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Abstract

Multiple chronic conditions (multimorbidity) are becoming more prevalent amongst ageing
populations. Digital health technologies have the potential to assist in the self-management of
multimorbidity, supporting monitoring of symptom and well-being parameters, improving a person’s
awareness of their health and well-being, supporting a better understanding of the disease(s),
encouraging health behaviour change and ultimately resulting in improved health outcomes.
However, little research has explored the long-term engagement of older adults with such digital

interventions.

The aim of this PhD project was to analyse how 60 older adults (average age=74 + 6.4 [65-92 years])
with multimorbidity (two or more of the conditions diabetes, heart failure, heart disease, chronic
obstructive pulmonary disorder (COPD)) engaged with digital symptom and well-being monitoring
when using the ProACT digital health platform over a period of approximately 12 months. For the
purposes of this thesis, only 56 participants' data records were used in the data analysis phase, as
four participants had no data records in the dataset. The ProACT platform consisted of a suite of
digital devices (for example a blood pressure monitor, blood glucometer, pulse oximeter, weight
scales, and activity and sleep tracker) and the ProACT CareApp which participants used to view their
data, self-report on other areas of health and well-being not measurable by a digital device (such as
breathlessness, mood), set goals and receive education. Three studies were carried out on the
resulting quantitative dataset. In the first study, data analysis focused on user retention, frequency
of monitoring, intervals in monitoring and patterns of daily engagement. During the second study,
principal component analysis and clustering analysis were used to group participants based on their
levels of engagement, and the data analysis focused on characteristics such as age, gender and
chronic health conditions, engagement outcomes and symptom outcomes of the different clusters
that were discovered. In the final study, the weekly submission times for each parameter were used

to obtain an engagement score (ES) and this score was compared with the Mobile Device Proficiency

XiX



Score (MDPS), a measure of an older adult’s technical proficiency with mobile devices. Both cluster
analysis and multiple regression were used in this study to explore whether participants’

engagement with digital health technology was related to their mobile device proficiency.

The findings from the studies show that the overall engagement with the ProACT digital health
platform was high, with more than 80% of participants using the technology devices for over 200
days. The submission frequency for different symptom parameters (e.g. blood glucose, blood
pressure, etc.) was between three and four times per week which was higher than that of self-report
(2.24) and weight (2.84). Submissions of activity (6.12) and sleep (5.67) were more frequent. The
majority of interactions happened in the morning time. The most common time of submission for
symptom parameters was 10 am, whereas 8 am was the most common time for weight
measurements. In addition, three clusters were identified: the typical user group (n = 24), the least
engaged user group (n = 13), and the highly engaged user group (n = 17) in the second stage of
analysis. The findings indicate that gender and the types of chronic conditions do not influence
engagement. Whether the same device was used to submit different health and/or well-being
parameters; the number of manual operations required to take a reading; and the daily routine of
the participants were the three primary factors influencing engagement. Findings also indicate that
higher levels of engagement may improve the participants’ outcomes (e.g., reduce symptom
exacerbation, and increase physical activity). Finally, results from the third study indicate that
engagement with digital health technology has a weak correlation with mobile device proficiency in
older adults. Despite participants having low to modest technical proficiency, the majority engaged

with the platform for the duration of the trial.

The findings highlight the patterns of engagement of older adults with complex chronic diseases
with a digital home-based self-management platform and demonstrate the potential of a digital
health platform, such as ProACT, to empower older adults with multimorbidity to engage in digital

self-management. Based on the findings, a series of recommendations for researchers, designers

XX



and developers of digital health technologies are provided. For example, engagement might be
enhanced by delivering reminders in the mornings and reducing the number of manual operations
required to use monitoring devices. The outcomes of this PhD also have possible implications
spanning digital inclusion policies, health outcomes, health systems, cost-effectiveness, and health
policy. For example, through the use of digital health technologies, older adults might potentially
have better health outcomes, which could ultimately reduce healthcare costs for both patients and

healthcare systems.

XXi



1 Introduction

1.1  Background and Motivation

Across the world, people are living longer for a variety of reasons, including medical innovations,
better publicly funded health care, improved public sanitation as well as environmental quality
(Roser et al., 2013, Mariani et al., 2010). Life expectancy has doubled in all world regions over the
last 200 years and the average life expectancy is 72.6 years globally in 2019 (Roser et al., 2013).
Consequently, the world’s population is ageing. According to the United Nations, the number of
people aged 65 and older is growing faster than all other age groups (Nations, 2020). In addition, by
2050, 22% of the world’s population will be over 60 years old, while 426 million people will be over
80 years old (World Health Organization, 2022b). The population of people aged 60 years and older
will be 2.1 billion by 2050, almost doubled from 1 billion in 2020 (World Health Organization, 2022b).
The percentage of the total population aged 60 years or over will be 30% or more in most European
countries by 2050 (World Health Organization, 2022a) and the life expectancy will exceed 90 years

(Oeppen and Vaupel, 2002).

While there is much to celebrate about living longer, ageing can also present challenges to
individuals and health care systems. According to the World Health Organization (WHO), there is
little evidence to suggest that people today are experiencing better health in their later years than
their parents (World Health Organization, 2022b). To varying degrees, national health and social
care systems are therefore preparing for higher incidence rates of illness and chronic disease. Many
chronic conditions (e.g. heart disease (HD), diabetes, Chronic Obstructive Pulmonary Disease
(COPD), dementia) are the leading causes of death globally (World Health Organization, 2020). Of
particular concern is multimorbidity, defined as the co-existence of multiple chronic conditions
(Marengoni et al., 2011). It was estimated that 50 million people in Europe were living with

multimorbidity in 2015 (van der Heide et al., 2015). In the United states, 27.2% of the adult



population had multimorbidity in 2018 (Boersma et al., 2020). The main factors that are associated
with multimorbidity are older age, female gender and low income (Marengoni et al., 2011, Sakib et
al., 2019). While multimorbidity is known to affect younger and middle-aged adults, particularly
those experiencing social deprivation (Academy of medical sciences, 2018), it is also known that the
prevalence of multimorbidity increases with age (Sakib et al., 2019). In the European Union, amongst
people over 65 years old, the prevalence rate of multimorbidity is estimated to be as high as 65%
(van der Heide et al., 2015). Moreover, the prevalence of 4 or more chronic conditions among older
adults is more than 65% (He et al., 2018). Multimorbidity affects people’s quality of life, and ability
to operate normally (Fortin et al., 2004). Moreover, mental illness, such as depression, is also highly
associated with multimorbidity (Birk et al., 2019). Therefore, people with multimorbidity require
rehabilitation or a long period of care (Villacampa-Fernandez et al., 2017). Additionally,

multimorbidity predicts increased use and cost of health services, and mortality (France et al., 2012).

Multimorbidity can be particularly challenging for older adults, who due to the additional
complexities associated with ageing, can experience greater frailty, and may require support to
manage their conditions (Nicholson et al., 2019). In addition, older adults with multimorbidity are at
higher risk of becoming dependent on care (Koller et al., 2014). Sinnott et al. (2013) found four areas
of difficulty in the management of multimorbidity which are disorganisation and fragmentation of
health care; the inadequacy of guidelines and evidence-based medicine; challenges in delivering
patient-centred care and barriers to shared decision-making. Older adults with multimorbidity
require not only clinical face-to-face visits, medication, emergency consultations, outpatient visits,
hospital admissions, etc. to keep in a good physical condition (Soley-Bori et al., 2021), but also need
mental health care as depression is associated with morbidity (Charlton et al., 2013). Likewise, older
adults with multimorbidity also need community care and social care for their daily life (Soley-Bori et

al., 2021).



However, it takes a significant amount of health care expenditure to provide good health care for
older adults with multimorbidity. In 2016, 1.1 trillion United States Dollars were spent because of
direct health care treatment for chronic health conditions in the United States (Waters and Graf,
2018). In 2016, 70%-80% of all health care costs in the European Union was spent on chronic
conditions which is estimated at 700 billion euros (Seychell, 2016). Moreover, the cost of health care
for older adults with multimorbidity increases with age and more disease combinations (Brilleman et
al., 2013, Tran et al., 2022). For example, the total expected costs (including hospitalization costs,
care transition costs, etc.) for people with one to three conditions are 1.55 to 2.85 times higher than
for people without any condition (Charlton et al., 2013, Hazra et al., 2018). On the other hand,
people with multimorbidity are expected to use health services 2.56 times more often than people

without multimorbidity (Soley-Bori et al., 2021).

Self-management can be defined as the actions taken by a person to protect and promote health
and manage symptomes, lifestyle, emotions and social effects (Bartlett et al., 2020). It can also
provide a bridge between the needs of the patient and the ability of health care systems to meet
those needs (Barlow et al., 2002). Moreover, home-based self-management is more convenient
because it can let people use their time and energy without having to travel to and from hospital to
receive care (Bisio et al., 2016). For older adults with chronic conditions, home-based self-
management can not only help people manage their disease, but also improve their quality of life for

the rest of their lives (Kamei et al., 2020).

However, providing desired self-management support to older adults with multimorbidity is
challenging and complex. First, chronic conditions vary in severity and have a wide range of
characteristics (Setiawan et al., 2019). In this case, self-management for older adults with
multimorbidity is diversified and complicated. Second, the stages of chronic disease and the living
environment change over time (Audulv, 2013). If older adults with multimorbidity are without

treatment, the condition of their health will become worse over time. Conversely, proper treatment



can improve the condition. Therefore, a dynamic and appropriate self-management support is

needed. Third, chronic conditions are usually lifelong (Bernell and Howard, 2016). It is challenging to
keep older adults with multimorbidity sustained and engaged with long-term self-management, due
to issues such as coping with loneliness, loss of independence, and changing habits (Breckner et al.,

2021).

According to the European Commission, “digital health and care refers to tools and services that use
information and communication technologies (ICTs) to improve prevention, diagnosis, treatment,
monitoring and management of health-related issues and to monitor and manage lifestyle habits
that impact health” (European Commission, 2018). Digital health technologies have potential to
support older adults with multimorbidity to more effectively self-manage their health and well-being
in their homes (Mshali et al., 2018, Morton et al., 2017). For example, blood glucometers (to
measure blood sugar levels) combined with mobile phone apps have been used to support people
with diabetes to self-manage their condition (Arsand et al., 2010, Alanzi, 2018). There are many
advantages to using digital technologies to support older adults with multimorbidity to self-manage
their health and well-being. First, they can help older adults understand their disease(s), manage
their health, respond to changes, and communicate with health care providers (Talboom-Kamp et
al., 2016, Nunes et al., 2015). Second, such technologies can encourage people to change their
behaviours (e.g., diet and exercise) (Mansson et al., 2020). Third, these technologies can be tailored
to individual motivations and personal needs, thus potentially improving sustained use (Klasnja et

al., 2015, Tighe et al., 2020).

However, very little research has explored the patterns of how older adults with multimorbidity
engage with digital self-management technologies and how to sustain the engagement. The
literature has explored older adults’ attitudes towards the use of technology for self-management.
Research has examined wellness (Hakobyan et al., 2016, Moran et al., 2022), social well-being (Xu et

al., 2023), functional abilities (Calderdn-Larrafiaga et al., 2019), physical activity (PA) (Gomes et al.,



2020), physical rehabilitation (Jones et al., 2023), medication management (Doyle et al., 2017, Bird
et al., 2022), and chronic disease self-management (Murphy et al., 2017, Ekstedt et al., 2021, Hall et
al., 2021). Older adults are willing to change their behaviour to adopt digital self-management if the
intervention provides benefits, such as increased awareness of self-management behaviours and
improved knowledge of their healthcare (Hakobyan et al., 2016). Furthermore, recent research
indicates promising results in terms of older adults actively engaging in self-management. Various
studies have shown that older adults have engaged with mHealth interventions, with one study
demonstrating that older adults had higher levels of engagement with digital diabetes self-
management than their younger counterparts (Compernolle et al., 2020) (Bohm et al., 2020).
Despite these promising studies, there is still a lack of research on longitudinal engagement with
self-management technologies by those with multiple chronic conditions, with a view to

understanding how best to facilitate and promote sustained engagement to maximise benefits.

In this PhD project, a data-based evidence approach is used to examine longitudinal engagement
patterns with digital health technologies. It is well understood that engagement, in the context of
digital health, is multi-faceted and lacking definition and agreement on how to evaluate it (Milne-
Ives et al., 2024). O’Brien and Toms presented the following definition of user engagement with
technology: “Engagement is a quality of user experiences with technology that is characterized by
challenge, aesthetic and sensory appeal, feedback, novelty, interactivity, perceived control and time,
awareness, motivation, interest, and affect.” (O'Brien and Toms, 2008), however such components
may be difficult to measure in a digital health context. Milnes-lves et al. (2024) outline two
categories of engagement that are relevant to this PhD project: (1) What users are engaging with,
e.g. the digital health technology (which can include specific features, content or interface
components) or a target health behaviour (e.g. increasing physical activity); (2) how they are
engaging e.g. behaviourally (usage), affectively (motivation, positive or negative feelings) or
cognitively (interest, attention). Specifically, this PhD research is focused on analysing a dataset

resulting from approximately 12 months of engagement with a digital self-management platform



(including monitoring devices and a digital application) by older adults with multiple chronic
conditions. The analysis primarily focuses on examining user engagement with monitoring of
symptoms (such as blood pressure, blood glucose, heart rate, breathlessness) of multiple chronic
conditions and relevant lifestyle parameters (weight, sleep and PA) using digital devices and self-
reporting within a digital application. Engagement is measured by analysing logs of system usage
data, such as frequency of use, time of use, features used, allowing for a reliable measure of physical
use of the intervention, and the potential to identify usage patterns associated with better
outcomes (Yardley et al., 2016). Little is understood about how older adults with chronic conditions
engage in digital home-based self-management. For example, how often do they monitor various
symptoms, how often they engage in PA, how long they sustain these behaviours, etc. This PhD
project provides new insights about how to enhance engagement of older adults with

multimorbidity with digital self-management interventions.

1.2 Research Aim and Objectives

1.2.1 Research Aim

The aim of this PhD project is to explore, through analysis of an existing dataset, the longitudinal
patterns of user engagement of older adults with multimorbidity with digital self-management, in
particular symptom and well-being monitoring, with the goal of better understanding how to

promote sustained user engagement over time.

1.2.2 Research Objectives

Objective 1: Review the literature on digital home-based self-management technologies for chronic
disease and multimorbidity, with a focus on literature examining user engagement, including

engagement of older adults, with such systems.



Objective 2: Analyse an existing dataset to understand longitudinal patterns of user engagement of
older adults with multimorbidity with symptom and well-being monitoring (e.g., blood pressure, self-

reported mood).

Objective 3: Explore how different categories of users, for example users of different age groups or

with different conditions, engage with symptom and well-being monitoring.

Objective 4: Examine the connections between technical proficiency and user engagement with

digital health technologies.

Objective 5: Develop a set of recommendations for researchers, designers and developers of digital

health technology to promote enhanced user engagement of digital health technology by older

adults with multimorbidity.

1.3 Contribution

The research makes the following contributions to knowledge in the field of digital health:

e This thesis provides an understanding of the patterns of user engagement with digital self-
management technologies and behaviours of older adults with multimorbidity — an
understudied cohort in the field of digital health research. The findings presented in this
thesis indicate that this cohort engaged in digital self-management for a period of
approximately one year, with high levels of user retention and frequent and regular digital
self-management routines, as demonstrated in Chapter 4.

e Findings from the analysis presented in this thesis have led to the development of
recommendations for researchers, designers and developers of digital health technologies to
help maximise engagement and therefore potential impact of such technologies, as shown
in Chapter 5. For example, the analysis found that digital health devices with fewer manual
operations are higher utilised than those with more manual operations while fixed daily
routines using different digital health devices can help increase user engagement among
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older adults with multimorbidity. Notifications are a useful way to help older adults with
their daily routines and mornings are a good time to send them.

e As Chapter 5 shows, higher levels of user engagement with digital health monitoring may
result in better outcomes, such as symptom stabilisation and increased levels of physical
activity for older adults with multimorbidity. The analysis found a non-linear positive
correlation between the frequency of use of digital health devices and the physical condition
of participants.

e Mobile device proficiency, as evaluated through the Mobile Device Proficiency
Questionnaire (Roque and Boot, 2018), designed specifically for older adults, does not
predict user engagement with digital health technologies. Even though participants of the
study had low levels of mobile device proficiency, they engaged with digital self-
management throughout the 12-month trial period. However, consideration should be given
to the development of a questionnaire to assess an older adult’s digital health technology
proficiency or literacy prior to them engaging in digital self-management, so that targeted,
individualised training programmes can be developed with a view to maximising effective
engagement. The findings are outlined in Chapter 6.

e This thesis outlines potential implications of this research, including health outcomes,
healthcare system efficiencies and healthcare policy in Chapter 7. For example, empowering
older adults with multimorbidity to engage in digital self-management can lead to better
healthcare outcomes, which ultimately could result in less unscheduled healthcare
utilisation, lower healthcare costs for both patients and healthcare systems and new
reimbursement models that provide healthcare organisations with incentives to integrate

digital health technologies into their practice.

1.4  Thesis Layout

The remainder of this thesis is structured as follows:



Chapter 2 presents the literature review, focusing on three main sections. The first section
introduces digital health self-management technologies, including different types of technologies
and approaches (e.g., wearables, mobile devices, Internet), as well as digital health technologies for
different chronic diseases (e.g., diabetes, hypertension, HF), older adults and multimorbidity. The
next section contains a review of the literature on user engagement in digital self-management.
First, the barriers affecting engagement and the factors that enhance engagement will be discussed.
This will be followed by a presentation of two theories that are closely related to user engagement,
information technology acceptance and self-efficacy, including healthcare technology self-efficacy,
which refers to people’s belief that they have the ability to successfully use healthcare technology to
the extent that it will have a significant effect on their lives (Bandura and Wessels, 1994, Rahman et
al., 2016). In addition, data-driven evidence of engagement will be presented, as this is the main
approach used in this PhD project. The last section of this chapter focuses on data mining
approaches for digital health data. Data mining approaches will be discussed as two parts, namely
descriptive data mining techniques and predictive data mining techniques. In addition, data mining

techniques for health care will be presented, especially those related to k-means clustering.

Chapter 3 describes the data set that was analysed, and presents the research questions, approach

and methods of the three studies conducted as part of this PhD research.

Chapter 4 presents findings from the first study, including a detailed analysis of user retention,

frequency of monitoring, intervals in monitoring, and patterns of daily engagement.

Chapter 5 outlines the findings from the second study that involved clustering the participants into
different groups based on frequency of engagement to identify differences between these clusters

in terms of user characteristics, engagement outcomes, and symptom outcomes.

Chapter 6 investigates the relationship between engagement and mobile device proficiency scores.
Two different multiple regression models were built to show the results of the research questions

related to the third study.



Chapter 7 summarises the key findings of this research project, highlighting the contributions to
knowledge and making recommendations for researchers, designers and developers of digital health
technologies relevant to older adults with multiple conditions. Limitations of this project are also

discussed, along with the conclusion and possible areas for future research.
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2 Literature Review

2.1 Introduction

Digital self-management technologies have gained traction in recent years due to their potential to
support people to manage their health and well-being, change their health and well-being
behaviours, maintain self-management over time and ultimately to improve health and well-being
outcomes. Furthermore, such technologies have the potential to improve the delivery of health care,
such as facilitating better communication between patients and health care professionals, providing
access to people living in rural areas and reducing health care costs. As such, there is a vast amount
of research on how digital health technologies can support self-management of various chronic
diseases. However, there is still comparatively little research on older adults’ use of such technology,
and how it can support the additional complexity of managing multiple chronic conditions. The first

part of this literature review (Section 2.2) explores this research.

It is understood that engagement with digital health technologies is necessary to achieve their
intended outcomes. Quality of care and health outcomes will improve with better engagement of
digital health technologies (Blasiak et al., 2022). However, there are various known barriers to
engaging with such technologies, including usability issues, low digital literacy, and limitations as a
result of illness (Breckner et al., 2021). These can be exacerbated for older adults. Despite this, the
perception that older adults are unable to engage with technology is outdated, with research
indicating that older adults are often highly engaged with digital health technologies and can better
self-manage their health with the use of technology compared to traditional health self-
management (Branch et al., 2022). It is therefore important to consider strategies for facilitating
engagement with digital health technologies, particularly for cohorts such as older adults, who can

benefit considerably from their use. Section 2.3 of the literature review examines engagement with
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digital self-management, covering topics such as technology acceptance and adoption, and how to

encourage engagement (Section 2.3).

In this PhD project, data mining and machine learning technologies were used to analyse the digital
health data set. Therefore, the final section of the review (Section 2.4) explores the literature related

to data mining and machine learning techniques for health care data.

The literature search was conducted using the Dundalk Institute of Technology online library, the
ACM Digital Library and Google Scholar. The following search terms were used to locate articles
relevant to this study: self-management, heart failure (HF), engagement, digital health, health
technology, older adults, chronic conditions. Variations of these terms (e.g. chronic disease, elderly)

and different combinations were used to ensure exhaustive search results.

2.2 Digital health self-management technologies

In comparison to traditional self-management, digital self-management can help older adults
understand their condition, encourage behaviour change, and improve sustained engagement in
self-management (Mansson et al., 2020, Pettersson et al., 2019). However, there are significant
variations in the technology employed and the outcomes for older adults and various chronic
illnesses. For example, diabetics need to have their blood glucose checked several times a day, and
blood oxygen levels are an important parameter of health in patients with chronic obstructive
pulmonary disease (COPD), but not in patients with hypertension. Variations of these technologies
are often combined into self-management platforms for people with multimorbidity especially older

adults.

2.2.1 Areview of digital health devices and platforms

Digital health devices, ranging from wearable devices to fitness trackers and remote monitoring
systems are becoming increasingly widespread and are enabling digital self-management of health

and well-being. Numerous devices have been used in various configurations, for various objectives
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and in various deployments. The literature on digital health devices is presented in this section,
covering wearable devices, mobile devices and ambient assist living systems, outlining their

application and benefits for health and well-being management.

2.2.1.1Wearable devices

With the advancement of wearable devices, more and more health and well-being management
functionality is becoming increasingly available for individuals, for example, measuring body
temperature (Chen et al., 2015), checking blood glucose for diabetics (Bandodkar et al., 2015),
recording the electromyogram (Miyamoto et al., 2017) and monitoring physical activity (PA) and
sleep and other well-being parameters (Rosenberger et al., 2016, Xie et al., 2018). Medical
wearables typically have two different types of sensors, biophysical sensors (e.g., fitness trackers
and smartwatches) and biochemical sensors (e.g., continuous glucose monitoring system) (Xu et al.,

2022).

The Fitbit is a popular consumer-based activity wearable device that has been used in many studies
for different purposes, from monitoring pregnant women’s PA in free-living conditions (St-Laurent et
al., 2018) to supporting PA for patients with low back pain (Amorim et al., 2019). In the latter study,
a Fitbit and an Internet-based application were used to support patients in the intervention group,
while the control group was provided with PA information and advice booklets. After six months
follow-up, the authors found that participants in the intervention group had a lower rate of care
seeking than the control group by 38% (Amorim et al., 2019). Results from another study showed
that by using Fitbit, breast and colorectal cancer survivors were more physically active compared to
those who did not use Fitbit, and that using Fitbit had the potential to improve lifestyle (Cadmus-
Bertram et al., 2019). Fitbit activity monitors have also been used alongside a self-reported diary to
record food, for cancer survivors to monitor weight changes (Brown et al., 2018). The results of this
study showed that participants in the intervention group lost an average of 4.6 kg, while the control

group (who didn’t use a Fitbit) gained an average of 0.2 kg. Fitbits have also been used to evaluate
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sleep of people with major depressive disorder (Cook et al., 2017). However, the authors indicate
that the Fitbit is not an adequate substitute for polysomnography and that the Fitbit settings can

affect its performance.

Even though wearable technology has improved in recent years, there are still many challenges that
may cause users to stop using devices or engage less, such as loss of motivation, perceived
inaccurate measurements, routine interference, etc. (Attig and Franke, 2020). Schall et al. (Schall Jr
et al., 2018) noted that wearable sensor users are generally concerned about the efficacy and
effectiveness of the sensor, and most concerned about privacy and data security. Daligadu et al.
(Daligadu et al., 2018) examined the validity of the number of steps and distance travelled by
patients after heart surgery by Fitbit Flex. They found that the Fitbit's output lacked consistency

between standard measurements.

2.2.1.2 mHealth

The term mHealth (mobile Health) relates to the use of mobile phones and other wireless
technology in medicine and health care (Heerden et al., 2012). It has a wide range of applications,
including health and well-being monitoring. As smartphones and tablets become more powerful,
mobile apps are including more features to support mHealth research, and have been used for self-
management of pain (Reynoldson et al., 2014), mental health (Spadaro et al., 2021), weight loss and
control (Carter et al., 2013, Laing et al., 2014), and to help pregnant women’s self-management
during the Covid-19 pandemic (Nawangsari et al., 2022). There is a significant amount of mHealth
research for chronic disease self-management, and this is explored further in Sections 2.2.2 through

to 2.2.7.

Typically, mobile phone text messages are used in medical interventions for reminders, delivery of
medication information, regimens, disease reports, and self-education (Wei et al., 2011). Many
studies have shown that the use of text messaging as a reminder can improve medication adherence
(Lester et al., 2009, Islam et al., 2014) and can also motivate patients to attend medical
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appointments (Sims et al., 2012). Mobile text-based health care interventions can also help people
with mental illnesses, such as depression and anxiety (Bockting et al., 2011, Kelders et al., 2013).
Text messaging can also help people quit smoking by providing advice, support and reminders

(Abroms et al., 2014).

Partridge et al. (Partridge et al., 2015) conducted a mobile medical prevention program to help
young adults lose weight and improve their diets. The program included text messaging, email,
coaching calls and a mobile app. The results showed that the program was useful in preventing
weight gain and improving the diet of overweight young people. However, the authors also
mentioned that using text messaging alone to change diet was less effective than using both text
messaging and coaching calls. In this context, while mobile messaging is helpful in digital health
interventions, it is better suited for integration with other technologies such as mobile apps,
telemedicine and wearable devices. Therefore, text messaging can be a great digital trigger for
mobile apps, wearables, etc. that can enhance user engagement with health care devices (Muench

and Baumel, 2017).

2.2.1.3 Ambient assisted living systems

In its early stages, Ambient Assisted Living (AAL) aimed to increase people's autonomy and self-
confidence, relieve them of daily chores, support monitoring and care of older adults or those who
are sick, improve safety, and conserve resources to extend the time people can live independently in
their own homes (Huch and Strese, 2005). Nowadays, AAL systems are available with many different
features and functions to help people achieve these goals as well as, for example, detection of falls
(Doulamis, 2010), enhancing social connection and avoiding the feeling of loneliness of older adults

(Waterworth et al., 2009), and motivating older adults to exercise (Rodriguez et al., 2013).

