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1 Introduction

This project proposal outlines a research study to investigate the feasibility of utilising mobile phones,
in conjunction with wearable devices, to aid in the detection of respiratory conditions through the cap-
ture and analysis of audio and biometric data, culminating in a proof-of-concept cross-platform mobile
application. The proposal begins with a literature review that provides background information on
respiratory diseases and their global impact, as well as mobile and wearable technology in healthcare
monitoring and existing mobile health applications. Following this, the proposal will provide a rationale
and context for the study, which leads to a clearly defined hypothesis and a series of objectives. To con-
clude, the proposal provides details regarding expected outcomes, project timeline and implementation
requirements.

2 Literature Review

2.1 Background on Respiratory Diseases and Their Global Impact

To provide context for this study, it is essential to clarify the range of diseases and conditions classified
as respiratory, outline their prevalence and impact both globally and within the UK, highlight the
challenges related to early detection and ongoing management, and explore current diagnostic and
monitoring approaches.

Many di!erent types of respiratory diseases fall into the following two categories: chronic respiratory
diseases (CRD) and acute respiratory infectious diseases. Shakula et al. highlight a range of CRD con-
ditions such as asthma, chronic obstructive pulmonary disease (COPD), interstitial lung disease (ILD),
cystic fibrosis (CF), lung cancer and tuberculosis (TB). ILD is a broad subset of CRD, encompassing a
diverse range of conditions. Althobiani et al. estimate the number of linked diseases to be approximately
200 [1], grouped into six subcategories: idiopathic, autoimmune-related, sarcoidosis, exposure-related,
ILDs with cysts or airspace filling, and a category of others. Idiopathic pulmonary fibrosis is highlighted
as being the most aggressive of all ILDs. Finally, acute respiratory infectious diseases are categorised as
those caused by viruses/bacteria a!ecting the nasal cavity, throat, trachea and bronchus [2] and include
influenza (flu), the common cold, COVID-19, sinusitis, pneumonia and bronchitis.

In 2017, global estimations put the number of people su!ering from a CRD at roughly 550 million,
representing a 40% increase when compared with figures from 1990, with CRD-related deaths totalling
roughly 4 million, making it the third leading cause of death worldwide [3]. More specifically, Hang et al.
reported 41,555,628 new cases of asthma in 2021, of which Western Europe reported 1.6 million. These
figures represent a slight decrease between 1990 and 2021. Although asthma-related deaths during the
same time period have increased, the mortality rate has decreased from 9.64% to 5.2% per 100,000 [4].
Hang et al. conclude that asthma remains highly prevalent, especially in countries with higher Social-
demographic Index and among individuals under the age of 9. Global figures relating to COPD cases
tend to vary due to di!ering definitions employed over the years, with estimates ranging from 212 to 400
million worldwide [5] [6]. Boers et al. estimate that respiratory disease direct costs for the European
Union represent 6% of the total annual healthcare expenditure, with 56% (€38.6 billion) allocated to
COPD. Similarly, it is estimated that the United States’ annual COPD costs will increase to $40 billion
over the next 20 years. Within the UK, predictions place the number of those a!ected by COPD at
around 3 million; however, as previously mentioned, COPD estimations are notoriously varied [7][8].
Rayner et al. also highlight the estimated cost to the NHS of around £800 million per year, with annual
deaths of 30,000. Scully et al. sought to standardise a variety of datasets relating to the number of
new cases of asthma, COPD and ILD across England, Scotland and Wales per 1,000 people per year.
For 2019, England, Scotland, and Wales, respectively, saw an estimated 50,000, 3,700, and 2,000 new
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asthma cases; 46,000, 5,800, and 2,100 new COPD cases; and 183,000, 9,000, and 4,300 new ILD cases
[9].

There are many methods employed in the diagnosis and monitoring of respiratory conditions/diseases.
Spirometry is often cited as the most widely employed test, providing measurements on how much air a
person can inhale or exhale, and the speed at which they exhale [10]. Spirometry testing is carried out
using a spirometer and is considered a relatively simple test to complete, albeit with training required to
ensure accurate results [11]. Robert Crapo, in his paper Pulmonary-Function Testing, also lists several
other tests such as ”measurement of lung volumes, airway resistance, carbon monoxide di!using capacity,
and arterial-blood gases” [10]. Although this paper is now over 30 years old, spirometry remains one of
the key assessments for measuring respiratory function [12]. Georgakopolou et al. highlight a significant
number of advancements in modern respiratory condition diagnosis; however, many are beyond the scope
of this paper. Georgakopolou et al. do, however, detail the greater importance that telemedicine, remote
monitoring and AI will have on this field and that the ever-increasing global prevalence of respiratory
diseases will result in greater demand for early detection and accurate monitoring via ”sensitive and
non-invasive” means [12].

