posed by model and data drift, underscores
the necessity of sustained medical oversight. Al should therefore be regarded as an adjunctive
tool that complements, rather than supplants, the clinical judgement and adaptability of

healthcare professionals, ensuring patient safety and care quality remain paramount.

All these limitations collectively point towards future research's need to develop more
comprehensive and personalised models for COPD detection and severity assessment,
thereby enhancing the clinical utility of acoustic-based diagnostic tools. Consequently, to
bolster the robustness and external validity of the study’s results, it is strongly recommended
that future investigations expand their scope to include a substantially larger and more diverse
patient population. Such an expansion would enhance the statistical power of the analyses
and provide a more comprehensive representation of the acoustic signatures associated with
COPD across its various phenotypes and severity levels. This approach would significantly
strengthen the applicability and reliability of the developed diagnostic and classification

models in real-world clinical settings.

7.3. Impact
The findings of this research have significant implications for COPD diagnosis and

management. The high compression rates achieved by the proposed framework, coupled with
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the preservation of diagnostic integrity, pave the way for more efficient telemedicine
applications in COPD care. The ability to transmit and analyse high-quality pulmonary audio
data remotely could significantly improve access to specialist care, particularly for patients in

rural or underserved areas.

Moreover, the accuracy of the study’s COPD detection and severity classification models
demonstrates the potential for automated screening and monitoring tools. These could aid in
the early detection of COPD, a crucial factor in improving patient outcomes. The non-invasive
nature of acoustic analysis also makes it an attractive option for frequent monitoring,
potentially allowing for earlier detection of exacerbations and more timely interventions.
However, the ability of an Al and healthcare professional integrated system to predict flare-
ups remains an area requiring further investigation. Respiratory sound alterations caused by
infections pose challenges due to symptoms that overlap with other respiratory conditions.
Future iterations of this model should focus on improving predictive accuracy under such

heterogeneous conditions.

Furthermore, the classification results for COPD detection and severity assessment presented
in this research represent a significant advancement in automated respiratory disease
diagnosis, particularly within the context of COPD prevalence and detection rates in the United
Kingdom. With accuracy rates of 80% for distinguishing COPD from healthy cases and 70%
for differentiating between COPD, healthy, and pneumonia cases, along with corresponding
F1 scores of 78% and 70%, the model demonstrates robust performance that could
substantially impact COPD diagnosis and management strategies. These findings are
especially pertinent given the current situation in the UK, where an estimated 1.2 million
individuals are living with diagnosed COPD, whilst millions more remain undiagnosed (British
Lung Foundation, 2022). The model's capacity to accurately distinguish COPD from healthy
cases could significantly contribute to early disease detection, addressing the critical issue of
undiagnosed cases. Moreover, its potential as an effective screening tool for COPD,
particularly in primary care settings or population-wide screening programmes, could aid in
prioritising cases for further clinical evaluation, potentially alleviating strain on healthcare
resources. Whilst these results indicate a marked improvement over current diagnostic
methods, it is crucial to note that this model would likely serve as a complementary tool rather

than a replacement for current diagnostic workflows.

Notably, Al-driven methodologies offer promising advancements in disease diagnosis; their
reliability must be supported by complementary clinical information such as patient medical
records, imaging studies, and comprehensive physical evaluations. Additionally, Al models
should go through clinical trials to ensure they meet stringent safety standards to ensure
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patients’ safety. This ensures that diagnostic decisions are both accurate, contextually
relevant, and safe. Therefore, further research and validation are required to fully realise this
approach's potential in clinical settings and consider implementation strategies for integrating

such Al-based tools into clinical practice.

The integration of the presented acoustic analysis techniques with existing diagnostic methods
could lead to more comprehensive and accurate assessments of COPD. For instance,
combining acoustic features with spirometry results and clinical symptoms could provide a
more nuanced understanding of disease progression and individual patient phenotypes. This
aligns with the trend towards personalised medicine in COPD management and the scalability

of Al algorithms to support the growing population of patients with COPD.

7.4. Conclusion

In conclusion, this research has made significant strides to address the challenges of COPD
diagnosis and management through the application of advanced signal processing and
machine learning techniques to pulmonary auscultation audio. The findings support the initial
hypothesis and demonstrate the potential of these approaches in enhancing COPD care. The
diagnostic models developed in this study are designed to complement gold-standard
techniques such as spirometry and imaging rather than replace them. The facilitation of
continuous data collection and analysis could enable earlier interventions, while it gives
support within current clinical decision-making processes. However, they also highlight the
need for further research to refine these techniques and fully realise their potential within

clinical practice.

