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Abstract
Asthma is a chronic lung disease that has significant public health and economic impact.
Nonadherence to asthma medications can lead to poor treatment response and poor
asthma outcomes. Digital health technologies have been shown to improve asthma
medication adherence as well as asthma outcomes. The purpose of this quantitative
research study was to examine the relationship between patient characteristics and mobile
app engagement and the relationship between patient engagement with a digital inhaler
app and asthma control in adult patients with uncontrolled asthma who were assigned to
use a digitally enabled asthma medication and accompanying app for asthma therapy.
Several theoretical models, including the technology acceptance model and self-
determination theory, formed the conceptual framework for the study. Data were used
from the CONNECT2 (2021-2022) randomized control study designed to evaluate the
impact of the digital inhaler technology on asthma control. The results of logistic
regression analyses showed that Whites had 3.63 greater odds of engaging with the app
than non-Whites and there was a 1.024 increase in the odds of engaging with the app for
every 1-year increase in age. There was a statistically significant relationship between
app engagement and asthma control at the end of the primary study. Implications for
positive social change include a better understanding of the association between patients
engaging with digital inhaler technologies and their asthma control that offers objective
information to healthcare professionals, payers, and policymakers on whether patient

engagement can help patients achieve improved asthma outcomes.
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Chapter 1: Introduction to the Study

Asthma is a chronic disease of the airways that affects more than 300 million
people worldwide (Dharmage et al., 2019). Asthma that is well-controlled minimally
affects daily life, whereas uncontrolled asthma can lead to significant costs and public
health burden due to emergency department (ED) visits, asthma-related hospitalizations,
and work and school absenteeism (Centers for Disease Control and Prevention [CDC],
2019). Most asthma cases can be controlled with current asthma medications, but studies
have shown that 30%-50% of patients with asthma are nonadherent to their asthma
controller medications, with adherence rates as low as 66% (Bidwal et al., 2017).
Nonadherence to asthma controller medications is a risk factor for uncontrolled asthma
(Mosnaim et al., 2021b) and can cause asthma worsening, increased healthcare costs
(Bidwal et al., 2017), and asthma exacerbations (Moore et al., 2021). Suboptimal
adherence to asthma controller medication can also lead to failure to achieve treatment
goals and is associated with significant morbidity and mortality. Increasing patients’
adherence to their prescribed asthma controller medication is vital in achieving and
maintaining asthma control and reducing the burden of asthma.

The reasons for nonadherence to asthma medications are multifaceted, and
adherence has historically been assessed using subjective or surrogate measures like refill
rates, dose counting, or patient report. Recently, more objective measures of adherence,
such as digital health tools like inhaler electronic medication monitoring (EMM) devices,
have been shown to improve asthma adherence and asthma outcomes (Mosnaim et al.,

2021a). However, the impact of engagement with these tools on asthma outcomes



remains uninvestigated in the literature. This study aimed to investigate the relationship
between engagement with an EMM digital inhaler device smartphone application (app),
hereafter referred to as “app,” and asthma control, which is an asthma outcome that can
be measured with a simple validated questionnaire called the asthma control test (ACT).
Understanding the impact of engagement with a digital inhaler app on asthma control can
significantly impact social change by providing objective information about whether
patient engagement leads to improved outcomes and can give insight into the mechanism
through which patient engagement with these technologies may result in asthma outcome
change. This information can inform patients, healthcare professionals (HCPs), payers,
public health professionals, and policymakers about the usefulness of these technologies
in supporting asthma control, improving quality of asthma care, and ultimately reducing
the public health and economic burden driven primarily by nonadherence to medications.
The following chapter will provide background information to include a review of
asthma, digital health, and engagement. The chapter will also describe the problem
statement, purpose of the study and research questions, theoretical framework, and nature
of the study, along with definitions, assumptions, scope and delimitations, limitations,
and significance of the study, including potential contributions.
Background

The Epidemiology of Asthma

Asthma affects 262 million people globally (Global Health Metrics, 2020) and
approximately 25 million people in the United States (CDC, 2023). Across the world, the

prevalence and incidence of asthma continue to grow, primarily due to genetics, risk



factors, and economic globalization (Nunes et al., 2017). Asthma affects people of all
ages but has been found to peak during childhood. Asthma incidence rates have been
reported to be 23/1,000 per year among children ages 5 years and under and 4.4/1,000 per
year in children ages 12-17 (Winer et al., 2012). Recent asthma prevalence in the United
States was 6.5% for children < 18 years of age (approximately 4.7 million children) and
8.0% for adults > 18 (20.3 million adults) (CDC, 2023). Adult females reportedly have a
higher prevalence of asthma (9.7%) compared to adult males (6.2%; CDC, 2023), and the
incidence of asthma is 1.8 times greater among adult females compared to adult males
(Winer et al., 2012). The prevalence of asthma among girls and boys (age < 18 years) is
5.6% and 7.3%, respectively (CDC, 2023).

In terms of race and ethnicity, approximately 14.8 million Whites, 4.2 million
Blacks, 3.9 million Hispanics, 743,633 Asians, and 565,984 American Indian/Alaska
Natives report having current asthma (CDC, 2023). Asthma incidence among non-
Hispanic White adults was 3.9/1000 compared to 3.2/1000 for non-Hispanic non-White
adults and 4.0/1000 for Hispanic adults (Winer et al., 2012). Racial and ethnic disparities
exist in asthma. For example, non-Hispanic Blacks are 40% more likely to have asthma
than non-Hispanic Whites (Office of Minority Health, 2021a). Non-Hispanic Blacks are
also nearly 3 times more likely to die from their asthma compared to their non-Hispanic
White counterparts. Non-Hispanic Black children are 5 times more likely to be
hospitalized and experience a death rate that is 8 times greater than non-Hispanic White
children. Hispanics are twice as likely to have emergency department visits due to their

asthma compared to non-Hispanic Whites, and the asthma prevalence among Puerto



Ricans is twice that of the overall Hispanic population (Office of Minority Health,
2021b). Puerto Rican children are 3 times as likely to have asthma and Hispanic children
are 40% more likely to die from asthma than non-Hispanic Whites.

The Public Health and Economic Burden of Asthma

Hospitalizations and ED visits due to asthma can cause a significant public health
and economic burden. Over a 10-year span from 1996 to 2016, spending on respiratory
conditions increased by a total of $71.7 billion, from $99.1 billion in 1996 to $170.1
billion in 2016 (Duan et al., 2022). Asthma accounted for 20.8% of the total respiratory
healthcare expenditure in 2016, which was approximately $35.5 billion. The largest
expense in asthma care was the cost of prescription drug products, which accounted for
48% or $17 billion of the total asthma spend. According to recent data from the CDC,
there were 1,565,920 asthma-related ED visits and 169,330 hospitalizations due to
asthma in the United States in 1 year (CDC, 2021).

Results from a panel survey with 10,237 people who were treated for asthma
showed that all combined asthma costs were as high as $81 billion in 2013
(Nurmagambetov et al., 2018). Approximately $50.3 billion of those costs were due to
medical costs, $29 billion were due to asthma-related mortality, and $3 billion were
related to costs associated with missed school and work. The per-person incremental
asthma costs were $3,266, of which $1,830 were due to prescription drug products, $640
were from office visits, $529 were from hospitalizations, $176 were due to hospital-based

outpatient visits, and $105 were from emergency room visits.



The Pathophysiology of Asthma and the Anatomy of an Asthma Exacerbation

Asthma-related hospitalizations and ED visits are primarily driven by asthma
exacerbations (i.c., “asthma attacks™). The pathophysiology of asthma is heterogenous
and complex, but a basic understanding of asthma pathophysiology and the anatomy of
an exacerbation is essential to understanding the importance of asthma treatment and
adherence to asthma medications. Asthma is primarily driven by inflammation of the
airways caused by various inflammatory cells. Asthma is also characterized by airway
hyperresponsiveness (or “airway narrowing’) where the airways become increasingly
sensitive to stimulants and irritants that ultimately causes permanent (or “fixed”’) and
variable airway obstruction and airway remodeling that results from repeated episodes of
increasing inflammation (Bush, 2019). The symptoms of asthma are driven by the disease
pathophysiology and include cough (an increased reflex expulsive effort), wheeze, chest
tightness, and shortness of breath (or dyspnea) that occur because of the airway
obstruction and airway inflammation.

The “anatomy” of an asthma exacerbation can be described in two phases known
as the early phase and late phase (Bush, 2019). The early phase begins with the
production of antibodies by the immune system in response to stimulants or irritants such
as environmental triggers like smoking or viruses. The inflammatory cells that are
released cause the smooth muscle cells of the airway to contract, which leads to airway
narrowing (also referred to as bronchoconstriction). In the late phase of an asthma attack,
Th2 lymphocytes produce various interleukins that communicate with other cells to

localize within the lungs and both sustain and enhance the ongoing bronchoconstriction



and inflammatory response to the trigger (Bush, 2019). This leads to variable or
intermittent airflow obstruction and increased work of breathing. In addition to increased
inflammation and exaggerated hyperresponsiveness, during an asthma attack there is an
increase in airway mucous production. Combined, these mechanisms cause the
compliance of the lungs to change, which leads to increased symptoms and makes it
difficult to breathe. Eventually, with repeated episodes, the basement membrane of the
lungs begins to thicken, which results in irreversible fixed airway obstruction. It is
imperative to understand the mechanisms of inflammation and bronchoconstriction to
appropriately treat asthma and exacerbations of the disease.
Pharmacologic Treatment for Asthma and Asthma Exacerbations

The pharmacologic approach to treating asthma consists of controller
medications, reliever or rescue medications, and add-on therapies for patients with more
severe asthma (Global Initiative for Asthma, 2022). Controller medications contain
inhaled corticosteroids (ICSs) that are used to reduce inflammation, control symptoms,
and reduce the risk of exacerbation and lung function decline (Global Initiative for
Asthma, 2022). Typically available in low, medium, and high doses, and available as
metered-dose, breath-actuated, dry powder or aerosol inhalers, ICS-containing products
are the mainstay of asthma therapy and should be taken as prescribed to maximize
therapeutic effectiveness. Examples of ICSs that are used for the treatment of asthma are
fluticasone propionate, beclomethasone dipropionate, budesonide, and mometasone.
Additional examples of ICS-containing products can be found in Table 1. Controller

medications are available as ICS alone or as combination therapy, which can contain an



ICS and long-acting beta agonist (LABA), an ICS and a long-acting muscarinic
antagonist (LAMA) that regulate mucous secretion and smooth airway muscle in one
device, or an ICS/LABA/LAMA (Global Initiative for Asthma, 2022). The addition of a
LAMA to ICS/LABA is considered an add-on therapy for asthma that remains
uncontrolled despite treatment with medium or high-dose ICS/LABA. Currently, there is
only one FDA-approved triple therapy (i.e., ICS/LABA/LAMA) that is available in a
single inhaler in the United States. Table 1 provides a list of ICS combination

medications by generic and brand name.