There are several challenges in the early detection and ongoing management of respiratory conditions.
It is believed that somewhere between 70 to 80% of adults su!ering from COPD are undiagnosed, with
studies showing that late diagnosis leads to worsening conditions and the development of simultaneous
conditions such as depression, diabetes and cardiovascular disease[13]. Lin et al. highlight that low
spirometry testing is one of the key factors in the underdiagnosis of COPD, where, although the test
itself is relatively simple to administer, there is a lack of expertise related to the interpretation of
the results [14] [13]. Suggested improvements to COPD early detection involve the use of handheld
spirometers, questionnaires, or a combination method that incorporates a questionnaire with a peak
expiratory flow device. One of the key issues related to asthma management is poor inhaler technique,
where the incorrect use of recommended guidance in adults and children is found to be anywhere between
35 and 75%, depending on the method of measurement, population, and setting [15] [16]. Both Poplicean
et al. and Boven et al. draw attention to recent developments in mHealth (Mobile Health) and electronic
monitoring devices as solutions to this issue, many of which provide mobile phone integration.

2.2 Mobile and Wearable Technology in Healthcare Monitoring

An MIT professor in the 1960s first suggested the notion of wearable technology [17], and now, over 60
years later, this technology is not only a reality but also has a ubiquitous presence in everyday modern
life. The term mobile health (mHealth) has been around since 2003 and is seen as a subset of ICT Health
Domains; however, its definition has become vague since the introduction of the smartphone in 2007
[18]. An overview of mHealth and its various definitions will now be provided, along with a discussion of
its evolution alongside wearable devices in clinical settings, a summary of modern devices and sensors,
and an examination of its advantages and limitations when employed in the field of respiratory health.

Istepanian notes that the fundamental building blocks or technologies of mHealth are medical sensors,
mobile computing and communication systems, and their application within the domain of healthcare
services [18] [19]. Following 2007 and the introduction of the smartphone, Istepanian highlights the
introduction of new meaning centred on the market forces of smartphone technology and its related
ecosystems. Safavi et al. estimated in 2019 that by 2020, consumers would spend approximately $49
billion on digital health products; however, they found that the majority of top-funded US-based digital
health companies did not measure the ”clinical e!ectiveness” of their products or assess their use within
populations considered ”high-cost, high-burden” such as the elderly, disabled and those su!ering with
chronic illnesses. The most significant number of studies evaluated healthy patients, with 34 studies;
however, only 5 of these studies sought to evaluate clinical e!ectiveness. By comparison, the four
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respiratory-related areas of asthma, COPD, ILD, and influenza garnered a total of 8 studies, of which
only three studies related to asthma focused on high-burden populations, with only two evaluating
clinical e!ectiveness [20]. Despite these concerns, wearable devices have become increasingly prevalent
in clinical settings due to their ability to connect doctors with patients and other parties, provide insight
into changes in condition, facilitate real-time data collection, enable remote monitoring, and improve
patient outcomes and preventive medicine [17] [21]. Chowdhury et al. provide a general definition for
a wearable device as any device that can be worn on the body, is flexible, and uses sensors to measure
medically related biometric data [21]. Lu et al. list health and safety monitoring, chronic disease
management, disease diagnosis and treatment, and rehabilitation as key areas of the medical field that
employ wearable technology [17]. Health and safety monitoring provides data on a wide range of medical
concerns, including the detection of falls, tracking daily activities, posture, respiratory rate, and mood.
The use of wearables in the field of chronic disease management has provided a range of benefits and
solutions for managing conditions such as diabetes, pulmonary diseases, cardiovascular disease, and
hypertension. The evolution of wearables, from invasive and implantable devices used with a limited
scope to the multi-sensor, flexible, non-invasive devices of modern medicine, has been vast [22]. With
the plethora of options available in both the consumer-grade and medical-grade wearables and mHealth
device markets, the following section provides an overview.