In 2016, Ribeiro Filho et al. (Ribeiro Filho et al., 2016) presented a mobile system named Mobile
Human Activity Recognition System (MHARS), aimed at tracking patients, especially with chronic
diseases, in the context of AAL. This system can not only recognise the activities carried out by
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patients but also detect the intensity of activities in real-time. MHARS has multiple interactions with
sensors. MHARS can monitor patients' daily activities and environmental information such as

temperature and air quality, as well as symptom parameters such as heart rate, all of which are very
important for chronic disease management. However, this system does not monitor many symptom

parameters or require much interaction on the part of the participant.

Adeluyi and Lee (Adeluyi and Lee, 2015) presented the use of different medical virtual devices in AAL
for older adults. In contrast to traditional devices, virtual devices have three main hardware
modules, namely the sensor, display and memory modules, and a software part for processing and
displaying the interface modules. The authors point out that medical virtual devices refer to virtual
devices for AAL, as virtual devices implement the functions of traditional devices in the medical field
in the context of AAL. In addition, they believe that much of the hardware for medical virtual devices
can be used in an AAL environment, especially for older people with chronic conditions, such as
electrocardiography (ECG) sensors, skin response sensors, electromyography (EMG) sensors, blood

glucose meters, etc.

Triantafyllidis et al. (Triantafyllidis et al., 2016) presented a framework of using sensors in remote
monitoring in AAL for people with chronic conditions. There are many components in this
framework, such as sensors, a smart phone and a health professional platform which is reviewed by
formal caregivers. Sensors in the patient's environment monitor heart rate, activity level, respiratory
rate, temperature, and blood pressure. A mobile phone connected to the sensors via Bluetooth and
the web can manage the sensed data, detect special events, receive notifications and communicate
with health care professionals. The authors believe this framework encourages both passive
services, which enable patients to take greater control of their own care, and active services, which

are initiated by the system and enhance patient safety.
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2.2.1.4 Internet based interventions

Internet-based health care interventions often include the use of health care applications, electronic
records, and online video consultations to distribute health-related services and information
(Schiffer et al., 2021). In addition, many studies have shown that Internet-based health care
interventions can improve clinical outcomes and increase self-management among patients with

chronic diseases (Al-Durra et al., 2015, Rushakoff et al., 2017).

One important function of Internet-based health care interventions is to help patients communicate
with health care professionals through online video consultations. Baker et al. (Baker et al., 2005)
found that Internet-based consultation services not only help patients easily communicate with their
health care providers, but also reduce expenses in doctors' offices and laboratories. An Internet-
based health intervention called ProYouth is used for the prevention and early intervention of eating
disorders. This intervention includes an education module, a communication module for group chats
(led by a psychologist), and a monitoring and support module (Bauer and Moessner, 2013). After
interviewing participants in the ProYouth program, Moessner et al. (Moessner et al., 2016) found
that Internet-based medical interventions could support traditional health care as well as fill gaps in

the current health care system.

Internet-based health care interventions can also help health care workers. Bureau et al. (Bureau et
al., 2021) developed an Internet-based cognitive-behavioural therapy intervention for health care
professionals who were experiencing high levels of stress and mental distress during the COVID-19
pandemic. The results showed that this Internet-based medical intervention was embraced by

health care professionals and helped them to release stress during times of high stress.

2.2.1.6 Online social media and social network based interventions

The most important functions of social media-based health care interventions are that they can help

patients identify similar people, experience the benefits of group participation, and facilitate peer-
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to-peer communication (Highton-Williamson et al., 2015, Naslund et al., 2016b, Chau et al., 2018).
Social media also allows patients to share content, connect with different users, and seek
information, which can be especially helpful for people with mental illness who may have social

anxiety or social difficulties (Schrank et al., 2010, Chung, 2014).

Social media-based health care interventions can improve the health of people with diabetes, such
as lowering blood glucose, and can also improve health behaviour and self-care. Doger et al. (Doger
et al., 2019) used WhatsApp to help children with type 1 diabetes manage their diabetes,
communicate with health care professionals, and receive diabetes education. The results showed
that this social network-based program helped patients identify the need for treatment changes,
promoted self-management, and improved blood glucose control. However, this program didn’t
include any communication among patients, such as a group chat. Ruehlman et al. (Ruehlman et al.,
2012) conducted a randomized controlled study for patients with chronic pain in which the
intervention group used an online chronic pain management program that included social
networking features and self-management tools. The authors found that this online management
program reduced anxiety and stress in patients with chronic pain and also reduced pain severity and
pain-induced fear. In addition, participants in the intervention group had an increased awareness of

chronic pain compared to the control group.

Video is an important feature in social media, people can post video content to share knowledge or
use video chat to connect with other people. McLaughlin et al. (McLaughlin et al., 2012) used video-
sharing social networking interventions to help cancer survivors connect with other cancer survivors
and gain social support and connection with family and friends. The authors believe that online
social networks can support social bonding in young adult cancer survivors, especially those with

weak family interactions, and help them express negative emotions such as anxiety, fear and worry.
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2.2.2 Digital health self-management technologies for diabetes

Globally, in 2021 there were 537 million people living with diabetes, a number that is continuously
rising (Sun et al., 2022). People with diabetes often have many different symptoms, such as unstable
blood sugar, weight loss, numbness in the hands or feet, dry skin, blurred vision, etc (Centers for
Disease Control and Prevention, 2022b). Living with and managing diabetes is complicated in this
context. People with diabetes need a healthy meal plan; to count carbohydrates at every meal; to
manage blood sugar; to exercise daily; and to maintain a healthy weight (Centers for Disease Control

and Prevention, 2022b).

As such, managing diabetes presents a number of difficulties for both patients and health care
professionals. For instance, diabetic patients must invest a lot of time in self-care activities like
carbohydrate tracking and glucose monitoring (Safford et al., 2005). Moreover, many health care
providers only have limited information about patients’ glucose level records with no indication of
patients’ actual risk between two visits (lyengar et al., 2016). Patients and governments also
experience significant economic burden (Cefalu et al., 2014, Fraze et al., 2011). For example, the
total annual cost of diabetes in the US in 2017 was $327 billion (American Diabetes Association,
2018), while the median annual cost for older people with diabetes was $5,876 in the US (Wang et

al., 2022b).

There are a variety of digital health solutions available to support management of diabetes, including
smartphone apps (Block et al., 2015, Fukuoka et al., 2015), digital blood glucometers to measure
blood sugar levels (Elbaeva et al., 2019), telemedicine services (Holmen et al., 2014, Eberle and
Stichling, 2021), and remote monitoring systems (Wang et al., 2019). The Few Touch mobile phone
application was developed and used to support people with diabetes to monitor and manage their
blood glucose, daily steps and food habits and to provide feedback to users related to their own
personal goals (Arsand et al., 2010). The authors found that this system can increase motivation and

help patients learn more about diabetes management.
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Joubert et al. (Joubert et al., 2019) used a digital therapeutic system which provides automatic
insulin dose recommendations and a self-monitoring glucose logbook to help patients with diabetes
to self-manage. A trial of this system demonstrated a material improvement in the physical
outcomes for diabetic patients using this technology, such as stable blood glucose compared with
usual care. Furthermore, the trial’s findings showed the potential to lower costs of outpatient and

inpatient care.

Research has also explored how to support engagement with digital diabetes self-management. Chi
et al. (Chi et al., 2021) used mobile text messages as tailored interventions to provide reminders and
advice, to support people with type 2 diabetes to improve health outcomes. Reminder messages
included reminders of scheduled events, such as clinical appointments, as well as engagement
reminders. Advice messages included information about behaviour change techniques that could be
implemented, and lifestyle-based advice. Participants could send a response message to the system
to rate the information and advice they received. After 6 months, the majority of participants
reported finding this mobile messaging support system to be useful and user-friendly, while the text
messages received were viewed as positive. The authors believe that with a regular SMS text
reminder, engagement with this type of system could potentially be increased. However, the
authors did not show an effect on the participants’ health and well-being outcomes after they had
used the system for three months. Other research has also used mobile text messages to support
and improve diabetes self-care activities, finding that messages that are positive, precise, and
written in plain English are more likely to be received favourably, for example, using “sugar” instead

of “glucose”, or “half of a banana” instead of “25 grams of fibre” (Gatwood et al., 2020)..

Digital health interventions to support diabetes self-management have shown many benefits over
non-digital interventions (Shea et al., 2006, Young et al., 2020). For example, Kim and Utz (Kim and
Utz, 2019) compared the outcomes of 151 patients with type 2 diabetes who were randomly

assigned to either usual care or a health literacy-sensitive diabetes management intervention

20



delivered through telephone or social media. The authors found that patients in the usual care group
with high levels of health literacy had higher levels of activation compared to patients in the usual
care group with low levels of health literacy. However, this significant difference disappeared in the
social media group, suggesting the usefulness of using social media to help patients with low health
literacy become more engaged in digital health interventions. Alternatively, McLeod et al. (McLeod
et al., 2020) compared an online self-management programme based on mobile and web health care
platforms with usual care for people with type 2 diabetes and pre-diabetes. They found that those
who took part in the online programme had more short-term improvements in weight and blood

glucose compared to usual care.

2.2.3 Digital health self-management technologies for hypertension

Worldwide, hypertension affects 1.28 billion adults between the ages of 30 and 79 (World Health
Organization, 2021). There are usually no signs or symptoms of hypertension, although some people
may experience blurred vision, shortness of breath, chest pain and headaches (Centers for Disease
Control and Prevention, 2021, British Heart Foundation, 2023). Measuring blood pressure is the only
way to determine if people have hypertension or not (Centers for Disease Control and Prevention,
2021). Self-management of hypertension requires the patient to monitor their blood pressure, have
a good quality diet, get adequate PA, monitor and control their weight, and adhere to medication

(Melaku et al., 2022).

The majority of people with hypertension have access to effective blood pressure-lowering
medications, but blood pressure control often remains unsatisfactory due to infrequent blood
pressure monitoring, poor medication adherence, and clinical inertia (Merai et al., 2016, Okonofua
et al., 2006, Serumaga et al., 2011). Utilizing digital health technologies in self-managing
hypertension can improve self-monitoring, increase medication adherence, and reduce health care

utilization (McKinstry et al., 2013, Pickering et al., 2008, Minetaki et al., 2011). With proper
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assessment and clinically validated digital health technologies, people with hypertension can be

encouraged to take a more active role in their own health (Kitt et al., 2020).

A number of arm-band type digital blood pressure monitors are available on the market, that
support sending data directly to a mobile app for review (for example Withings!). However, it has
been suggested that small wearable monitoring devices, such as wrist-based measurement devices
can help people with hypertension to measure their BP frequently, while causing less discomfort and
muscle compression than traditional arm-band blood pressure measurement devices (Kario, 2020).
Mobile apps can help people with hypertension manage their medication, track their blood pressure,
and communicate with health care professionals (Morawski et al., 2018, Petrella et al., 2014).
Moreover, much research has shown the positive effects of using mobile phones and mobile apps to
manage hypertension, such as reducing blood pressure (Marquez Contreras et al., 2019, Lee et al.,
2019). It has been suggested that regular digital blood pressure monitoring combined with ambient
context monitoring, could enable the interpretation of blood pressure data in relation to daily
stressors and various settings (Verdezoto and Gronvall, 2016, Kario, 2020). A study by Bengtsson et
al. (Bengtsson et al., 2016) showed that their mobile phone-based self-management support system
can help patients with hypertension manage and reduce blood pressure. In addition, following a
short period of using the system, participants' blood pressure was significantly reduced, especially
those participants who had moderate to high blood pressure. However, this study only lasted for
eight weeks which can only show the short-term effects of this system. Longer term studies are

required to better understand user engagement with such a system.

1 https://www.withings.com/ie/en/
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2.2.4 Digital health self-management technologies for heart failure

Heart failure (HF) is a complex, fatal illness with major morbidity and high expense which affects
over 64 million people worldwide (Savarese et al., 2022, Vos et al., 2020). Particularly for older
adults, the load of risk factors and comorbidities is substantial and rising (Groenewegen et al., 2020).
The most common symptoms of HF include breathlessness, fatigue, swelling in the ankles and legs,
and feeling dizzy (National Health Service, 2022). In addition, the management of HF requires
patients to abstain from alcohol and smoking, adhere to their medication, monitor their weight and

monitor for signs and symptoms of fluid overload (Inamdar and Inamdar, 2016).

Clinical results in HF patients may be improved by digital health technologies that track objective
parameters including weight, voice, hemodynamic, and patient-reported symptoms (Farwati et al.,
2021). Weight monitoring is an important part of HF self-management which has been
recommended by health care providers, as a sudden increase in weight may be indicative of oedema
(or water retention / swelling). Digital weight scales and apps can support weight monitoring and
tracking (Collier et al., 2020), as well as sharing of data (between a patient and health care
professional for example). Shoes with wearable sensors can also help HF patients to continuously
monitor their weight with less effort (Elian et al., 2016). By using an acoustic microphone and a neck-
mounted accelerometer to track changes in a person’s voice volume, Murton et al. (Murton et al.,
2017) found that voice quality may correlate with HF symptoms, which could be used to monitor the
status of patients with HF. Implantable hemodynamic monitoring can help health care professionals
to monitor intracardiac and pulmonary artery pressures (Abraham and Perl, 2017, Givertz et al.,
2017). Such advancements in technology support easier and faster symptom monitoring compared
with traditional methods, such as reporting symptoms via telephone, allowing for early intervention
to optimize treatment (Farwati et al., 2021). Moreover, wearable health technology can also help

facilitate HF care and outcomes, such as the ability to monitor people’s daily activity level (Redfield
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et al., 2015, Dontje et al., 2014), weight (Elian et al., 2016), and atrial fibrillation (Chan and Choy,

2017) to prevent HF and improve HF care (DeVore et al., 2019).

Park et al. (Park et al., 2019) used digital interventions which are supported by mobile applications
and smart devices (BP cuff and digital scale) to remotely monitor 58 HF patients after discharge from
hospital. Findings from the study indicated that these digital interventions can not only improve
patient outcomes, but also reduce hospital readmissions and costs. Likewise, Radhakrishnan et al.
(Radhakrishnan et al., 2021) used a mobile application and smart devices to help older adults with
HF improve their self-management. The mobile application in this randomised controlled study is a
sensor-controlled digital game that triggers game rewards, progress, and feedback based on the
user's interactions with smart devices and sensors, such as a scale. The results showed that
participants in the intervention group were more motivated by daily weight monitoring and PA
compared to the control group with only smart devices. In addition, the intervention group also had
a lower rate of HF hospitalisation than the control group. The results of another study also showed
that digital health technologies can significantly reduce the likelihood of hospital readmission for
patients with HF (Gjeka et al., 2021). The intervention group of this study received a digital disease
management platform which included smart devices, electronic medical record, mobile phone
application, and online health platform. This platform monitors patients in real time and helps
patients communicate with their health care providers, as well as alerting them to abnormal vital

sign readings.

2.2.5 Digital health self-management technologies for chronic obstructive

pulmonary disease

In 2019, 3.23 million people died from COPD, which is the third most common cause of death in the
world (World Health Organization, 2022c). Symptoms of COPD usually include: frequent coughing,
shortness of breath, sputum or phlegm, and deep breathing difficulties (Centers for Disease Control
and Prevention, 2022a). For people with COPD, quitting smoking is paramount (Mitchell et al., 2014).
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it is also necessary to have a good nutrition plan, adequate PA routines and an understanding of how
to self-manage breathing difficulties (Effing et al., 2012). COPD is linked to decreased physical,
emotional, and social functioning, which worsens quality of life (Barnett, 2005, Brien et al., 2016).
Living well with COPD requires effective self-management, and proactive participation has been
linked to fewer hospitalizations and exacerbations as well as an improvement in health-related
quality of life (Pauwels, 2000). Digital health technologies can improve self-management by fostering
engagement and self-efficacy for people with COPD, and assisting health care professionals in

promoting preventative care-provision practises (Slevin et al., 2020).

Velardo et al. (Velardo et al., 2017) used a digital health system to support patients with COPD in
self-managing their condition. There are two parts to this system: a mobile application on the users’
tablet and a backend server for health care professionals to manage patients’ self-management.
During a 12-month trial, 110 participants were given a tablet computer and a pulse oximeter and
were encouraged to use these devices to complete symptom diaries and oxygen saturation
measurements. The authors found that patients can maintain self-management over a longitudinal
period by using digital health technologies, including features such as videos and personalised
alerting. In addition, the authors cite a number of benefits of patient-centred digital health system
design, such as enhanced patient compliance, increased ease of use, and facilitation of high-quality
data collection. A randomized feasibility study of digital mobile health techniques for people with
COPD is presented in (Bentley et al., 2020). All participants in the intervention group were given a
smartphone app and an activity tracker to help them stay physically active after pulmonary
rehabilitation. In comparison to those who withdrew, they discovered that research participants
who finished the trial had better baseline health and more prior exposure with digital technologies.
They highlight that simplicity and usability are very important factors to foster engagement with

digital health technologies.
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Hardinge et al. (Hardinge et al., 2015) used a mobile telemedicine based application to support the
self-management of COPD patients over a period of six months. They concluded that it is feasible for
patients with COPD to use mobile health interventions at home, where patients can comfortably

report their daily symptoms, medication use, pulse rate and oxygen saturation measurements.

2.2.6 Digital health self-management technologies for older adults with chronic

conditions

Chronic conditions tend to be more prevalent in the ageing population (National Institute on Aging,
2017, Boutayeb and Boutayeb, 2005). According to reports, increased usage of technology by older
adults is linked to better health, higher levels of social connectivity, and overall higher quality of life
(Greenwald et al., 2018, Low et al., 2021). Additionally, the use of digital health technologies

amongst older populations has potential to:

1. Improve self-management (Alhussein and Hadjileontiadis, 2022), and improve health
outcomes, for example stabilise blood glucose (Makroum et al., 2022), blood pressure control (Buis

et al., 2019), and weight loss (Fanning et al., 2020).

2. Improve drug adherence and persistence, for example, using artificial intelligence and a
smart phone application to visually identify the medication, the patient and the confirmed ingestion
(Labovitz et al., 2017); monitoring the medication ingestion by an ingestible sensor (DiCarlo et al.,
2012); and monitoring medication usage by using predefined Quick Response Codes attached to the
medication box, scanning the codes with a smartphone app and recording the

medication(Capranzano et al., 2021).

3. Enhance nutritional therapy by monitoring nutrition, and personalised nutritional therapy

(Nelson et al., 2017, Flodgren et al., 2015).
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4, Improve physical support, fithess and rehabilitation. Wearable devices and monitors that
collect physiological and behavioural data can help older adults with exercise adherence and

rehabilitation safely and effectively (Piau et al., 2021, Piotrowicz et al., 2016, Piotrowicz et al., 2020).

5. Improve the interaction and communication between health care providers and older adults,
which can in turn improve disease management, increase social support, improve self-competence,
and enhance well-being (Flocke and Stange, 2004, Sparks and Nussbaum, 2008, Czaja et al., 2018,

Morton et al., 2018).

Lee et al. (Lee et al., 2016) tested the Mobile Applications for Seniors to enhance Safe
anticoagulation therapy (MASS) that enhances oral anticoagulation treatment (OAT) in older people
with HF or atrial fibrillation and is used to further increase patient independence and self-
management. MASS is a mobile-based health technology intervention that includes many different
modules such as education, self-monitoring, reminders and social features (e.g. family, friends,
medical professionals). After three months of testing with 18 older people, the results showed that
MASS can help older people gain more knowledge about oral anticoagulants. However, for other
outcomes, such as quality of life, depressive symptoms, anxiety symptoms and OAT medication

adherence, there remained no difference.

Wu et al. (Wu et al., 2022) developed a Community-Based e-Health Program (CeHP) which was
supported by a mobile device application for older adults with chronic conditions. The CeHP has
three main components to help older people with chronic conditions to self-manage, including
health education, health monitoring and an advisory system. Based on the questionnaires and health
outcomes before and after the pilot study, the authors found that the CeHP was viable in that it
engages older adults living in the community and empowers them to manage their chronic
conditions. Also, the authors believe that the CeHP has great potential to encourage self-

management, promote social support, and reduce health care costs.
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Unlike the previous two studies, which were supported by mobile devices, Gustafson et al.
(Gustafson et al., 2015) presented a web-based information and communication technology named
Elder Tree (ET). ET is designed for older people and caregivers to improve the quality of life of older
adults, and it is based on the previous digital health intervention CHESS (Gustafson et al., 2014). The
intervention is based on a mobile phone application which includes communication with caregivers
and health care professionals, audio-guided relaxation, emergency alert, and self-monitoring. The
authors conducted an unblinded randomised clinical trial to assess the effects of ET on the quality of
life of older adults with multiple chronic conditions (Gustafson Sr et al., 2022). In this trial, 390 older
adults with multiple chronic conditions were divided into two groups, with one group of participants
having access to ET and the control group not having access to ET. The results of this trial showed
that there was no significant difference between these two groups and that participants who had
the access to ET did not gain more benefits, such as quality of life, depression, and independence,

compared to the control group.

Active Plus is an effective computer-tailored PA stimulating intervention for older adults to increase
the PA in daily life (Van Stralen et al., 2008). Such interventions can provide older adults with
tailored information to increase awareness of PA and to maintain PA based on the user's situation,
specific needs and desires. The Active Plus intervention can help improve public health by increasing
the PA of older people in a cost-effective way (Golsteijn et al., 2014). However, Volders et al.
(Volders et al., 2021) conducted a randomised controlled trial of Active Plus with older adults with at
least one chronic condition. The authors found that the PA behaviour of participants who, on three
occasions, received computer-tailored PA stimulating advice was similar to that of the control group
who did not use Active Plus. They also argue that this is because the Active Plus intervention by itself

is not sufficient to increase PA in older adults with chronic conditions.
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2.2.7 Digital health self-management technologies for multimorbidity

Self-management of multiple chronic conditions poses a considerable burden for people with
multimorbidity (Haggerty, 2012). Older adults with numerous chronic disorders have average overall
health care expenses that are 5.5 times greater than those of older adults without multiple chronic
conditions (Bahler et al., 2015). Moreover, multimorbidity prevalence rates are estimated to be 65%
in those over 65, and they increase with age (Marengoni et al., 2011). However, only a small number
of studies have explored how digital health can help solve problems associated with multiple

morbidities.

Zulman et al. (Zulman et al., 2015) conducted a focus group study to understand the challenges
faced by people with multiple conditions and to identify opportunities to use e-health technology to
support these people. Several opportunities were identified, including having a uniform medical
record which can facilitate care coordination; online information for the management of
multimorbidity, especially for the interaction and conflicts of different chronic conditions; using
mobile apps to support self-care tasks and social communication; and secure technology for the

communication between various stakeholders.

Melchiorre et al. (Melchiorre et al., 2018) surveyed 101 programmes in Europe, 85 of which
incorporated e-health solutions, and 42 of which targeted at older adults. Remote consultation and
monitoring, self-management (e.g., electronic reminders, online decision support), health care
management technology like patient databases and e-referral systems, and electronic health records
were among the e-health technologies used in these programs. The authors believe that e-health
may enhance integrated care for older people with multimorbidity. However, neither in-depth

analyses nor evaluations of these technologies were provided in this paper.

Doyle et al. (Doyle et al., 2019) conducted a study to understand design requirements for a digital
self-management tool for older adults with multiple chronic conditions. They highlight that self-

management of multiple conditions can be more challenging and time consuming than management
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of a single condition. They propose three design recommendations when designing for
multimorbidity self-management. First, “prioritise self-management activities to reduce complexity”.
For example, a digital daily checklist could be used to highlight daily tasks and appointments.
Algorithms could be used to highlight what tasks should be prioritised, based on a person’s current
status. For example, if a person’s blood pressure is increasing, the checklist could include a
suggestion to take blood pressure readings or to view a piece of education related to reducing blood
pressure. Second, “to effectively support self-management, consider the whole person, their co-
morbidities, age-related impairments and current status of conditions.” All suggestions in terms of
care activities for people with multimorbidity should be based on the person’s complete condition
profile. For example, while activity is an important part of self-management for people with
diabetes, a suggestion such as to increase activity is likely not appropriate for someone with limited
mobility. Finally, “support people with multimorbidity and informal carers to progressively learn how
to digitally self-manage, with context-relevant prompts.” Doyle et al. point out that patients and
their informal carers receive little information about how to effectively self-manage their conditions
and facilitating this learning should therefore be a goal of digital systems supporting self-

management.

Likewise, Caldeira et al. (Caldeira et al., 2021) interviewed 17 older adults with multimorbidity to find
out the conflicts in multiple chronic conditions management. They found that incompatibilities
between treatments for different conditions needed to be given more considerations in care. In such
cases, treatment decisions must be made not only for the specific disease, but also for the patient's
overall condition. The conflict between medical conditions and self-management activities can also
be difficult to balance. For example, PA can help older people with multimorbidity to improve and
maintain their health, but for some conditions, exercise can have a negative impact that can lead to
injury. Moreover, some older adults talked about being nervous about previous health problems or

possible future illnesses, in addition to the chronic conditions they already had. These two different
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types of conflict had an impact on their health care choices. All of the above conflicts should be

considered when designing digital health technology for older adults with multimorbidity.

Medication management is an important part of self-management of multimorbidity in older people,
not only because older adults with multimorbidity have many medications, but also as medication
errors can cause serious health issues (Forster et al., 2003). Siek et al. (Siek et al., 2010) designed a
personal health application called Colorado Care Tablet to help older people with multimorbidity
manage their medications. In this application, users can create and maintain the medication list,
check the medication information, and communicate with the health care professionals. Dalgaard et
al. (Dalgaard et al., 2013) presented MediFrame, a tablet based personal medication management
system to support older adults at home. This intervention can help older adults record the
medications they need, shows information about the medications and how often they are used,
delivers reminders to take medications, and gives advice on medications based on the individual’s
physical condition. To better understand how to design a medication management app for older
people with multimorbidity, Doyle et al. (Doyle et al., 2017) interviewed 124 participants, including
older adults, caregivers, and health care professionals. The authors identified the following six key
requirements for the application of medication management for older people with multimorbidity.
Firstly, the application needs to support the creation, maintenance and updating of a list of
medications that patients can control, as well as a list of medications that caregivers and health care
professionals can access. Second, educate patients on the conditions and symptoms that correspond
to the various medicines and prescriptions. Meanwhile, the application should support the
management of regularly changed medications and prompt a detailed medication review. In
addition, the app can schedule medication intake and includes information on how to use

medication devices such as nebulisers and inhalers.

There are limited longitudinal studies that explore how older adults with multimorbidity use digital

technology to self-manage their health and well-being. One such study was the ProACT proof-of-
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concept trial, whereby 120 older adults across Ireland and Belgium used the ProACT digital health
platform to self-manage multiple chronic conditions, including diabetes, COPD, HF and heart disease
(HD) (Doyle et al., 2021). Exploration of the engagement and health and well-being data from the

Irish trial is the subject of this thesis (as outlined in Chapter 3).