Future work should focus on validating these findings with larger, more diverse patient
populations and exploring the integration of acoustic analysis with other diagnostic multi-
modalities, such as the fusion of video and audio data. Furthermore, future research should
explore personalising the analysis by incorporating individual-specific factors such as patient
history, tidal volume, age, weight, sex, airway asymmetry, and comorbidities, with validation

required to assess the feasibility of integrating markers.

Additionally, longitudinal studies examining the evolution of acoustic features as COPD
progresses could provide valuable insights into disease mechanisms and potentially lead to
the development of acoustic-based prognostic tools, which allow for personalised health

predictions for patients.

With the continued advancement in the understanding of COPD acoustics and refined
analytical techniques, the medical field moves closer to the goal of improving outcomes for
the millions of individuals affected by this challenging disease. The integration of these
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innovative approaches with existing clinical practices has the potential to revolutionise COPD
care, offering more accurate, efficient, and personalised diagnostic and management
strategies. This research thus represents a significant step forward in the ongoing effort to
address the growing global burden of COPD and improve the lives of those affected by this

complex respiratory condition.
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Appendix
Appendix A: STFT
The STFT Window Size effect

The effect of window size on STFT plots is significant, impacting both time and frequency
resolution. The first plot, generated with a window size of 256 samples, demonstrates this
effect. When using a window size of 256 samples, the time resolution is high, while the
frequency resolution is low. This high time resolution allows more precise timing information
to be displayed in the spectrogram. However, the frequency components appear more blurred
and less distinct. This occurs because smaller window sizes can capture rapid changes in the
signal but do not provide enough data points to resolve closely spaced frequencies accurately.
Consequently, while temporal precision is enhanced, the ability to distinguish between

different frequency components is diminished.

Effect of Window Size on Frequency and Time Resolution in STFT
STFT with window size = 256

+0 dB
H:-SO dB
+0 dB
H:~50 dB
+0 dB
H:-SO dB
+0dB
H:-SO dB
+0dB
F-SO dB

Figure A23. Comparison of the STFT of a window size from 256 to 4096 to highlight the difference in window size
of detail resolution between high and lower frequencies
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Moving to a window size of 512 samples, the time resolution remains relatively high but is
slightly reduced compared to the 256-sample window. Conversely, the frequency resolution

improves. The spectrogram for this window size reveals timing information that is still fairly
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precise, although not as sharp as with the smaller window size. The frequency components,
however, are more distinct than in the 256-sample window spectrogram. This indicates a
moderate improvement in frequency resolution while maintaining reasonably good time
resolution, thus offering a better balance between the two compared to the smallest window

size.

Increasing the window size to 1024 samples results in a moderate resolution for both time and
frequency. This window size provides a balance between time and frequency resolution. The
spectrogram shows that the timing information is less precise than with the smaller windows,
yet the frequency components are clearer. This window size is often considered a good
compromise in practice, as it offers a balanced view that reasonably captures temporal and

spectral details.

With a window size of 2048 samples, the time resolution decreases, resulting in less precise
timing information in the spectrogram. However, the frequency resolution is high, making the
frequency components clearer and more distinct. Larger windows include more data points,
which enhances the ability to resolve frequencies. This comes at the cost of averaging the
signal over a longer period, thus reducing the temporal precision. Consequently, while high-

frequency resolution is achieved, the ability to track rapid changes in the signal diminishes.

Finally, the plot with a window size of 4096 samples exhibits very low time resolution and very
high-frequency resolution. The timing information in this spectrogram is quite imprecise, with
rapid changes in the signal being less noticeable. On the other hand, the frequency
components are apparent and distinct. This window size is helpful for analysing signals with
slow frequency changes, where precise temporal resolution is less critical or uniform resolution
is required. The large window size captures the frequency details exceptionally well, making

it ideal for high-frequency precision applications.