Table 1

Examples of Inhaled Corticosteroid and Inhaled Corticosteroid Combination Asthma

Medications Listed by Generic and Brand Names

Generic name

ICS asthma medications

Brand names

Beclomethasone dipropionate

Budesonide

Ciclesonide
Fluticasone furoate

Fluticasone propionate

Qvar Redihaler®

Pulmicort Flexhaler®
Pulmicort Respules® (inhalation suspension)

Alvesco® Inhalation Aerosol
Arnuity Ellipta®

Flovent® HFA

Flovent® Diskus®

ArmonAir® RespiClick®

ArmonAir® Digihaler® (connects with a companion
mobile application)

ICS combination asthma medications

Budesonide (ICS) and Formoterol
(LABA)

Fluticasone furoate (ICS) and Vilanterol
(LABA)

Fluticasone furoate (ICS), Umeclidinium
(LAMA), and Vilanterol (LABA)
inhalation powder

Fluticasone propionate (ICS) and
Salmeterol (LABA)

Mometasone (ICS) and Formoterol
(LABA)

Symbicort®

Breo™ Ellipta™

Trelegy® Ellipta®

Advair® Diskus®

Advair® HFA

AirDuo® RespiClick®

AirDuo® Digihaler®

Wixela Inhub® (generic version of Advair Diskus)

Dulera®

Note. Adapted from Inhaled Corticosteroids, by the American Academy of Allergy Asthma and

Immunology, 2020 (https://www.aaaai.org/Tools-for-the-Public/Drug-Guide/Inhaled-Corticosteroids).
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Rescue medications are given to patients with asthma to provide quick relief of
symptoms during asthma worsening or an asthma attack. They are also used as
prophylaxis to treat the airway before exercise. Rescue or “reliever” medications are
beta-agonist products that target airway smooth muscle cells to reduce
bronchoconstriction or narrowing of the airways and to prevent exercise-induced
bronchoconstriction. Rescue medications are divided into two subclasses: short-acting
beta agonists (SABASs) and ICS-formoterol products in what is now called maintenance
and reliever therapy or MART. Formoterol is a long-acting beta agonist (LABA), which
is often used along with ICSs as maintenance medication while SABAs are used as
needed for more immediate relief. Examples of SABA medications can be found in Table
2.

Table 2
Examples of Short-Acting Beta Agonist Asthma Medications Listed by Generic and Brand

Names

SABA asthma medications
Generic name Brand names
Albuterol sulfate Ventolin® HFA
Proventil® HFA
ProAir® RespiClick®
ProAir® Digihaler®
Note. Adapted from Respiratory Inhalers at a Glance, by the Allergy and Asthma Network, n.d.

(https://allergyasthmanetwork.org/news/inhalers-at-a-glance-posters-resources/).

Other therapies that are used as add-on therapies in patients who have severe or
difficult-to-treat asthma include leukotriene antagonists that prevent leukotriene-induced
inflammation; low-dose azithromycin, which has anti-inflammatory effects; bronchial

thermoplasty; low-dose oral corticosteroids as a last resort; and biologic therapies. For
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the purposes of this discussion, only inhaler medication and biologic therapies will be
addressed. Biologic therapies target various cells of the immune system in patients who
may or may not have an allergic or eosinophilic phenotype and are administered
intravenously or via subcutaneous injections. To date, there are six FDA-approved
biologics for severe asthma:

e Add-on anti-immunoglobulin E (anti-IgE)—e.g., Xolair® (Omalizumab)

e Add-on anti-interleukin-5/5R—e.g., Nucala® (mepolizumab), Cingair ®

(Reslizumab), Fasenra® (Benralizumab)
e Add-on anti-interleukin-4Ra/13—e¢.g., Dupixent® (Dupilumab)
e Add-on antithymic stromal lymphopoietin—Tezspire® (Tezepelumab)
(Brusselle & Koppelman, 2022)

Biologics are an effective treatment option in a select group of patients with asthma, but
they are also a more expensive treatment option. For example, omalizumab, which is an
anti-IgE and the first available asthma biologic, has been shown to cost from $21,000 to
$62,000 USD annually (Menzella et al., 2021), while the total annual cost of asthma
prescription medication has been shown to be $1,830 per person (Nurmagambetov et al.,
2018). The average cost per unit of Advair Diskus®, a branded ICS/LABA inhaler
medication, was $334 between January 2015 and November 2020 and $115 per unit for
Wixela™, the generic ICS/LABA (Wang et al., 2022). According to research by Wang et
al. (2022), ICS/LABA is both clinically effective and cost-effective, but adherence is
critical to maximize effectiveness of the ICS-containing products. A recent real-world

retrospective claims study by Bender et al. (2022) showed that 63% of patients who were
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advanced to add-on biologic therapies were nonadherent to their ICS-containing products
in the previous 12 months. Fifty-five to 70 of the patients in the study had uncontrolled
asthma, and 346 of 509 patients examined had at least one exacerbation in the previous
year. Given that suboptimal medication adherence can lead to poor asthma control, this
study highlights the need for patient adherence in order to achieve asthma control and
potentially reduce costs associated with poor control and the use of more expensive
biologic therapy.
The Impact of Asthma Medication Nonadherence

It is critical that patients maintain medication adherence and take their asthma
medication as prescribed (Global Initiative for Asthma, 2022), but adherence rates to
asthma medication can vary between 30% and 70% (Bender et al., 1997). Whether
intentional or nonintentional, nonadherence to asthma controller medication has been
associated with poor asthma control, overuse of SABA reliever medication, frequent
asthma exacerbations, and significant downstream costs, including the use of expensive
add-on therapies like biologics (Brennan et al., 2021). For example, a study in patients
who were using add-on biologics and were < 50% adherent to their ICS/LABA
medications showed that these patients had more frequent exacerbations and required
more oral steroids to treat their asthma than patients with good medication adherence
(d'Ancona et al., 2020). Furthermore, in large study of 30,569 patients with asthma
evaluating adherence, regular use of ICS led to a 34% reduction in asthma
hospitalizations (Suissa et al., 2002). In the United States, the costs of nonadherence to

medication in general have been estimated to be $100 to $290 billion, with the cost for
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nonadherence in respiratory disease ranging from $804 to $36,529 per patient annually
for the group of patients with the lowest medication adherence (Cutler et al., 2018).
Measuring Adherence

The Global Initiative for Asthma (GINA, 2022) recommends that medication
adherence be assessed prior to advancing therapy. GINA was created in 1993 by the
National Heart, Lung, and Blood Institute (NHLBI) and the World Health Organization
(WHO) to raise global awareness about asthma and to develop a mechanism to translate
scientific evidence into recommendations for improvement in asthma care. Based on
evidence, GINA recommends assessing adherence in all patients with asthma and
provides strategies for physicians to identify nonadherence. Even with these
recommendations, identifying nonadherence remains a challenge. Traditional surrogate
measures of adherence such as counting medication doses and prescriptions or weighing
dose counters do not fully describe whether patients actually take the medication
(Lindsay & Heaney, 2013). For example, patients may pick up the medications
prescribed but not use them, which only provides information about medication
possession but no information on true medication adherence behaviors. Prescription
records like refill rates only provide an account of the percentage of medication that
should have been used, and dose counting is subject to “dose dumping” where patients
discharge the inhalers to move the dose counter down to a satisfactory number that would
reflect their expected inhaler use. Subjective measures of adherence such as physician
assessment, patient diaries, and patient self-reporting are subject to overestimation of

adherence and recall bias. Given these traditional measures, it is often difficult for
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clinicians to accurately assess medication adherence, although adherence assessment is
recommended for all patients by GINA. It is rare that clinicians have true awareness of
how and when patients take their medication, and getting a more accurate picture is often
impacted by time constraints and the ability to access all the data that they need to make a
proper assessment (Brennan et al., 2021). Digital health strategies, such as EMMs that are
attached to or built into inhalers and associated apps, have recently emerged as a newer
and more objective way to assess medication adherence and bring the promise of
improved respiratory care management.
Introduction to Digital Health

The term “digital health” refers to a newly established discipline that incorporates
information technologies and communication technologies into clinical medicine, and
other health-related professions, to diagnose, treat, and prevent disease, to manage health
risks, and to promote health and wellness (Ronquillo et al., 2022). Integration of
information technology in healthcare involves electronic technologies such as electronic
medical records systems, computerized health registries, and electronic prescribing that
are used to manage health-related information of both individuals and populations of
people (Agency for Healthcare Research and Quality, 2019). Communication
technologies in healthcare involve various modalities that allow communication between
healthcare providers for patient care or between a healthcare provider and a patient and
can include the use of traditional telephone communication, internet communications,
and, more recently, telemedicine (Lucas, 2008). Telemedicine, which began as early as

the 1970s to allow physicians to use telecommunications technologies to examine



14

patients, has since expanded as a communications technology and is now considered
under the umbrella of digital health.

Digital health as a topic or discipline also includes mobile health (also referred to
as mHealth) such as medical apps for smartphones or tablets; wearable devices for health
monitoring and wellness tracking; technologies intended for use as medical products;
technologies within medical products; technologies used as companion diagnostics or as
an adjunct to other medical products such as devices, drugs, and biologics; and
technologies used to develop or study medical products (Food and Drug Administration,
2020). Digital health technologies used in asthma include wearables, digital inhalers and
inhaler devices, and digital diagnostic and other health measurement tools like pulse
oximeters and digital spirometers that measure lung function.