2.2.8 Summary

It is clear from the literature that digital health technology is important for people with chronic
diseases to support self-management, improve quality of life, and enhance health status. There is
also a wide range of digital health technologies and interventions such as digital monitoring devices,
remote monitoring, smartphone apps, social media and Internet-based interventions that can meet
the different needs of patients with different chronic conditions. However, digital health
technologies should also be tailored and personalised to the different states of the user, such as age,
different types of chronic condition, multiple chronic conditions and living environment. For
example, older adults often have more difficulty using digital medical devices compared to younger
adults (Kim and Choudhury, 2020), while different chronic conditions require monitoring of different
symptom and well-being parameters. Furthermore, people with multiple chronic diseases need to
monitor several parameters and participate in multiple additional self-management tasks, increasing
the complexity of multiple disease management compared to single disease management. Another
concern is how to enhance engagement with digital health technologies. This is discussed in the next
section, with a focus on the barriers affecting engagement, different ways to increase engagement,

and the benefits of engagement.

2.3 User engagement with digital self-management

As outlined in the previous section, digital health technologies hold great potential to support
people to manage chronic conditions, allowing for monitoring and tracking of symptoms and lifestyle

behaviours, promoting behaviour change and ultimately improving outcomes. However, intended
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and effective outcomes can only be realised if people engage in digital self-management (Yardley et
al., 2016). User engagement includes many different components such as interactivity, perceived
control and time, motivation, interest, emotion, feedback and awareness (O'Brien and Toms, 2008).
However, the definition of user engagement in the context of digital health still lacks definition and
agreement. In order to measure user engagement in digital health, engagement is divided into two
categories: the first category is what users engage with, such as different kinds of digital health
technologies and targeted health behaviours. The second category is how users engage
behaviourally (usage), affectively (motivation, feelings), or cognitively (interest, attention) (Milne-
Ives et al., 2024). There are many barriers that affect the acceptance, adoption, and continued use of
digital health technologies especially for older adults with chronic conditions, such as user health
status, social support, technology experience, psychomotor and system features (e.g., user interface,
functionality, data privacy) (Czaja et al., 2013, Heart and Kalderon, 2013, Liu et al., 2019). In addition,
unlike a single chronic disease, people with multimorbidity might also face additional barriers due to
the complexity of managing multiple health care self-management tasks as well as conflicts in health
care delivery (Doyle et al., 2019, Caldeira et al., 2021). However, there are also facilitators known to
improve engagement with digital health technologies, for example, user-centred design, technology

support, social support, and system credibility (Matthew-Maich et al., 2016, Portz et al., 2016).

This section will first describe the barriers to and facilitators of engagement with digital health
technologies. The literature on technology acceptance and healthcare technology self-efficacy is
then examined. Finally, the literature on data-based evidence of engagement with digital health
technologies will be explored, as this PhD project uses data from a 12-month trial to examine the

engagement between older people with multimorbidity and digital health technologies.

2.3.1 Barriers impacting user engagement with digital health technology

There are many challenges in engaging people in digital health self-management, such as low usage,

high attrition, small effect sizes (Morrison, 2015), technical difficulties (Stellefson et al., 2013),
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engagement decreasing over time (Kirwan et al., 2013), and financial resources (Mulvaney et al.,
2011). Other research has identified barriers including technology access issues, time constraints for
homecare providers, gaps in health care delivery, and geographic and social location leading to
inadequate patient engagement (Hunting et al., 2015). To better understand the barriers affecting
digital health technology engagement, this section will focus on three different types of barriers
specifically related to users (e.g. user demographics, user beliefs, user knowledge and skills),
programmes (e.g. content, usefulness, guidance), and technology (e.g. technical factors, privacy)

(Borghouts et al., 2021).

2.3.1.1 User-related barriers

Some demographic variables have been shown to influence engagement with digital health
technology, including gender (Crisp and Griffiths, 2014, Achtyes et al., 2019), age (Mattila et al.,
2016, Beatty et al., 2017), education level (Stevens et al., 2018), employment status (Kannisto et al.,
2017), income level (Erhunmwunsee et al., 2020), and health conditions (Eisner et al., 2019).
Mikolasek et al. (Mikolasek et al., 2018) evaluated the feasibility of a mobile application for cancer
patients that involved self-report measures (e.g., symptoms, quality of life), as well as data collection
on time spent on mindfulness and relaxation practices. They found that female patients had better
adherence to the mobile application. Similarly, Smail-Crevier et al. (Smail-Crevier et al., 2019) found
that women in e-mental health programs were more willing to use the Internet to access medical
and health information compared to men. In addition, the authors noted that women prefer to use
features related to exercises, self-help interactive programs, and interactions with health care

professionals.

A number of studies have examined the correlation between age and digital health technology use,
with varying findings. For example, Bol et al. (Bol et al., 2018) analysed the user data of many
different mobile health applications (e.g., fitness apps, nutrition apps, self-care apps, sleep apps,

etc.) in the Netherlands and found that younger adults are more likely to use mobile health
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applications than older adults. However, the authors also note that younger people generally use
fitness and reproductive health apps, while users of self-care and vital signs apps are typically older.
In the case of diabetes, research has found that higher age was negatively associated with the use of
mobile health apps and search engines among type 1 diabetics, but there was no age difference in

the use of e-health among type 2 diabetics (Hansen et al., 2019).

People with lower education levels generally have higher dropout rates when using digital health
technologies, including online mental health programmes (Alfonsson et al., 2016); internet-delivered
PA and nutrition promotion programmes (Robroek et al., 2012); and online health communication
programmes (Van't Riet et al., 2010). Likewise, people with higher income levels and who are
employed are usually more willing to use digital health interventions than people with lower income
levels and the unemployed (Graham et al., 2018, Hamideh and Nebeker, 2020). Poor health, such as
poor self-reported health status, (Mahajan et al., 2021), or depressive symptoms in mental health

(Crooks et al., 2017) can also lead to reduced use of digital health technology (Yao et al., 2022).

In general, patients are usually motivated to engage in digital self-management if they think the
technology will help them with their major health problems (Hunting et al., 2015). Firstly, it is
important to educate patients not only about digital health, but also about their own health and
build their belief in digital health technology, which can increase engagement and prevent drop-out
(Melville et al., 2010, Aref-Adib et al., 2019). Many studies have pointed out that limited knowledge
of digital health technology is one of the barriers impacting engagement (Mishuris et al., 2015, Kruse
et al., 2018). Likewise, Tieu et al. (Tieu et al., 2015) suggest that training and support is essential for
those who are vulnerable to chronic diseases, especially for those with limited health knowledge. In
addition, patients with weak beliefs about digital health technology may find digital interventions
distracting and may choose to switch off the mHealth intervention to avoid interruptions that might

disrupt sleep patterns or structured daily activities (Switsers et al., 2018).
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2.3.1.2 Program content-related barriers

The content and features of digital health interventions can also impact engagement with them. For
example, the credibility of the content (Wallin et al., 2016); the perceived fit and usefulness
(O’connor et al., 2016, Berry et al., 2019); the level of guidance and support (Band et al., 2017); and

social connection (Pung et al., 2018, Pywell et al., 2020).

An interview study with 32 health care professionals from hospitals and clinics to explore the
barriers they see in using digital health technology to manage COPD found that data quality is a
barrier for using digital health technology (Slevin et al., 2020). For example, inaccurate readings can
cause undue health anxiety, which can lead to distrust of digital health technology. In addition, these
health care professionals need more evidence of the effectiveness of digital health, as well as clinical
guidelines, which could increase their willingness to use and recommend digital health technologies.
A cross-sectional survey of 149 participants to understand people's interest and barriers to using
mobile apps for depression and anxiety disorders also found that the most cited barrier was that

participants needed to see evidence that the app was useful (Lipschitz et al., 2019).

From the patient perspective, some reasons for reduced use of health apps include lack of trust in
health apps, concerns about data privacy and fear of misdiagnosis (Rasche et al., 2018). Lundgren et
al. (Lundgren et al., 2018) conducted a study of web-based cognitive behavioural therapy for people
with HF and depression. They noted that participants needed real-time communication (e.g., phone
and video calls) with health care professionals and caregivers, which made them feel cared for.
However, too much interaction with patients can have the opposite impact by making them feel

forced to use digital health technologies (Feijt et al., 2018). Therefore, a delicate balance is required.

2.3.1.3 Technology-related barriers

Privacy and confidentiality of digital health technology have been mentioned as barriers to

technology engagement and use in a number of different studies. Specifically users will lose trust in
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technology and abandon its use if a data breach occurs, while many users report concerns about
their personal health data being shared with organizations without their explicit or informed

consent. (Garg et al., 2015, Lennon et al., 2017, Borghouts et al., 2021).

Rickard et al. (Rickard et al., 2016) developed a mobile application to monitor people’s daily
emotional well-being changes in real time. They utilised three methods of collecting data from users:
(1) automated monitoring online behaviours (e.g., Facebook, Twitter, music); (2) self-reported
emotional well-being; (3) questionnaires of psychological assessment. After 30 days of testing with
11 participants, the feedback reflected that some participants were concerned about their privacy.
They argued that the location information should not be specific to GPS points and that it would be
better if the location information only showed postcodes. In addition, some participants felt that it
would be better to give the permission to the application for social media sharing after they had

used the app for a while and built trust.

Klonoff and Kerr (Klonoff and Kerr, 2018) note that digital health technology for people with
diabetes needs to satisfy users not only in terms of the safety and effectiveness of the technology,
but it must also be compatible with existing electronic tools, electronic health records and clinical
guidelines. Moreover, digital health technology should demonstrate clinical benefit to satisfy
clinicians and economic benefit to satisfy payers. For example, to help prescribers and payers
embrace the use of digital health technologies as part of standard diabetic care, doctors need data

on effectiveness from clinical trials.

A further barrier to people using digital health technology is the cost, for example the cost related to
the need for a mobile device, wearable devices, internet access, and in-app purchases (Luque et al.,
2013, Borghouts et al., 2021). Moreover, technical issues with digital health technology are one of
major barriers to engagement, such as mobile apps crashing, wearable devices unexpectedly
shutting down, and loss of internet access (Naslund et al., 2016a). Poor design features of digital

health technology could also impact the engagement of users, such as complicated navigation and
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difficult-to-read screen presentations (Ting, 2012). On the other hand, good design can make users
feel more favourable towards the technology and fosters a positive user experience (Torous et al.,

2018).

2.3.2 Factors enhancing user engagement with digital health technology

There is a large body of research examining the factors that enhance engagement with digital health
technologies. There are many different methods integrated into technology design to encourage
motivation and continued engagement, including notifications (Potts et al., 2020, Morrison et al.,
2014); game-based approaches (Monk, 2002, McCallum, 2012); personalisation (Asimakopoulos et
al., 2017, Potts et al., 2020, Schubart et al., 2011); and peer support (Maher et al., 2014, Yardley et

al., 2016).

In 2017, Asimakopoulos et al. (Asimakopoulos et al., 2017) conducted a study to explore motivation
and user engagement in fitness tracking. They presented a number of general design guidelines to

enhance the user experience and user engagement, including:
1. Personalisation — allow the user the determine their own fitness goal.

2. Navigation/input — ensure it is clear to the user that there are options/further ways of

personalising single functions. Gamification of the process of navigating and personalising is critical.

3. Positive feedback — assess motivation and/or self-efficacy levels (for example through user-
defined ratings and questionnaires) and provide new goals based on the outcomes from these

assessments; expose users to positive and constructive feedback.

4, Multi-activity motivation analysis — Users expressed a desire for features that enable them
to better analyse relations between data/information, activities and motivation/self-efficacy
behaviour, for example, the relationship between diet and high or low motivation. Users may be
able to categorize activities based on the motivation or self-efficiency improvements they see, as

well as to explore behaviours that promote higher motivation or increased self-efficacy.
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5. Context integration — Capturing reflections on life events and emotional or social
interactions during fitness tracking may be an important facilitator of motivation and self-efficacy.
This can create an added sense of sociability or social user experience known to drive motivation and

behaviour change in health care.

6. Provide intelligence to encourage more targeted behaviour change — Giving users a means
to explore their gathered data to increase their self-efficiency and fitness levels, can make the
experience more meaningful. Interpreted data can be helpful but making sense of activity trends and

patterns and tying those to “victories” or self-defined goals might improve self-efficacy.

7. Sustain user motivation by leveraging intrinsic motivation into a playful experience — Use
game elements and small rewards to support different stages of self-monitoring, making it possible
to meet user needs for autonomy, competence, and relatedness that support the development of

intrinsic motivation.

The authors outline three specific factors that impact user motivation with health care wearable
devices for recording daily activity (e.g., walking, cycling, yoga) which are, "(a) Seeing if | met my goal
(movement/sleep/calories count); (b) Looking and feeling good as a result of activity, improving

mood and avoiding sitting; and (c) Getting tips and recommendations from the app".

23.2.1 Notifications

Notifications in digital health technology act like triggers in Fogg's behavioural model (Fogg, 2009)
and can increase people's motivation to engage with digital health devices or applications (Morrison
et al., 2017). Fogg’s behavioural model states that a person needs to be sufficiently motivated, have
the ability to perform the behaviour, and be triggered to perform the behaviour, then the person
will perform the behaviour, which can be simplified to motivation, ability, and triggers. Notifications
should be delivered at times that do not interrupt people’s daily routine (Fukuoka et al., 2012,

Bentley and Tollmar, 2013). Otherwise, people can find it irritating if notifications appear at the
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wrong time or place and are impossible to follow (Dennison et al., 2013). However, it has been noted
that the content of the notice is more important than the time people receive it (Fischer et al.,
2010). As such, it is important to figure out when and what content users are more likely to view and

respond to notifications, and how many notifications are appropriate.

Morrison et al. (Morrison et al., 2017) conducted a study to test whether smart sensor-driven
machine learning models could find the right time and number of smartphone-based stress
management interventions to send to people. Participants were split into one of three groups, with
one group receiving notifications based on the machine learning model, one group receiving daily
notifications at pre-determined times and the final group receiving occasional notifications at pre-
determined times. The authors found that frequent notifications increased engagement with digital
health interventions. However, the timing of notifications tailored by machine learning models did
not increase the uptake of digital health interventions compared to the group that received daily

notifications.

Potts et al. (Potts et al., 2020) used ecological momentary assessment questions via notifications to
the mobile devices of people with dementia and their caregivers. The authors analysed the event
logs from the mobile devices and found that users were more willing to respond the questions

between 9 PM to 10 PM.

2322 Gamification

Digital health technology could engage patients through game-based approaches. The enjoyment
from games can lead to high engagement, aesthetic attraction, and narrative completeness (Monk,
2002). Games can also promote physical and social/emotional health for patients (McCallum, 2012).
Kappen et al. (Kappen et al., 2017) conducted an online survey to explore the gamified motivational
affordances and feedback elements of PA technology, such as Nintendo’s Wii Fit game, and the Fitbit
wearable device in different age groups. The authors divided the motivational effects of gamification
into two categories, namely intrinsic elements (e.g., goals, challenges, achievements, tasks) and
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extrinsic elements (e.g. badges, rewards, points). The authors concluded that for both younger and
older participants, techniques with appropriate motivational affordances can increase initiation and
adherence to PA, thereby promoting physical and mental health. However, there are some potential
negative aspects of game-based self-management technology, for example, 1) Focusing on gaming

more than treatment; 2) Competition may lead to over engagement (Nunes et al., 2015).

Herpich et al. (Herpich et al., 2017a) designed a gamified context-aware recommender system for
older adults. The authors concluded that this system could improve quality of life and support
solitary living in older adults. The recommendation system uses pictures (e.g., motives, pets,
flowers), photos of family members, and appropriate content to prompt different physical and
mental activities. Moreover, the system includes some well-known digital game principles to
enhance user engagement with the system, e.g., live feedback, special rewards. (Herpich et al.,
2017b). The authors found that user motivation is increased by personalising rewards for different
tasks. At the same time, feedback and rewards for physical activities should take into account the

user's personal situation (e.g., age and illness) in order to avoid user frustration.

23273 Personalisation

Many research studies show that personalised and tailored digital health interventions are more
effective than those non-tailored (Noar et al., 2007, Krebs et al., 2010, Lustria et al., 2013).
Personalised and tailored digital health interventions often engage with users based on their unique
personal conditions and preferences, such as suggesting PA based on physical condition and
different nutritional recommendations for people with or without diabetes (Kreuter et al., 2000,
Rimer and Kreuter, 2006). Schubart et al. (Schubart et al., 2011) identified two characteristics that
contribute to engagement with Internet interventions for patients with chronic health conditions:
"(1) the intervention targets participants with pressing health concerns, and (2) the intervention

adapts to individual needs".
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By connecting users to digital health interventions using tailored messages and communications,
users can more easily understand the information and increase their motivation to participate in
digital health interventions (Hawkins et al., 2008). Because messages for digital health interventions
are often deeply tailored to the user's personal characteristics and preferences, for example,
information for older adults and those with lower levels of health literacy will be more plainly
understandable (Lustria et al., 2016, Nguyen et al., 2020). Nelson et al. (Nelson et al., 2016) point out
that technology-delivered self-care interventions with more tailoring (e.g., meet users’ individual
needs, personalisation) may have higher engagement levels than those with less tailoring for adults

with type 2 diabetes.

Dobson et al. (Dobson et al., 2018) conducted a parallel randomised controlled trial to find out the
effectiveness of a tailored, text messaging-based diabetes support programme. The control group
received usual care for 9 months, while the intervention group received usual care and tailored text
messages, which were sent by an automated content management system, for 9 months. The
authors found that the reduction in blood glucose was significantly greater in the intervention group
than in the control group. Although this study was not primarily a comparison of tailored and non-
tailored interventions, the authors still mentioned that participants in the intervention group

showed a high level of satisfaction with the quality and dosage of tailored, personalised messages.

2.3.2.4 Support

Peer support is often defined as the ability for others with similar experiences to relate more easily,
thus providing more genuine empathy and recognition (Mead and MacNeil, 2006). Andalibi and
Flood (Andalibi and Flood, 2021) conducted an interview study with users of a digital mental health
peer support system (Buddy Project) that allows two users to become peer supporters of each other.
The authors found that a technology-mediated peer support system can be an effective coping tool

for young people with mental health challenges. Such technology gives a clear commitment to
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reduce the stigma of mental health discussions between partners and provides a shared

understanding.

Support from health care professionals and informal caregivers who can provide emotional support,
medical support, and technical assistance, is important to enhance engagement in digital health
(Fortuna et al., 2019). Doyle et al. (Doyle et al., 2022) explored relationships among older adults with
multimorbidity using a digital health platform and a nurse-led telephone triage service that responds
to alerts. The authors analysed the results of semi-structured interviews with participants and triage
nurses, which revealed several positive effects. Firstly, the triage nurse can enhance the education
and motivation of the participants. For example, during the call, the triage nurse might have
conversations with the participant about diet and give some tips about activity goals. In addition, the
authors found that participants were very willing to listen to and participate in the triage nurse's
advice, which also made participants more adept at managing their own conditions facilitated by
digital health technology. However, the authors also noted that some participants felt anxious
because they felt watched, or they perceived the triage nurse's call as bad news, meaning that their

symptoms were out of range.

2.3.2.5 Other approaches

Morrison (Morrison, 2015) explored integrating theories from psychology into digital health
behaviour change interventions. Based on the self-determination theory that autonomous
motivation can be enhanced by supporting an individual's autonomous, relatedness and
competence (Ryan and Deci, 2000), Morrison (Morrison, 2015) pointed out that motivation theories
provide useful design strategies to enhance motivation to change health-related behaviour and to
use and engage with digital interventions. For example, giving choice and flexibility within tunnelled
architectures (Deci et al., 1994), encouraging users to reflect on their internal reasons for changing
their health behaviours or using digital interventions (Yardley et al., 2014), and providing

opportunities for the user to offer feedback which can make users feel they are listened to (Yardley
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et al., 2011). Klasnja and Pratt (Klasnja and Pratt, 2012) suggest that patients having access to their
data, for example their blood glucose readings, may also improve engagement. However, there are
still some uncertainties in relation to implementation, for example whether providing positive
feedback on goal progress serves as an extrinsic motivator that undermines autonomy, or whether
providing choice will become burdensome and overwhelming, which might discourage continued

usage of the digital intervention (Morrison, 2015).

2.3.3 Information technology acceptance

User acceptance is defined as an individual’s perception of a technology leading to its use or non-use
(Venkatesh, 2000, Venkatesh et al., 2003, Venkatesh and Bala, 2008), which is also the key for using
health care technologies (Nadal et al., 2022). Several factors impact user acceptance of information
technologies. Venkatesh et al. (Venkatesh et al., 2003) think performance expectancy, effort
expectancy, social influence and facilitating conditions are the four critical determinants of user
acceptance in the Technology Acceptance Model (TAM). The performance expectations of users are
the extent to which they believe that using the system will help them to perform better (Venkatesh
et al., 2003). The effort expectancy of a system is determined by how easy it is to use (Venkatesh et
al., 2003). The social impact of a system is determined by how others who are considered important
by its users perceive it (Venkatesh et al., 2003). Facilitating conditions refer to the extent to which
the user believes the system is supported by an adequate organisational and technical infrastructure

(Venkatesh et al., 2003).

Nadal et al. (Nadal et al., 2020) believe that the Technology Acceptance Lifecycle (TAL) can provide a
better understanding of the process of technology acceptance and clarify the measurement of
technology acceptance. They divided the TAL into three different stages: pre-use acceptability, initial
use acceptance, and sustained use acceptance. In the pre-use acceptance stage, users begin by
seeking advice and then selecting the technology that is right for them. The initial use acceptance

stage begins with the first interaction and ends one week later, and the final stage is the ongoing use
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acceptance stage, which includes three time-specific milestones: one month, three months and one
year. The authors concluded that TAL can demonstrate technology acceptance at different user
journey stages and during the acceptance of the technology. Furthermore, they suggest that
technology acceptance is a process, rather than a discrete measure, and that technology acceptance
assessment should consider both the temporal dimension and the possible evolution of acceptance.
They also argue that technology acceptance is more likely to be influenced by technology usage and

user engagement in both the initial and sustained phases.

Peek et al. (Peek et al., 2014) found there are several factors that can influence acceptance of health

and well-being home-based technology for older adults. The authors group these factors into six

themes:

1. Concerns regarding technology (e.g., privacy concerns, high cost, and usability concerns)
2. Expected benefits of technology (e.g., increased safety and perceived usefulness)

3. Need for technology (e.g., subjective health status and perception of need)

4, Alternatives to technology (e.g., support and help from family members)

5. Social influence (e.g., support from family and friends as well as professional caregivers)
6. Characteristics of older adults (e.g., personal preference for ageing in place)

Chen et al. (Chen et al., 2020) conducted research in long-term care facilities by using a humanoid
social robot (Kabochan) to examine changes in technology acceptance for older adults with
dementia. The authors conducted a two-arm 32-week randomised control trial and questionnaire
surveys were administered before and after using Kabochan to assess attitudes and beliefs about the
technology. The results of the questionnaire showed that older adults with dementia had improved
attitudes and beliefs about technology, which also increased their perceived ease of use of

technology.
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Other studies have also looked at ways to increase the acceptance of technology among older
adults. Wilkowska and Ziefle (Wilkowska and Ziefle, 2009) examined the long- and short-term effects
of technology acceptance in older adults of a personal digital assistant. The authors found that older
adults’ acceptance is mainly impacted by their learning history with technology, but tutorial training
can significantly affect technology acceptance outcomes. Jarvis et al. (Jarvis et al., 2020) conducted a
study to examine the acceptance of communication technology in residential care for older adults.
The authors found a significant relationship between behaviour intention, facilitating conditions,
attitude to life and satisfaction, as well as education level, with user acceptance. However,
gerontechnology anxiety and age were found to have significant negative influence on user
acceptance. These studies indicate that older adults may need support to enhance technology

acceptance and overcome gerontechnology anxiety.

2.3.4 Self-efficacy and healthcare technology self-efficacy

As a concept, self-efficacy refers to people's belief that they can produce certain levels of
performance that may have a significant effect on their lives (Bandura and Wessels, 1994). As a
result of a strong sense of efficacy, a person's accomplishments and personal well-being are
enhanced in many ways (Bandura and Wessels, 1994). The crux of self-efficacy is the initiation and
persistence of behaviours and courses of action. There are three decisive factors that determine self-
efficacy: (1) outcome value (certain outcomes, consequences); (2) outcome expectancy (behavioural
means and their effectiveness in producing those outcomes); (3) self-efficacy expectancy (beliefs and
expectations regarding the ability to successfully implement selected courses of action in light of

behavioural skills and capabilities) (Maddux and Gosselin, 2012).

Another research study explored the relationship between the use of ICT and self-efficacy in older
adults (Lozoya et al., 2022). There were 380 retired older adults involved in this study. The authors
found that self-efficacy is associated with the use of technologies for communication and learning,

indicating that digital literacy benefits older adults’ quality of life as well as their health performance
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(e.g., memory, communication). For example, mobile devices and social networks can help older
adults to obtain emotional support and socialize. Moreover, the use of ICT influences older adults to
feel empowered and to believe in their own abilities which affects the self-efficacy of older adults’
daily activities and impacts quality of life. Quinn et al. (Quinn et al., 2015) examined the use of a
mobile phone diabetes intervention for older adults with Type-2 diabetes. During the study,
participants used a mobile phone and patient Web portal to input blood glucose values and diabetes
self-management information. The results demonstrated that self-efficacy of older adults was
increasing over time, and these participants were initially motivated. However, this study had a small
simple size (7 participants) and a relatively short study period (4 weeks). Therefore, the variation of

self-efficacy was not statistically significant.

A systematic training program and subsequent use of computers was examined by Wild et al. to
discover differences in computer-related self-efficacy and anxiety among older adults (Wild et al.,
2012). The authors administered two questionnaires about computer self-efficacy and anxiety to
participants before training and again one year later. The results show a reduction in anxiety and an
increase in confidence among participants in general. However, in comparison to cognitively intact
participants, participants with mild cognitive impairment demonstrated less efficacy and confidence

at baseline.

Three self-efficacy factors that influence personal attitude toward healthcare technologies, namely
General Self-Efficacy (GSE), Computer Self-Efficacy (CSE) and a new context-specific self-efficacy
factor, Healthcare Technology Self-Efficacy (HTSE) were identified in a study (Rahman et al., 2016).
The authors believe that the traditional self-efficacy constructs (e.g., GSE or CSE) do not have any
significant influence on the use of health care technology. Therefore, they proposed a new
technology-specific construct, HTSE which also appears to be significantly associated with both GSE
and CSE. In addition, a mediating role appears to be played by HTSE in the effects of GSE and CSE on

attitudes toward health care technologies. Although the authors did not give a definition of HTSE,
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they argue that to better understand the HTSE concept, it is necessary to look at the concept in

terms of three dimensions (technology dimension, service dimension and information dimension).