The types of devices available within the domain of mHealth include smartphones, wearables such
as smartwatches and fitness trackers, as well as medical-grade wearables. Escobar-Linero et al. found
that wearables are often marketed as either commercial or research products. Commercial wearables
come in various forms, including watches, wristbands, patches, earrings, garments, rings, and in-ear
devices. In contrast, research wearables also include wristbands, patches, t-shirts, and rings, as well as
slightly more restrictive designs such as chestbands, waistbands, insoles, anklebands, helmets, and motes
(small, low-powered sensors often part of a wider network) [22]. It is important to note that the EU
has guidelines that set out to define the di!erence between commerical wearables and medical wearables
specifically, devices ”intended for medical purposes such as disease diagnosis, monitoring, treatment,
injury management and physiological prcoess modification” are classed as medical wearables and de-
vices that are mobile-phone based such as smartwatches and smart bands are considered commercial
[23]. To measure key biometric data, all wearable devices must utilise some form of sensor, such as
heart rate monitors (ECG), accelerometers, temperature sensors, photoplethysmographs (PPGs), GPS,
and galvanic skin response (GSR) sensors [24] [22]. Modern medical sensors measure several key health
indicators, including heart rate, blood oxygen saturation, blood pressure, respiratory rate, body tem-
perature, and electrodermal activity (changes in the skin’s ability to conduct electrical current) [25].
Away from wearable technology, the smartphone is a key component of mHealth, not only as a means of
connecting devices and providing the means for data storage and transfer, but also because the phone
itself contains sensors and other hardware that can be utilised, such as a gyroscope and accelerome-
ter [26]. Within the field of respiratory disease detection, sound features such as wheezing, reduced
breath sounds, crackles, cough patterns, and chest sounds are key to detection and diagnosis; therefore,
a mobile phone’s built-in microphone is a low-cost and readily available solution for capturing such
sounds. Where more sophisticated audio solutions are required, such as the use of high-quality external
microphones or acoustic sensors, smartphones o!er several physical and wireless connection methods
[27].

Wearable and mobile technologies o!er numerous advantages when applied to the field of respira-
tory health in the medical sector. Zhuang et al. highlight the importance of patient engagement and
how mobile health encourages self-management through real-time data and vital sign monitoring [28].
Althobiani et al. also emphasise the importance of patient empowerment, noting that this can lead to
a reduction in face-to-face contact requirements [29]. Further benefits include the ability to detect the
onset of acute exacerbations of chronic obstructive pulmonary disease through continuous monitoring of
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respiratory rate, heart rate, and oxygen saturation [29]. Kamble and Ragha list several opportunities,
including personalised health monitoring, disease management and prevention, enhanced wellness and
lifestyle management, data analytics and artificial intelligence, predictive analytics and early warning
systems, and a connected healthcare ecosystem [24]. In terms of limitations, there is a current lack of
evaluation regarding the impact of mHealth within the context of respiratory diseases [28] [26]. Altho-
biani et al. note several challenges or limitations, including usability, which is a key concern, especially
given the prevalence of respiratory conditions among older adults. Other key issues relate to data pri-
vacy and security, a reduction in engagement over a prolonged period, the high cost of purchasing and
maintenance, access to robust internet infrastructure, and, finally, a lack of trust within the clinical
professions towards consumer-grade wearable data [29]. Kample and Ragha provide a comprehensive
overview of the challenges relating to the use of wearable sensors in healthcare. They are grouped into
four categories - technical challenges, regulatory and ethical challenges, use acceptance and engagement
challenges, and data management and analysis challenges [24]. Technical challenges arise due to the
accuracy and reliability of sensor readings, battery life when considering long-term monitoring, and
finally, the ability to export data from wearable devices to existing healthcare systems. The key regu-
latory and ethical challenges concern data privacy and security; however, they also address the ethical
issues surrounding informed consent and data ownership. User acceptance and engagement challenges
relate to user experience and usability, as well as the ability to bring about any required behavioural
change. Finally, the amount of data produced through wearable and other mHealth devices will be
substantial and will require relevant analysis to facilitate accurate clinical appraisal. The integration of
data between various data points will also need to be considered.

2.3 Existing Mobile Applications

The Hyfe Cough Tracker is a smartphone-based AI cough monitoring app that can detect, record, and
count coughs from cough-like sounds when used in acoustically controlled environments [30]. The app
can continuously track audio and extract cough data from the audio stream. While the app displayed a
high level of correlation when compared to human detection, the study highlights the need for further
analysis within community and clinical settings. Hyfe applications are available on both the Android
and Apple app ecosystems.