The STFT plots illustrate a trade-off between time and frequency resolution as the window
size varies. Smaller window sizes offer high time resolution, capturing rapid changes in the
signal but with poor frequency resolution, making it challenging to distinguish closely spaced
frequencies. Conversely, larger window sizes provide high-frequency resolution, clearly
distinguishing different frequencies but averaging the signal over a longer time period, which
reduces the ability to detect precise timing changes. By comparing these plots, it is evident
that increasing the window size improves frequency resolution at the cost of time resolution
and vice versa. This trade-off is crucial in selecting the appropriate window size for specific

signal analysis tasks, balancing the need for temporal versus spectral detail.
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Appendix B: Wavelet Transform

CWT Parameter Affects

When analysing the signal from Appendix A: Figure A1 using CWT and a Morlet Wavelet,
several parameters affect the resolution of the analysis. From the mother wavelet parameter,

as seen in Figure B1,
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Figure B1. CWT analysis charts show the Morlet Parameter's different effects on the outcome.

to the scaling parameters of sub-octaves, as seen in Figure B2, and the number of level scaling

factors, as seen in Figure B3.
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Figure B2. CWT analysis charts show the sub-octave parameter's different effects on the outcome.
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Figure B3. CWT analysis charts show the different effects of layer scaling Parameters on the outcome.

Figure B1 shows how the mother wavelet parameter helps clarify the analysis, separating the
two frequencies and showing the transient bursts. The sub-octave parameter also aids with
clarity, as shown in Figure B2. However, increasing the number of levels that zoom out the

image shows a wider spectrum range, as seen in Figure B3.

Compared to STFT, the CWT highlights the different outcomes that can be achieved and if
scaling appropriately can be more effective than STFT. The main difference is the CWT's ability

to localise frequencies using various scales and localisation.
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Appendix C: Sparsity and Compressed Sensing
Sparsity

The compressibility of natural sounds can be effectively captured by representing the audio
signal with only a few significant coefficients (Brunton and Kutz, 2019). Although natural sound
recordings are not sparse, it is particularly feasible when the audio is transformed into another
domain or basis, where small values close to zero are either thresholded or the dominant
features are isolated, resulting in a sparse representation. This can be mathematically

expressed as:

x = Ws (C1)
where X is the audio, s is the sparse representation or sparse basis, and ¥ is the transform

basis or sensing matrix (Mahdjane and Merazka, 2019). The transformed basis is generic:

Wavelet, Cosine, Fourier transforms, etc.

Compressed Sensing
Compressed Sensing (CS) exploits the sparsity of signals in a transformed domain to achieve

compression below the Nyquist rate. The signal x is measured using a sensing matrix, ¢:

y = @px+€ (C2)
where y is the compressed measurement and € is noise. Sparsity is a property in that the
samples are spread out, and the low values near zero can be zeroed out, allowing the data to
have minimal or low non-zero elements. Sparsity utilisation can be seen in JPEG 2000
(Candes and Wakin, 2008). The sparsity constraint placed on compressed Sensing allows the
change from an over-complete solution to be relaxed and a unique solution to be found (Tosic
and Frossard, 2011). CS leverages the fact that many signals, including lung sounds, can be
represented sparsely on some basis, meaning that most of the signal's information is
contained in a few significant coefficients. The utilisation of the L1 norm updates equation #,

Where the L1 norm promotes sparse representation.

Yy = @x+€,where x = min|x|, (C3)
The rearrangement of the equation for error leads to,
€= @x — y,where x = min|x|; (C4)
Additionally, relaxing the hard constraint of the quality by minimisation with the utilisation of

the Lo norm leads to equation C5, where the L2 norm promotes accuracy between

reconstruction error and compressed measurements.

€= |px — y|,, where x = min|x|, (C5)
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Finally, including a regularisation parameter, a, to add control to sparsity, the equation

becomes an optimisation problem to solve for a minimised x (Daubechies et al., 2004);

min{lox — yl, + a(min|x|,)} (C6)
Combining these norms, the equation balances the trade-off between sparsity (L1 norm) and
data fidelity (L2 norm). The relaxation of constraints comes from minimising x instead of a

complex equality.

Example of CS

Here, a signal containing 256 signal samples mainly contains zeros, creating ten non-zero
elements. The signal will be recreated by sampling thirty samples from the FT subspace, an
11.7%, and recovering the original model using equations from Equation C3 and Equation C6.
The code is in Python 3.7.14 and uses the Python version of the CVX library (Diamond and
Boyd, 2016).

Generate a signal with 256 samples and ten non-zero values with code shown in Figure C1.

size = 256;

k = 10 #sparsity level

signal = np.zeros(size)

index = np.random.permutation (np.arange(0,size))
index = index[0:k]

signal[index] = np.random.random (k) *100-30

print ('Signal size ="', str(signal.size))
plt.title('Randomly created signal with 256 samples')
plt.plot(signal, 'o',mfc="'none')

plt.show ()

Figure C1. Python code for generating sample signal

The plotted generated signal is in Figure C2.
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Figure C2. The plot generated 256 sample signals.