There are several studies exploring health care technology self-efficacy (Reychav et al., 2019,
Rahman et al., 2016, Balapour et al., 2019). In addition, studies have examined the impact of health
care technology on older adults' self-management self-efficacy health care (Karavidas et al., 2005,
Wang et al., 2022a), as well as the impact of health care technology on self-management self-
efficacy in patients with chronic conditions (Gellis et al., 2014, Dang et al., 2017). Wang et al. (Wang
et al., 2022a) assessed the relationship between e-health literacy and health promotion behaviours
in older adults and explored the interlocking mediating roles of self-efficacy and self-care
competence. The authors found that eHealth literacy was strongly associated with health promotion
behaviours and influenced health promotion behaviours through self-efficacy and self-care ability. In
another study on self-efficacy and self-management skills in managing HF, the authors developed a
mobile phone management program that assessed self-care efficacy, knowledge, behaviours and
quality of life in 61 participants over a three-month period (Dang et al., 2017). The author found that
the mobile phone-based self-management program improved self-care efficiency and quality of life.
These studies demonstrate that high levels of health care technology self-efficacy can improve
quality of life, especially for older adults. However, comparatively little research focuses on health

care technology self-efficacy for older adults with multimorbidity.

It is also important to understand how to improve the self-efficacy of older adults in using health
care technology. Self-efficacy of health care technology can be improved in two ways. First,
improving users’ confidence of using the health care interventions, for example, through support to
achieve goals (Litman et al., 2015); and communication and support from the community (Willis,
2016). Second, enhance users’ trust of the health care interventions, for example, improving the

reliability of health care interventions, as well as data safety and validity (Chamorro-Koc et al., 2021).
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2.3.5 Data-driven evidence of user engagement

There is a small body of research that examines engagement with digital health technologies based
on data collected from usage logs of such technologies over a period of time. Potts et al. (Potts et al.,
2020) assessed engagement with Ecological Momentary Assessment (EMA), questions delivered
through a digital reminiscence app for people with dementia and their caregivers, to gather accurate
real-time data. While the purpose of the application used by participants was not health self-
management, it is relevant as participants were asked to answer self-report EMA questions and
answering questions in relation to health and well-being is often a feature of digital health
applications.. The authors found that the overall question dismissal rate was 30.9%. They discovered
that participants were more likely to answer EMA questions between 9 p.m. and 10 p.m. However,
the authors suggest that presenting questions multiple times in one day is burdensome for
participants, increasing the rate of dismissal. Morrison et al. (Morrison et al., 2014) point out that
participants seem happy to answer questions if they know what the personal benefits are to
answering the questions and are more inclined to answer study measures when the intervention is

helpful.

A mixed-methods study evaluated user engagement, acceptability, and usability of an mHealth
intervention aimed at reducing sedentary behaviour of older adults (Compernolle et al., 2020). The
authors collected system usage data, time spent sitting (using a sensor device) and conducted semi-
structured interviews with participants. By analysing the usage data and interview data, the authors
found that older adults were highly engaged with this study’s intervention and most of the
participants showed positive feelings and consulted the feedback frequently. The system usage data
showed that participants wore the self-monitoring device for a median of 20 out of 21 days, eight
out of 28 participants accessed the app every day while five participants used the app on at least
80% of trial days. However, this study only lasted for three weeks, which is too short to show long-

term engagement. Moreover, the results of the study showed no reduction in sedentary time of
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older adults after the three-week period, which is likely because the intervention period of three

weeks was also too short to change habitual behaviour.

A diabetes support application was used by 9051 individuals for 180 days and real-world data from
this application was analysed to identify which patient characteristics are associated with technology
engagement (Bohm et al., 2020). The application has five different modules, including a continuous
glucose monitoring (CGM) module (that captures blood glucose at a certain point in time when users
perform the relevant actions); a blood glucose (BG) module (where users manually measure their
blood glucose and enter it into the app); an exercise module (measures a user’s activity in terms of
duration, distance, calories burned, etc); a food module (the user enters details of their meal and the
application shows the carbs, fat, protein and calories); and a medication module (the user enters
their medication intake). The authors found that more than half of users used the application for one
single purpose at the beginning. They also found that the number of users who initially used the BG
module (55.41%), medication module (43.45%) and food module (42.22%) was much higher than the
number of users that initially used the exercise module (17.45%) and CGM module (6.18%).
However, the total user activity ratio and average user engagement of the BG, medication and food
modules was overall much lower than the CGM and exercise modules, with the authors suggesting
that this is because the BG, medication and food modules require manual data entry. The authors
also found that older people and those who were recently diagnosed with diabetes used the app
more actively. However, the data in this study did not include more detailed engagement

information, for example log-in times, so it is unclear how engaged users actually were.

The Habits Heart App is used to support people with HF to self-manage. Wei et al. (Wei et al., 2021)
outline a study to assess the feasibility of and patient engagement with the Habits Heart App. 15
participants were randomised into an intervention group (who used the Habits Heart App) and there
are 13 participant in the control group (who used paper education material). In the Habits Heart

App, there are four modules: To-Do (presents a checklist of tasks for the day); Symptom track
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(measures weight using a digital scales and presents a symptom survey if changes in weight are
deemed a potential exacerbation; Diet and exercise track (asks the user to choose what they have
eaten from a list of possible food; and tracks PA by asking the user to manually enter length and
mode of exercise); Learn (13 interactive educational videos recorded by cardiologists); and Coach
(participants send messages and communicate with the study team and cardiologists) . In terms of
engagement, 50% of the patients who were able to use the application interacted with it more than
once a day throughout the study and by the end of the study, 75% of the patients in the intervention
group regularly had interaction with the application. The authors also found that participants in the
Habits Heart App group had better HF knowledge, improved quality of life, and experienced more
weight loss than the control group, however given the small sample size the authors suggest caution

in interpreting the results.

2.3.6 Summary

From the literature we can see that engagement with digital health technologies is influenced by
various facilitators and barriers. Barriers are, for example, user-related (age, gender, education
level), program content-related (credibility, guidance), and technology-related (data security,
privacy). On the other hand, factors such as personalisation of content, notifications, gamification,
support, and feedback can enhance engagement with digital health technologies. Furthermore,
concepts such as technology acceptance and health care technology self-efficacy can influence

engagement with digital health technologies.

2.4 Data mining and data mining for digital health data

2.4.1 Introduction

Data mining is a useful way to analyse a large volume of data to find patterns, trends and to
understand how to use that data (Kincade, 1998, Milley, 2000). Data mining techniques can be

broadly classified into three categories: descriptive, predictive and prescriptive (El Morr et al., 2019).
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However, this classification is not definitive, and there are those who classify data mining techniques
into two categories: descriptive and predictive (Jiawei et al., 2016). A descriptive technique tells us
all about the input data's properties, and a predictive technique can perform inference in the input

data and generate or predict the hidden information (Agarwal, 2013).
2.4.1.1The process of data mining

In the field of data mining, there are three standard processes, including Knowledge Discovery in
Databases (KDD), Sample, Explore, Modify, Model and Assess (SEMMA), and Cross Industry Standard

Process for Data Mining (CRISP-DM) (Azevedo and Santos, 2008).

KDD is a process of data mining for extracting useful knowledge from volumes of data (Fayyad et al.,
1996). The KDD process has five stages (Selection, Pre-processing, Transformation, Data Mining, and
Interpretation/Evaluation), as shown in Figure 1. In the selection stage, a target data set or a focused
subset of variables is created to be performed. The pre-processing stage includes data cleaning and
pre-processing to obtain consistent data. The transformation stage includes many transformation
methods, such as dimensionality reduction and data projection, in order to reduce the number of
valid variables under consideration. The data mining phase includes pattern search, based on data
mining objectives such as prediction and clustering. The interpretation and evaluation phase
involves interpreting and evaluating the patterns found, and then documenting and reporting these
patterns as knowledge. In addition, the KDD process is interactive and iterative, and users can decide

on the number of steps depending on their dataset (Brachman, 1996).

Data Interpretation/

el Pre- f Trans- N
Selection processing ormatlon ining Evaluation
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Data

Data Data

Figure 1. Overview of the steps constituting the KDD process (Fayyad et al., 1996)
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The SEMMA process consists of five stages, namely Sample, Explore, Modify, Model and Assess
(Shafique and Qaiser, 2014, Azevedo and Santos, 2008). The first stage is to sample the data and
extract a dataset that has enough important information and which is also small enough to be
analysed quickly. The exploration stage explores unanticipated trends and anomalies in the data,
which can help people make sense of the data set and gain ideas. As for the modification stage, the
variables in the data are selected and transformed to help with the model selection. The modelling
stage allows the software to automatically search for combinations of data and produce the required
predictions. The final stage assesses the findings by evaluating the reliability and estimating the

performance of the results of the previous stage.

The CRISP-DM process is a cycle with six stages (Figure 2), namely business understanding, data
understanding, data preparation, modelling, evaluation, and deployment (Wirth and Hipp, 2000).
The business understanding phase entails understanding the project objectives from a business
perspective and translating them into data mining questions. For the data understanding phase, the
researcher needs to collect data and become familiar with it, then identify data quality issues and
detect useful subsets of the data. There is a close link between the business understanding stage and
the data understanding stage, as translating project objectives into data mining questions requires
an understanding of the available datasets. During the data preparation phase, the initial raw data
should be reconstructed into a final dataset for further modelling. In the modelling stage, different
modelling techniques are selected and applied to find the most suitable techniques for the data
mining problem. There is also a close link between the data preparation stage and the modelling
stage, during which some data issues may require the data set to be reconstructed. Before final
deployment, the model needs to be evaluated to determine if it is achieving its objectives correctly
or if there are business issues that have not been adequately considered. The building of a model is
not the end of the project, for example, a report on the process is needed or a repeatable data

mining process that can be used by the client - these are all part of the deployment stage.
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Figure 2. The process model of CRISP-DM life cycle (Wirth and Hipp, 2000)

In this PhD project, KDD is used as the process of data mining the dataset.

2.4.2 Descriptive data mining techniques

2421 Data cleaning

In general, the process of data cleaning includes data analysis (e.g., data profiling), definition of
transformation workflow and mapping rules, verification, transformation, and data reflow after
cleaning (Rahm and Do, 2000). There are usually two types of techniques for data cleaning, namely
error detection and error repair, to detect and repair different data quality issues such as duplicate
data, missing values and outliers (Chu et al., 2016). All these errors can be divided into four
categories based on the sources of error, which are data entry errors, measurement errors,

distillation errors, and data integration errors (Hellerstein, 2008).

54



Data profiling is usually the first step in data cleaning and is used to ensure and assess data quality,
such as measuring the accuracy of data and detecting missing values and duplicates, in order to
obtain data with the correct value and use it for the next stage of analysis (Olson, 2003, Kusumasari,
2016). Abedjan et al. (Abedjan et al., 2015) presented a classification of data profiling tasks as shown
in Figure 3. All the data profiling tasks were divided into three different categories, which are single
column tasks, multiple column tasks and dependency detection. The single column tasks normally
include various counts of the data, such as the number or percentage of null values, the number of
rows, the maximum and minimum of numeric values, and the number of unique values. Multiple
column profiling extends the scope of single column profiling activities to include multiple columns,
while also reveal inter-value relationships and column similarities. Dependency tasks can show the
relationships between different columns, including uniqueness, inclusion dependencies, and
functional dependencies. Uniqueness analysis can discover unique column combinations, or
determine the unique values in a key column (Heise et al., 2013). Inclusion dependencies analysis
can help discover foreign keys and show whether a foreign key has the same data as a primary key in
a data attribute (De Marchi et al., 2002, Kusumasari, 2016). Functional dependencies can be used to
discover relationships and dependencies between different data attributes, e.g., to show that the
values of certain columns can determine the values of another column (Yao and Hamilton, 2008,

Abedjan et al., 2015).
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Figure 3. A classification of data profiling tasks (Abedjan et al., 2015)

Two aspects that are integrated and included in the data transformation are the development of
measurement guidelines and the determination of functional relationships between variables (Fink,
2009). For example, determining typical values, creating a useful metric, and transforming as

differential stretching and shrinking. There are many data transformation methods that are
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important and useful in data cleaning and data mining, such as normalization (Faraway, 2002),
feature subset selection (Wei et al., 2015), discretization (Garcia et al., 2012), and standardisation
(Gal and Rubinfeld, 2019). Moreover, data transformation can improve the performance of software
quality models (Menzies et al., 2006), and the power of outlier detection (Adikaram et al., 2015). Li
et al. (Li et al., 2011) proposed a fuzzy-based data transformation method that extends classification-
related information from the original data attribute values of small medical datasets. Six different
medical datasets were used to test the data transformation method, and all the transformed data
were used as input data for the support vector machine to test the efficiency and accuracy of the
method. The results show that this fuzzy-based data transformation method has better classification
performance than principal component analysis and kernel principal component analysis in small-

scale datasets.

For missing data, data imputation is the most recognised method of dealing with missing data, which
allows a reasonable value to be estimated to replace the missing data (Jadhav et al., 2019). The
methods of data imputation are broadly divided into two categories: single imputation method and
multiple imputation method (Donders et al., 2006). The single imputation method involves imputing
each missing value for a particular variable in the data set and then analysing all data according to
their original observations (Jadhav et al., 2019). However, the validity of the imputed values may be
uncertain, which requires that the uncertainty of the imputed values be incorporated into the
methodology for missing data (Little and Rubin, 1989). Rubin (Rubin, 2004) therefore developed the
multiple imputation method for averaging the results over multiple imputed datasets. The multiple
imputation method consists of three stages. First, multiple single imputations of missing values are
performed, producing several different complete data sets after imputation. After imputation, each
complete dataset is analysed and, finally, the results of each analysed dataset are combined (Jadhav
et al., 2019). Based on the approaches used in the imputation, there are many different imputation
methods, such as, mean imputation, regression imputation, and k Nearest Neighbours (kNN)
imputation (Little and Rubin, 2002, Jadhav et al., 2019). The mean imputation method uses the
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mean of the response units to replace the missing values. The regression imputation method
replaces the missing value with the regression prediction of the missing item on the observed item
for that unit, usually calculated from units where both the observed and missing variables are
present. As for the kNN imputation, missing values are replaced by values copied from similar
records in the same dataset, while the distance function determines the similarity of the two

attributes.

2422 Data visualisation

Data visualisation is the process of displaying data in a graphical or pictorial style to make it easier to
understand, to help explain the facts, and to help choose a course of action (Sadiku et al., 2016).
There are many data visualisation techniques, such as table, pie chart, bar chart, histogram, line

chart, scatter plot, bubble chart and multiple data series (Khan and Khan, 2011).

Tables are a simple, common and easy to interpret data visualisation technique. Usually, rows
represent variables, and columns are also representatives of records with a set of values (Ajibade
and Adediran, 2016). The circle of a pie chart is divided into sectors, each describing a proportion of
the overall quantity (Spence, 2005). Pie charts can be used to determine the size of the target data
wedge compared to other data wedges (Khan and Khan, 2011). Bar charts and histograms look very
similar, and both of these techniques are commonly used in data visualisation. However, bar charts
are most commonly used for categorical data, while histograms usually present the distribution of
continuous data (Lakshmanan, 2014). The line chart shows the relationship between variables, and
displays the variations over a period of time (Ajibade and Adediran, 2016). Moreover, the line chart
can be considered as an extension of the scatter plot (Khan and Khan, 2011). The scatter plot is a
graphical representation of a set of data in right-angle coordinates that illustrates the relationship
between two variables by using the horizontal and vertical distances of the data points from the
coordinate axes as the independent and dependent variables, respectively (Utts, 2014). Scatter plots

are often used to visualize multiple dimensions of data and to identify the relationship between two
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variables (Keim et al., 2010). Bubble charts usually present three dimensions of the data, one for the
X-axis, one for the Y-axis, and a third value showing the size or volume of the data (Viegas et al.,
2007). In addition, data visualisation is usually the first priority of exploratory data analysis (EDA)
(Morgenthaler, 2009). EDA has no restrictions on the programs to be used and is a result of the
exploratory attitude adopted by the data analyst. When using EDA data analysts can come up with

many new ways to look at data.

Data visualisation has been widely used in different areas of health care and medical treatment. For
example, an electronic medical record system with visual medical data can help physicians more
easily and quickly identify anomalies in a patient's medical record and assess the patient's condition
compared to traditional medical records (Khan et al., 2017). In addition, the use of line charts
provides a clearer picture of the patient's physical condition over time (Stadler et al., 2016). Jiang et
al. (Jiang et al., 2016) developed a web-based health care data visualisation system that focuses on
incorporating geospatial and temporal information in health care data. The authors developed two
new visualisation techniques, namely spatial texture and spiral theme plot, for public health data.
The spatial texture technique is suitable for multidimensional attributes and time series data, while
the spiral theme plot technique is suitable for visualizing time-varying patient data. The authors
believe that this system aids health care professionals in identifying disease outbreaks, especially for
large public health data sets. Polhemus et al. (Polhemus et al., 2022) reviewed 31 studies and
summarized the impact of data visualisation on self-management of mental health conditions with
remote devices. They found that data visualisation increased self-awareness of self-management,
led to more effective communication with care providers, and enhanced engagement with remote

monitoring devices.

2.4.3 Predictive data mining techniques

Machine learning, as an important part of predictive data mining techniques, refers to the process of

teaching machines to perform tasks based on historical data or past experiences, such as predicting,
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recommending, estimating, etc. (Mitchell and Mitchell, 1997, Wiens and Shenoy, 2018, El Morr et
al., 2019). There are four main categories of machine learning methods, supervised learning,
unsupervised learning, semi-supervised learning and reinforcement learning (Vieira et al., 2020).

Table 1 shows the main and popular machine learning algorithms of different categories.

Table 1. The categories of machine learning methods with popular algorithms (Mahesh, 2020,

Alloghani et al., 2020)

Machine learning methods Machine learning algorithms

Supervised learning Naive Bayes Classifier Algorithm
Support Vector Machine Algorithm
Linear Regression

Logistic Regression

Decision Trees

K Nearest Neighbours

Unsupervised learning K means Clustering Algorithm
Principal Component Analysis

Association Rule Mining

Semi-supervised learning Generative models

Transductive Support Vector Machine

Reinforcement learning Artificial Neural Networks

In supervised learning, the system is trained with labelled sample data by various algorithms to
predict the group or value of a data set (Kavakiotis et al., 2017, Nasteski, 2017). There are two types
of learning tasks in supervised learning - classification and regression. Classification is for predicting

distinct groups (‘classes’ or categories), while regression is for predicting values (Kavakiotis et al.,

60



2017). In addition, there are many supervised learning algorithms, such as decision tree, linear

regression, Bayesian classification, etc.

With regard to unsupervised learning, the training data is unlabelled data, and the system is trained
to discover the structure of the data set and correlations between different variables (Kavakiotis et
al., 2017, Nasteski, 2017). There are three categories of unsupervised learning. First, clustering is the
main technique of unsupervised learning which can be used to separate a data set into different
groups (Kavakiotis et al., 2017, Shailaja et al., 2018). Second, dimensionality reduction such as
principal component analysis and linear discriminant analysis is used to help find the dimensions
that have the higher power of explanation of the data set (Dallas, 2013). Finally, association rule
mining is used to discover relationships and associations between data in databases, such as basket

data analysis, catalogue design, and so on (Kumbhare and Chobe, 2014).

Semi-supervised learning requires both unlabelled and labelled data as the training data, which can
generate a function or classifier (Nasteski, 2017, Shailaja et al., 2018). Generally, Reinforcement
Learning describes a family of techniques that involve direct interaction between the system and the

environment in order to maximize some notion of cumulative reward (Alpaydin, 2020).

The remainder of this sub-section focuses mainly on supervised learning and unsupervised learning,
as these are the two main methods of machine learning. Furthermore, these methods were used in

this PhD project (see Chapters 3.3.2 and 3.4.2).

2.43.1 Classification in supervised learning

There are many supervised machine learning classification techniques. In this section, the four most
used techniques will be discussed, including Decision Trees, Bayesian Networks, k-Nearest

Neighbour (kNN) and Support Vector Machines (SVM) (Soofi and Awan, 2017).

Decision trees, the most commonly used technique in classification, have a simple and easy to

understand classification process (Brodley and Utgoff, 1992, Twa et al., 2005). Kesavaraj and
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Sukumaran (Kesavaraj and Sukumaran, 2013) note that the core goal of a decision tree is to generate
a model that determines the values of the desired variables based on the input variables. Typically,
the decision tree technique consists of two phases, the tree growth phase and the tree pruning
phase (Patil et al., 2010, Rutkowski et al., 2012). In the tree-growing phase, the training set is
recursively partitioned until most of the records are contained in partitions with the same class
labels based on the local optimum criterion. Then, the size of the tree is reduced to make it easier to
understand during the tree pruning phase. Different decision tree algorithms also have some
weaknesses, for example the Iterative Dichotomiser 3 (ID3) algorithm cannot handle missing values,

while the C4.5 algorithm is not suitable for small data sets (Sharma et al., 2013).

The Bayesian Network is considered as a graphical model of probabilistic relationships between a set
of variables (Phyu, 2009). The learning process of a Bayesian Network is divided into two sections,
network directed acyclic graph structure learning, and parameters determination (Soofi and Awan,
2017). Bayesian Network models are not subject to minor changes that can render them inoperable,
and the same Bayesian network models can be used for regression and classification (Myllymaki,
2010). In addition, Bayesian networks can handle missing values. However, Bayesian network
classifiers also have some problems. For example, Bayesian network classifiers need to discretize
continuous attributes, otherwise they cause noise and missing information. If continuous attributes
are not discretized, the conditional density of the attributes needs to be evaluated (Friedman and

Goldszmidt, 1996, Wang et al., 2016).

The KNN technique uses the k-value to determine how many nearest neighbours are required to
examine and describe the class of a sample data point (Cover and Hart, 1967). KNN techniques can
be divided into two different types based on structure (Wu et al., 2007, Bhatia, 2010). Structure-
based techniques deal with data that have fewer mechanisms associated with the training data.
Structureless techniques divide the data into sample data and training data, where the nearest

neighbour is the point with the smallest distance between the sample and training points. In
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addition, KNN techniques are effective and robust to large noisy training data, and easily

understandable and implementable (Cunningham and Delany, 2021).

SVM is one of the most prominent and convenient techniques when it comes to solving problems
related to data classification, learning and prediction (Haijun et al., 2007, Nizar et al., 2008). SVM is
very useful in multi-domain applications in big data environments, but it is also a mathematically
complex and computationally expensive technique (Suthaharan and Suthaharan, 2016). Ismail et al.
(Ismail et al., 2020) presented a smart health care system to help older adults living independently at
home and patients in hospital. According to the authors, the system is based on speech recognition,
augmented by SVM with dynamic time-warping algorithms to access and control Internet of Things
devices. The results showed that the system was 97% accurate in controlling smart devices through

speech commands.

2.4.3.2 Regression in supervised learning

Typically, there are three types of regression analysis in supervised learning, linear regression,

polynomial regression, and logistic regression (Gupta et al., 2017).

Linear regression can be divided into two categories based on the number of independent variables.
Simple linear regression has one independent variable, while multiple linear regression has two or
more independent variables (Kadam et al., 2020). Simple linear regression is a linear model used to
establish the association between a single predictor variable and an outcome measure (Marill,
2004). Multiple linear regression models are used to describe the concurrent correlation of multiple
variables with continuous outcomes (Eberly, 2007). Linear regression models have been used in
many areas, for example Rayner et al. (Rayner et al., 2016) found a positive relationship between
depression and cost in patients with chronic pain using a multiple linear regression model. Likewise,
Presti et al. (Presti et al., 2019) found that social sustainability (e.g., efficiency of access, usefulness
of information, safety, relationship between patients and doctors) can directly influence the loyalty
to a digital health platform by using multiple linear regression analysis.
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Polynomial regression is usually used when the relationship between a dependent variable and an
independent variable is curvilinear (Ostertagovd, 2012). Ohba et al. (Ohba et al., 2016) performed
data recovery using polynomial regression techniques because polynomial regression tolerates
missing data and is suitable for expressing continuous features. On the other hand, the author
mentions that polynomial regression does not perform well when the expressed features have many

inflection points.

Logistic regression is commonly used to predict binary outcomes, such as the presence of a disease
by analysing the relationship between a qualitative dependent variable and one or more
independent variables (Lawton, 2022). The logistic regression model can be divided into simple
logistic regression and multiple logistic regression (Nick and Campbell, 2007). The simple logistic
model has only one predictor variable, while the multiple logistic regression model includes

categorical and continuous predictor variables.

2.433 Clustering in unsupervised learning

There are two categories of clustering algorithms - hierarchical clustering and partitional clustering
(Jain and Dubes, 1988). Hierarchical clustering produces a clustering tree that shows the order of
clusters, each of which is a partition of the dataset, as a result (Leung et al., 2000). Hierarchical
clustering algorithms can be classified into two types based on the clustering tree generation
process. Divisive hierarchical algorithms use splitting to generate clustering trees, while
agglomerative hierarchical algorithms use merging (Omran et al., 2007). Commonly used hierarchical
clustering methods are single linkage, complete linkage and average linkage (Serra and Tagliaferri,
2019). The single linkage method of merging clusters usually relies on the minimum distance
between two points, where each point belongs to one of the two clusters (Jarman, 2020). The
complete linkage method relies on the maximum distance, while the average linkage method relies

on the average distance. Another less popular hierarchical clustering method is the centroid linkage
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method, which combines clusters based on the distance between the central data points of the

clusters (Jarman, 2020).

Partitional clustering can handle large datasets with lower computational requirements, while
hierarchical clustering is more advantageous in terms of logic and consistency (Singh and Srivastava,
2020). There are many different partitional clustering algorithms, such as K-means, K-mediods, Fuzzy
C-means, ISODATA, and Fuzzy K-modes (Kaur and Garg, 2014). Among all of these partitional
clustering algorithms, the K-means algorithm is probably the most popular and widely used (Bindra
and Mishra, 2017). The K-means algorithm is simple and fast, especially for low dimensional data,
but K-means cannot identify outliers (Sonagara and Badheka, 2014). Much research compares the K-
means algorithm with other clustering algorithms. For example, Madhukumar and Santhiyakumari
(Madhukumar and Santhiyakumari, 2015) did a qualitative comparison of K-means and Fuzzy C-
means segmentation on MR images of tumour edema complex. They found that K-means identified
all six tissue categories, which performed much better than Fuzzy C-means, which identified only
three categories. Moreover, another study demonstrated that K-means performed much faster than

Fuzzy C-means (Cebeci and Yildiz, 2015).

24.3.4 Dimensionality reduction in unsupervised learning

In unsupervised learning, there are many different dimensionality reduction techniques, which can
be divided into two main categories, linear dimensionality reduction techniques and non-linear

dimensionality reduction techniques (Ayesha et al., 2020).

The principal component analysis (PCA) is an unsupervised linear technique for reducing the
dimensionality of data while retaining most of its variation (Jolliffe, 2005). The main goal of PCA is to
display in maps the pattern of similarity between observations and variables based on the results of
extracting the information from the table, transforming it into new orthogonal variables called
principal components, and displaying it as a set of new orthogonal variables (Abdi and Williams,
2010). Martis et al. (Martis et al., 2012) use PCA to help analyse electrocardiogram signals. The
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authors first use PCA, followed by neural network and Least Square-Support Vector Machine
methods to classify the electrocardiogram signal. The results show that using principal components
of segmented electrocardiogram can obtain a higher accuracy, sensitivity and specificity. In addition,
PCA has been developed into many different variants for different data types and structures. For
example, Local PCA has better performance for voice and image data compared to PCA (Kambhatla
and Leen, 1997). As for palm print recognition and tracking moving objects from video, 2D-PCA is
better than raw PCA (Li et al., 2005, Wang et al., 2007). Moreover, Lu et al. (Lu et al., 2008)
developed a multi-linear PCA for face recognition systems with better performance than the original

PCA and 2D-PCA.