The “Anatomy of Digital Health”

The “anatomy of digital health” refers to the makeup of digital health and how
digital health systems, products, and services are built (Ronquillo et al., 2022). Digital
health comprises telehealth and telemedicine, mobile health, wearable devices (e.g.,
smartwatches and body sensors), and personalized medicine (Food and Drug
Administration, 2020). Digital health also includes remote sensing devices, health
information and digital health records, data analytics and predictive modeling, patient and
physician portals, decision support systems, bioinformatics technologies, health and
wellness behavioral modification technologies, and technologies for diagnosis,
medication compliance, and treatment such as digital therapeutics (DTx; Ronquillo et al.,

2022).
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Digital therapeutics combine novel technology with traditional medications
(Martani et al., 2020). Digital therapeutics are grouped under the category of “digital
medicine,” which consists of technology-adapted products for disease diagnosis and
management that undergo rigorous clinical validation (Sverdlov et al., 2018). Digital
therapeutics are prescribed therapies that are subjected to regulatory approvals and may
be a standalone app (e.g., an app to change diet or exercise) or a product accompanied by
a smartphone app used to transmit data collected by technology-enabled therapies.
“Digital pills,” an example of a digital therapeutic, are a recent advancement in the field
of digital medicine (Martani et al., 2020). Digital pills are medications that contain an
ingestible sensor and a wearable patch and connect to a mobile app that links to an
external server to collect data on patients’ lifestyle habits such as medication adherence
behaviors. Digital therapeutics, like digital pills, are built to integrate traditional
medications with novel technologies. For example, the digital pill contains a traditional
medication that is coencapsulated with an ingestible sensor (Martani et al., 2020).
Another example of a digital therapeutic is the recently FDA-approved digital asthma
inhaler (Digihaler®) medication that incorporates a battery and a Bluetooth-enabled
sensor that connects to a smartphone app to detect and record patients’ inhaler medication
use (Teva Pharmaceuticals, 2020). The secondary dataset used for this research study
includes data collected from this digital inhaler system (inhaler, app, and web-based

dashboard) and will be further described.
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The “Physiology” of Digital Health

The “physiology of digital health” describes how digital health systems, products,
and services work (Ronquillo et al., 2022). Digital technologies currently work within a
wide range of uses, including health and wellness apps (i.e., fitness trackers) and apps as
a medical device (Food and Drug Administration, 2020). Digital health technologies are
being used to reduce costs and inefficiencies, to improve healthcare access and quality of
care, and to provide more personalized medical treatment for patients. Digital health
systems, products, and services can achieve these advancements in healthcare by
facilitating disease prevention, early diagnosis of life-threatening diseases, and the
management of chronic conditions outside of traditional health care settings.
Smartphones and smartphone apps, the internet, and social networks work either as
standalone strategies or in conjunction with devices and other technologies to improve
communication, data collection and access, and health and disease monitoring.
The “Embryology” of Digital Health

The “embryology” of digital health describes the evolution of digital health
systems, products, and services and how they continue to advance. Discussions about the
use of computers to advance healthcare began as early as the 1960s with the thought that
computers could allow doctors to receive medical results faster, gain access to literature,
and potentially reduce medical errors (Ambinder, 2005). Although there was some use of
technology in medicine at that time, adoption of technology by clinicians was limited
because the technology was slow, unpredictable, unwieldly, and expensive. Physicians

also preferred their autonomy and had barely any interest in using technology to support
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their clinical decision making. As technology and networking interfaces that connected
computers evolved in the 1980s and the internet began to take hold in the 1990s, more
cooperative relationships between patients, caregivers, clinicians, and researchers began
to be established, and medical research and data generation began to grow. In the early
2000s, the use of electronic health records (EHRs) came to the forefront with the goal of
having all providers using EHR within 10 years, and electronic information standards
began to accelerate.

Digital health technology has since evolved from the use of simple computer
systems in healthcare to telehealth, wearable devices, and various technologies that
connect to smartphone apps. With the rise of social networks that allowed people to
become more familiar with technology and the social distancing requirements in response
to the COVID-19 pandemic, the use of digital platforms and smartphone apps increased
significantly (Dettori & Castiglia, 2022). Patient-facing smartphone apps are now being
used to support self-management of disease, symptom monitoring (Ferretti et al., 2019),
adherence monitoring, health education, and healthcare delivery. Health-related apps
target a number of different therapeutic areas and health issues (Ferretti et al., 2019).
Enthusiasm for and use of these apps have grown along with privacy and security issues
that coincide with exchange of health-related data. With the growth of technology and
smartphone apps in healthcare, guidance from regulatory agencies around digital health
continues to expand, and patient utilization of, and engagement with, digital health

technologies and smartphone apps continue to evolve.
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Introduction to Digital Health Engagement

As it relates to health-related apps and digital health technologies for behavior
change, the term “engagement” refers to the use, interactions, or involvement that a user
chooses to have with the technology over time (Bickmore et al., 2010). The extent to
which users engage with technology is influenced by their investment and whether they
are getting what they need from the technology (Torous et al., 2020), essentially whether
they find it “useful.” The theoretical framework between usefulness and technology
adoption will be described later in this chapter, but usefulness, along with ease of use, has
been shown to drive adoption and utilization of technology (Davis, 1989). Measures of
engagement will also be described later.

Engagement operates along a continuum from superficial to deep that is
influenced by the nature of the interaction, contextual constraints, and the users’ health
goals and needs (Torous et al., 2020). For example, a patient experiencing severe
symptoms may gain a sense of accomplishment and satisfaction by simply logging in to
the app and connecting with an available patient advocate and may, therefore, have low
engagement with other aspects of the app, while another patient may need more frequent
interaction or engagement with the other app offerings to better manage their disease and
monitor disease triggers. Defining meaningful engagement is a challenge, but a study by
Chien et al. (2020) showed change in clinical outcomes regardless of the level of
engagement. The researchers found that there was a dose response where high
engagement with the technology led to greater clinical improvement. This study aimed to

examine the relationship between engagement with a digital health technology for asthma
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and asthma control, which is an important outcome in respiratory care management.
Through this study, | aimed to fill the gap in understanding whether patients should
engage with these technologies to achieve improvement in their health outcomes. This
study is needed to provide insights to patients, healthcare professionals, and payers and
policymakers who make these technologies accessible to patients on whether engagement
is imperative or if access to the technology alone may help improve asthma control.
Problem Statement

Asthma is a chronic disease the affects millions of people worldwide and is
therefore a significant public health burden. While asthma controller medications can
effectively impact disease morbidity and mortality, many patients with asthma do not
take their medications as prescribed, leading to nonadherence rates as high as 70%
(Bender et al., 1997). Digital health tools such as EMMs, smartphone apps, and clinician-
facing web-based dashboards have been developed to support improved asthma
medication adherence and were approved by the FDA as early as 2012 (Mosnaim et al.,
2021b). Results from previous studies have shown that digital health tools for asthma
have improved asthma medication adherence and improved asthma outcomes (Moore et
al., 2021), but the researchers in these studies simply provided the digital interventions to
the patients without assessing whether engagement with the digital health tool was what
led to the improved outcomes, or whether there was any association between actively
engaging with the technology and improvement in asthma outcomes. These studies did
not examine any direct links to the use of the technology and improved outcomes, nor did

they examine any relatedness or associations between the actual use of the technology
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and asthma control. Only one recent study by Kaye et al. (2021) examined engagement
with an inhaler app technology in respiratory disease, and that study showed that greater
engagement with the digital health inhaler app was associated with greater odds (OR
(95% CI) 2.08 (1.98, 2.19), p < .001) of adherence to medication in asthma and COPD,
but the study did not examine the association between engagement with a digital health
inhaler app and asthma outcomes.

To date, an association between engagement with digital health tools and asthma
outcomes in adults with uncontrolled asthma has not been identified, which is a gap in the
current body of literature. Patient characteristics related to engagement with these
technologies have also not been identified. The existing literature does not currently
provide an understanding of whether patients should be actively engaging with these
digital technologies to achieve improved asthma outcomes, nor does it provide a
theoretically based mechanism by which engagement may lead to improved outcomes.
Given the potential for digital health tools to improve outcomes and medication
adherence, this is an important and meaningful area of study because it will provide
information about the relationship between engagement with digital health tools
(specifically a digital asthma inhaler device for adherence support) and asthma outcomes
that can be used to develop strategies to improve asthma medication adherence and
overall asthma burden, inform policy, and effectively impact the future of asthma care
management. The results of this study will provide useful information about whether
patients should directly engage with a digital tool via an app to achieve improved asthma

control or if simply having the digital tool with no engagement or passive use by one-way
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feedback might be associated with improved asthma control. This information can inform
patients and healthcare providers who might use these technologies to manage asthma as
well as payers and policymakers who may provide coverage of, and access to, these
medications for patients. Results from this study can also inform future research studies
to examine the direct causal link between engagement with digital technologies and apps
and asthma outcomes.

Purpose of the Study

The purpose of this quantitative study was to examine the relationship between

patient engagement with a digital inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to use a digitally enabled asthma
medication and accompanying app for asthma therapy.

Research Questions

In this quantitative study, the following research questions were examined:

RQ1: What patient characteristics (age, sex, race, ethnicity, baseline asthma
control) are associated with engagement with a digital asthma inhaler
technology among patients with uncontrolled asthma who were assigned
to a use a digitally enabled asthma medication and accompanying app for
asthma therapy?

RQ2: What is the relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients with
uncontrolled asthma who were assigned to a use a digitally enabled

asthma medication and accompanying app for asthma therapy?
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Patient characteristics are not associated with engagement with a digital
asthma inhaler technology among patients with uncontrolled asthma who
were assigned to a use a digitally enabled asthma medication and
accompanying app for asthma therapy.

Patient characteristics are associated with engagement with a digital
asthma inhaler technology among patients with uncontrolled asthma who
were assigned to a use a digitally enabled asthma medication and
accompanying app for asthma therapy.

There is no relationship between patient engagement with a digital asthma
inhaler technology and asthma control in adult patients with uncontrolled
asthma who were assigned to a use a digitally enabled asthma medication
and accompanying app for asthma therapy.

There is a relationship between patient engagement with a digital asthma
inhaler technology and asthma control in adult patients with uncontrolled
asthma who were assigned to a use a digitally enabled asthma medication
and accompanying app for asthma therapy.

Theoretical Framework

The basis for understanding how app engagement might lead to improved

outcomes can be supported by the following theories/concepts: technology acceptance

model (TAM), self-determination theory (SDT), the Fogg behavior model (FBM), and

the concepts of behavioral change techniques (BCT) and Sama’s typology for app

engagement. The proposed mechanism from engagement to improved outcomes is
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through behavior change that begins with a three-step process, where each step is
supported by one or more of the theories/concepts. The three-step journey from
engagement to outcomes begins with adoption of the technology, followed by motivation
to use the technology, which later leads to behavior change. Prior to engaging with
technologies, users must first adopt the technologies and be motivated to use them.
Adoption of the technology is supported by the TAM, and motivation to use the
technology is supported by the SDT. The last step from engagement to behavior change
is supported by FBM, BCT, and Sama’s typology for app engagement. The following
discussion provides an overview of the theories/concepts described, including their
source and hypotheses, and how they relate to this study.
Technology Acceptance Model

The TAM, first proposed by Fred Davis (1989) as an information systems theory,
has become widely used in multiple disciplines, including healthcare. The TAM aims to
predict and explain users’ acceptance of technology through two theoretical constructs
that are fundamental determinants of technology use: perceived usefulness (PU) and
perceived ease of use (PEOU). PU is defined as the degree to which someone believes
that a technology will improve their job performance. In other words, it is the extent that
a user believes there is some perceived advantage to using the technology. Because
people tend to use systems that allow them to better enhance their job performance, and
better job performance is often associated with better pay or other positive advantages,
high PU of a system occurs when that system or technology offers a positive use—

performance relationship. PEOU refers to the level that user believes the technology will
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be free of effort. The TAM posits that a technology that is easy to use will be more likely

to be accepted by the user over a more complicated system.