Take a sample of 30 from the subspace, in this case, the frequency domain. The code for the

sampling and the plot of the sub-sampling are in Figure C3.

FFT = np.fft.fft(np.eye(size))

samples = 30 #we take 30 out of 256 samples
kind = np.random.choice(size,samples, replace=Fa
lse)

A = FFT[kind, :]

plt.plot(kind, 'o")

plt.title('Random 30 Samples From The Signal')
plt.show ()

fhere y is the noise free measurement

B = np.matmul (A, signal)

Figure C3. Python code of selecting 30 samples from the subspace
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Figure C4. Scatter plot of the 30 subspace samples.

Solving for X using the equation from equation C3 to recover the signal from A, as seen in the
code in Figure C5 and the plotted graph, Figure C6, with the initially generated signal sample

in blue and overlayed with the recovered signal in orange.

#solve it by 11 norm optimization

X = cvx.Variable (size)
objective = cvx.Minimize (cvx.norm(x, 1))
constraint = [cvx.matmul (A, x) == B]

problem = cvx.Problem(objective,constraint)
result = problem.solve ()
recovered signal =np.real(x.value)

plt.plot (signal, 'o',recovered signal)

Figure C5. Python code of equation 8.
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Figure C6. Graph of the original samples and the recovered signal.

Again, solving for X, but using the equation from Equation C6 shown in the code in Figure C7
and the plotted recovered signal in orange on the initially generated signal samples from

Figure C2, is shown below in Figure C8.

#solve it by unconstrained 11 norm optimization

x = cvx.Variable (size)
mu = 1
objective = cvx.Minimize (cvx.norm(cvx.matmul (A, x)

- B,2)+mu*cvx.norm(x, 1))
problem = cvx.Problem(objective)
result = problem.solve ()

plt.plot(signal, 'o',np.real (x.value))
plt.legend(['True signal', 'recovered signal'l)
plt.title('Signal recovery with L1 Norm')
plt.show ()

Figure C7. Python code utilising Equation 12 to recreate signal from subsamples.



171

Signal recovery with L1 Norm
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Figure C8. A graph of the original signal is in blue, and the recovered signal is in orange.

In summary, a signal of 256 samples has been recovered from a sample of 30, which is below

the Nyquist sampling rate achieved by subsampling a subspace.
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Appendix D: Pseudoinverse

Lemma: Moore-Penrose Pseudoinverse
Statement: For any real or complex matrix A, there exists a unique Matrix A*, called the Moore-

Penrose pseudoinverse of A, satisfying the following four conditions:

[1]AAYA=A

[2] ATAAY = A*

[3.] (AA™)* = AA*(where * denotes the conjugate transpose)
[4.] (A*A)" = A*A

(Penrose, 1955)

Proof:
Existence and Uniqueness:

Existence: The Moore-Penrose pseudoinverse A" of a matrix A exists for any A € R™*" or A

€ (men_

Case 1: Full Rank A (m=n): At = (ATA)~14T

Case 2: Full Column Rank A (m <n): A" = AT(44T)™!

General case (SVD Approach): with the SVD equation, then AT = VZ*U*, where It is
obtained by taking the reciprocal of non-zero singular values in £ and then transposing the

resulting matrix.

Uniqueness: A" is unique and satisfies the conditions above, ensuring the unique generalised

inverse of A satisfies the conditions.

Condition one:
For A = USV*, AATA = USV*'VEtU* = ULt U*=UU* = A
Condition Two:
For A=UZXV?,
AT AAY = VEtUrUZVVEtUT = VETERtUT =
VZtur = At
Condition Three:
(AAY)* = (UTV*VETUN* = (USSHUY)* =
Uzztur = AAt
Condition Four:
(A*A)* = (VSHU*USV)* = (VE*rEVH)* =
VEItEIV* = A%A
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Therefore, A* satisfies all conditions of the Moore-Penrose pseudoinverse, confirming its

existence and uniqueness for matrix A.
Conclusion

The Moore-Penrose pseudoinverse A is a powerful tool in linear algebra. It provides a
generalised inverse for matrices that may not be square or have full rank. Its properties make
it essential in applications such as solving linear least squares problems, computing solutions

to Underdetermined systems, dimensional reduction, and Overdetermined systems.
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Appendix E: Projection Mathematical Support

This section will mathematically demonstrate another method to support projection as a

technique to increase features and decrease noise.