In addition to PCA, there are many other linear dimensionality reduction techniques. For example,
Singular Value Decomposition can be used for digital image processing, gene expression data and
bioinformatics for metric equation and data reduction (Simek, 2003, Cao, 2006, Santos et al., 2011).
Latent Semantic Analysis is a vector-based technique that compares and represents text from high-
dimensional corpus data as low-dimensional based on PCA computation (Wiemer-Hastings et al.,
2004). The Independent Component Analysis is also another unsupervised linear dimensionality
reduction technique that is widely used to explore multichannel data (Comon, 1994), while the
Linear Discriminant Analysis is a linear classifier that applies to linear combinations of features

(Tharwat et al., 2017).

Similarly, there are many nonlinear dimensionality reduction techniques for complex nonlinear
structures. Isomap is one of the most popular unsupervised nonlinear dimensionality reduction
techniques, which can obtain a low-dimensional representation of the data and preserve geodesic
distances (Lee et al., 2004). Schoélkopf et al. (Scholkopf et al., 2005) proposed the kernel principal
component analysis method, which computes the principal eigenvectors of the kernel matrix of a
nonlinear mapping. Kruskal and Wish (Kruskal and Wish, 1978) introduced the Multidimensional

Scaling method to maintain similarity measures between pairs of data points, which has been used
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in many fields such as multivariate analysis and visualisation. Local Linear Embedding is another
unsupervised nonlinear dimensionality reduction technique that uses feature vectors to identify the

flow structure and retains only the local attributes of the data (Saul and Roweis, 2000).

2.4.4 Data mining in health care

A large body of research implements data mining techniques using data acquired from home-based
health care data sets. Data mining techniques, such as data visualisation, clustering, classification
and prediction etc., can help researchers understand users, behaviours and health care phenomena
by identifying novel, and interesting patterns. These techniques can also be used to build predictive
models (Koh and Tan, 2011, Alsayat and El-Sayed, 2016, Katsis et al., 2017, Elbattah and Molloy,
2017). In addition, data mining techniques can help in designing health care management systems
and tracking the state of a person’s chronic disease, resulting in appropriate interventions and a
reduction in hospital admissions (Koh and Tan, 2011, Madigan and Curet, 2006). Vast quantities of
data can be generated when users interact with digital health technologies, which provides an
opportunity to understand chronic illnesses as well as to elucidate how users engage with

technologies in the real world.

The k-means algorithm has been used to identify previously unknown patterns of clinical
characteristics in homecare rehabilitation services (Armstrong et al., 2012). The authors used k-
means cluster analysis to analyse data from 150,253 clients and discovered new insights into client
characteristics and their needs which lead to more appropriate rehabilitation services for home care
clients. Therefore, the authors believe that such cluster analysis methodologies can be used to

further researchers’ understanding of patterns or groups in the rehabilitation population.

Madigan et al. (Madigan and Curet, 2006) used CART (Classification and Regression Trees) to
investigate a home-based health care data set that comprised of 580 patients who were at least 85
years old and had three specific conditions - COPD, HF and hip replacement. They suggested that

data mining methods can support a benchmarking approach to establish guidelines for home-based
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health care. Moreover, they found that data mining methods identified the dependencies and
interactions that influence the results, thereby improving the accuracy of risk adjustment methods

and establishing practical benchmarks.

Machine learning methods have also been used to analyse multiple health care data sets including:
breast cancer, heart disease, diabetes, and liver disease (Islam et al., 2019). In this study, the
accuracy of the disease detection was over 95%, and the cost was 90% lower than local hospital
medical services. The use of such methods could help patients receive the best and most cost-

effective health care treatment.

Lonini et al. (Lonini et al., 2018) used wearable sensors to collect movement data from older adults
with Parkinson’s disease. The study included 20 participants involved with a course of multiple
clinical assessments that included 13 common tasks (e.g., walking, standing, drawing on paper), and
a clinician-rated symptom severity. All the collected data was used to train convolutional neural
networks and statistical ensembles which can detect the signs of bradykinesia or tremor in a
segment of movement. The authors found that a wearable sensor placed on the back of the hand
was sufficient to detect bradykinesia and tremor in the upper extremities, whereas using sensors on
both sides didn't result in enhanced performance of detection. Moreover, a greater amount of
training data can improve performance, but repeating assessments with the same subjects does not

result in substantial improvements in detection.

There are many research studies that use data mining and machine learning methods on different
kinds of health care data, for example, clinical health care data (Zacharaki et al., 2009, Zheng et al.,
2017, Wong et al., 2018), sensor health care data (Goodfellow et al., 2018, McGinnis et al., 2018,
Kanjo et al., 2019), and omics data (Gurovich et al., 2019, Mamoshina et al., 2018). However, most of
these studies are focused on predicting or detecting diseases, and very little research explores data

from users of digital health technologies to study the behaviours of participants.
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2.4.4.1 K-means clustering in health care

There are many different approaches to clustering analysis of health care data sets, such as k-means,
Density-Based clustering (DBSCAN), agglomerative hierarchical clustering, self-organising maps,
partitioning around medoids algorithm, hybrid hierarchical clustering, etc. (Delias et al., 2015,
Lefevre et al., 2014, Ahmad et al., 2015, Mahoto et al., 2014). K-means clustering is one of the most
commonly used clustering/unsupervised machine learning algorithms (Zahi and Achchab, 2019,
Alsayat and El-Sayed, 2016), and it is relatively easy to implement and is relatively fast (Jian, 2009,
Silitonga, 2017, Shakeel et al., 2018). In addition, k-means has been used in research studies related
to chronic conditions, such as diabetes (Berry et al., 2017), COPD (Harrison et al., 2014, Lopes et al.,

2019) and HF (Cikes et al., 2019).

Shakeel et al. (Shakeel et al., 2018) used a cloud-based framework with k-means clustering
technique for the diagnosis of diabetes. They found that k-means clustering is more efficient and
suitable for handling extensive datasets in cloud computing platforms when compared to
hierarchical clustering. Furthermore, the results also show that people aged between 45 and 64 have

a greater prevalence of diabetes than other age groups.

Data from 408,994 patients aged 45 to 64 years with multimorbidity was analysed using k-means
clustering to ascertain multimorbidity patterns (Violan et al., 2018). The authors stratified the k-
means clustering analysis by gender, and six multimorbidity patterns were found for each gender.
For example, the author found that the most prevalent coincident diseases in both genders are
metabolic disorders, hypertensive diseases, mental and behavioural disorders due to psychoactive
substance use, other dorsopathies and other soft tissue disorders. They also suggest that clusters
identified by multimorbidity patterns obtained using non-hierarchical clustering analysis (e.g., k-

means, k-medoids, etc.) are more consistent with clinical practice.
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2.4.5 Summary

As the above literature shows, there are many different approaches in data mining. However, before
analysing the raw data, data cleaning is always required to restructure the dataset, remove
duplicates, deal with missing data, and validate the data. In addition, many different approaches
have been used for mining health care data. In this PhD project, both descriptive data mining
approaches (e.g., data cleaning, data visualisation) and predictive data mining approaches (e.g.,

principal component analysis, K-means clustering, regression analysis) were used.

2.5 Research gap and summary

As the literature review shows, there are many studies on the use of digital health technologies for
chronic condition self-management that aim to understand how people use digital health
technologies and the impact of digital health. However, few studies have examined the use of such
technology by older adults, and in particular older adults with multimorbidity. In addition, while
there are some studies on digital health technology engagement, there are gaps in understanding
the engagement of older people with multiple conditions with digital health technology. On the
other hand, most studies on digital health technology engagement use qualitative data, such as
interview responses, and only a few studies use quantitative data (e.g., device logs, submissions) to
study digital health technology engagement in a data-driven way. In this PhD project, the
engagement of older people with multimorbidity with digital health technologies is studied through
the use of different data mining methods to analyse log data from devices. Interview responses will

also be used to help interpret the results of the data analysis.
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3  Research Design and Methodology

3.1 Introduction

As outlined in Chapter 1, the aim of this PhD project is to explore, through analysis of an existing
dataset, the longitudinal patterns of engagement of older adults with multimorbidity with digital
self-management, in particular symptom and well-being monitoring, with the goal of better
understanding how to promote sustained engagement over time. This chapter provides an overview
of the research design and methodology for the three studies presented in Chapters 4 — 6 that

address this aim.

All three studies in this project are based on a post-positivist epistemological stance (Ryan, 2006). In
order to fully perceive and measure the reality of how older adults are using digital health
technology, all studies were based on quantitative analyses of data from digital health technology
logs, and only some of the findings used qualitative data to help explain the results of the

guantitative analyses.

Firstly, an overview of the ProACT trial and the ProACT dataset is provided in Section 3.2, which
begins with a description of the data provenance and data collection, followed by a description of
the data cleaning methodology for this PhD project. A brief description of the qualitative interview
data transcripts that were reviewed as part of the second study is also provided. An overview of the
participants of the ProACT trial is presented in Section 3.3. Sections 3.4 — 3.6 provide an overview of
the three studies conducted as part of this thesis, outlining the research questions, research

approaches and methods of each study. Finally, the summary of this chapter is presented.

71



3.2  Overview of the ProACT trial and data set

3.2.1 Data provenance

The dataset used in this PhD was collected as part of the ProACT Horizon 2020 project trial
(Dinsmore et al., 2021). The PhD researcher was not involved in data collection, only the analysis of
the data. While 120 older adults with multiple chronic conditions (two or more of chronic
obstructive pulmonary disease (COPD), Heart Failure (HF), Heart Disease (HD), Diabetes) across
Ireland and Belgium consented to take part in the trial, this PhD thesis explores data from the 60
participants who consented in Ireland. Participants were recruited through purposive sampling and
were recruited from multiple sources including through health care organisations (general
practitioner clinics, specialist clinics), relevant older person networks, chronic disease support
groups, social media, and local newspaper advertising. Recruitment strategies included the use of

study flyers, advertisements and giving talks and platform demonstrations.

Participants used the ProACT platform, consisting of a suite of sensor devices (including a blood
pressure monitor, weight scale, glucometer, pulse oximeter, activity watch) and a tablet-based
application to monitor their conditions. All participants received a blood pressure monitor (to
measure blood pressure and heart rate), a smart watch (to measure activity and sleep) and a weight
scale. Those with diabetes were provided with a blood glucometer to measure blood glucose, and
those with COPD were provided with a pulse oximeter to measure blood oxygen levels. All
participants also received an iPad with a custom-designed application, the ProACT CareApp, to view
their data, self-report on their well-being (e.g. mood, satisfaction with social life) and those
symptoms that could not be easily monitored by a digital device (for example, breathlessness,
sputum colour), receive targeted education based on their current health status, set activity goals
and share their data with others. The ProACT platform was designed and developed following an
extensive user-centred design process. This involved interviews, focus groups, co-design sessions
(hands-on design activities with participants) and usability testing prior to the platform’s deployment

72



in the trial. A total of 58 people with multimorbidity and 106 care network participants, including
informal carers, formal carers and health care professionals, took part in this process. Findings from
the user-centred design process have been published elsewhere (Doyle et al., 2018, Doyle et al.,
2019). Further details on the ProACT platform, including the application used by trial participants,

can be found in (Doyle et al., 2021).

The trial took place between April 2018 and June 2019. Recruitment onto the trial was staggered
between April and August 2018. The approximate length of time participants were on the trial was
12 months, though some were on for 14 and others 9 (for example, those that came onto the trial at

later time points.

During the trial, participants were asked to take readings using the devices and self-report within the
ProACT app as they wished. They were not asked to do this daily, as one of the objectives was to
understand real world engagement. During the trial, participants were supported with a technical
help desk that responded to any queries in relation to the technology and home visits were
conducted as required to resolve issues. In addition, a clinical triage service monitored participant
readings and contacted the participant in cases where there was an alert (for example, an abnormal
blood glucose or blood pressure reading). Participants also got a monthly check-in phone call from

one of the triage nurses.

3.2.2 Data collection

Table 2 outlines the types of health and well-being metrics that were collected, as well as the
collection method and the number of participants who collected that type of data. The health and
well-being metrics were determined from the interviews and focus groups held with health care
professionals during the design of the ProACT platform to determine the most important symptom
and well-being parameters to monitor across the conditions of interest (Doyle et al., 2019). The

digital devices used during the trial were off-the-shelf devices from two providers,
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NokiaHealth/Withings? and iHealth. Data was pulled from these providers into NetwellCASALA’s
custom-built CABIE-SIMS system, which was developed as a data aggregator and store for health and
well-being data. All the devices required the user to perform some manual action with the device,
with some requiring more interaction than others (Table 2). For example, taking a blood glucose
reading required a number of steps, while physical activity (PA) and sleep only required opening of
an application to sync data directly from the activity watch. These readings would then appear in the
CABIE-SIMS system in close to real-time. In relation to the activity watch, this device was supposed
to sync automatically, without user interaction. However, inconsistencies with syncing meant that
users were advised to open the Withings application if they wanted to sync their data to ProACT.
Otherwise, CABIE-SIMS pulled activity data at regular intervals throughout the day, while sleep data
for the previous night was pulled each morning. CABIE-SIMS then pushed data back to the ProACT
CareApp where participants could view and interact with their data. Ethical approval for the ProACT
trial and analysis of the data presented in this thesis was obtained prior to this PhD project
beginning, from the research ethics committee within the School of Health and Science in Dundalk
Institute of Technology, and the Health Service Executive (HSE) north-east research ethics

committee.

2 Just prior to the trial starting, Withings was bought by NokiaHealth. Some devices being used in the
trial were branded as Withings and some as NokiaHealth, however devices operated in the same

way regardless of branding. From here on, these devices will be referred to as Withings.
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Table 2. Types of data, collection methods, and the number of participants collecting that data

Data Type

Collection Method

No. participants (at

start of trial)

Blood pressure Place device on arm and turn on device, 60
which opens Withings app to collect data;
Press ‘start’ in app to take reading.

Pulse Collected as part of blood pressure 60
measurement

Blood glucose Turn on device and open app to take 34
reading

Blood oxygen level Place device in current orientation on index | 22

finger. Turn on device and open app to take

reading

Weight

Stand on weight scales. Reading

automatically transferred via Wifi to app)

60 (as lifestyle

parameter)

including

11 (as symptom

parameter for HF)
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Physical activity Participants advised to open Withings 60
application at least once per day to ensure

syncing of data.

Sleep Participants advised to open Withings 60
application at least once per day to ensure

syncing of data.

Self-report (general well- | Answered through ProACT CareApp and 60
being, e.g. mood, anxiety, | automatically pulled into CABIE-SIMS. Most

satisfaction, medication guestions delivered daily.

adherence)
Self-report (COPD Answered through ProACT CareApp and 22
symptoms, e.g. automatically pulled into CABIE-SIMS.

breathlessness, sputum) Questions delivered daily.

Self-report (HF Answered through ProACT CareApp and 10
symptoms, e.g. swelling, automatically pulled into CABIE-SIMS.
night-time Questions delivered daily.

breathlessness)

3.2.3 Data cleaning

The original dataset in CABIE-SIMS is in Java script object notation (JSON) format. As a first step, a
JSON to CSV file converter was used to make the dataset more accessible for analysis. The main

focus was on dealing with duplicate data and missing data during the data cleaning phase. Duplicate
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data might occur where a user uploads their blood oxygen level three times in two minutes as a
result of mis-pressing the button. In such cases, only one record was added to the cleaned data file.
Regarding missing data, the dataset file was filled with ‘N/A’ for all missing data. Also, when the
“Pulse” or “Blood Pressure (BP)” record is equal to zero, which might be because a participants
placed the BP monitor incorrectly, “N/A” was used to replace it since it is not possible for a pulse or

blood pressure value to be zero.

The cleaned data set was analysed using the R language and the R package of ggplot2 (ggplot2,
2023) was mainly used to generate graphs. Sections 3.4 to 3.6 present the research questions and

the data analysis methods used in each of the three studies performed on the dataset.

3.2.4 Qualitative data transcripts

During the ProACT trial, semi-structured interviews were conducted with participants at four time-
points. Interviews at the first time-point focused on self-management pre-ProACT and expectations
for the trial while interviews at time-points 2, 3 and 4 explored usage of ProACT, perceptions,
challenges and thoughts on the digital devices and the ProACT CareApp. All of the interviews were
audio recorded, transcribed verbatim and analysed by the ProACT project researchers using NVivo.
While a full qualitative analysis was outside the scope of this PhD project, transcripts from the
second, third and final time-points were reviewed by the PhD candidate to provide context to the

findings from the second research study (see Section 3.5.2 and Chapter 5).

3.3  Participants

The average age of participants was 74 * 6.4 (65-92 years); 60% (n=36) were male and 40% (n=24)
were female. The most common combination of conditions was diabetes and HD (n=30), followed by
COPD and HD (n=16); HF and HD (n=7); diabetes and COPD (n=3); diabetes and HF (n=1); COPD and
HF (n=1); HF, HD and COPD (n=1) and COPD, HD and diabetes (n=1). N=11 participants had HF while

N=55 had HD. Over the course of the trial 8 participants withdrew and 3 passed away. However, this
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study included data from all participants in the beginning, as long as the participant had one piece of
data. In this case, 56 participants’ data were included, and 4 participants were excluded because no

data was recorded.

3.4  Study 1 - Exploring patterns of engagement of older adults with

multimorbidity with digital self-management

This study addresses Objective 2 of this PhD project:

02: Analyse an existing dataset to understand longitudinal patterns of engagement of older adults
with multimorbidity with symptom and well-being monitoring (e.g., blood pressure, self-reported

mood).

3.4.1 Research questions

The study had four research questions:

(1) What is the distribution of user retention for using digital health technologies at home?

(2) What are the frequencies (times per week) at which participants submit their data?

(3) What is the average and standard deviation of the intervals (in days) between each submission?

(4) What preferred hours of the day do people submit blood pressure (BP), pulse, blood oxygen level

(Sp02), blood glucose (BG) and weight readings?

3.4.2 Research approach and methods

After the data was cleaned, each participant’s data was separated into two files. The first file is the
main file which includes Date, BP systolic, BP diastolic, Pulse, Time, Sp02, Sp02 time, BG, BG time,
Weight, Weight time, Daily Distance Walked, Daily Step Count, Daily Time Walking, Self-report,
Sleep. In this file, all the time slots are represented as “HH: MM: SS” and the “Self-report” and

“Sleep” variables only include a “Yes” or a “No”, which indicates if that day included a “Self-report”
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and/or a “Sleep” log. The second file includes all of the sleep data which contains “Date”, “Time” and
“Level”. “Level” denotes the level of sleep quality which can be “awake”, “light”, “deep” or “ends”

(four different levels).

In this dataset, there are 60 rows and 419 columns including participants’ trial-ID, gender, year of
birth, height, conditions and 18,150 daily logs. The total number of interactions with all technology
devices is 80,515. For the purposes of this study, if two interactions were recorded from the same
devices within 10 minutes of each other, this was counted as one episode of interaction, and only
the first submission is counted. This repetition of submissions might be caused by participants who

wanted to double check a reading.

3.5 Study 2 — Using k-means clustering to discover engagement patterns of

older adults with multimorbidity when using digital health technologies

This study addresses Objective 3 of this PhD project:

03: Explore how different categories of users, for example users of different age groups or with

different conditions, engage with symptom and well-being monitoring.

3.5.1 Research questions

The study had four research questions:

(1) How do clusters differ in terms of participant characteristics, such as age, gender, and

conditions?

(2) How do clusters differ in terms of patterns of engagement, such as the number of days a week

participants take readings, e.g., weight, blood pressure etc.?

(3) How do engagement rates with the different devices correlate with each other?
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(4) How do engagement rates affect participants’ condition symptoms, such as blood pressure,

blood glucose, weight, SpO2 (the level of oxygen in the blood) and physical activity?

3.5.2 Research approach and methods

The cleaned dataset was pre-processed by Microsoft Excel, the R programming language and R
studio. The pre-processed dataset includes participants’ details (ID, gender, age, conditions) and the
number of days for weekly submissions of every parameter (BP, pulse, Sp02, BG, weight, PA, self-
report, sleep). All following analysis was implemented in the R programming language and R studio

(including, correlation analysis, principal component analysis and k-means clustering).

Correlation analysis and principal component analysis were used to determine which part of the
data would be included in the k-means clustering. Correlation analysis determined which
characteristics or parameters should be selected, and principal component analysis determined the
number of dimensions that should be selected as features for clustering. In the clustering process,
the weekly submission of each parameter was considered as an independent variable for the
discovery of participant clusters, and the outcome of the clustering was a categorical taxonomy that
was used to label the three discovered clusters. T-test and one-way ANOVA methods were used to
compare different groups of variables. T-test was used to compare two groups of variables, while
one-way ANOVA was used to compare two or more groups of variables. If the p-value is greater than
0.05, then there is no statistically significant differences between the groups of variables (Ross and

Willson, 2017).

As for the qualitative data from the interviews, keyword searches were used after a review of the
entire interview. For example, when the data analysis was related to blood pressure and weight
monitoring, a search with the keywords "blood pressure" or "weight" or "scale" was performed to
identify relevant information. In addition, when the aim was to understand the impact of digital
health technology, responses to specific questions from the interview protocol were examined, such

as ' Has it had any impact on the management of your health?'.
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3.6 Study 3 - The correlation between mobile device proficiency (technical
proficiency) and user engagement of older adults with multimorbidity with

digital health technologies

This study addresses Objective 4 of this PhD study:

04: Examine the connections between technical proficiency and engagement with digital health

technologies.

3.6.1 Research questions

The study had three research questions:

(1) How do the mobile device proficiency score (MDPS) and engagement score (ES) correlate with

each other?

(2) How do the ES and each sub score on the mobile device proficiency scale correlate with each

other?

(3) How do the MDPS and each device usage variable (weekly submission of each device) correlate

with each other?

3.6.2 Research approach and methods

To better understand mobile device proficiency and user engagement, the Mobile Device Proficiency
Score (MDPS) and Engagement Score (ES) were used as parameters in the analysis. The MDPS is the
final score calculated from the Mobile Device Proficiency Questionnaire (MDPQ) which is a measure

of the mobile device proficiency of older adults (Roque and Boot, 2018).

At the beginning of the ProACT trial, the short 16-question version of the MDPQ (MDPQ-16) was
used, which is a highly reliable and valid measure of mobile device proficiency in a large sample. This

guestionnaire was chosen for use in the trial by the ProACT trial researchers, rather than this PhD
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researcher. In MDPQ-16, there are eight sections, and each section includes two questions (Table 3).
Every question is answered on a 5-point scale (1 = Never tried; 2 = not at all; 3 = not very easily; 4 =
somewhat easily; 5 = very easily). The MDPS is obtained by calculating the average score of each
section and adding up all 8 sections, with total possible scores ranging from 8 to 40 with all
guestions are answered. However, there were some questions that were not answered in this study,

and these questions would be considered to have a score of zero.

Table 3. Mobile Device Proficiency Questionnaire (MDPQ-16) (Roque and Boot, 2018)

Sections Questions: Using a mobile device | can:

Mobile Device Basics Navigate onscreen menus using the touchscreen

Use the onscreen keyboard to type

Communication Send emails

Send pictures by email

Data and File Storage Transfer information (music, picture, documents on mobile

device to computer)

Transfer information (music, picture, documents on computer to

mobile device)

Internet Find information about my hobbies and interests on the Internet

Find health information on the Internet

Calendar Enter events and appointments into a calendar

Check the date and time of upcoming and prior appointments

Entertainment Use the device’s online “store” to find games and other forms of

entertainment (e.g., using Apple App Store or Google Play Store)

Listen to music

Privacy Set up a password to lock/unlock the device

Erase all Internet browsing history and temporary files
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Troubleshooting and Update games and other applications

Software Management Delete games and other applications

A custom ES was calculated using the weekly submission times for each parameter. In order to
improve the performance and training stability of clustering and modelling, the number of weekly
submissions for each parameter was standardised first by z-score standardisation, and then the ES is
derived from the standardised number of weekly submissions for each parameter. The details of the

ES calculation and formula will be discussed in Section 6.1.2 of Chapter 6.

To assess the correlation between MDPS and ES, scatter plots were used. Participants were
clustered into different clusters based on their MDPS and ES. Both research questions 2 and 3 will
use multiple regression analysis was used to build a model for dependent and independent
variables, to answer research questions 2 and 3. Two models were built through multiple regression
analysis, the first with ES as the dependent variable and the MDPQ sub-scores as the independent
variables. The second model had MDPS as the dependent variable and the number of weekly

submissions for each device as the independent variable.

3.7 Summary

In this chapter, the research design and methodology of this PhD project was presented. The chapter
began with an overview of the provenance of the dataset analysed in this PhD project. The ProACT
trial, involving 60 Irish older adults with multimorbidity interacting with a suite of devices for health
and well-being self-management, was then presented, including an outline of the devices used by
participants, the types of data collected and how the data was collected. A description of the data
cleaning process was provided. Each of the three studies of this PhD project, all of which are focused
on how older adults with multimorbidity engage with digital health technologies, was presented,

including the research questions and methodology of each study.
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There were some challenges encountered during the implementation of the project. Firstly, the
project was related to multimorbidity, older adults, and self-management, and as a computer
science student, these topics were not familiar and there was a lot of new knowledge and definitions
to learn. Similarly, cleaning such a large dataset was challenging, and was not a familiar task. There
was a lot of missing data and duplicates that needed to be identified and processed. The biggest
challenge of the project related to data analysis and machine learning, such as the implementation
of k-means clustering and multiple regression analyses, as well as the results of their analyses, again
as these were unfamiliar topics. There are also some limitations to the methodology. Firstly, while
the sample size of 60 was relatively large for a digital health study, the sample size for some
parameters was small because not all participants monitored all parameters. Secondly, the
participants were clustered based on weekly submissions of parameters only in the second study. If
more features were included in the clustering, such as the intervals of submissions, participants

might have been grouped differently.
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4 Findings Study 1 - Exploring Patterns of Engagement of
Older adults with Multimorbidity with Digital Self-

management

4.1 Introduction

This chapter provides an understanding of longitudinal patterns of engagement in symptom and
health monitoring among older adults with multimorbidity by analysing the ProACT dataset to
demonstrate user retention, frequency of monitoring, intervals between monitoring and patterns of
daily engagement. Section 4.2 presents the results of user retention in the ProACT trial. Section 4.3
outlines the frequency of monitoring, while Section 4.4 presents the intervals between monitoring.
The final section describes the times of the day when participants would like to use digital health

devices.

4.2  The distribution of user retention for using digital health technology at

home

The distribution of user retention shows the average retention of how many participants were
taking readings, using devices and self-reporting over the trial period. The user retention was

counted from each participant’s start date and end date.