The constructs of usefulness and PEOU are built from other theoretical constructs
on both performance, which supports PU, and Bandura’s self-efficacy theory, which
supports the importance of PEOU. Bandura (1989) referred to perceived self-efficacy as
an individual’s belief in their ability to successfully accomplish a course of action to
achieve specific goals. The theory further proposes that self-efficacy predicts behavior
change and that higher levels of self-efficacy correspond to increased accomplishments.
Similar to Bandura’s theory of self-efficacy, PEOU also refers to beliefs about “how
well” people can complete tasks required to handle situations (Davis, 1989). Davis also
proposed that Bandura’s theory, specifically the outcome judgement variable, also
supports PU because both theories connect successfully executed behaviors to valuable
outcomes. In this study, | aimed to understand whether there are certain characteristics
that are associated with engagement with technology, which first requires users to adopt
the technology in order to later engage with it. The TAM served as the theoretical
foundation to help explain why people would even initially use the technology and will
be further discussed in Chapter 2. The next step after initial adoption is motivation. The
SDT described below provided the theory behind the motivation necessary to further
engage with the technology.

Self-Determination Theory
SDT theorizes that human self-motivation and personality integration are driven

by growth tendencies and three innate psychological needs, which are competency,
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autonomy, and relatedness (Ryan & Deci, 2000). In support of the SDT, studies have

shown strong relationships between intrinsic motivation and an individual’s level of
autonomy, competence, and relatedness in the distal sense. The SDT posits that when the
three psychological needs are met, self-motivation increases and that it is reduced when
these psychological needs are not supported. Motivation is central to cognitive,
biological, and social regulation and is essentially what moves people to act. People are
motivated by the value they perceive in an action or by the influence to act. In the case of
this research, it is theorized that the perceived value of the technology motivates an
individual to continue to use the technology after initial adoption, and this perceived
value connects to the previous TAM that proposes that the technology must be “useful”
for adoption because if a product is useful, it may then be perceived as valuable.
The Fogg Behavior Model

In this current research, the FBM links motivation to behavior change. The FBM
proposes that for a behavior to occur, three elements must converge, which are
motivation, ability, and trigger (Fogg, 2009). According to Fogg (2009), an individual
must have a trigger and a sufficient amount of motivation and ability in place all at the
same time for the behavior to occur. While levels of motivation and ability can differ and
even trade off (i.e., higher motivation and lower ability or higher ability and lower
motivation), individuals must have some nonzero level of both motivation and ability for
the behavior to occur. Additionally, a trigger must be well-timed for a behavior to occur
and must coincide with levels of motivation and behavior. For example, a trigger can be

annoying if not well-timed and can be distracting if motivation is low or frustrating if
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ability is low. Effective persuasive technologies can increase motivation and ability as
seen with easy-to-use technologies such as one-click shopping. This idea of ease of use
boosting motivation and ability to incite a behavior links back to the TAM and SDT in
terms of ease of use and motivation.
Behavioral Change Techniques

Similar to persuasive technologies, BCTs are strategies that can also impact
motivation as well as self-regulation ability and skills (Michie et al., 2013). BCTs are
widely used in behavioral change interventions, and are there are over 100 BCTs
including self-monitoring, reinforcement, and feedback, which are considered the “active
ingredients” for behavior change. BCTSs are intricate components that can be replicated
and observed that regulate or alter processes that ultimately impact behaviors. Given the
complexity of behavior change interventions and the fact that they involve various
components that interact with each other, recent research has been focused on developing
taxonomies for BCTs for consensus. BCTs have been used individually and in
combination with other BCTs to drive behavior change. As such, developing taxonomies
will increase speed and accuracy of use. A study by Antezanna et al. (2013) examining
the prominence of BCTs in health and lifestyle apps found that nine of the 93 BCTs in
BCT Taxonomy | were common in the health and lifestyle apps investigated, with
feedback and goal-setting being the BCTs that were most frequently used. Kluger and
DeNisi (2013) conducted a meta-analysis that showed that feedback had a positive effect
on behavior. They later developed the feedback intervention theory (FIT), which is

focuses on the individual’s attention and is based on five assumptions, with the last
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assumption describing that feedback affects behavior by changing the locus of control so
that the learner feels more in charge. Feedback is a commonly used BCT and is the BCT
that was the focus of this research.
Sama’s Typology for App Engagement

Engagement has also been theorized to impact behavior change and, like BCTs,
has been categorized as seen in Sama’s typology for app engagement (Sama, 2014).
Sama’s categories for engagement related to behavior change include changing the
individual’s environment, providing social support, goal setting, progress and
reinforcement tracking, and social presentation and referencing, all of which will be
further described in Chapter 2 of this paper. Patient engagement has been linked to
improved outcomes, and digital health tools, particularly mobile apps and wearable
devices, are intermediaries for facilitating patient engagement (Birnbaum et al., 2015).
Patient engagement refers to the ability for patients to participate in their healthcare and
to feel equipped, capable, and empowered in terms of their healthcare. Digital health
tools have been referred to as low-cost solutions to help patients take control of their
healthcare journey through offerings of self-monitoring support, behavior change
strategies and techniques, facilitation of dialogue and data exchange with HCPs and other
patients, and support of understanding their disease and disease management plans. The
theoretical framework of this study focused on engagement with digital technologies

because of these offerings and the impact of engagement on improved outcomes.



28

Theoretical Framework Summary

The theoretical framework of this study serves as the basis for understanding how
app engagement may lead to improved outcomes and has been organized into a three-step
journey or process that moves from adoption (Step 1) to motivation (Step 2) to behavior
change (Step 3). The theories and conceptual frameworks previously discussed (TAM,
SDT, FBM, BCTs, and the use of Sama’s typology for engagement) provide theoretical
support of the understanding of how patients move through the three-step journey to
achieve change in outcomes using digital health technologies. First, patients must adopt
the technology, which, according to the TAM, requires the technology to be useful and
easy to use. The patient must then be motivated to use and continue to use the
technology, which requires that their psychological need for autonomy, relatedness, and
competency be met. The patient must also perceive some value in the technology, which
relates back to the PU and PEOU of the TAM because patients may perceive value in the
technology if, in their view, it is useful and easy to use and they will therefore be
motivated to use it. Motivation moves people to action, and the FBM connects to the
SDT along the journey from adoption, to engagement, and ultimately to improved
outcomes through motivation, which the FBM posits is required at some level in
conjunction with ability and a trigger to drive behavior change.

BCTs such as feedback are triggers used to elicit behavior change and have been
proven effective to positively impact behaviors. The FIT previously described supports
the use of BCTs, proposing that feedback, a widely used BCT, shifts the locus of control

to the patient, making them feel more empowered and, therefore, changing their behavior.
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The mobile app examined in this study provides feedback to patients about their inhaler
technique and medication use, and it also provides other tools for engagement such as
self-monitoring and progress tracking that can be found in the charts and graphs on
inhaler technique and medication use that will be later described. The theories and
conceptual frameworks selected in support of this study are all connected through
motivation, value, ease of use and usefulness, feedback, self-monitoring, and patient
empowerment, which provides an understanding of why patients who engage with digital
health tools may experience improved outcomes and provides the framework for the
three-step process to successfully change behavior and outcomes.
Nature of the Study

To address the research questions in this quantitative research study, the specific
research design was a retrospective cohort analysis of a secondary dataset of patients with
uncontrolled asthma who were assigned to use a digitally enabled inhaler technology for
their asthma therapy in the CONNECT2 randomized control study conducted between
2021 and 2022 that was designed to evaluate the impact of the digital inhaler technology
on asthma control (Mosnaim et al., 2024). The inhaler technology used in this study
(ProAir® Digihaler® [albuterol sulfate] and AirDuo® Digihaler® [fluticasone propionate
and salmeterol]) was recently approved by the FDA over the last 2 years
(Pharmacueticals, 2021; Teva Pharmaceuticals, 2020). As such, the product manufacturer
launched its first randomized-controlled, real-world study to examine the effectiveness of
the novel technology in patients with uncontrolled asthma (Hoyte et al., 2022). The novel

Digihaler products are drug-device combinations that require a prescription from a
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healthcare provider, thereby adding complexity to a primary study approach. For the
purposes of this research, patient access to the medications would be challenging given
the requirements for physician prescribing. As such, this study design is a retrospective
cohort study among patients across the country who were previously randomized to
receive the digital inhaler technology system or to remain on standard of care with no
access to the digital inhaler technology. A retrospective cohort approach allowed for the
evaluation of the research questions, and the data that resulted from this study will
provide insights into any associations between patient engagement with a digital health
inhaler app and asthma control.

For Research Question 1, the independent variables were patient characteristics,
including age, sex, race, ethnicity, and baseline asthma control, as defined by the initial
ACT score, and the dependent variable was the daily self-assessment (DSA) daily
question that patients voluntarily respond to in the app, which, for the purposes of this
study, is a marker of engagement with the app. For Research Question 2, the independent
variable was the DSA, and the covariates were age, sex, race, ethnicity, and baseline
asthma control, as each could independently affect final asthma control scores that will be
later discussed. The dependent variable for Research Question 2 was reported asthma
control at the end of the participant’s time in the study as defined by their final ACT
score. The data were collected from the full secondary dataset directly obtained from the
product manufacturer, Teva Pharmaceuticals, which contains the independent variables,
dependent variables and covariates. The existing Teva Pharmaceuticals CONNECT2

study that was designed to assess the impact of an inhaler technology on asthma control
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among patients with uncontrolled asthma at study entry (Mosnaim et al., 2024) was the
source of data for this analysis. The study was conducted and the data were collected
beginning in February 2021 and ending in March 2022. The data were cleaned and
analyzed using IBM SPSS Statistics for Windows, Version 25.0. Logistic regression and
multiple linear regression were applied to the data to identify relationships between the
independent variables and the dependent variable, and regression analysis was used to
assess for any potential cofounding with the covariates. Details on the rationale for
covariate selection, data management, and analysis will be further described later in
Chapter 3 of this paper.
Definitions

Research Question 1 (RQ1) examined the relationship between patient
characteristics and app engagement.

e Patient characteristics were defined by the following independent variables:

age, sex, race, ethnicity, and baseline asthma control.

e Baseline asthma control was defined by the initial ACT score.

o ACT scores range from 5 to 25, where 5 to 19 reflects poor control of
asthma and 25 reflects complete control of asthma. ACT test-retest
reliability was 0.77, and relationships between ACT, lung function, and
quality of life have been identified (Nathan et al., 2004)

e The dependent variable was app engagement, which, for this research, was

defined as whether a participant voluntarily responds to the DSA question.
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Research Question 2 (RQ2) examined the relationship between patient engagement with
a digital asthma inhaler technology and asthma control in adult patients with uncontrolled
asthma.
e The independent variable in RQ2 was app engagement as previously
described.
e The covariates were age, sex, race, ethnicity, and baseline asthma control
defined by the initial ACT score.
o Studies have shown that age, sex, race, and ethnicity each, independently,
impact asthma control (Chen et al., 2020; Lugogo et al., 2022b; Talreja &
Baptist, 2011); therefore these variables were all considered covariates in
this study.
e The dependent variable was asthma control defined by the final asthma
ACT score.
The measurements of the variables in this study will be further defined in Chapter 3.
Assumptions
The primary study, CONNECT?2, evaluated the Digihaler® system, which includes
an FDA-approved electronic inhaler medication, a companion smartphone app, a
physician-facing dashboard, and a cloud-based digital health platform (DHP) that stores
data (Mosnaim et al., 2024). The electronic inhaler device contains asthma medication, an
internal flow sensor, a motherboard with Bluetooth® technology, and a lithium battery.
The inhaler records inhalations, air vent blocks, and exhalations that are date and time

stamped. This data are stored in the inhaler and are transmitted via Bluetooth to the
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companion smartphone app for viewing. Data from the app can then be stored in the DHP
or “cloud” and transmitted to a web-based dashboard for healthcare providers to view the
inhaler data that patients authorized sharing with their HCP. Patients also have the option
to share their data directly from the app.