The iMedic application is presented as a smartphone-based self-auscultation tool for AI-Powered
pediatric respiratory assessment [31]. Auscultation is a diagnostic method typically performed by a
healthcare professional with the aid of a stethoscope to assess the current health of the circulatory,
respiratory, and gastrointestinal systems. The iMedic application requires completion of three steps to
carry out an assessment. Step one involves the user inputting symptoms that the child is currently
exhibiting. Step two guides the user through the process of capturing a range of lung sound recordings
via a series of visual instructions. Step three involves an AI assessment with provided audio recording
categorisation. The iMedic application is available on both the Android and Apple app ecosystems.

Both the applications listed here utilise audio recording for their analysis and therefore do not use
any other biomarkers such as heart rate or blood oxygen levels. Other applications in this field include
Eupnoos, a breath analysis tool described as ”Shazam for diagnosing respiratory diseases” [32]. Welch et
al. concluded that the Eupnoos application has ”promising” accuracy for diagnosing asthma or COPD,
but accuracy was limited by the small number of disease cases [33]. In terms of mobile applications and
connected devices, there are several commercial systems, such as StethoMe and Feelix. StethoMe is a
smartphone application that connects to a smart wireless stethoscope and utilises AI to provide in-home
examinations. It appears that StethoMe is scheduled for clinical trials, but at the time of writing, these
have yet to commence [34]. Similarly, Feelix by Sonavi Labs is a digital stethoscope connected to a
mobile application.
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3 Rationale and Context

Given the continued global burden of respiratory diseases due to their high prevalence, mortality rates,
and economic impact, new and innovative approaches to early detection and monitoring must be devel-
oped to improve patient outcomes and reduce healthcare costs. Consumer-grade wearable technology,
smartphones and mobile health applications are ubiquitous in modern life and already provide a great
deal of insight into our health and wellbeing. However, medical diagnosis of respiratory diseases in
this field is limited to either audio-only solutions, such as Hyfe or Eupnoos, or applications with addi-
tional pieces of related hardware, such as the StethoMe or Feelix systems. With the range of modern
fitness trackers and smartwatches available on the market, and their ability to track a range of health
biomarkers, there is a gap for a service that allows for the combination of audio and wearable technol-
ogy within the field of respiratory disease diagnosis. Before any assessment can be made regarding the
accuracy or improvements such a system would provide, it is vital to develop and test a platform that
can capture and provide feedback on audio and other biometric data in a real-time setting. This study
aims to provide that platform as a first step towards clinical assessments of respiratory diseases using
consumer-grade mobile health devices.

4 Aims and Objectives

This research aims to determine whether the use of audio analysis via built-in smartphone microphones,
combined with a user health-related questionnaire and other physiological biomarkers measured using
consumer-grade mobile wearable technology, can be successfully developed and deployed on the Apple
iOS and Android platforms with acceptable performance metrics for real-time data processing.

Here are the four objectives for this study:

• To develop a mobile application for the Apple and Android mobile platforms that integrates audio
capture with wearable sensor data and a user questionnaire

• To assess performance in real-time conditions by measuring the latency between data capture and
output

• To monitor resource usage associated with real-time data processing

• To determine the reliability and stability of the application when placed under various operational
conditions

5 Expected Outcomes and Deliverables

UponUpon completion of this study, a fully functional cross-platform application will be submitted,
along with a technical report that measures a range of predetermined performance criteria to evaluate
the e!ectiveness of employing the app in collecting and processing real-time data for the mobile health
consumer market in relation to respiratory disease diagnosis.
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6 Project Plan and Timeline

To complete this study, there are four key stages: completion of a comprehensive literature review,
application development, application performance testing and the review and summarisation of the
process and completed application.

Figure 1: Project Gantt Chart

7 Requirements for Implementation

To complete this study, a range of hardware devices, including various mobile phones with di!erent
specifications and platforms (Apple/Android), as well as several wearable devices equipped with multiple
sensors for collecting diverse biometric data, is required. Access to a range of software development kits
is essential, including, but not limited to, the Apple Health SDK and Samsung Health SDK. To work
with the Apple Health SDK, access to Xcode is also required, as well as some form of application
performance management tool, such as Dynatrace, Instana, or Apple’s own MetricKit.
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