Figure 4a shows that most participants used ProACT for at least 200 days. There are two key drops
shown in the graph. One is at the 200 day point, and the second is at 300 days. It seems that user
retention has a higher rate of decline after 200 days, hence 200 days after first using the technology
is a key landmark. Figure 5a shows that there are more participants whose user retention is over 300

days than there are participants whose user retention is less than 300 days.
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The submission of self-report (SR) data is different than that of each of the digital health devices. The
user retention curve in Figure 4b drops faster than in Figure 4a. At the 200 day point, the drop-off is
also more significant than device usage. Besides, Figure 5b shows the number of participants whose

user tenure is over 300 days is less than Figure 5a and close to half of the participants did not submit

their SR after 300 days.
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Figure 5. (a)Distribution of user retention for using technology devices (b) Distribution of user
retention for participants using the ProACT CareApp to self-report on their conditions and well-

being.

4.3  The frequencies (times per week) at which participants submit their data

This user retention curve only indicates how many days there are between the first day and the last
day that each participant submitted data. It does not indicate the frequency of submission. Figure 6
presents the kernel density of the weekly submission for every parameter. As can be seen, daily
exercise data, which includes daily distance walked, daily step count and daily time walking, came
into the system six times a week. Similarly, the frequency of sleep coming into the system is close to
six times a week for most of the participants. For blood glucose (BG), blood oxygen level (Sp02),
blood pressure (BP) and pulse, the submission frequency was mainly between twice a week to five

times a week. For weight and SR, the submission frequency is mainly once a week. It should be
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noted that those participants with heart failure (HF) monitored weight as a symptom parameter,

while all other participants monitored weight as a lifestyle parameter.

Parameters
Blood Glucose

Blood Oxygen Level

density

Blood Pressure
Daily Exercise
Pulse

Self Report
Sleep Track
Weight

0.0-

0 2 4 6
Frequency

Figure 6. Kernel Density for user weekly submission frequency

4.4  The average and standard deviation of the intervals (in days) between

each submission

Figure 7 and Figure 8 show the average and standard deviation (SD) of the intervals between each

submission (in days) of each parameter.

As seen in Figure 7, the median of all parameters is less than 5, and the upper quartile of BP, pulse,
BG and Sp0O2 are also less than 5. However, Figure 8 shows that the median SD of BP, pulse, BG and
Sp02 are all larger than 20 and close to 25. This means that many participants had large intervals
during the trial. Also, the mean of average intervals and the mean of SD intervals can show

differences of submissions between every parameter. For example, the mean of the average
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intervals between each submission (in days) for weight is 6.55, which is similar to daily exercise
(5.75) and sleep (6.4). Still, the mean of SD intervals between each submission for weight is 35.61

which is much larger than daily exercise (13.51) and sleep (19.54).

On the other hand, as seen in Figure 7, both the upper quartile and median of daily exercise and
sleep are larger than BP, pulse, BG and Sp0O2, but in Figure 8, the median of daily exercise and sleep
are much lower than others. In this case, the intervals of daily exercise and sleep are less than
symptom parameters like BP. As can be seen from Figure 7, only the minimum of the boxplots of
daily exercise and sleep reaches zero, meaning that some participants submitted these two
parameters every day during the trial. However, there are some differences between the daily
exercise box plot and the sleep box plot, even though these two parameters are collected by the
same device. Therefore, sleep data has more outliers than daily exercise data. For example, one of
the outliers in SD of intervals for sleep reaches 100, while for daily exercise, none of the outliers is

larger than 75.

As seen in Figure 7 and Figure 8, the median of SR is much higher than other box plots, which means
SR data have more intervals and larger intervals. For example, one participant had average intervals
of 23.1 and SD intervals of 278. This is because this participant not only has a few small intervals
between May 2018 and June 2018 but also has a very large interval from 6th June 2018 to 25th

March 2019.

Unlike symptom parameters, in Figure 7, the box plot of weight is higher and larger than BP, pulse,
BG and Sp02. As with other parameters, there are a few participants who have large average
intervals and SD intervals. P-025’s average intervals are 29.2 and SD intervals are 138.1, while the
total number of submissions of weight is 14. P-009’s average intervals are 12, SD intervals are 177.6

and the total number of submissions of weight is 44.
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4.5 What hours of the day do people submit BP, Pulse, SpO2, BG and Weight
readings?

For the majority of days, participants used each device once a day, but some participants engaged
more than once a day. If multiple readings from a particular device were submitted to the system

within 10 minutes, these are considered as one usage, and only the first submission is counted.

Figure 9 shows 10:00 as the most common time for participants to choose to measure their BP, and
16:00 is the least common day-time hour. There are a few readings during night-time hours, such as
04:00 and 05:00. There are two peaks in Figure 9, one is at 10:00, and another small peak is at

23:00. 42.79% of the submissions are between 08:00 to 13:00.

Time slots

. 8:00-13:00 (42.79%)

. 18:00-23:00 (19.06%)
Other Time

001 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Hour of BP submission

1500

10001

Frequency of BP submission
3

o

Figure 9. Bar chart of hours that participants submit their BP (42.79% between 8:00-13:00; 19.06%

between 18:00-23:00)
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As seen in Figure 10, the hours of pulse submissions have much in common with BP. 10:00 is the
most popular hour and 16:00 is the least popular day-time hour. Also, there are two peaks of

submissions at 10:00 and 23:00.

1500

10001

Time slots
. 8:00-13:00 (43.26%)
. 18:00-23:00 (19.19%)
Other Time
500— II I

Frequency of Pluse submission

o

001 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Hour of Pulse submission

Figure 10. Bar chart of hours that participants submit their Pulse (43.26% between 8:00-13:00;

19.19% between 18:00-23:00)

Figure 11 illustrates that the total submissions of Sp0O2 are much less compared with BP and pulse,
but 10:00 is still the most popular hour of submission, and there are two peaks at 10:00 and 23:00

Also, the proportion of submissions between 08:00 to 13:00 is reduced from 43% to 34%.
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Figure 11. Bar chart of hours that participants submit their Sp02 (34.48% between 8:00-13:00;

25.91% between 18:00-23:00)

Figure 12 shows that as with BP, pulse and Sp0O2, the most popular hour to submit BG readings is at
10:00, and 17:00 is the least popular day-time hour. Also, there are two peaks at 10:00 and 23:00.
However, the peaks at 10:00 and 23:00 in BG submissions are more significant than BP, Pulse and
Sp02. The percentage of BG submissions at 10:00 and 23:00 are 11.6% and 7.01% which are higher

than BP (10.58% / 4.96%), pulse (10.62% / 4.95%) and SpO2 (8.01% / 5.89%).
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Figure 12. Bar chart of hours that participants submit their BG (42.3% between 8:00-13:00; 18.06%

between 18:00-23:00)

Unlike other parameters, the most popular hour for participants to take a weight reading is 08:00,
whilst 03:00 is the least popular hour (Figure 13). 62.52% of submissions are between 08:00 to

13:00. In addition, 45.85% of submissions are after 08:00, and before 11:00.
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Figure 13. Bar chart of hours that participants submit their weight (62.33% between 8:00-13:00;

8.4% between 18:00-23:00)

4.6 Summary

In this chapter, the findings of Study 1, which were related to the patterns of engagement of this
PhD project, were presented. The chapter began with the distribution of user retention for this
project, providing an overview of participants’ overall levels of engagement with digital health
technology. The frequency of submissions and the time between each submission were then
outlined. Finally, the time of day that participants submitted readings was presented. Key findings

are:

e Overall engagement and retention with ProACT were high. Only 8 participants withdrew,
and some of these participants had already collected data for over 100 days before

withdrawing.
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e Engagement with digital devices for self-monitoring was high. The majority of participants
engaged with ProACT devices for more than 200 days, with many using them on more than
300 days. This could be considered to be in contrast to other research that has suggested
that digital health technologies suffer high attrition rates(Morrison, 2015), (Stellefson et al.,
2013).

e Engagement and retention with self-reporting (including answering questions on symptoms
not measured by a digital device, as well as general well-being questions) via the ProACT
digital application were lower than with digital devices. There were also larger gaps, or
intervals, between self-reporting days.

e The most popular time of day for engaging with monitoring of various symptoms was
morning time, with small peaks of engagement evident in the late evening, just before

bedtime.

The findings are discussed in further detail in Chapter 7.
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5  Findings Study 2 - Using K-means Clustering to Discover
Engagement Patterns of Older adults with Multimorbidity

when using Digital Health Technologies

5.1 Introduction

This chapter first presents the process of clustering participants into three clusters based on their
frequency of weekly submissions. Section 5.2 describes the correlation between all the submitted
parameters in order to select the appropriate parameters for clustering. Section 5.3 demonstrates
the process of removing outliers using PCA and the k-means clustering process to categorise
participants into three clusters. The next four sections present, in turn, the characteristics of the
participants in the three clusters, the health outcomes of the participants in the three clusters, the
correlations between the different digital health devices, and the variations in the health outcomes

of the participants in the three clusters over the course of the trial.
5.2  Correlation of submission parameters

To help determine which ‘distinct’ usage characteristics/parameters (such as the weekly frequency
of BP submissions) should be selected as features for clustering, the correlations between each
parameter were calculated. Figure 14 shows the correlation matrix for weekly submissions (days) of
all parameters. In this study, a moderate correlation (correlation coefficient between 0.3 to 0.7 and -
0.7 to -0.3) (Dancey and Reidy, 2007, Akoglu, 2018) is chosen as the standard for selecting
parameters. After performing normality tests on the data submitted each week, it was discovered
that the data were not normally distributed. Spearman's correlation was used to check the
correlation between the parameters. First, as outlined in Chapter 3, every participant received a

blood pressure monitor to measure BP and pulse was collected as part of the BP measurement.
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Moreover, the correlation coefficient between BP and pulse is 0.93, a strong correlation. In this case,
BP is selected for clustering rather than pulse. As for the other parameters, the correlation of weight
(0.51), PA (0.55), SR (0.41) and sleep (0.55) with BP are all moderate correlations except for Sp02
(0.05) and BG (0.24). In addition, the correlation between Sp0O2 and weight (-0.25), PA (0.16), SR
(0.29) and sleep (-0.24) are all weak correlations. Likewise, the correlation coefficient between BG
and weight (0.19), PA (0.2), SR (-0.06), and Sleep (0.25) are weak. In addition, only participants with
diabetes were required to record BG, whereas participants with COPD were required to record
Sp02. As such, participants without diabetes or COPD had empty BG and SpO2 records, so when
clustering, the blood glucose and oximetry records would have too much influence on the clustering
results due to the large difference in blood glucose and oximetry records between these two groups
of participants, thus affecting the final results. Thus, SpO2 and BG were not selected for clustering,

while BP, weight, PA, SR and sleep were selected for clustering.
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Figure 14. Correlation matrix for weekly submissions(days) of all parameters.
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5.3  Principal component analysis and clustering

The fundamental question for k-means clustering is: how many clusters should be discovered (K)? To
determine the optimum number of clusters, we further investigated the data through visualisation
offered by PCA. As can be seen from Figure 15, the first two principal components explain 73.6% of
the variation, which is an acceptably large percentage. However, as Figure 16 shows, there are three
participants - P038, P016 and P015 — who contributed a lot to principal component one (PC1) and
principal component two (PC2). Following a check of the original data set, P038 only submitted
symptom parameters on one day and P016 only symptom parameters on two days. Conversely,
P0O15 submitted almost every day during the trial. P038 and P016 were therefore omitted from

clustering.
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Figure 15. The scree plot of every dimension by Principal Components Analysis
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Figure 16. The bar plot of all participants’ contributions to PC1 and PC2

After removing the outliers (P038 and P016), as Figure 17 shows the first two principal components

explain 70.5% of the variation which is an acceptably large percentage.
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Figure 17. The scree plot of every dimension by Principal Components Analysis (without outliers)

The clusters were projected into two dimensions as shown in Figure 18. Each sub-figure in Figure 18
shows a different number of clusters (K). When K=2, the data is obviously separated into two big
clusters. Similarly, when K=3, the clusters are still separated very well into three clusters. The
clusters are well-separated when K=4, but compared with the three clusters graph, two clusters are
the same and Cluster 1 only has three participants which is a relatively small cluster. As for the graph
with K=5, there is some overlap between Clusterl and Cluster2. Likewise, Figure 19 shows the
optimal number of clusters using the elbow method. In view of that, three clusters of participants
separate the dataset best. The three clusters can be labelled as the least engaged user (Cluster 1),

the highly engaged user (Cluster 2), and the typical user (Cluster 3).
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Figure 18. the visualisation of clustering with the number of clusters ranging from 2 to 5

102



Optimal number of clusters

N

o

(=
L

Total Within Sum of Square

-k

o

o
L

1 2 3 4 5 6 7 8 9 10
Number of clusters k

Figure 19. the optimal number of clusters by elbow method

In the remainder of this section, the clusters are examined with respect to participant characteristics
and the weekly submissions (days) of different parameters in a visual manner to reveal potential

correlations and insights. Finally, the correlations between all parameters will be examined by PCA.

5.4  Participant characteristics

As seen in Figure 20, the distribution of age within the three clusters is similar, with the p-value of
one-way ANOVA being 0.93, as all the participants in this trial were older adults. However, the
median age of the Cluster3 boxplot (74.8) is slightly higher than the other two clusters, and the
average age of Cluster2 (74.1) is lower than Clusterl (74.6) and Cluster3 (74.8) (Table 4). As Table 4
shows, 6 out of 23 female participants (26%) are in Clusterl which is higher than 7 out of 31 male
participants (23%). However, male participants in Cluster2 (10 out of 31; 32%) and Cluster3 (10 out

of 23; 45%) represent higher proportions of total male participants than female participants in
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Cluster2 (7 out of 23; 30%) and Cluster3 (10 out of 23; 43%). Figure 21 shows the proportion of the
four chronic conditions within the three clusters. Clusterl has the largest proportion of participants
with chronic obstructive pulmonary disease (COPD) and the smallest proportion of participants with
diabetes. Moreover, Cluster3 has the smallest proportion of participants with heart failure (HF) (3

out of 24; 13%) (Table 4).
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Figure 20. The variation of age within the three clusters based on the weekly submissions
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Condition group: . COPD . Heart disease . Heart failure . Diabetes
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Figure 21. The variation of conditions within the three clusters. Each bar presents the percentage of
each condition out of all conditions in the cluster (bearing in mind that participants can have
multiple conditions). For example, there are 13 participants, and 28 records under the 4 condition
groups in cluster 1. Hence 32.1% of the conditions in cluster 1 are COPD (however 69% [n=9] of

participants in cluster 1 have COPD as presented in Table 4).
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Table 4. Characteristics of the Participants in every cluster

Characteristics Cluster1 (N=13) Cluster2 (N=17) Cluster3 (N=24)

Age (years)

Range; meantSD 66-86; 74.616.2 65-85; 74.1+5.5 65-89; 74.815.9
Gender, n (%)

Male 7 (54) 10 (59) 14 (58)

Female 6 (46) 7 (41) 10 (42)

Chronic Conditions, n (%)

COPD 9 (69) 4 (24) 9 (38)
Heart Condition 11 (85) 16 (94) 22 (92)
Congestive HF 4 (31) 4 (24) 3(13)
Diabetes 4 (31) 11 (65) 14 (58)

5.5 Participant engagement outcomes

Firstly, Cluster 2 has the longest average enrolment time at 352 days, Cluster 3 at 335 days and
Cluster 1 at 330 days. In Figure 22, the overall distribution of the BP weekly submissions is different,
as the p-value of the one-way ANOVA is 8.4e-09. The BP weekly submissions (days) of Cluster2
exceed Clusterl and Cluster3, which means participants in Cluster2 have a higher frequency of BP
submissions than the other two clusters. The median and maximum of Cluster3 are higher than
Clusterl, but the minimum of Cluster3 is lower than Clusterl. Likewise, as seen in Table 5, the mean
of Cluster1 (2.5) is smaller than Cluster3 (2.9), and the standard deviation (SD) of Cluster1 (1.4) is

also smaller than Cluster3 (2.9).
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Figure 22. The variation of weekly submissions (days) for blood pressure (BP) data within the three

clusters

Table 5. Weekly submissions (days) of parameters (green = largest submission rate across the

clusters)

Parameter, meantSD Least Engaged Highly Engaged Typical

Cluster (24.1%) Cluster (34.5%) Cluster(44.4%)

Blood pressure
Weight

Physical activity
Self-report

Sleep

As Figure 23 shows, the overall distribution of the weight weekly submissions is different, as the p-

value of the one-way ANOVA is 1.4e-13, since the participants of Cluster2 submitted weight
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parameters more frequently than Clusterl and Cluster3. Also, similar to the BP submissions, the
median of Cluster3 is higher than Clusterl. In Figure 23, there are three outliers in Cluster2. The top
outliers are participant-015, who submitted a weight reading almost every day. During the trial, this
participant mentioned many times in the interviews that he had a goal of losing weight, and he used
the scale to check his progress, “I’'ve set out to reduce my weight. The doctor has been saying to me
you know there’s where you are and you should be over here. So, I've been using the weighing thing
just to clock, to track reduction of weight” (Participant-015). The other two outliers are participant-
051 and participant-053, both of whom mentioned taking their weight as part of their daily routine:
“Once | get up in the morning the first thing is | weigh myself. That’s, the day starts off with the

weight, right” (Participant-053).

Even though the times of weekly weight submissions are lower than all other participants in

Cluster2, they are still higher than most of the participants in the other two clusters.
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Figure 23. The variation of weekly submission(days) for weight data within the three clusters
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In Table 5, it is easy to observe that the average weekly submissions of PA and Sleep for every
cluster is higher than other variables, and the SD is relatively low. This is likely because participants
only needed to open the Withings app once a day to ensure syncing of data. However, the overall
distribution of PA and sleep submissions are different in Figure 24 and Figure 25, as the p-value of
the one-way ANOVA are 1.1e-09 and 3.7e-10. Moreover, as Figure 24 and Figure 25 show, there are
still some outliers who have a low frequency of submissions, and the box plot of Clusterl is lower
than Cluster2 and Cluster3 in both figures. The reasons for the low frequency of submissions can
mostly be explained by: 1) technical issues, including Internet connection, devices not syncing and
devices needing to be re-paired: “I was without my watch there for the last month or three or four
weeks [due to technical issues], and | missed it very badly because everything | look at the watch to
tell the time, | was looking at my steps” (Participant-042); 2) participants forgetting to put the watch
back on after taking it off; 3) participants who stop using the devices, for example, some participants
don’t like wearing the watch while sleeping or when they go on holiday, “/ don’t wear it, | told them |

wouldn’t wear the watch at night, | don’t like it” (Participant-030).
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The number of PA data submissions per week (in days)

The number of sleep data submissions per week (in days)
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Figure 24. The variation of weekly submission(days) for physical activity (PA) within the three

clusters
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Figure 25. The variation of weekly submission(days) for sleep data within the three clusters
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Unlike other variables, the submission of SR through the ProACT CareApp required that participants
reflect on each question and their status before selecting the appropriate answer. Participants had
different questions to answer based on their conditions. For example, participants with HF and COPD
were asked to answer symptom-related questions, while those with diabetes were not. All
participants were presented with general well-being and mood questions. Therefore, for some
participants, self-reporting could possibly take more time than using the health monitoring devices.
As shown in Figure 26, the average weekly submissions of SR within the three clusters are relatively
small and the SD is large, which means the frequency of SR submissions is lower than other
variables. Furthermore, there were approximately five questions asked daily about general well-
being, and some participants would skip the questions if they thought the question was unnecessary
or not relevant: R: “And do you answer your daily questions?” P027: “Yeah once a week.” R: “Once a

week, okay”. P027: “But they’re the same.”

As Figure 26 shows, the distribution of SR submissions is different, as the p-value of one-way ANOVA
is 0.0013. In Figure 26, the median of Cluster2 is higher than the other two clusters, and compared
with other variables, but unlike other parameters, Cluster2 also has some participants who had very
low submission rates of SR which were close to zero. SR is the only parameter where Clusterl has a

higher median than Cluster3.
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Figure 26. The variation of weekly submission(days) for self-report (SR) within the three clusters

5.6 The correlation between parameters

As seen in Figure 27, the arrows of BP and weight point to the same side of the plot, which shows a
strong correlation. Likewise, PA and sleep also have a strong correlation. As noted previously, the
strong correlation between PA and sleep is due to the fact that the same device collects these two
measurements, and participants only need to sync the data once a day. On the other hand, BP and
weight were collected by two different devices but are strongly correlated. During interviews, many
participants mentioned that their daily routine with the ProACT platform involved taking both blood
pressure and weight readings: “Usually in the morning when | get out of the bed first. | go into the
bathroom, wash my hands and come back then, weigh myself, do my blood pressure, do my bloods”.
(Participant-008); “I now have a routine that | let the system read my watch first thing, then | do my
blood pressure thing and then | do the weight”. (Participant-015); “As I said it’s keeping me in line
with my, when | dip my finger, my weight, my blood pressure”. (Participant-040); “I use it in the
morning and at night for putting in the details of blood pressure in the morning and then the blood
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glucose at night. Yes, there’s nothing else is there? Oh, every morning the (weight) scales”.

(Participant-058).

On the other hand, as shown in Figure 27, SR has a weak correlation with other parameters, for

reasons noted above.
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Figure 27. The Principal Component Analysis for variables

5.7 The variation of each parameter in the three clusters between different

time periods

Analysis was conducted to determine any differences between the clusters in terms of symptom and
well-being parameter changes over the course of the trial. Table 6 provides a description of each
cluster in this regard. As Figure 28 shows, the boxplot of Cluster2 is comparatively short in every
time period of the trial and the median of Cluster2 and Cluster3 is more stable than Clusterl. Also,

the median of Clusterl is increasing over time, while Cluster2 and Cluster3 are decreasing and within
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the normal SBP of older adults (Master et al., 1950) (Figure 28 a). As can be seen in Table 7, Cluster2
has a P-value of P=.51(Systolic BP) and P=.52(Diastolic BP), which is higher than Clusterl (P=.19 and
P=.16) and Cluster3 (P= .27 and P=.35). Therefore, participants of Cluster2, as the highly engaged
users, have more stable BP values than the other two clusters. On the contrary, participants of

Clusterl, as the least engaged users, have the most unstable BP values.
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Figure 28. (a) The variation of Systolic Blood Pressure in three clusters between different time
periods of the trial (b) The variation of Diastolic Blood Pressure in three clusters between different

time periods
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Table 6. The description of every cluster

Cluster

Description

Label

Clusterl

In Clusterl, each feature/submission rate is lower
than the other two clusters, and Cluster1 has the least
participants in this group. Typically, users have
increasing systolic BP over time, decreasing weight

over time and unstable BG over time.

Least engaged user

Cluster2

In Cluster2, every parameter's submission is higher
than the other two clusters, the average submission
rate is high, and the SD of the submissions is low
except for SR. Typically, users have a stable BP over

time, which also within the recommended thresholds.

Highly engaged user

Cluster3

In Cluster3, the submission rates for PA and Sleep are
high, and the submissions of the other three
parameters are lower than Cluster 2. However,
Cluster3 is the largest cluster, including 44% of the
participants. The users’ systolic BP usually decreases

over time.

Typical user
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Table 7. The p-value of every cluster among all time slots by one-way ANOVA

Cluster Parameters P-value
Clusterl (Least Engaged) BPS 0.19
BPD 0.16
Sp02 0.66
BG 0.50
Weight 0.47
PA 0.68
Cluster2 (Highly Engaged) BPS 0.51
BPD 0.52
Sp02 0.59
BG 0.41
Weight 0.72
PA 0.049
Cluster3 (Typical) BPS 0.27
BPD 0.35
Sp02 0.25
BG 0.22
Weight 0.61
PA 0.86

In Figure 29, the median of Cluster2 is relatively higher than the other two clusters. The median of
Cluster3 is increasing over time. In the second and third time periods of the trial, the boxplot of
Clusterl is comparatively short. Normal SpO2 levels are between 95 to 100 percent, but older adults

may have SpO2 closer to 95% (John P. Cunha, 2021). In addition, for patients with COPD, SpO2 levels
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range between 88% and 92% (Echevarria et al., 2021). In this case, there is not much difference in
terms of values of SpO2 and most of the SpO2 values are between 90% to 95% in this study.
However, the Sp0O2 of Clusterl and Cluster2 were maintained at a relatively high level during the
trial. As for Cluster3, the SpO2 was comparatively low, but relatively the same as the other two
clusters in the later period of the trial. Therefore, the value of Cluster3 (P = .25) Sp0O2 is relatively
unstable compared with Clusterl (P=.66) and Cluster2 (P = .59). As such, there is little correlation

between Sp0O2 values and engagement with digital health monitoring.
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Figure 29. The variation of Sp02 in three clusters between different time periods

In relation to BG, Figure 30 shows that the boxplot of Cluster2 is relatively lower than the other two
clusters in the second and third time periods. Moreover, the medians of Cluster2 and Cluster3 are
lower than Clusterl in the second and third time periods. Cluster2 and Cluster3 decreased at later
periods of the trial compared to the beginning of the trial, but Clusterl increased. Cluster3 (P = .25),
as the typical user group, had more significant change than Clusterl (P = .50) and Cluster2 (P = .41).

Overall, participants with a higher engagement rate had better blood glucose control.
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Figure 30. The variation of Blood Glucose in three clusters between different time periods

In relation to weight, Figure 31 shows that the boxplot of Cluster2 is lower than the other two
clusters, and comparatively short. As Table 7 shows, the p-value of Cluster2 weight is P= .72, and
higher than Cluster1 (P=.47) and Cluster3 (P=.61). Therefore, participants in Cluster2 have a
relatively stable weight during the trial. In addition, the median weight of Cluster1 is decreasing,

while Cluster3 is increasing in weight.
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Figure 31. The variation of Weight in three clusters between different time periods

As Table 7 shows, the p-value of Cluster2 PA (P=.049) is lower than 0.05, which means there are
significant differences among the three time slots in Cluster2. However, the median of Cluster2 in
Figure 32 is still higher than the other two clusters. In Cluster2, 50% of daily PA (steps) are above

2500 steps. Overall, participants with a higher engagement rate also had a higher level of PA.
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Figure 32. The variation of PA in three clusters between different time periods

5.8 Summary

In this chapter, the findings of Study 2, which were related to using k-means clustering to discover
engagement patterns, were presented. This chapter started with using Spearman’s correlation and
principal component analysis to select the parameters and remove the outliers from the data set for
k-means clustering. After the data set was clustered into three different clusters, the participants’
characteristics, participants' engagement outcomes and correlation between parameters were
presented. Finally, the variation of participants' health conditions in the three clusters between

different time periods was provided. The key findings from the study are:

e There is no significant difference in participants' characteristics between the clusters in
general. The highly engaged group had the lowest average age and there was no significant
difference for gender and conditions between these clusters. The least engaged user group

had fewer males and participants with diabetes.
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e There are three main factors influencing the correlations between the submission of
different parameters. The first is whether the same device is used to submit the parameters;
the second is the number of manual operations required to submit the parameter; and the
third is the daily routine of the participants.

e Increased engagement with devices may improve the participants’ health and well-being
outcomes (e.g., symptoms and levels of physical activity). However, the difference between
the highly engaged user group and the typical user group is relatively minimal compared to

the difference between the highly engaged user group and the least engaged user group.