Let X € R™" be the data matrix where X=XseaturestXnoise

Where Xreature represents the signal (useful features), and X.oise represents the noise.

Using SVD, decompose X=UZVT

Projecting X onto the subspace spanned by the columns of U gives:

Xprojected = UTX

To understand how this projection enhances features and reduces noise, consider the

following steps:

1. Subspace Decomposition:

o

o

The data X can be represented as X=UZVT
U spans the column space of X, capturing the directions with the most

significant variance (features).

2. Projection onto Feature Subspace:

(¢]

Projecting X onto U retains components along the feature directions:
Xreatures=UUTX
Since U captures the primary directions of variance, UUTX highlights

the features.

3. Noise Reduction:

o

The noise Xnoise is orthogonal to the feature subspace spanned by U.
When projecting onto the subspace, the noise component is minimised
because U™Xnoise = 0.

Hence, the projection suppresses the noise component.

4. Orthogonality and Conjugate Subspaces:

(¢]

The feature subspace S spanned by U and its conjugate subspace S+
are orthogonal.

The projection P maps X onto S: P=UUT

The projection P+ maps X onto St: PL=|-UUT

Thus, the features are projected onto S and noise onto S-.



175

Appendix F: Signal Filtering
Signal Filtering is an essential pre-processing step to clean audio signals by removing
unwanted noise and interferences, such as heart sounds, which can obscure lung sounds

critical for COPD severity classification.

Filters are essential tools in signal analysis, widely employed in disciplines ranging from
neuroscience to engineering. They are crucial in isolating and manipulating specific frequency
components within signals, enhancing signal quality, and extracting meaningful information.

There are four main types of filters.

Firstly, one of the fundamental types of filters is the Low-Pass Filter, designed to allow low-
frequency signals to pass through while attenuating higher frequencies. This functionality
makes them particularly useful for smoothing signals and reducing noise that manifests as
high-frequency interference. Conversely, High-Pass Filters perform the opposite function by
permitting higher frequencies and suppressing lower frequencies (Oppenheim and Schafer,
2013). They are instrumental in tasks where removing baseline drift or eliminating low-

frequency noise is paramount.

Band-pass filters offer a more refined approach by allowing a specific range of frequencies to
pass through (known as the passband) while blocking frequencies outside this range (the
stopband). This selective transmission capability is invaluable for isolating and analysing

specific frequency components of interest within a signal (Oppenheim and Schafer, 2013).

Finally, Notch Filters excel for scenarios where narrow frequency bands must be targeted and
eliminated. They are adept at filtering out narrow bands of frequencies, such as 50 or 60 Hz
line noise, which often pose significant interference challenges in data analysis and signal

processing tasks (McClellan et al., 2016).

Filters exhibit distinct characteristics in their frequency responses and phase behaviours. The
transition width of a filter determines how sharply it shifts from allowing frequencies in the
passband to attenuating those in the stopband. Filters with steeper transitions offer greater
selectivity but may introduce more phase distortion, affecting the temporal alignment of

different frequency components within the signal.

Phase responses categorically define how filters introduce phase shifts across different
frequency components. Zero-phase (linear phase) filters are notable for their minimal delay in
transmitting signals, which preserves temporal relationships. However, they are often non-
causal, relying on future data points to calculate the current output. In contrast, minimum-
phase filters maintain causality but can introduce more temporal distortion, influencing the

fidelity of time-domain representations (Oppenheim and Schafer, 2013).
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Filters are classed into two main types, Finite Impulse Response (FIR) and Infinite Impulse
Response (lIR) filters represent two distinct classes based on their response characteristics.
FIR filters are inherently causal and capable of achieving linear phase responses, making
them suitable for applications requiring precise timing and real-time processing. On the other
hand, IIR filters, while more computationally efficient and offering compact designs, introduce

nonlinear phase shifts that can be advantageous in adaptive filtering contexts (Little, 2019).