During the primary study, the protocol dictated that the clinical study sites were
supposed to check the HCP-facing dashboard on a weekly basis with the intent that the
objective data from the dashboard be used to drive clinical decision-making, including
interactions with patients such as phone calls to discuss adherence or inhaler technique or
interventions such as changes in therapy (Mosnaim et al., 2024). The researchers
proposed that the dashboard-driven interactions between the patients and the physicians,
or the interventions made by physicians, further supported asthma management
(Mosnaim et al., 2024) that could potentially improve patients’ asthma control. Given
that the entire system (electronic inhaler, app, dashboard, and cloud) was evaluated in
totality in CONNECT?2 for its impact on asthma control, it is currently not feasible to
determine which individual components of the Digihaler system directly affected asthma
control. Because feedback from apps used in asthma has been shown to improve asthma
control (Mosnaim et al., 2021a), the assumption is that the app alone, given the feedback
that it provides may, in of itself, have driven improved asthma outcomes. This analysis
focused solely on the impact of the app on asthma control by way of evaluating
engagement with the app and its relationship to asthma control, but the impact of the

dashboard cannot currently be determined without the development of a future
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prospective randomized controlled study designed to specifically evaluate the dashboard
alone on asthma control.

The Digihaler system that was evaluated in the primary CONNECT?2 study also
included electronic inhalers that contained drug products; one inhaler contained a SABA
rescue medication (albuterol sulfate), while the other contained a combination
ICS/LABA product (fluticasone propionate/salmeterol; Mosnaim et al., 2024). Patients in
the intervention arm were randomized to receive the drug product, but patients in the
control arm were randomized to continue their standard of care medications and were not
switched to the fluticasone/salmeterol or albuterol study electronic products. While there
can be an assumption that the fluticasone propionate/salmeterol and/or albuterol study
drug alone may have improved asthma control, it is difficult to determine the impact of
the drug in isolation in this study compared to standard of care, which may have been any
asthma medication including fluticasone propionate/salmeterol or albuterol administered
in different inhaler devices, and different inhaler technique errors from different device
types have been linked to uncontrolled asthma (Price et al., 2017). While the clinical
studies of the mechanical inhaler medications without electronic components showed
improvement with the drug products compared to standard of care (Teva
Pharmaceuticals, 2018, 2021), those studies did not contain inhalers with electronic
components; therefore, it is difficult to assume the impact of the drug products alone in

the current dataset.
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Scope and Delimitations

In the primary CONNECT?2 real-world, pragmatic study, 427 patients were
randomized 4:3 to receive the Digihaler system or standard of care to determine the
likelihood that a patient would achieve asthma controlled as measured by ACT score >19
using a Bayesian statistical approach (Mosnaim et al., 2024). Randomization of patients
who participated from across the country increased the internal validity of the primary
research. Due to the nature of the research questions in this analysis that aimed to identify
the impact of engagement with the app on asthma control, only the subjects who were
randomized to receive the Digihaler system with the app (n = 181) could be included in
this analysis. Therefore, this research study did not include a control arm to appropriately
identify causality, thereby reducing internal validity of the study. Instead, this analysis
took a more exploratory approach to answering the research questions, which is
appropriate given the novelty of the technology and the lack of substantive prior research
evaluating the inhaler and the app. Previous research using this device only evaluated the
device and did not include the app or the physician-facing dashboard (Lugogo et al.,
2022a).

For CONNECT2 study entry, study participants had to be > 13 years of age with a
diagnosis of asthma that was uncontrolled asthma based on an ACT score < 19 at
baseline or screening (Mosnaim et al., 2024). Participants were required to have been
using an ICS and a LABA for treatment of their asthma, and inhaled albuterol as reliever
medication. Participants had to be willing to replace their current medications with the

study medication and were excluded if they were current smokers, had a longer than 10
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pack-year history of smoking, had any clinically significant uncontrolled medical
condition other than asthma that would preclude participation, had been hospitalized due
to severe asthma within the last 30 days, or had a diagnosis of COPD or asthma COPD
overlap. A theoretical foundation was not described for the primary study, but the
previously discussed theoretical construct of behavioral change techniques could support
the connection between feedback from the app and physician contact driven by the
dashboard to behavior change that leads to improved outcomes in CONNECT2. While
the researchers did not explicitly describe BCT as a theoretical construct in the original
study, they did evaluate the dashboard driven interactions and discussions, which
included feedback on inhaler technique and adherence.

The scope of this current analysis was a retrospective evaluation of a secondary
dataset obtained from the CONNECT2 study that contained variables on patient
demographics, ACT test scores, and variables related to app engagement derived from the
app analytics. The full dataset of 181 study participants who used the app was analyzed
for this research. The population included in this research consisted of patients who were
diagnosed with asthma, who had an ACT score of < 19 (uncontrolled asthma) at baseline,
and who were randomly assigned to use the Digihaler system. Patient exclusion criteria
for this analysis were consistent with entry criteria of the primary research study as
previously described. The real-world, randomized design and national recruitment
strategy of the primary research support both internal validity and generalizability of this

current analysis.
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One theoretical framework that may be applicable to this research as it relates to
adherence is Leventhal’s self-regulatory model (SRM), which is a social cognition model
that aims to describe how individuals deal with a health threat (Leventhal, 1984). The
SRM theorizes that stimuli (i.e., symptoms) cause cognitive and emotional depictions of
the health threat or illness. As such, the decision about whether to take medication is
rationalized as a potential option in coping with an illness or threat. In the primary study,
the researchers administered two validated questionnaires to identify cognitive factors
related to adherence: the Beliefs about Medicines Questionnaire (BMQ) and the Brief
Iliness Perception Questionnaire (BIPQ). The BMQ identifies reasons for nonadherence
to medications that are based on rational decisions related to cognitive variables that are
prerequisites to nonadherence such as believing that not taking the medications could
lead to unfavorable consequences or weighing the costs versus the benefits of taking the
medication (Horne, 1999). The BIPQ is a shorter version of the IlIness Perception
Questionnaire (IPQ) that measures patients’ cognitive and emotional representations of
their illness, including consequences, timeline, personal control, treatment control,
identity, coherence, concern, emotional response, and causes (Broadbent et al., 2006).
Both questionnaires were included in the primary study to identify reasons for adherence
but were not included in this study. Although asthma medication adherence has been
shown to improve asthma outcomes (Barnes & Ulrik, 2015) and reduce asthma
exacerbations (Engelkes et al., 2015), and increased smartphone app engagement has
been associated with increased medication use in patients with asthma and COPD (Kaye

et al., 2021), the CONNECT1 study showed an increased probability of achieving
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clinically meaningful asthma control when using the digital inhaler system of an as-
needed reliever product that does not require adherence for medication optimization
compared to standard of care (Hoyte et al., 2022). As such, this current analysis
investigated the relationship between engagement and asthma control.
Limitations

One key limitation from the primary CONNECT2 study that may impact this
current analysis is that the original researchers were unable to monitor whether the study
participants used any other reliever medications outside of the study medication, which
could have impacted asthma control. While randomization could account for some of the
potential limitations such as variability in use of medications in the real-world setting of
this study, cluster randomization was not used; therefore, study sites could apply
learnings from the intervention group (i.e., adherence and technique issues identified in
the dashboard) to the control group. Another limitation in this current analysis is that the
dashboard was used with great variability and there were no protocol predefined actions
that should have been taken by the physician to improve asthma control. The physicians
were queried about general dashboard driven interactions and discussions, such as
whether the interactions/discussions were related to inhaler technique or adherence, but
no specific level of detail was provided to be able to determine, with any level of
certainty, whether the physician’s contact influenced asthma control compared to patient
self-engagement with the app alone. Another limitation is that patient behaviors in this
study may have been subjected to the Hawthorne effect, where they altered their

behaviors due to their knowledge of being observed (Sedgwick & Greenwood, 2015).
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The two final limitations in this current analysis were the lack of a control group in the
analysis and the small sample size, which could reduce external validity and
generalizability.

To address internal validity, the impact of the covariates that have been
previously described (age, sex, race, ethnicity, and baseline asthma control) that could
also potentially impact final asthma control scores were analyzed for confounding. The
random assignment in the primary study that counters selection bias and regression to the
mean can help to address the potential issues with generalizability, but a prospective
randomized controlled study that specifically evaluates only the app, without access to
the dashboard, would need to be considered for future research to address causality and to
increase external validity.