These findings are further discussed in Chapter 7.
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6. Findings Study 3 — The Correlation Between Mobile
Device Proficiency (Technical Proficiency) and User

Engagement of Older Adults with Digital Health Technologies

6.1 Introduction

This chapter presents the correlation between mobile device proficiency (technical proficiency) and
user engagement. Mobile device proficiency will be presented through the mobile device proficiency
score (MDPS) derived from the mobile device proficiency questionnaire (MDPQ) (see section 6.1.1
for more details), while user engagement will be presented through an engagement score (ES) to
show the level of user engagement (see section 6.1.2 for more details). Therefore, the correlation
between mobile device proficiency and user engagement can be presented by analysing MDPS and
ES using K-mean clustering and multiple regression analysis. An overview of the relationship
between MDPS and ES by k-means clustering is presented in Section 6.2. Section 6.3 describes the
results of multiple regression analysis for ES and the score of the various sub-sections in the MDPQ.
Finally, Section 6.4 presents the results of multiple regression analysis for the MDPS and the weekly

submissions of each device.
6.1.1 Mobile device proficiency score

In this study, the MDPS was collected at the start of the trial and had a mean score of 22.02. Table 8
presents the average score and standard deviation for each of the sub-sections of the MDPQ. As can
be seen, the average score of “Data and File Storage” has the lowest score (1.79) amongst all sub-

sections, while the “Mobile Device Basics” section has the highest score (3.82).
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Table 8. The average and standard deviation of MDPS and the sub-sections for ProACT participants

Average Score Standard deviation

Total (Sections) 22.02 (2.75) 9.94 (1.72)
Mobile Device Basics 3.82 1.54
Communication 3.07 1.60
Data and File Storage 1.79 1.40
Internet 331 1.78
Calendar 2.63 1.78
Entertainment 2.80 1.54
Privacy 2.42 1.64
Troubleshooting and Software 2.19 1.55

Management

6.1.2 Engagement score

The aim of this study was to explore the relationship between mobile device proficiency and
engagement. K-means clustering and multiple regression models were used in the following analysis.
In this case, the number of weekly submissions for each parameter is standardised by z-score
standardisation to convert these numbers into similar scales, which improves the performance and
training stability of the clusters and models (Ali et al., 2014). In addition, z-score standardisation is a
very useful statistic in machine learning that allows programmers to calculate the probability of a
score appearing in a normal distribution and to compare two scores from different normal

distributions (Al-Faiz et al., 2018).

The formula of z-score standardisation (Ali et al., 2014):

valueBeforeStandardisation — meanOfAllValue
StandardDeviationOfAllValue

valueAfterStandardisation =

124



In order to show the level of engagement of every participant and to facilitate subsequent data
analysis, we used the weekly submission times for each parameter to derive an engagement score
(ES). All the weekly submission times of every participant were calculated into z-score first, then the

average of all z-scores was considered as the ES.

6.2  Overview of the relationship between the Mobile Device Proficiency

Score and Engagement Score

As Figure 33 shows, the spots on the scatter plot of MDPS and ES are dispersed and irregular.
Therefore, there is generally no correlation between older adults’ proficiency with mobile devices

and their engagement with home-based health care technologies.
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Figure 33. The scatter plot of the Mobile Device Proficiency Score and the Engagement Score

To better understand the relationship between the MDPS and ES, k-means clustering was used to
classify participants into different groups based on the MDPS and ES. Each sub-figure in Figure 35
shows a different number of clusters (K). When K=3, the data is obviously separated into three big

clusters. Likewise, the clusters are also separated very well into four clusters when K=4. The clusters
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are well-separated when K=5, but cluster3 has few participants, making it a relatively small cluster.
Similarly, when K=6, there are four clusters that have few participants. Figure 34 shows the optimal
number of clusters using the elbow method. In view of that, four clusters of participants separate
the dataset best. The four clusters can be labelled as low engagement with low MDP users
(Cluster1), high engagement with high MDP users (Cluster2), high engagement with low MDP users

(Cluster3), and low engagement with high MDP users (Cluster4).
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Figure 34. Elbow method of ES and MDPS
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Figure 35. the visualisation of clustering with the number of clusters ranging from 3 to 6

As Table 9 shows, Clusterl is the largest user group with 18 participants, while Cluster3 is the
smallest user group with 8 participants. Clusterl (14.17) and Cluster3 (11.13) have similar but
relatively low average MDPS, while Cluster2 (28.57) and Cluster4 (32.04) have similar and relatively
high average MDPS. In contrast, Cluster1 (-0.30) and Cluster4 (-0.59) both have low average ES, but
the difference between these two clusters is -0.29, almost equal to the average ES of Cluster1.
Similarly, both Cluster2 and Cluster3 are marked as high ES user clusters, and the average ES of

Cluster3 (0.73) is much higher than that of Cluster2 (0.48).
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Table 9. The engagement score and mobile device proficiency score of each cluster

Cluster Clusterl Cluster2 Cluster3 Clusterd
Participants, n (%) 18 (33.3) 15 (27.8) 8(14.8) 13 (24.1)
ES (mean) -0.30 0.48 0.73 -0.59
MDPS (mean) 14.17 28.57 11.13 32.04
ES (max) 0.19 0.95 1.07 -0.20
MDPS (max) 21.5 40 19 40
ES (min) -0.85 -0.002 0.42 -1.26
MDPS (min) 8 20.5 8 23

6.3  Multiple regression analysis for engagement score and each sub score on

the MDP scale

In this multiple regression analysis, the dependent variable is the engagement score, while the
independent variables are the sub-scores of the MDPQ. As Table 3 shows, the subsections of the
MDPQ include Mobile Device Basics; Communications; Data and File Storage; Internet; Calendar;

Entertainment; Privacy; and Troubleshooting and Software Management.

As Table 10 shows, the multiple R squared value is 0.1135 which indicates that the sub-score of
MDPS can only explain 11.35% of the ES, and this model therefore doesn’t fit the data very well.
Moreover, the p-value is larger than 0.05 (Table 10), which implies weak evidence of the relationship
between the ES and MDP sub-scores. Likewise, Table 11 shows that the p-value of intercept and all
sub-score of the MDPS are greater than 0.05, which also indicates that evidence of the relationship

between ES and each MDP sub-score is very weak.
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Table 10. Result of Multiple Regression for engagement score and mobile device proficiency sub

score
Multiple R Squared 0.1135
Adjusted R Squared -0.0441
Standard Error 0.606
F-statistic 0.7202
p-value 0.6726

Table 11. the Coefficients of the multiple regression model for engagement score and mobile device

proficiency scores of each sub-section

Estimate Std.Error t-statistic p-value
Intercept 0.193595 0.227502 0.851 0.399
Section 1 -0.029742 0.077696 -0.383 0.704
Section 2 0.134596 0.085183 1.580 0.121
Section 3 -0.029657 0.085696 -0.346 0.731
Section 4 -0.049789 0.076658 -0.649 0.519
Section 5 -0.074326 0.065522 -1.134 0.263
Section 6 -0.073417 0.091101 -0.806 0.425
Section 7 -0.008511 0.094508 -0.090 0.929
Section 8 0.066481 0.094321 0.705 0.485

Figure 36 shows that the linearity (top right plot) of this model is poor and the plot for homogeneity
of variance (middle left plot) shows the dots are not equally spread and have apparent deviation.

The influential observations plot (middle right plot) shows there is no influential points. In addition,
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the multicollinearity (bottom left plot) shows that the variance inflation factor (VIF) of all variables
are between 1 to 5, which indicates that the variables are moderately correlated (James et al., 2013).
As for the normality of residuals (bottom right plot), most of the points fall along the reference line

and deviations are small, but it is not perfect, as there are few points deviating from the reference

line at the beginning and end.
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Figure 36. Model performance of engagement score and mobile device proficiency sub score

6.4

(weekly submission of each device)

Multiple regression analysis for MDPS and each device usage variable

In this multiple regression analysis, the dependent variable is the MDPS, while the independent

variables are the weekly submissions of parameters from every device. BP and pulse were monitored

using the same device (Withings), so BP is used to represent the usage of this device.. Therefore, the
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independent variables in this multiple regression analysis are tagged as BP, Sp02, BG, Weight and

Self-report.

As Table 12 shows, the multiple R squared is 0.1432 which indicates that the weekly submission of
parameters from each device only explains 14.32% of the MDPS, and this model doesn’t fit the data
very well. Moreover, the p-value is larger than 0.05 (Table 12), which implies weak evidence of the
relationship between MDPS and weekly usage of health care devices. However, unlike the previous
model, the p-values for intercept, SpO2 and BG in this model were all less than 0.05. This indicates
that the intercept term is statistically different than zero. Likewise, the weekly submissions of BG

and Sp02 have a statistically significant relationship with the MDPS.

Table 12. the result of multiple regression for mobile device proficiency score and weekly submission

of each device

Multiple R Squared 0.1432
Adjusted R Squared 0.05394
Standard Error 9.757
F-statistic 1.604
p-value 0.177
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Table 13. the Coefficients of the multiple regression model for mobile device proficiency score and

weekly submissions of each device

Estimate Std.Error t-statistic p-value

Intercept 25.4149 3.2001 7.942 2.7e-10 ***
BP 1.1508 0.9692 1.187 0.2409
Sp02 -1.8284 0.8489 -2.154 0.0363 *
BG -1.3501 0.6574 -2.054 0.0455 *
Weight -0.1700 0.8209 -0.207 0.8369
Self-report -0.6593 0.8348 -0.790 0.4336

Figure 37 shows that the linearity (top right plot) of this model is poor. In addition, the plot for

homogeneity of variance (middle left plot) shows that the dots have apparent deviation and are not

equally spread. The influential observations plot (middle right plot) shows there are no outlier

points. The VIF of all variables is between 1 to 5 as shown in the plot of multicollinearity (bottom left

plot), which means the variables are moderately correlated (James et al., 2013). The normality of

residuals (bottom right plot) of this model is not perfect. There are many points deviating from the

reference line.

132




Posterior Predictive Check
Model-predicted lines should resemble observed data line

Density

MDPS

key — Model-predicted data = Observed data Observed data — Model-predicted data
Homogeneity of Variance
Reference line should be flat and horizontal
. .
* M *
3 . . ¢ . PR
K . . . e e e P2 .
2 o .
o
.
bl M T e
%3 .
= .
o .
.
.
15 30
Fitted values
Collinearity
High (VIF) may inflate
~ 10
o
o2
s 3
52
Eg
Su
cs
[P
S5
®
w

$ Low(<5)

Linearity
Reference line should be flat and horizontal

Residuals

Fitted values

Influential Observations
Points should be inside the contour lines

10

Std. Residuals

Leverage (h;;)

Normality of Residuals
Dots should fall along the line

o

.

M/MMN T
ceese
“ o ee
/
2 0 1

Standard Normal Distribution Quantiles

Sample Quantiles

Figure 37. Model performance of mobile device proficiency score and weekly submissions of each

6.5 Summary

device

This chapter presents the findings of Study 3, which showed the correlation between mobile device

proficiency and user engagement. Firstly, the details of the mobile device proficiency score (MDPS)

and engagement score (ES) were presented. The overview of the relationship between MDPS and ES

was then outlined. Multiple regression analyses were used to derive correlations between ES and

MDPS sub scores, as well as correlations between MDPS and device use variables. Therefore, the

findings of this project show that there is a weak correlation between mobile device proficiency and

user engagement. Key findings are:

e |nthis study, participants' technical proficiency did not correlate with participants'

engagement with digital health technology.
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e The method used in this study to assess technical proficiency (MDPQ) was likely not
appropriate. Many sections of the MDPQ are not related to the use of digital health devices.
As such, a new method is required to evaluate technical proficiency for older adults using

digital health devices.

These findings are further discussed in Chapter 7.
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7 Discussion

7.1  Introduction

Digital health platforms have great potential to improve health and well-being management and
improve health outcomes (Milani et al., 2017). However, the potential benefits can only be realised
if users engage with such platforms (Quinn et al., 2018). This thesis has investigated the engagement
between older adults with multimorbidity and digital health and well-being self-management
technologies. This chapter presents a discussion of the findings presented in Chapters 4, 5, and 6 and
draws comparisons to related research to highlight the implication and contribution of the findings

within the field of digital health research for older adults with multimorbidity.

As the findings presented in Chapter 4 demonstrate, the majority of participants of the ProACT trial
were willing to use digital health technology and overall user retention was high. However, the level
of engagement varied amongst participants. Therefore, all participants were categorised into one of
three groups based on their weekly frequency of submitting data. Three clusters were identified -
the highly engaged user group, the typical user group and the least engaged user group. There were
no significant differences in characteristics (e.g., age, gender, condition) between these user groups,
but higher levels of engagement were associated with benefits to participants' health outcomes,
such as stable blood pressure and blood glucose reduction. Other research has also found similar
results (Milani et al., 2017, Sepah et al., 2017). In relation to patterns of usage, many participants
chose to use the digital health devices and submit data in the morning, which was similar to another
study by (Potts et al., 2020). Additionally, devices with fewer manual actions had higher levels of
engagement than devices with more manual actions, as was also found by (Bohm et al., 2020). There
was a strong correlation between some of the devices in the daily routines of the participants, which
would make these devices promote each other's utilisation rates. Finally, technical proficiency, as

measured by the MDPQ, did not predict engagement, with a weak correlation observed between
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technical proficiency and user engagement. This differs from other studies such as (Turnbull et al.,
2021) which found technical proficiency can impact the usage of digital health technologies for

people with diabetes.

The remainder of the chapter is organised as follows. Section 7.2 reviews the aim and objectives of
this PhD project and outlines how the objectives were addressed. The following two sections then
discuss the user and technical aspects impacting participants’ engagement in digital self-
management, based on the findings of Study 1 and Study 2. Section 7.5 discusses the findings from
Study 3 which focused on the relationship between mobile device proficiency and engagement.
Section 7.6 presents the limitations of this research. Finally, Section 7.7 outlines future work of

interest, while Section 7.8 concludes this thesis.

7.2  Review of aim and objectives

The overall aim of this study was to explore how older adults with multimorbidity use digital health
technologies, particularly symptom and well-being monitoring technologies, by analysing an existing
dataset to better understand how to promote long-term sustained use. The objectives were

addressed as follows.

Objective 1: Review the literature on digital home-based self-management technologies for chronic
disease and multimorbidity, with a focus on literature examining engagement, including engagement

of older adults, with such systems.

An initial review of the literature in the areas of digital health, older adults’ health, and
multimorbidity self-management was carried out. As the review continued, topics became more
refined, such as digital health for different chronic conditions, the impact of barriers to digital health
and factors that promote engagement, technology acceptance, and self-efficacy. To better
understand the analysis of digital health datasets, the review also includes an overview of different

data mining techniques and the application of data mining techniques to the digital health field.
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Key findings are:

e There is a vast amount of research on the use of digital health technologies for the self-
management of single chronic diseases, with comparatively little on multiple disease self-
management.

e There is little research on the engagement of digital health technology by older adults and in
particular those with multimorbidity. Those studies that have explored engagement typically
assess engagement through interviews or questionnaires, rather than quantitative data (logs
of engagement) (Sinnott et al., 2013).

e There are several factors that can impact engagement with digital health technologies, with
barriers being user-related (Bol et al., 2018), technology-related (Rickard et al., 2016) or
content-related (Lipschitz et al., 2019) and facilitators being personalistion, support and

notifications (Dobson et al., 2018, Fortuna et al., 2019, Potts et al., 2020).

Objective 2: Analyse an existing dataset to understand patterns of engagement of older adults with

multimorbidity with symptom and well-being monitoring (e.g., blood pressure, self-reported mood).

To address this objective, an analysis of the ProACT trial dataset was conducted. The dataset was
collected from 60 older adults with multimorbidity (two or more of the conditions heart failure (HF),
diabetes, chronic obstructive pulmonary disease (COPD), heart disease (HD)) who used digital health
technology for self-management over a 12-month period. The average age of the participants was
74 years, and a total of eight different parameters were monitored during the trial, including blood
pressure (BP), pulse, blood glucose (BG), blood oxygen level (Sp02), weight, physical activity (PA),
sleep, and self-report (SR). The focus of this initial analysis was to uncover patterns of engagement
of this cohort, such as popular times for submissions and general submissions of each data
parameter. Specifically, this analysis asked four questions of the data relating to; the distribution of
user retention for self-monitoring using digital devices and self-report, the frequencies (times per

week) which participants submit their data, the average and standard deviation of the intervals (in
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days) between each submission and the time of day participants submit BP, pulse, Sp0O2, BG and

weight readings.

Key findings are:

Overall engagement and retention with ProACT were high. Only 8 participants withdrew,
and some of these participants had already collected data for over 100 days before
withdrawing.

Engagement with digital devices for self-monitoring was high. The majority of participants
engaged with ProACT devices for more than 200 days, with many using them on more than
300 days. This could be considered to be in contrast to other research that has suggested
that digital health technologies suffer high attrition rates (Stellefson et al., 2013, Morrison,
2015).

Engagement and retention with self-reporting (including answering questions on symptoms
not measured by a digital device, as well as general well-being questions) via the ProACT
CareApp were lower than with digital devices. There were also larger gaps, or intervals,
between self-reporting days. This could show the potentially negative impact of manual
operations necessitating a sequence of steps (as required for self-reporting) on engagement,
compared to the use of devices requiring fewer user interactions (Bohm et al., 2020).

The most popular time of day for engaging with monitoring of various symptoms was
morning time, with small peaks of engagement evident in the late evening, just before
bedtime. Knowing preferred engagement times can support the delivery of timely,
personalised notifications and reminders to engage with less frequently used features, which

might also improve user engagement (Potts et al., 2020).

Objective 3: Explore how different categories of users, for example users of different age groups or

with different conditions, engage with symptom and well-being monitoring.
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The participants were clustered into different user groups based on their weekly data submissions
using the k-means method. Three different clusters of users were identified, including a highly
engaged user group, typical user group, and low engaged user group. The differences amongst the
three clusters, in terms of user characteristics and user engagement, were outlined. In addition, the
correlation between different devices and the relationship between user engagement and well-

being outcomes were also analysed.

Key findings are:

e There is no significant difference in participants' characteristics between the clusters in
general. The highly engaged group had the lowest average age (Table 4) and there were no
significant differences for gender and conditions between these clusters. The least engaged
user group had fewer males and participants with diabetes.

e There are three main factors influencing the correlation between the submission of different
parameters. The first is whether the same device is used to submit the parameters; the
second is the number of manual operations required to submit the parameter; and the third
is the daily routine of the participants (Bohm et al., 2020, Woodward et al., 2021).

e Increased engagement with devices may improve the participants’ health and well-being
outcomes, such as symptom stabilisation and increased levels of PA. Likewise, Milani et al.
(2017) also found that digital health care interventions can help people achieve BP
stabilisation. However, the difference between the highly engaged user group and the
typical user group is relatively minimal compared to the difference between the highly

engaged user group and the least engaged user group.

Objective 4: Examine the connections between technical proficiency and engagement with digital

health technologies.
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The concept of an ‘engagement score’ was developed, which is the average of the standardised
weekly submissions of each participant. Multiple regression was used to build a model using the
engagement score and mobile device proficiency score to explore the correlation between technical

proficiency and engagement with digital health technology.
Key findings are:

e Unlike other studies, in this study, participants' technical proficiency did not correlate with
participants' engagement with digital health technology (Turnbull et al., 2021).

e The method used in this study to assess technical proficiency (MDPQ) was likely not
appropriate. Many sections of the MDPQ are not related to the use of digital health devices.
As such, a new method is required to evaluate technical proficiency for older adults using

digital health devices.

Objective 5: Develop a set of recommendations for researchers, designers and developers of digital
health technology to promote enhanced engagement of digital health technology by older adults

with multimorbidity.

At the end of each of the remaining sections in this chapter, a series of recommendations are
presented, based on the findings from the three studies presented in this thesis and related

research.

7.3 User engagement and retention

7.3.1 Overall engagement

The distribution of user retention for submission of data shows the average retention of how many
participants were using and engaging with the ProACT platform (self-management technology
devices connected to the ProACT CareApp (Figure 4)). Most participants used ProACT for at least 200

days, with a large drop-off occurring at the 300 days time-point. There are two different reasons for
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the drop-off. First, 8 participants withdrew from the trial while 3 participants passed away during the
trial. Second, some participants started later than others, due to difficulties with recruitment, and so
their overall number of days in the trial was less than other participants. This meant that those
participants who started on the trial later stopped using the devices after approximately ten months
in the trial, which accounts for the significant drop-off between 300 days and 400 days. The user
retention curve in this study was compared with the user retention curves for other health care apps
(Baumel et al., 2019). Given that the retention curves in other apps take on an ‘L’ shape, this
comparison demonstrated that the user retention with ProACT is much better than that of many
other health care apps. A discussion of the possible contextual reasons for sustained engagement
with ProACT is outside the scope of thesis but has been discussed elsewhere (Doyle et al., 2021). As
reported in (Doyle et al., 2021), participants spoke of how they used the data to support their self-
management (for example, taking action based on their data), and experienced various benefits
including increased knowledge of their conditions and well-being, symptom optimisation, reductions
in weight, increased activity and increased confidence to participate in certain activities as a result of
health improvements. The peace of mind and encouragement provided by the clinical triage service
as well as the technical support available were also identified during the interviews as potential
factors positively impacting engagement (ibid). In addition, the platform was found to be usable and

of low burden. These findings supplement the quantitative findings presented in this thesis.

A study on engagement with fitness trackers by Asimakopoulos et al. (Asimakopoulos et al., 2017)
suggests that being able to review one’s goal progress though data and receiving tips and education,
can foster engagement. These features were present in the ProACT CareApp and therefore may also
have played a role in sustained engagement during the trial. Research on older adults engaging with
digital health technologies over longitudinal periods is limited. However, Bohm et al. (Bohm et al.,
2020) found that older people and those who were recently diagnosed with diabetes used a
diabetes self-management app more actively than younger participants over a period of 180 days.
Our findings demonstrate that older participants also engaged well with digital self-management,
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with more than 80% of participants using the technology devices for over 200 days. Our findings
extend those of Bohm et al. as participants in our study self-managed two or more chronic
conditions and used the technology for a longer period of time (on average 12 months). Compared
with other similar research, such as Wei et al. (Wei et al., 2021), Compernolle et al. (Compernolle et
al., 2020) and Bengtsson et al. (Bengtsson et al., 2016), there were more participants in our study
(n=60) and a longer study period. Our findings show that older adults with multiple chronic
conditions engaged in digital self-management and maintained that engagement over a longitudinal

period of time.

7.3.2 The impact of participants’ characteristics on user engagement

Study 2 of this project demonstrated that the difference in engagement with digital health
technologies between genders is not significant. Six out of 23 female participants (26%) are in the
least engaged user group, which is higher than 7 out of 31 male participants (23%). Moreover, there
are lower proportions of female participants in the highly engaged user group (7 out of 23 (30%))
and typical user group (10 out of 23 (43%)) compared with male participants (10 out of 31 (32%) and
14 out of 31 (45%) respectively). Other research has found that engagement with mobile health
technology for BP monitoring was independent of gender (Kaplan et al., 2017). However, there are
also some studies that show female participants are more likely to engage with digital mental health
care interventions (Mikolasek et al., 2018, Harjumaa et al., 2015). Therefore, gender cannot be
considered as a separate criterion when comparing engagement with digital health technologies,
and it was not found to have significant impact on engagement in this study. Regarding age, many
studies have shown that younger people are more likely to use health care technologies than older
adults (Kannisto et al., 2017, Abel et al., 2018). However, older adults still have the ability to learn
how to use technology and manage age-related diseases (Durick et al., 2013). While all participants

in our study are older adults, the highly engaged user group is the youngest group in this study.
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However, there is no significant difference in age between the clusters, with some of the oldest

users being in Cluster3, the typical user cluster.

Similarly, the conditions a participant has did not significantly impact their level of engagement.
Other research (Kaplan et al., 2017) found that participants who were highly engaged with health
monitoring had higher rates of hypertension, chronic kidney disease, and hypercholesterolemia than
those participants with lower engagement levels. Our findings indicate that the highly engaged user
group had a higher proportion of diabetes, and the least engaged user group had a higher
proportion of COPD. Further research is needed to understand why there might be differences in
engagement dependent on conditions. In our study, participants with COPD also self-reported on
certain symptoms, such as breathlessness, chest tightness and sputum amount and colour. While
engagement with specific questions wasn’t explored, participants in the least engaged cluster,
Cluster 1, self-reported more frequently than those in Cluster 3, the typical users. Our findings also
indicate that those participants monitoring BG and BP experienced better symptom stabilisation
over time than those monitoring Sp0O2. It has been noted that the expected benefits of technology
(e.g., increased safety and usefulness) and need for technology (e.g., subjective health status and
perception of need) are two important factors that can influence acceptance and use of technology
for older adults (Peek et al., 2014). It is also well understood that engaging in BG monitoring can
help people with diabetes to better self-manage and make decisions about diet, exercise and

medication (Weinstock et al., 2020).

7.3.3 The relationship between engagement and well-being outcomes

In Study 2, the participants were categorized into three user groups based on their engagement
data. Such an approach can be helpful to understand the trajectory of users' engagement with
technology depending on their individual motivations (Torous et al., 2020). The last finding of Study
2 indicates that higher levels of engagement with digital health monitoring may result in better

outcomes, such as symptom stabilisation and increased levels of PA. Milani et al. (Milani et al., 2017)
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found that digital health care interventions can help people achieve BP control and improve
hypertension control compared with usual care. In their study, users in the digital intervention group
took an average of 4.2 readings a week. Compared to our study, this is lower than Cluster2 (5.7), the
highly engaged user group, but higher than Cluster1 (2.5) and Cluster3 (2.9). In our study, those
participants with a higher engagement rate experienced more stable BP, and for the majority of
these participants, levels were maintained within the known recommended threshold of 140/90 mm

Hg (Williams et al., 2018).

Many studies have shown that as engagement in digital diabetes interventions increases, patients
will experience greater reductions in BG than those with lower engagement (Quinn et al., 2018,
Sepah et al., 2017). However, in our study, BG in both the highly engaged user group (Cluster2) and
the least engaged user group (Clusterl) increased in the later stages of the trial. Only the BG of the
typical user group (Cluster3) decreased over time, which could be because the participants of
Cluster3 had more PA in the later stages of the trial than other time periods, as Figure 32 shows.
Cluster2, the highly engaged user group, maintained a relatively high level of PA during the trial
period, although it continued to decline throughout the trial. Other research shows that more PA
can also lead to better weight control and management (Carroll et al., 2017, Demark-Wahnefried et
al., 2018), which could be one of the reasons why Cluster2 participants maintained their weight. It is
well known that there are many factors that can influence body weight, such as PA, diet,
environmental factors etc. (Atkinson Jr et al., 2003). As Figure 31 shows, engagement with digital
health and well-being monitoring may help control weight but the impact is not significant. Overall,
as noted above, participants in the highly engaged user group demonstrated better physical
condition outcomes. However, the highly engaged user group represented only 31% of the
participants, and the typical user group also showed stable BP readings, relatively low BG, stable
weight, and increased PA. Therefore, using digital health technologies, if the level of user
engagement is within a reasonable interval range, can result in better health outcomes being
achieved. However, too high a level of engagement may put too much pressure on users, which can
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have negative effects such as reduced use and negative emotions (Yeager and Benight, 2018, Middle

and Welch, 2022).