FIR Filter

An FIR filter stands out for high-pass filtering tasks due to its smoother step response and
superior phase linearity. It offers advantages over Butterworth filters that can introduce
artefacts and exhibit inconsistent group delays near cut-off frequencies (Oppenheim and
Schafer, 2013). Hence, this study adopts an FIR filter for its linear phase characteristics,
ensuring uniform group delay and preserving waveform integrity. Figure G1 shows the plots
of the phase characteristics of the FIR Filter, Butterworth, and Bessel filters (Butterworth and
Bessel filters are fifth-order filters). Where the linear characteristic of the phase incorporates

reduced linearity, that would increase with the order of the Bessel and Butterworth filters.
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Figure G1. Plots of Phase Responses of FIR, Bessel, and Butterworth

This choice proves critical in pass filtering applications, ensuring accurate retention of lung

frequencies while eliminating heart frequencies, thereby maintaining a precise waveform cut.

Secondly, FIR filters are inherently stable and do not exhibit the potential instability issues that
can plague IIR filters, especially at higher filter orders or with poorly designed coefficients
where ripples can occur before and after the transition of the cutoff, known as Gibb’s
Phenomenon (Anand Kumar, 2012). Gibb’s Phenomenon is displayed in Figure G2, plotting
the step response for Butterworth, Bessel, Chebyshev, and FIR filters. The Gibbs
phenomenon is greater with the Chebyshev filter and the least with the Bessel filter, with the

oscillations after the cutoff.
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Unit Step Response of Different Filters

PN

Amplitude

— Butterworth

—— FIR Filter
—— Chebyshev

Figure G24 Unit Step comparison of FIR, Bessel, Butterworth, and Chebyshev

Notably, the FIR filter in red is vertical at zero up to one and has a small horizontal component
at one, which means that all frequency components experience the same time delay when
passing through the filter, resulting in no phase distortion. The phase at zero frequency is
either O or 11 radians, depending on whether the filter coefficients are symmetric (0 phase) or
anti-symmetric (11 phase). This constant phase shift does not affect the shape of the signal,
only its position in time. Small horizontal line up to the cutoff frequency: The small horizontal
line in the phase response up to the cutoff frequency indicates that the FIR filter has a linear
phase response in the passband region. Moreover, FIR filters offer greater flexibility in
frequency response shaping, allowing for sharper cut-offs with minimal ripple in the passband
and stopband. This capability makes FIR filters particularly suitable for applications requiring
precise frequency control and attenuation, like pulmonary auscultation. To demonstrate the
waveform alterations and group delay are demonstrated in Figure G3, where a composite
signal formed of frequencies 50, 150, 300, 450, and 600Hz and high-pass filtered with
Chebyshev, Butterworth, Bessel, and FIR Filter at 200hz. The bottom signal plot is the low-
value signal of only 50 and 150hz.
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Original and Filtered Signals

25 |
aEie— Original Signal |

000 001 002 003 004 005 006
Time [s]

N ]
. |
. [[— Chebyshev Filtered 1
o

00 001 002 0.04 005 006

003
Time [s]

1 |
o
_1 4 — Butterworth Filtered |

0.00 001 002 004 005 006

003
Time [s]

004 005 006

1 |
£ o {

= Bessel Filtered

. . - . {

00 001 002 003
Time [s]

1 ]
o |

.y — FIRFiltered |
o.

0 001 002 004 005 006

003
Time [s]

1 |
o
14 — low only signal |

0.00 001 0.02 0.03 0.04 0.05 0.06
Time [s]

Figure G3. Waveform comparison of multicomponent, filtered waveforms, and low component signals.

From the plots, the best match between the low-only and filtered is the FIR, which maintains

the waveform, although the whole wave is slightly delayed. Out of the IIR filters, the Bessel

filter maintains the top peaks, but the peak in the lower troughs is slightly distorted. Meanwhile,

the Butterworth and Chebyshev filters alter the signal's top and lower characteristics.

In

summary, the FIR filter's linear phase response, stability, and precise frequency control

capabilities make it the preferred choice in this research and recommended for the utilisation

of Pulmonary audio analysis.
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Appendix G: Harmonic Analysis of Polynomial Coefficients

The analysis of polynomial coefficients across COPD severities reveals a clear progression in
disease impact on pulmonary function. As severity increases, coefficients exhibit more
significant variability and complexity, reflecting worsening conditions. An improved fit for higher
severities suggests that models become more accurate as distinct pathological features
emerge. Correlation analysis of polynomial coefficients reveals significant patterns,

suggesting harmonic structures in audio signals, as shown in Table H1.