Significance

This study is significant in that the results of this study provide insight into
understanding the mechanism by which digital inhaler technology improves asthma
outcomes and highlight specific patient characteristics that are associated with patient
engagement with digital inhaler technology. The findings from this study will inform
healthcare providers, payers and population health managers, public health professionals
who design asthma interventions, and policymakers on the impact of using digital inhaler
medication technologies in adult patients with uncontrolled asthma in an effort to reduce
the clinical and economic burden of the disease and nonadherence to asthma medications,
which could impact social change. Additionally, the findings can serve as the basis for

future research on digital health technologies in asthma and behavioral change
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modification and can serve as the foundation for further identification of the appropriate
patient types for the use of inhaler and app technology for improved asthma medication
adherence and asthma outcomes.
Summary

Digital health has demonstrated potential to positively impact asthma, a chronic
disease with significant public health and economic burden. More specifically, digital
inhaler technology has been shown to support improved medication adherence which is
linked to improved outcomes. This quantitative, retrospective study aimed to evaluate
how engaging with these electronic inhaler technologies are associated with improved
asthma control in patients whose asthma was uncontrolled upon entry into the primary
study. This chapter provided the background on asthma, including the epidemiology,
burden of disease, pharmacotherapy used to treat asthma, and the impact and measures of
adherence to medication. The chapter also provided a detailed overview of digital health
delineated by the anatomy, physiology, and embryology of digital health along with an
introduction to engagement in digital health. This first chapter gave an overview of the
study including the study purpose, problem statement, research questions and hypotheses,
theoretical framework, nature and scope of the study, and delimitations, limitations, and
significance of the study. Chapter 2 will provide the methodology and the results of a
detailed literature review in support of the study that consists of the supporting literature
for the theoretical framework used in this study, and literature related to the key variables

being analyzed in this study. This second chapter will provide evidence to support the
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rationale for examining the relationship between engagement and asthma control and the

connection to the selected theoretical framework in more detail.
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Chapter 2: Literature Review
Introduction

Asthma is a chronic lung disease affecting more than 25 million Americans
(CDC, 2023) and is a significant public health and economic burden. Inhaled asthma
controller medications are recommended for reducing asthma symptoms and the risk of
asthma exacerbations (Global Initiative for Asthma, 2022), but, the majority of the time,
most patients with persistent asthma fail to take their medication as prescribed (Bender,
2016). Nonadherence to asthma medications can lead to ineffective treatment and
uncontrolled asthma that ultimately results in increased healthcare costs (Mékelé et al.,
2013). Digital health technologies for asthma such as EMMs that connect to patient-
facing smartphone apps and physician-facing dashboards developed to track medication
use have been shown to improve asthma medication adherence and asthma outcomes
(Blakey et al., 2018). Recently, the likelihood of increased medication adherence has
been shown to be associated with EMM app engagement in COPD (Kaye et al., 2021),
but, to date, there has been no literature identified demonstrating a relationship between
EMM app engagement and asthma outcomes.

The purpose of this quantitative study was to examine the relationship between
patient engagement with a digital inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to use a digitally enabled asthma
medication (an EMM device) and accompanying smartphone app for therapy. This
chapter will describe the literature search strategy, the theoretical foundation, and the

literature review related to key variables and concepts along with a summary and
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conclusions. In the literature review, | will discuss current literature on the impact of
digital health technologies on asthma adherence and asthma outcomes, along with patient
reported satisfaction and usability of these technologies. The literature review will also
include a discussion of engagement with digital health technologies and the theoretical
link between digital health engagement and the mechanisms or factors that might lead to
improved asthma outcomes, with the goal of establishing research gaps and supporting
the need for this research study.
Literature Search Strategy

The articles that were included in this literature review are primary research
studies from peer-reviewed journals. PubMed, Embase, Google Scholar, and the
Cochrane Library were the databases that were searched, and relevant primary literature
cited in the articles from the initial search results was also reviewed as appropriate. The
scope of the literature review was limited to the last 5 years (2017 to 2022). Studies were
excluded from the literature review analysis if they were unpublished literature, articles
missing full text, congress abstracts, or articles presenting clinical trial protocol design
only. Key search terms used were digital health, mobile health, mHealth, eHealth, digital
health tools, technology, digital health technology, asthma, connectivity, electronic
medication monitoring, electronic monitoring device, electronic inhaler, electronic
inhaler device, smartphone app, app, wearables, wearable technology, Bluetooth, short
message text, SMS text, reminder, notification, adherence, engagement, patient
engagement, self-management, theory, technology acceptance model, self-determination

theory, the Fogg behavior model, behavior change techniques, and Sama’s typology for


https://www.sciencedirect.com/topics/immunology-and-microbiology/embase
https://www.sciencedirect.com/topics/immunology-and-microbiology/cochrane-library
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app engagement. Boolean logic, specifically combinations of key words using “and” and
“or,” was used as a search strategy and included search terms such as the following
examples: digital health and asthma, digital health technology and asthma, digital health
tools and asthma, electronic medication monitors and asthma, mHealth or eHealth and
asthma, sms text and asthma, digital health technology and app engagement, and digital
health engagement and asthma. Given the limited available literature on app engagement
in asthma, literature results on app engagement in other disease states was also
considered to expand the knowledge base on the topic of app engagement and disease
outcomes.
Theoretical Foundation

The theories and/or concepts that grounded this current study included the TAM,
SDT, FBM, and the concepts of BCT and Sama’s typology for app engagement. The
following theories and concepts provide an understanding of how engagement with
digital health technologies might lead to improved outcomes by way of behavior change.
The theoretical three-step journey from engagement to outcomes starts with adoption of
the technology, followed by motivation to use the technology, ultimately leading to

behavior change (see Figure 1).
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Figure 1

Theoretical Three-Step Journey From Engagement to Outcomes

Adoption of the Motivation to Use = D;']IVIng be':\: \t/rl]or
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Note. This figure demonstrates the three-step process from engagement with digital
health technology to change in outcomes.
Step 1: Adoption of the Technology

The first step in the theoretical journey to improved outcomes starts with adoption
of digital health technologies that is supported by the TAM. The TAM, introduced by
Davis in 1989, has become the most widely used theoretical model in the field of
information systems (Lee, 2003) and is the leading theoretical model used to evaluate
user adoption of technologies (Marangunic, 2015). The TAM posits that user adoption or
“acceptance” of technology is determined by two variables described as PU and PEOU
(Davis, 1989). PU refers to the extent that a person believes that a specific system will
advance their job performance. PEOU refers to the degree that a person believes the
system will be easy to use or free from effort. In a validation of the variables for
predicting user acceptance of technology, PU significantly correlated with self-reported
use (r = .63, Study 1) and self-predicted future use (r = .85, Study 2). PEOU also
significantly correlated with current usage (r =.45, Study 1) and future usage (r =.59,

Study 2), but PU demonstrated higher correlations. As Davis described, the greater
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correlation with PU and actual use makes sense conceptually, as some difficulty with
technologies might be accepted if the technology is deemed useful by the user.

Originally based in information systems, the use of the TAM has been expanded
across various disciplines, including health-related research. Between 1986 and 2013,
more than 50 publications presented research that either modified or applied the TAM
(Marangunic, 2015). One example of the application of the TAM in health research is a
study by Hu et. al. (1999) that evaluated physician acceptance of telemedicine technology
using the TAM. PU was found to be a significant predictor of physicians’ attitude and
intent to use telemedicine technology. A more recent study by Nguyen (2020) used the
TAM to explore healthcare provider and administrator perceptions of the usefulness and
ease of using technology in palliative care. The researchers found four themes that were
related to PU of technology that could help support implementation of technology in
palliative care. Isernia et al. (2019) applied the TAM in the evaluation of a digital health
tool in patients with diabetes. The study results showed high scores for usefulness and
ease of use for the digital technology. The TAM was selected to support this research
because it provides an explanation and theoretical foundation for understanding why
users adopt or accept the EMM technology, which is the first step before user
engagement.
Step 2: Motivation to Use the Technology

The TAM aims to explain why users adopt or accept technologies, and it relates to
how useful the technology is and how easy it is to use. This literature review showed that

users of digital health technologies in asthma, including EMMs, accepted the
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technologies and found them easy to use, but what motivates use of the technologies?
The SDT provides an understanding of people’s motivation to use technologies. Proposed
in 1995 by Deci and Ryan (1985), the SDT is an “organismic psychology” that assumes
that people are active organisms that have a tendency to desire psychological growth that
are supported by the inherent need for autonomy, relatedness, and competence. Once
these three needs are met, people become self-motivated and achieve vitality and
wellness. SDT is a macrotheory composed of five minitheories: cognitive evaluation
theory (CET), which focuses on how social contexts and interpersonal interaction either
facilitate or undermine intrinsic motivation; organismic integration theory (OIT), which
deals with the process of internalization of various extrinsic motivations; causality
orientations theory (COT), which explains individual differences in how people adjust to
different aspects of the environment when regulating behavior; basic psychological needs
theory (BPNT), which connects basic needs directly with wellness; and goal contents
theory (GCT), which describes how goals such as intimate relationships, personal growth,
or contributing to community are beneficial to satisfying need and ultimately support
health and wellness (Ryan, 2009).

The focus of this research is on CET as it relates to intrinsic motivation. Intrinsic
motivation refers to “doing something for one’s own sake” (Ryan, 2009). Examples of
intrinsic motivation are participating in sports or leisure activities. CET focuses on the
importance of competency and autonomy, the absence of which would lead to reduced
intrinsic motivation. CET distinctly addresses how factors such as rewards, deadlines,

feedback, and pressure affect feelings of autonomy and competence, thereby augmenting
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or diminishing intrinsic motivation. Given that feedback is evidenced to be a major
component to most digital technologies and is a driving force in improved outcomes as
previously described, SDT was selected as a theoretical framework for this study. SDT
also explains the intrinsic motivation driven by autonomy, which is supported via digital
health technologies. For example, the study by Isernia et al. (2019) revealed that, after
using the digital health technology, patients reported a positive effect on autonomy in
their daily routine. Williams et al. (1998) applied SDT in a study to examine whether a
patient’s perceived autonomy was associated with improved glucose control. Patient
perception of autonomy support from a health care provider was significantly associated
with improved glucose control (p < .05). Additionally, perceived autonomy was
significantly associated with increases in patient autonomous motivation at 12 months (p
< .05); increased autonomous motivation related to significant increases in perceived
competence (p <.05); and increases in a patient's perceived competence related to
significant reductions in their hemoglobin Aic (HbA1c) values over 12 months (p < .001).
Step 3: Driving Behavior Change With the Technology

SDT explains motivation, and in this study, the motivation to use digital health
technology. The next theory, FBM, provides an understanding of the movement from
motivation to use the technology to behavior change; in the case of this study, the
behavior changes would be improved medication adherence, which has been shown to
improve asthma outcomes. Originated by B. J. Fogg, founder of the Behavior Design Lab
at Stanford University, the FBM is a behavioral theory composed of three elements that

are required for a behavior change to occur: motivation, ability, and a prompt (Fogg,
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2009). The FBM posits that all three elements must occur at the same instant for the
target behavior to occur. Factors that can affect ability are time, money, physical effort,
mental effort or “brain cycles,” social deviance, and routine. Fogg referred to these
factors as “Elements of Simplicity.” Simplicity enables the change in behavior. Humans
naturally enjoy simplicity, and each person has their own simplicity profile. For example,
some may have more money or time than others, and Fogg stated that simplicity is a
function of an individual’s scarcest resource at the time the behavior is triggered. In this
theory, motivation is divided into three subcomponents, each with a two-sided motivator.
The first motivator is pleasure/pain, which is intrinsic to self-preservation activities and,
unlike the other two motivations, occurs at an instant or near instant in terms of timing.
The second motivator is hope/fear and is characterized by an anticipated outcome like
something “good” or something “bad” happening. The final motivator is social
acceptance/rejection, which controls social behavior. Examples of the subcomponents
related to this research include the pleasure of achieving wellness or the pain associated
with disease, the hope for disease improvement or fear of disease progression, and social
acceptance or rejection such as the stigma of having a chronic disease like asthma, which
can all be considered motivators of behavior change in this study.