7.3.4 Recommendations

e Arange of factors may influence retention and sustained engagement with digital health
technologies, including a user-centred design process focusing on needs and requirements
to ensure benefits are experienced by users (e.g., sending reminders based on participants’
characteristics and daily routine) (Bentley and Tollmar, 2013, Potts et al., 2020), usable
technology (e.g., cost of devices, devices stability, internet access) (Borghouts et al., 2021),
the use of certain features such as goal-setting and human and technical support (Fortuna et
al., 2019, Doyle et al., 2021). Researchers could develop a checklist of suggestions to
enhance engagement while those designing and delivering digital health solutions should
consider implementing each of these suggestions.

e Age and conditions did not impact engagement with digital health technologies in this study.
Designers and developers of digital health platforms need to consider older adults with
chronic conditions as potential end users of their platforms and design to meet their needs.
While some research has cautioned that there are several barriers to older adults engaging
in digital self-management, such as health status itself, technology experience and social
support (Czaja et al., 2013, Heart and Kalderon, 2013, Liu et al., 2019), other research has
also shown older adults’ acceptance of technology and healthcare technology. For example,
older adults are more likely to accept technology if they already have a history of using some
form of technology and if they received appropriate training (Wilkowska and Ziefle, 2009).
Further, use over time can result in more positive attitudes and beliefs about healthcare
technology (Chen et al., 2020).

e More frequent engagement can lead to better health and well-being outcomes. It is

important for users of digital health technology to recognize the importance and benefits of
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taking frequent measurements according to their condition, such as daily BG testing for
diabetics and daily weight testing for HF patients. Educating users on this at the start of their
digital health journeys will likely be important. As shown by the findings presented in
Chapter 5 of this thesis, and other research (Carroll et al., 2017, Quinn et al., 2018), more
engagement can produce better results in terms of health and well-being outcomes, but a
‘right’ amount of engagement with digital health technology can also produce satisfactory
outcomes (Yardley et al., 2016). Designers and developers of such technologies need to
consider balancing motivational methods for engagement, ensuring such techniques are
only delivered when needed, so as not to over-alert users. Context-sensitive reminders and
prompts could be delivered to users through digital health apps, for example if outcomes are

worsening and engagement is reducing (Smith et al., 2016).

7.4  Patterns of self-management

7.4.1 Self-management frequency

The data showed that daily exercise and sleep data were the most frequently submitted data on a
weekly basis, with users submitting such data six times a week. This is likely because participants
simply had to wear the watch and open an app to sync the data. Further, the watch was battery
operated so charging was not required. However, there are still some intervals of exercise and sleep
submissions during the trial which can mostly be explained by: 1) technical issues, including Internet
connection issues or devices not syncing; 2) participants stop using the devices for a period of time,
for example, when they go on holiday; 3) participants forget to put the watch back on after taking it

off; 4) some participants prefer not to wear the watch overnight.

Bohm et al. (Bohm et al., 2020) analysed real-world data from a diabetes support app and found that
the total user activity ratio of modules with manual data entry is lower than those without manual

data entry, but initial user engagement exhibits the inverse of this. Andersen et al. (Andersen et al.,
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2020) conducted a qualitative interview study with participants with chronic heart disease who were
invited to wear a wearable activity tracker for three to twelve months. The overall engagement in
this study was high with an average of 26.1 weeks usage, but in this study, there were only three
parameters (real-time heart rate, sleep and step count) which did not require much manual data
entry from participants (Andersen et al., 2020). However, these two studies were only focusing on
one disease. In the ProACT study, the symptom data (e.g., BP, pulse, SpO2, BG) required a number of
interaction steps such as placing the device, turning it on and interacting with an app, and this data
was submitted between twice to five times a week. Participants engaged with BG most (around 4
days a week on average) which could be because people with diabetes need to check their BG
regularly. For weight and self-report (SR), the weekly submission frequency is lower than other
parameters. Only participants with HF might be expected to take a daily reading of weight, given
that weight change is an important indicator of a potential exacerbation. Those monitoring weight as
a lifestyle parameter would likely weigh themselves less often, which probably accounts for the
lower submission frequency. Also, gaining weight and engaging in less PA can lead to stopping

weight monitoring (Frie et al., 2020).

The findings in Study 1 demonstrate that the user retention of self-reporting data dropped more
than the user retention of using the technology, particularly at the 200 days time-point. However, in
another study by Potts et al. (Potts et al., 2020), the engagement was low at the start and end of the
trial and high at the middle of the trial. In addition, Study 1 highlighted that the frequency of
submitting SR was lower than other parameters. There are a couple of possible reasons for this.
Firstly, submitting SR data involved more conscious interaction from the participant, given that they
had to open the ProACT CareApp, navigate to the questions section, then reflect on the questions in
order to input an accurate answer, making this a fully manual task. This process can help participants
understand their current health conditions (Gronvall and Verdezoto, 2013). However, there are
other potential reasons for lower engagement with self-reporting. The same questions were asked
throughout the trial, so participants may have become fatigued with answering the same questions.
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For those participants not monitoring COPD and HF, all of the questions related to general well-
being, and participants possibly did not find value in these, and this process of self-reporting could
therefore take more time for some participants than using the health monitoring devices. Further
analysis of this dataset could examine engagement with self-reporting more closely, for example to
see if those who had to answer symptom questions (COPD and HF) had higher engagement with self-

reporting when compared to other participant groups.

7.4.2 Self-management routines

Analysing the time of submissions can reveal what time of day participants prefer to interact with
digital health interventions. Potts et al. (Potts et al., 2020) found that the most popular time for
people with dementia to answer EMA questions is between 21:00 and 22:00. They also found that
dismissal rates are relatively low at postprandial times, such as, 09:00 and 18:00 (Potts et al., 2020).
In the ProACT study, participants were not given any instruction as to how often or at what time of
day they should monitor symptom or well-being parameters. The majority of participants interacted
with the various devices to monitor symptoms in the morning, with peaks of usage also found in the
evening time. Understanding the times that people favour in terms of taking readings could be
important for future similar studies. For example, if we know that a person is likely to be engaging
with a self-management app at a certain time of the morning, notifications could be pushed at this
time reminding them to answer self-report questions. However, pushing multiple notifications at
regular intervals throughout the day can reduce the user retention of an app compared with
notifications pushed once or twice a day (Pham et al., 2016). In addition, sending notifications while

participants are using the devices can lead to a higher dismissal rate (Potts et al., 2020).

Reminders could also be sent for other parameters at certain times, such as before and after
mealtimes for those measuring BG, or early in the morning for those with HF monitoring weight.
Woodward et al. (Woodward et al., 2021) found that there is a disconnect between evidence-based

design recommendations and current practice after they analysed notifications from 50 mHealth
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apps. They suggest that notifications for participants should not only be based on time, but also
according to their context such as symptom parameters. It is also important to consider the type of
device being used. For example, if the self-management app is on a tablet device, notifications will
likely only be noticed when the person is actually interacting with the device. Different types of
persuasive reminders can also influence a participant’s decision to engage (Smith et al., 2016). For
example, Smith et al., found that two types of reminders, ‘Authority’ (e.g., ‘According to experts, a
swollen ankle is a sign of HF. Please check your ankle now’) and ‘Liking’ (e.g., ‘Your family would
appreciate it if you performed your daily weight check so they don’t need to worry about you as
much. Please check your weight now’) were the most popular types of reminders (Smith et al.,
2016). However, Stawarz et al. (Stawarz et al., 2015) also pointed out that reminders, in addition to
keeping users engaged and helping them repeat behaviours, can have side effects, such as users

relying on reminders rather than remembering them themselves.

7.4.3 The correlation between different devices

Many research studies use p-values to show the level of similarity or difference between clusters
(Rahman et al., 2017, Booth et al., 2021, Sulistyono et al., 2021, Oskooei et al., 2021). For most of
the engagement outcomes presented in Chapter 5 of this thesis, all clusters significantly differ as the
one-way ANOVA p-values are less than 0.001, with the exception being self-report (SR) (P = .0013).
In addition, as the results from Study 2 demonstrate, the t-test p-values show that Cluster2 is
significantly different from Cluster1 and Cluster3 in BP and Weight submissions, while Clusterl is
significantly different from Cluster2 and Cluster3 in PA and sleep submissions. As for SR submissions,
all three t-tests had p-values greater than 0.001, meaning that there were no significant differences
between any two of these clusters. Therefore, all five parameters used for clustering are separated
into three groups based on the correlations of submissions, one for BP and weight, one for PA and
sleep, and one for SR. PA and Sleep submissions have a strong correlation because they use the

same device to record daily activities and sleeping conditions. SR submissions have a weak
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correlation with other parameters’ submissions. Study 1 highlighted that user retention of
submitting SR was poorer compared to retention of using the digital health devices, possibly because
SR has more manual operations than other parameters, or because the same questions were

regularly asked, as noted in section 7.4.1.

In contrast to the other two groups, BP and Weight are collected using different devices. While
measuring BP required using a BP monitor and manually synchronising the data, measuring weight
simply required standing on the scale, with the data being automatically synchronised. Therefore,
the manual operations between submitting BP and Weight are slightly different. However, the
results showed a strong correlation between BP and weight, as many participants preferred to
measure both BP and weight together and incorporate them into their daily routines. Research has
indicated that if the usage of a health care device becomes a regular routine, then participants will
use it without consciously thinking about it (Kim and Malhotra, 2005). Likewise, Yuan et al. (Yuan et
al., 2015) note that integrating health apps into people's daily activities and forming regular habits
can increase people's willingness to continue using health apps. However, participants using health
care technology for long periods of time might become less receptive to exploring the system than
to using it based on the established methods they are accustomed to (O'Connor et al., 2013). In this
study, many participants bundled their BP measurements with their weight measurement during
their morning routine. Therefore, the engagement rates of interacting with these two devices were
enhanced by each other. Future work could explore how to integrate additional measurements such
as Sp02 monitoring, as well as self-reporting, into this routine, for example through prompting the
user to submit these parameters while they are engaging with monitoring others such as BP and

weight.

7.4.4 Recommendations

e Developers of digital health technologies, including monitoring devices and digital apps,

should reduce the number of steps required to monitor health and well-being and the need
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for manual data entry, which could enhance user engagement (Bohm et al., 2020). For
example, in this project, submission rates were higher for parameters with less manual data
entry (e.g., physical activity) and lower for parameters with more manual data entry (e.g.,
self-reporting).

Self-reporting through answering a series of questions is very important to capture symptom
and well-being data that cannot be captured through a digital device. Designers need to
consider how to schedule and deliver self-report questions so that users are not
overburdened with answering the same questions. Further research is also needed to
understand under what situations this might be necessary. For example, those with COPD
might only be asked to answer self-report questions on breathlessness, phlegm amount etc.
if their SpO2 reading is below a particular threshold. Similarly, questions on mood and
anxiety could be delivered in response to certain situations, such as a change in other
parameters of health or well-being.

Mornings are a good time for reminders. In addition, reminders should be adapted to the
participant's daily routine and his or her condition. For example, reminders could be
scheduled based on when a user used the scale in the previous two weeks; those with
diabetes could be reminded to test their BG before meals (Potts et al., 2020). However, too
many reminders or notifications can also have side effects, such as over-reliance on
reminders or lower user retention (Stawarz et al., 2015, Pham et al., 2016).

Devices and reminders should be set based on correlations between different digital health
devices. For example, if a user wishes to use a scale after a BP measurement, a reminder to
use the scale may be sent after the BP measurement. In addition, if the user already has a
daily routine, such as using a weight scale after a BP measurement, reminders for other
devices can be set after the routine so that the daily routine includes more devices, thereby

increasing the participation of all devices in the routine.
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7.5  Mobile device proficiency and user engagement

As discussed in Section 2.2 of Chapter 2, many studies have shown that the use of digital health
technologies to support self-management can improve quality of life and health outcomes, with
significant benefits for older adults with chronic conditions. However, there are a number of reasons
behind the fact that many older adults adopt technology at a lower rate than the general population.
For example, older adults need additional support in overcoming technology anxiety, increasing
technology acceptance and self-efficacy (Jarvis et al., 2020, Lozoya et al., 2022). Another important
factor that influences users' use of digital health technology is technical proficiency (Weigel and
Hazen, 2014). In the ProACT trial, the MDPQ was administered to participants at the start of the trial

to assess the technical proficiency of the participants.

7.5.1 The impact of mobile device proficiency on user engagement

The overall mobile device proficiency of participants in this study was moderate (Table 8), with a
mean score of 22.02 (SD 9.94) out of a total possible score of 40 and a mean score of 2.75 (SD 1.72)
out of a possible score of 5 across the sub-sections, indicating that at the outset of their participation
in the ProACT trial, participants could not very easily perform the various tasks being assessed in the
MDPQ. In another study using the MDPQ (Moret-Tatay et al., 2019), the mean mobile devices
proficiency score (MDPS) of older adults was 13.13 (SD 8.86), which was lower than in the present
study. However, in the Moret-Tatay et al. study, the mean age of the older adults was 78.17 years,
which was older than the present study (74 years), and this could have contributed to the low MDPS.
Similarly, Mufioz Esquivel et al. (Mufioz Esquivel et al., 2023) used the MDPQ in a study relating to
older people using wearable devices, and participants in their study with a mean age of 70.5 years

scored higher on each section (3.53) than in this study.

Study 3 found that the mobile device proficiency scores of participants have no correlation with

participants’ engagement with digital health technology. Participants in this study had moderate
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MDPS, but high user retention and engagement. This is an important finding, particularly as it is in
contrast with many studies that note that technical proficiency affects the use of and engagement
with digital health technologies. During the COVID-19 pandemic, Benis et al. (Benis et al., 2021)
surveyed 473 participants, primarily from Israel and Uruguay, with online questions about
telemedicine use. The authors found that a participant’s overall technical proficiency and comfort
level with web-based telemedicine influenced and increased the use of such technology. However,
this study collected surveys via the Internet, so people who do not use the Internet and may be less
technical proficiency were excluded from this study. Turnbull et al. (Turnbull et al., 2021)
interviewed 21 participants who used digital health technology to help them self-care for their type
2 diabetes. The authors found that technical proficiency and cost were the two main barriers to
accessing and using digital health technologies cited by participants. While the data-driven analysis
of the ProACT trial data as presented in this thesis cannot provide an explanation as to why
participants engaged despite having modest levels of mobile device proficiency, as noted in Section
7.3.1 above, participants of the ProACT trial experienced benefits as a result of their participation
and had the support of clinical triage nurses and a technical helpdesk and these factors may have

counteracted any potential negative impact of modest technical proficiency.

Another finding from Study 3 was that the correlation between the scores of each individual sub
section of the MDPQ and user engagement is weak, with all the p-values being larger than 0.05
(Table 11). However, of all the subsections of the MDPQ, two have relatively strong correlations with
engagement scores: communication and calendar. Without qualitative feedback from participants, it
is difficult to know whether this is a potentially meaningful finding. However, it is likely that the
weak correlations with the majority of the sub-sections is due to the lack of relevance of the MDPQ

to digital health self-management activities and tasks.

Konig et al. (Konig et al., 2022) developed an assistive technology system, MEMENTO, which consists

of two tablets and a smartwatch to help people with dementia and their caregivers to facilitate daily
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life. The trial lasted for three months with 15 participants in the test group and 15 participants in the
control group. At the beginning of the trial, the technical proficiency of the participants who needed
to use the system was assessed using a Likert scale based on their information and usual use of
technical equipment. The results showed that the participants were willing to engage with the
system, but the correlation between the frequency of MEMENTO usage with technical proficiency
was low for both patient and caregiver. However, the MEMENTO study only had 30 participants
who used the system for 3 months, which is a relatively short period of time compared with the
ProACT study. In addition, the authors assessed user engagement through surveys (e.g., User
Engagement Scale (O'Brien and Toms, 2010) and System Usability Scale (Brooke, 1996)), but did not

assess system usage data, which is also different from this PhD project.

A possible interpretation of the finding that correlation between technical proficiency and
engagement with digital health self-management is weak is that technical proficiency does not
predict engagement. However, as noted above, the methods of assessment used might impact this.
For example, the MDPQ does not assess proficiency with digital self-management activities, while
the Memento study used questionnaires rather than system data to assess engagement. In relation
to technical proficiency, it may be useful to find a more suitable way to evaluate participants’
technical proficiency as it relates to digital self-management activities. This could potentially support
personalised and targeted training for individuals prior to their usage of digital health technology,
which could positively impact engagement. Nowadays, many studies are beginning to use the
eHealth Literacy Scale (eHEALS) (Norman and Skinner, 2006) to assess participants' perceived skills in
using information technology for health promotion, which can also determine the fit between
eHealth programmes and participants (Oh et al., 2021). In addition, the eHEALS has been used in
many studies related to chronic disease or older adults. However, the eHEALS questionnaire does
not provide an explicit assessment or rating of digital health literacy, which could be used to
determine someone’s ability to use eHealth technology (Faux-Nightingale et al., 2022). Another way
to better understand participants' technical proficiency in studies such as ProACT is to customise a
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method (such as a questionnaire or test) to assess technical proficiency. For example, unlike the
MDPQ, the questions in this customised approach may relate to wearables, tablet use, and health

devices such as BP monitors and glucometers.

7.5.2 The correlation between mobile device proficiency and self-management

routines

According to the results of multiple regression, the correlations between devices submissions and
mobile device proficiency are weak (Table 12). However, the submitted SpO2 and BG values were
correlated strongly with the MDPS (p-value < 0.05). Only participants with diabetes were required to
measure BG, while participants with COPD were required to use pulse oximetry to measure Sp0O2
(Sp02). That is, if participants had a low MDPS, then they had a low number of BG and SPO2
submissions, and if they had a high MDPS, then they had a high number of BG and SPO2
submissions. Furthermore, most of the participants with low BP and SPO2 submission counts did not
have diabetes or COPD, so they had zero submission counts. In this case, participants with COPD and
diabetes had higher MDPS than those without COPD and diabetes. However, based on the
discussion in the previous two subsections, the correlation between MDPS and engagement was
weak. Thus, the high correlation of BG and SpO2 submissions with the MDPS may be due to the fact
that participants with diabetes and COPD require the use of medical devices due to their condition,

which is unrelated to the MDPS.

7.5.3 Recommendations

e Design, test and validate a customized questionnaire for specific digital health technology to
evaluate participants’ technical proficiency in relation to digital self-management activities.
Administering such a tool prior to an individual’s use of a digital health platform would allow

for training targeted to areas of specific need.
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7.6 Implication of the findings

There are several implications of older adults engaging with digital health self-management, that

span digital inclusion policies, health outcomes, health systems, cost-effectiveness, and health

policy.

As outlined in the Introduction chapter, the global population is ageing. In 2020, the number of
people aged 60 and over exceeded the number of children under 5 (World Health Organization,
2022b). The world’s population of people aged 60 years and over will be 2.1 billion by 2050. As the
problem of ageing continues to grow, incident rates of chronic diseases are increasing and health
care systems are under increasing pressure, both in terms of staffing and finances. In 2016, the
average health care cost for people over 65 in the U.S. was $11,316 per person per year (Androus,
2023). In 2015, cardiovascular diseases cost the EU almost €111 billion (European Commission,
2021). In addition, the shortfall of health care workers (physicians, nurses and other health care
professionals) in the EU was 1.6 million in 2013 and is projected to reach 4.1 million by 2030 (World
Health Organization, 2016). Digital health technologies, designed to support people to manage their
health and well-being at home, have potential to improve health outcomes and alleviate health
system pressures. For older adults with multimorbidity, self-management of their conditions and
daily routines can be very difficult, not only because ageing can lead to different conditions such as
hearing loss, eye problems, back pain and memory loss (World Health Organization, 2022b), but also
because the complexity of multimorbidity requires older adults to perform a variety of tasks for their
own well-being, such as health monitoring, medication taking, nutrition and daily activities (UK
National Guideline Centre, 2016). While digital health technology can help older adults with
multimorbidity cope with complex tasks, there are a number of factors that affect digital health
technology engagement, such as technology acceptance (Peek et al., 2014) and healthcare
technology self-efficacy (Rahman et al., 2016). Peek et al. (Peek et al., 2014) point out that expected

benefits of technology, need for technology, and social support can influence the acceptance of
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health and well-being home-based technology for older adults. Likewise, healthcare technology self-

efficacy can be improved by support from a community and can enhance users’ trust of health care

interventions (Willis, 2016, Chamorro-Koc et al., 2021).

However, the results of this PhD project show that older adults are willing and able to use digital

health technology, with high levels of engagement overall. In addition, in this study, the health of

older adults with multimorbidity improved over the trial period. There are a number of implications

of this finding, when viewed in the context of ageing populations and increased pressure on health

systems. Firstly:

Governments should consider digital health policies that are inclusive of older adults, for
example by providing cost-effective access to digital health technology, implementing
training programmes to improve digital and health literacy, and ensuring the necessary
infrastructure, such as broadband availability.

Designers and developers of digital health technology should not dismiss older adults as
potential end users of their products and should strive to develop technology that is as easy
to use as possible and that is designed with older adults' needs in mind. The development of
guidelines and standards for the design of such technologies, particularly for older adults,
will be important.

Healthcare systems should integrate digital health technologies into their practice,
prescribing them as part of their patients' care plans. For example, wearable devices could
be issued to older adults with chronic conditions to record healthcare data and for self-
monitoring. Healthcare professionals should not discount older adults as possible users of
such technology. Government reimbursement models could encourage uptake of digital

health technologies by both healthcare organisations and individuals.
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7.7 Limitations

There are some limitations to the research project presented in this thesis which should be noted.
Firstly, while the sample size of 60 was relatively large for a digital health study, the sample size for
some parameters was small because not all participants monitored all parameters. Secondly, the
participants were clustered based on weekly submissions of parameters only in the second study. If
more features were included in the clustering, such as the intervals of submissions, participants
might have been grouped differently. It should also be pointed out that correlation is not a causality
with respect to analysing engagement rates with outcomes. For example, the higher proportion of
people with diabetes in the highly engaged user group does not mean that diabetes is the reason for
the higher engagement of these participants. Finally, the mobile device proficiency questionnaire
was possibly not appropriate for this study to assess participants' technical proficiency as it relates to
digital self-management activities. As discussed in Chapter 6, there were many questions in the
MDPQ that were not related to digital health devices and this may account for the weak correlations

observed.

7.8  Opportunities for Future Work

There is scope for future work to further the research presented in this PhD thesis. The dataset used
in this thesis could be further analysed through time series analysis. For example, the relationship
between the number of submissions and time (in days) throughout the trial could be analysed to
determine if there is a seasonal pattern over the course of a month or a year. Time series analyses
could also be used to understand how participants' health conditions change over time. Additionally,
such analyses could show how long the participants' health remained stable after using the
healthcare devices. Another interesting question might be to look at engagement before and after
an exacerbation (e.g. a high or low symptom reading causing an alert). For example, did people

reduce their engagement in monitoring or a certain lifestyle activity (e.g. physical activity) prior to
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the exacerbation? After an exacerbation, did they re-engage and did that consequently lead to

stabilisation of symptoms?

A larger scale trial with a larger number of participants with each type of chronic condition is needed
to confirm the findings from the three studies presented in this thesis, as well as to assess what
levels of engagement are required for the ProACT platform to be effective in terms of improving
health outcomes and reducing unscheduled healthcare utilisation. Future work could explore which
types of notifications and prompts are most effective for promoting effective engagement in certain
situations or for certain cohorts, through conducting a series of micro-randomised experiments, with
the goal of developing an optimised intervention. As noted in the recommendations above, there is
also scope for researchers to explore how best to design a smarter, more contextually-relevant self-
reporting feature that maximises engagement. An optimised digital health intervention could then

be evaluated in a larger randomised controlled trial to assess a range of outcomes.

Finally, a customized questionnaire to assess participants’ technical proficiency in relation to digital
health self-management activities, could be developed, tested and validated. Based on an
individual’s responses to the questionnaire, specific training programmes could be developed to
help participants use and understand digital self-management technologies. Such training could
remove barriers such as low technology acceptance and low technology proficiency wherever

possible.

7.9 Conclusion

Ageing demographics, the increase in the number of chronically ill patients and the increase in the
workload of care by healthcare professionals has led to a growing demand for structural reform
within health care systems to drive care to the community, providing individuals with opportunities
to better self-manage their health and well-being from home, through the use of digital health
technologies. Effective self-management can only be achieved if people engage with self-

management tasks and activities, however, and this can be particularly challenging for older adults
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with multimorbidity who may have limited technical proficiency and who face complex self-

management routines.

The aim of this PhD project was to explore patterns of engagement of older adults with
multimorbidity with digital self-management over a longitudinal period, in particular with
monitoring their symptoms (e.g., BP) and well-being (e.g., activity, self-reported mood). The findings
revealed the potential of a digital health platform, such as ProACT, to empower older adults with
multimorbidity to engage in digital self-management. Several contributions to the field of digital
health were made. Firstly, this thesis provides an understanding of the patterns of engagement with
digital self-management technologies and behaviours of older adults with multimorbidity — an
understudied cohort in the field of digital health research. The findings presented in this thesis
indicate that this cohort engaged in digital self-management for a period of approximately one year,

with high levels of user retention and frequent and regular digital self-management routines.

The second contribution is that findings from the analysis presented in this thesis have led to the
development of recommendations for researchers, designers and developers of digital health
technologies to help maximise engagement and therefore potential impact of such technologies. For
example, the analysis found that digital health devices with fewer manual operations are higher
utilised than those with more manual operations while fixed daily routines using different digital
health devices can help increase engagement among older adults with multimorbidity. Notifications
are a useful way to help older adults with their daily routines and mornings are a good time to send

them.

Higher levels of engagement with digital health monitoring may result in better outcomes, such as
symptom stabilisation and increased levels of PA for older adults with multimorbidity. The analysis
found a non-linear positive correlation between the frequency of use of digital health devices and

the physical condition of participants.
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Mobile device proficiency, as evaluated through the Mobile Device Proficiency Questionnaire,
designed specifically for older adults, does not predict engagement with digital health technologies.
Even though participants of the study had low levels of mobile device proficiency, they engaged with
digital self-management throughout the 12-month trial period. However, consideration should be
given to the development of a questionnaire to assess an older adult’s digital health technology
proficiency or literacy prior to them engaging in digital self-management, so that targeted,
individualised training programmes can be developed with a view to maximising effective

engagement.

The final contribution is that this thesis outlines several potential implications of this research,
including health outcomes, healthcare system efficiencies and healthcare policy. For example,
empowering older adults with multimorbidity to engage in digital self-management can lead to
better healthcare outcomes, which ultimately could result in less unscheduled healthcare utilisation,
lower healthcare costs for both patients and healthcare systems and new reimbursement models
that provide healthcare organisations with incentives to integrate digital health technologies into

their practice.
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