Coefficient index
8 7 6 5 4 3 2 1 C
8 1
<>]<) 7 -0.9999 1
2 6 | 0.999478 | -0.99983 1
% 5| -0.99835 | 0.999049 | -0.99968 1
E 4 | 0.995567 | -0.99678 | 0.998081 | -0.99933 1
8 3 | -0.98838 | 0.990397 | -0.99277 | 0.995483 -0.9983 1
© 2 ] 0.965706 | -0.96923 | 0.973585 | -0.97903 | 0.985824 | -0.99392 1
1| -0.84515 | 0.852478 | -0.86184 0.87416 | -0.89104 | 0.915558 | -0.95398 1
C -0.30327 | 0.291586 | -0.27616 | 0.254916 | -0.22378 | 0.173146 | -0.07347 | -0.21343 | 1

Table H1. Correlation Results of Polynomial Parameters

The alternating high positive and negative correlation pattern between adjacent coefficients (8
to 1) indicates harmonic content. This pattern is characteristic of signals where integer
multiples, common in harmonic structures, relate frequency components. The key

observations are:

1) Alternating Correlations:

a) The near-perfect negative correlations between adjacent coefficients (e.g., -0.999
between Coefficients 8 and 7, 0.999 between columns 7 and 5) suggest a consistent
relationship between even and odd polynomial terms. This is a hallmark of harmonic
signals, where harmonics cause such alternating patterns (Asatani et al., 2021)
(Sovijarvi et al., 2004).

2) Harmonic Structures:

a) The strong correlations up to the 7th degree indicate that the harmonic structure is
more pronounced in the lower frequency range, which aligns with the typical
frequency range of respiratory sounds (Peeters et al., 2011) (Rocha et al., 2023).

3) Weaker Correlations in Higher Degrees:
a) The weakening correlations in higher degrees (Coefficients 2 and 1) might indicate

that higher-order harmonics are less significant or more variable, which is expected
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as the energy of harmonics typically decreases with increasing frequency (Liu et al.,
2021) (Alvarado and Stowell, 2017).

The correlation table strongly suggests the presence of harmonic structures in the analyses
of COPD audio samples, particularly in the lower to mid-range frequencies represented by the
lower-degree polynomial coefficients. This pattern is consistent with the characteristics of
respiratory sounds, where harmonics play a significant role in the acoustic signature of
conditions like COPD.

Glossary

ACE Angiotensin-Converting Enzyme

ADASYN  Adaptive Synthetic Sampling

ADO Age, dyspnoea, obstruction Test

AECOPD  Acute Exacerbations of Chronic Obstructive Pulmonary Disease
Al Artificial Intelligence

ANN Artificial Neural Network

ARDS Acute Respiratory Disease Syndrome

AUC Area under the Curve

BMI Body Mass Index

BODE body mass index, obstruction, dyspnoea, exercise test
CAT COPD Assessment Test

ccQ Clinical COPD Questionnaire
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CNN convolutional neural network

COPD Chronic Obstructive Pulmonary Disease
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CT Computerised Tomography

Ccv Cross-Validation
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CWT Continuous Wavelet Transform

DBN Deep Belief Network

DEFRA Department for Environment, Food and Rural Affairs
Det Determinant

DFT Discrete Fourier Transform

DOSE Dyspnoea, obstruction, smoking, exacerbation Test
DTC Decision Tree Classifier
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EMD Empirical Mode Decomposition

ERV Expiratory Reverse Volume

ESI Emergency Severity Index

FEV1 Forced Expiratory Volume in one second

FFT Fast Fourier Transform

FIR Finite Impulse Response
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functional Magnetic Resonance Imaging
Gaussian Mixture Model

Global Initiative for Chronic Obstructive Lung Disease
Hilbert-Huang Transform

Hidden Markov Model
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International Conference on Biomedical and Health Informatics
Inverse Discrete Fourier Transform
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Imaginary
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Inspiration Reserve Volume

K-Nearest Neighbours
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National Hospital and Ambulatory Medical Care Survey
National Health Service
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Non-Invasive Positive Pressure Ventilation
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Optical Coherence Tomography

Orthogonal Matching Pursuit
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Principal Component Analysis

Potential of hydrogen

Particulate Matter

Particulate Matter size 10 microns
Particulate Matter size 2.5 microns
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Root Mean Squared Error
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Receiver Operating Characteristic
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Singular Values

Sequential Forward Selection
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SVD
SVM
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Short-Time Fourier Transform
Support Vector Classifier
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