According to the FBM, high motivation and high ability to accomplish the
behavior increase the likelihood that the behavior change will occur, but not without a
prompt or “trigger” (Fogg, 2009). Triggers can occur in various forms such as a stomach
growling, a SMS text message, or an alarm that sounds, and they must have three

characteristics to be successful. First, the trigger must be noticed, it must then be
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associated with a target behavior, and lastly, the trigger must take place when the
individual has both motivation and ability above a certain activation threshold in order to
make the behavior change. Timing is also critical, as a well-timed trigger must occur at
the appropriate time with the right threshold for motivation and ability. For example, an
occurrence of a trigger at the time that motivation is low for that behavior will be viewed
as distracting, and a trigger at the time when ability is low will be viewed as frustrating.
As such, it is imperative that all three elements converge at the same time.

The FBM has been applied to many studies across various disciplines. In the area
of digital health, the FBM was used to develop messages in a mHealth app with test
message triggers designed to target self-efficacy, knowledge, and self-care, that was
evaluated in a recent study in diabetes (Sittig et al., 2020). The results of the study
showed statistically significant improvement in diet (p = .03), exercise (p =.005), and
blood glucose (p = .02), indicating that application of digital health technologies that are
based on the FBM have changed behavior (e.g., diet and exercise) and outcomes (e.g.,
blood glucose levels). The results of the diabetes study demonstrate the appropriateness
of selecting the FBM for this current EMM study. The evidence provides an example of
the application of the FBM that led to positive results in a study using mHealth and
feedback via SMS text message prompts, which was also the basis for the mHealth
technology accompanying the EMMs in this present study.

Feedback is a behavior change technique (BCT) that is often an active component
of behavior change interventions (Michie et al., 2013). A BCT is defined as an

observable, repeatable, and complex component of an intervention that is designed to
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change or redirect causal processes that regulate behavior. Examples of BCTs include
feedback, self-monitoring, and reinforcement, which are provided by most EMMs by way
of adherence and technique feedback, displays of medication use and diaries or journals
for self-monitoring, and reinforcement via alarms and notifications. Feedback is a type of
“prompt,” which is a route to behavior change such as “nudging” (Dixon & Johnston,
2010). Seminal research on the area of BCT has been conducted, including studies that
categorize BCTs (Michie et al., 2013). As a newer discipline, reliable taxonomy for
BCTs was only published 4 years prior to the categorization of BCTs by Michie et al.
(2013). Categorizing complex behavioral interventions supports the ability to identify the
active and effective components that lead to behavioral change.

Engagement categories have also been developed based on research by Sama et
al. (2014) that have been applied to a variety of health topics. The researchers conducted
a descriptive analysis of a sample of apps in the “health and wellness” section of the
Apple iTunes Store to develop a typology for engagement related to health and wellness
apps. The nine categories were (a) changing personal environment, where the
individual’s personal environment is adjusted to elicit behavior change; (b) facilitating
social support, where the app creates or leverages existing social groups to develop
solidarity and support problem-solving; (c) goal setting, where the app facilitates health
goals such as weight loss; (d) progress tracking, where the app creates and logs secondary
goals and tasks to support the user-defined overarching goals; (e) reinforcement tracking,
where the app assigns external parties to provide reinforcement based on data collected

from the app; (f) self-monitoring, where the app is simply a tracking tool with no
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associated goals, like a pedometer; (g) social presentation or achievement, where the app
promotes an action, process, or achievement to offer social reinforcement; (h) social
referencing, where the app indexes user behaviors in comparison to others; and (i) other,
where the app does not fit any of the other eight categories—of which goal setting, self-
monitoring, and progress tracking are often engagement strategies found in EMM device
apps. The study by Sama et al. (2014) found that self-monitoring was utilized in 299 apps
out of 400 surveyed (74.8%) and was the most common method of engagement. Of the
400 apps studied, 20.8% used two or more engagement approaches, with self-monitoring
and progress tracking being the most frequent combination. Although the current body of
evidence has yet to fully describe whether mHealth approaches to behavior change (the
approach being evaluated in this current study) improve self-monitoring, engagement, or
outcomes or whether engagement with technologies leads to improved outcomes, the
results from the study by Sama et al. (2014) show that the engagement approaches used
in the EMM technology in this study are appropriate for initial study as they are the most
frequently used and relate to the prompts that are described as behavior change agents in
the aforementioned theoretical approaches. Additionally, feedback, which is a prompt
and engagement strategy incorporated in the EMM technology used in this study, has
been shown to improve adherence and outcomes, indicating that the appropriate theories
and constructs have been identified to support the analysis of the relationship between

EMM app engagement and asthma outcomes being evaluated in this study.
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Literature Review Related to Key Variables and Concepts

Impact of Digital Health Technologies on Adherence in Asthma

Patient nonadherence to asthma therapy, factors related to nonadherence, and the
negative impact of medication nonadherence on asthma outcomes has been well
described (Bender et al., 1997). Digital health technologies, such as electronic medication
monitors, have been shown to improve adherence to asthma inhaled maintenance
therapies in children and adults (Milne-lves et al., 2021; Mosnaim et al., 2021b). Digital
health technology can also be used to identify and categorize nonadherent patients with
asthma. For example, Kenyon et al. (2019) published a study that examined the impact of
short message text (SMS text) reminders on adherence among high-risk children after
being discharged from the hospital. Forty-one children with asthma between the ages of 2
to 13 were randomized to receive SMS text messages for 30 days after hospital discharge.
Both the intervention group and the control group received EMMs to attach to their
maintenance medications to monitor their adherence to their medication. Although the
EMM was able to connect to an app that provided feedback to patients such as
medication reminders, audiovisual reminders were not activated in this study and there
was no patient interaction with the app. Adherence to medication was a secondary
outcome in this study along with adherence trajectories using group-based trajectory
modeling. The adherence to maintenance medication was low and did not differ between
groups (control= 32.0% vs intervention= 36.0%, p = 0.73) but the trajectory findings
identified 44.0% of children whose adherence declined shortly after discharge and never

reached adherence of 80.0%. The authors concluded that EMMs can be used to identify
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suboptimal adherence trajectories after a severe asthma exacerbation requiring
hospitalization, allowing for an important opportunity for asthma care improvement. It
should be noted that, while this study had a small sample size, short duration, provided no
feedback or app engagement/interaction to elicit behavior change, and was not powered
to assess adherence, it demonstrated that digital health technologies like EMMs are a
feasible way of identifying and observing adherence to controller medications in ways
that were not previously possible without EMMs (Kenyon et al., 2019).

A later study by De Keyser et al. (2020) used a digital health platform containing
an EMM device to identify and categorize patients into adherence subgroups based on
their baseline adherence. Inhaler use data from 1,745 patients with asthma who were > 4
years of age was collected over the course of 20 weeks. Based on the data collected from
the EMM device, only 20.0% of patients had optimal adherence (>80.0%). Of the
remaining patients, 28% had moderate adherence (>50.0% to < 80.0%), 25.0% had
suboptimal adherence (>20.0% to 50.0%), and 27.0% had poor adherence (< 20.0%) at
baseline. Adherence declined over time in this 20 week study designed to examine
patterns of adherence (De Keyser et al., 2020), but other studies have shown improved
adherence with EMMs.

In 2017, a small pilot study of 12 adolescent patients tested an asthma device that
included a Social Persuasive Visualization (SPV) asthma mobile app that was designed to
motivate and train patients to take their medication as prescribed and to monitor their
inhaler use (Grossman et al., 2017). The proportion of patients who were adherent in this

study increased from 8.0% at baseline to 58.0% at the end of the study. This study
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showed that patients with asthma were able to meet clinically significant adherence
targets using digital health technologies. A school-based study among underserved
children ages 10 to 17 conducted to evaluate video-based telehealth (VBT) visits with
both an asthma specialist (allergist or pulmonologist) and an adherence psychologist
along with EMMs for adherence monitoring also showed improved adherence with
digital health technology (Lin et al., 2020). There was an 8.0% statistically significant
improvement in adherence from baseline (t = 1.93, p =.03) among the 86.0% of
participants who had complete adherence data in the study. Increase in adherence was as
high as 46.0% as a result of the intervention.

Gregoriano et al. (2019) conducted a randomized, single-blinded (only the
participants were blinded) study that enrolled 169 adults with asthma who received an
EMM to attach to their asthma medications. The intervention contained medication
reminders that were either an alarm clock or an audiovisual reminder that was generated
by a smartphone app. The participants were able to select the times to be reminded to
take their medications and the intervention group received support calls from a study
nurse or pharmacist that were prompted by the use of their asthma rescue medication.
During the support calls, nonadherence was discussed and addressed. All participants in
the study received feedback on their medication use at each clinic visit. One-hundred and
forty-nine participants completed the 6-month study. At the end of the study, the average
number of days where adherence was in the target range of 80.0% t0100.0%, was 81.6
(SD 14.2) days for the group who had EMMs attached to pressurized metered dose

inhalers (pMDPIs) versus 60.1 (SD 30.3) days for the control group (p < .001). The
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average number of days meeting target adherence for the group taking dry powder
capsules was 89.6 (SD 9.8) days for intervention the 80.2 (SD 21.3) days for the control
group (p = .01). The study also measured whether participants took their medications at
the appropriate time per day, which was referred to as “timing adherence.” The timing
adherence was greater in the intervention group using the EMMs on pMDPIs compared
to the control group (68.9 (SD 25.0) days vs. 50.6 (SD 32.5) days (p < .001)) but there
was no statistically significant difference in the group using an EMM with their dry
powder capsule medication compared to controls. The results of this study showed
improvement in adherence to medications using an EMM with flexible medication
reminders that patients can select based on their needs and it also demonstrated that the
intervention groups had fewer days where the medication was not taken, (also called
“gaps,”), as well as shorter gap lengths compared to controls (Gregoriano et al., 2019).
A large pragmatic study was conducted at a health maintenance organization
(HMO) that implemented a speech recognition (SR) system that provided medication
reminders to assess the impact of the SR on adherence in adults ages 19 to 64 with
asthma (Cvietusa et al., 2020). The SR system called or texted participants 5 to 11 days
before the end of their medication doses to remind them to refill their medication. SR
calls provided medication reminders, refill support, information about good asthma
control, an option to speak with a nurse or pharmacist, and calls were conducted in
English or Spanish. SR text messages provided reminders and a number to call a nurse or
pharmacist. Participants also received a “tardy” SR call or text if they were 30 days late

to refill their medication. Adherence was measured as a proportion of days covered
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(PDC) over the 12 month period one year prior and one year after the intervention. PDC
was calculated as the total number of controller medication days that participants had
access to over the (pre or post) year divided by 365. Records of 4,510 patients were
included in the analysis. The results of the study showed a statistically significant
improvement in medication adherence from 39.5% to 41.7% (p < .0001), and there were
trends towards greater improvements in adherence among patients with low
socioeconomic status.

Chen et al. (2020) enrolled 96 children with asthma between 6 months to 3 years
old into a study evaluating the impact of an EMM and instant messaging on adherence.
Nurses instant messaged caregivers of the children in the intervention group to remind
them to administer their medication based on their adherence data from the EMM
devices. Caregivers were also contacted monthly by phone to assess medication use and
frequency of the dosing. The control group received the EMM to track adherence but did
not receive contact from the nurses via instant messaging. At the end of the 6-month
study, mean adherence was 80.0% for the intervention group and 45.9% for the control
group with a difference of 34.0% between the two groups (95% confidence interval [Cl],
26.8-41.3%; p <.001). There was no statistically significant difference in caregiver
adherence reporting between the two groups (89.7% for the intervention group and 92.7%
for the control group p = .452). The consistency between the caregiver-reported and the
device-monitored adherence was poor and the caregiver-reported adherence was higher
than the device-monitored adherence across both the intervention and control groups, but

the difference in caregiver versus EMM device reporting was statistically greater among
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the participants in the control group (87.6 SD 24 vs. 33.1 SD 44, p <.001) (Chen et al.,

2020). Behrooz et al. (2020) also demonstrated discordance between patient reported
adherence and adherence measured by an EMM device. Twenty-six children used an
EMM device to monitor their medication adherence in this study. There was an increase
in self-reported adherence as seen by the decrease in the mean self-reported
nonadherence score from 1.9 to 1.1 at the end of the 12-week study, but the increase in
self-reported adherence did not coincide with the adherence rates measured by the EMM,
which declined over the 12 weeks of the study. The authors noted that the decline in
adherence over time was consistent with a previous study but also noted that improved
self-reported adherence with an EMM aligned with previous research. Additionally, no
other details related to feedback beyond the features of the technology were described.
An open label randomized controlled study in adults with uncontrolled asthma
using an EMM that grouped participants based on the technology feedback was
conducted over a period of six months (Moore et al., 2021). Participants added a clip-on
EMM to their maintenance and rescue inhaler medications and were randomized to five
different feedback groups. In group one, feedback on their maintenance adherence alone
was sent to the patient and their HCP. In group two, only the patients received feedback
on their adherence to their maintenance therapy. HCPs and patients in group three
received feedback on both maintenance and rescue medication use. In group 4, only
patients received feedback on both maintenance and rescue medication use. Group five
received no feedback and served as the control group. Mean adherence was higher for all

groups (groups 1to 4) who received feedback on their medication use from the EMM
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sensors compared to the control group that received no feedback and there was no
difference in adherence between groups 1 to 4 that all received the feedback. The results
of this study demonstrated that engagement with the technology via one-way feedback
improves medication adherence compared to no feedback.

Adults with uncontrolled asthma in an EMM study by Mosnaim et al. (2021a)
also received feedback on their medication use as well as reminders to take their
medication via the smartphone app or clinician phone calls. The intervention group used
the EMM and received feedback while the control group had the EMM with no feedback.
Participants in both groups began the study with relatively high adherence to their
controller medication (70.0% in the intervention group and 68.0% in the control group).
Unlike the other studies referenced previously that demonstrated improvement in
adherence, the results of this study showed that the EMM with feedback maintained
adherence (-2% p = .40) in a group who initially had relatively high medication
adherence while adherence declined significantly over 12 weeks in the group not
receiving any feedback by a difference of 15.0% (p < .01) compared to the intervention
group (Mosnaim et al., 2021b).

This literature review shows that digital health technologies can be used to
identify and categorize patients’ nonadherence to asthma medication, as seen in
DeKeyser (2020) where 80.0% of patients had less than optimal adherence, and can also
be used to identify decline in adherence (Behrooz et al., 2020; De Keyser et al., 2020;
Kenyon et al., 2019). The studies have also shown that digital health technologies can

maintain (Mosnaim et al., 2021b) or improve adherence (Chen et al., 2020; Moore et al.,
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2021). Studies in this review have also demonstrated adherence improvement with
feedback from the digital technologies, which is a form of engagement (Moore et al.,
2021; Mosnaim et al., 2021b). Adherence to asthma controller medication is critical for
optimal therapeutic effects and, based on the literature described, it is evident that digital
health tools can have a significant role in asthma medication adherence.
Impact of Digital Health Technologies on Asthma Outcomes

Adherence to therapy has been associated with better health outcomes (DiMatteo
et al., 2002) and lower mortality (Simpson et al., 2006). In addition to having an impact
on adherence, digital health tools have also been shown to improve asthma outcomes
such as lung function, asthma exacerbations, and asthma control (Chan et al., 2021).
Asthma control can be measured by a validated questionnaire such as the ACT (Nathan et
al., 2004), the Asthma Control Questionnaire (ACQ) (Juniper et al., 1999), or by short
acting beta-agonist (SABA) medication use (Lugogo et al., 2021). High SABA use is a
surrogate marker of poor asthma control as many patients reach for their quick-relief
SABA medication rather than their daily controller medication when their asthma is
uncontrolled (Baron et al., 2021). Increased SABA use is also associated with higher
exacerbation rates and asthma death (Noorduyn et al., 2022).

Several studies have shown improved asthma outcomes by way of reduction in
SABA use, increased SABA-free days or improved patient-reported asthma control. For
example, Barrett et al. (2017) enrolled 120 adults and children with asthma and provided
them with an EMM device to monitor their medication use. The results of the study

showed a 39% reduction in SABA use from baseline during the first month of the
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intervention that continued to decline throughout the 12-month study with statistically
significant (p < .01) lower SABA use compared to baseline at each month of the study.
There was a 12.0% increase in the percentage of symptom-free days during the first
month of the intervention and improvement in symptom-free days continued throughout
the study, with a higher percentage of symptom-free days each subsequent month
compared to baseline (p <.001). After the first month of the intervention, the percentage
of participants with well-controlled asthma based on SABA use increased each month
compared to baseline (p <.001) (Barrett et al., 2017).

The Robert Wood Johnson Foundation (RWJF) funded a study in Louisville, KY
to examine the impact of patient-generated data on policy where patients with asthma
used EMMs to monitor their medication use (Barrett et al., 2018). Patient-generated data
on EMM asthma medication use was collected from 497 children and adults. Mean daily
SABA use and night-time SABA use decreased significantly after 2, 6, and 12 months of
using the EMM (p < .0001). Compared to baseline, there was a 78% decrease in mean
daily SABA use, an 84% reduction in night-time SABA use, and 48% improvement in
symptom-free days among those participants who completed the 12-month study, which
was statistically significant for each endpoint (p >.0001). In addition to improving
outcomes, the patient-generated EMM data was used in this study to identify “hot spots”
or geographical areas of elevated SABA use. Relationships to environmental conditions
and SABA use were examined by assigning each SABA use event captured by the EMM
to local weather and air quality conditions in high-risk local areas of highest asthma

burden, highest air pollution, highest urban heat, lowest tree canopy, and highest
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impervious surface (Barrett et al., 2018), which represents lack of vegetation and natural
ground cover (e.g., soil) (De Roos et al., 2022). In these hot spots, researchers found an
association between increased asthma symptoms based on EMM SABA use data and
higher levels of air pollution and urban heat and increased asthma (Barrett et al., 2018).
In this study, the EMM helped to improve asthma outcomes and the EMM data was used
to identify hot spots of poor environmental conditions and poor asthma control that was
used to inform policy recommendations requiring stricter tree coverage mitigation
policies and buffer zones between emission sources and housing, schools, and day care
centers.

Other studies similarly demonstrated improvement in SABA-free days and
asthma control and demonstrated improvement in other asthma outcomes such as lung
function, quality of life, and reduction in asthma symptoms and exacerbations with digital
health technologies. In the previously described 12-week study by Mosnaim et al. (2021),
SABA-free days significantly improved in the group utilizing the EMM (p < .01) with a
difference in SABA-free days of 13% more SABA-free days compared to the control
group (p =.04). In a study of 224 patients with asthma, SABA use significantly declined
from baseline with the use of EMMs (— 0.52 [95% CI, — 0.69, — 0.34]; p < .05) and
participants using controller medications shifted from using more SABA rescue therapy
to using more of their daily controller therapy as measured by the asthma medication
ratio (AMR) that increased from 0.66 to 0.82 (0.16 [95% CI, 0.07, 0.25]; p < .01)
(Merchant et al., 2018b). This study was unique in that it also examined the impact of

EMMs on asthma-related healthcare resource utilization, which included outpatient visits,
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emergency department (ED) visits, and hospitalizations. In the intervention group using
the EMMs, ED visits were reduced significantly in the year (365 days) after enrollment in
the study compared to the year before enrollment in the study (11.6 to 5.4 visits (p <
.05)). There was also a statistically significant decline in combined ED visits and
hospitalizations (13.4 to 5.8 events (p < .05) per 100 patient-years) and a decline in
hospitalizations alone that was not statistically significant.

A 6-month study completed by 30 adults examined the effects of a digital health
multi-component intervention that included a smartphone-based symptom tracker,
telemedicine follow-up visits and self-management training via videoconferencing, and a
guidelines-based electronic medical record (EMR) software that calculates a patient’s
asthma severity, control, and recommendation for therapy (Mammen et al., 2022). At the
beginning of the study, 80.0% of participants had uncontrolled asthma based on ACQ
score of > 1.50. By the end of the study, 80.0% of participants had well-controlled
asthma reflecting improvement in asthma control and they also improved in quality of
life and lung function as measured by Forced Expiratory Volume in one second (FEV1).

Mahmoud et al. (2022) also demonstrated improvement in lung function and
asthma control in a 3-month study of 221 adults that examined the impact of a digital
health inhaler training device (Clip-Tone®) that makes a whistling sound and provides
feedback via an app to train patients on proper inhaler inhalation technique (Mammen et
al., 2022). Participants were randomized to receive enhanced training with the digital
device or traditional inhaler training without digital health technology. In the digital

device group, there was a statistically significant improvement in lung function compared
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to baseline at month two and at the end of the study (month 3) (p < .05) as measured by
both FEV1 percent predicted and Peak Expiratory Flow (PEF) percent predicted. Asthma
control measured via ACT was also significantly improved at month 2 and 3 (p <.001)
but was significantly higher in the group using the digital training device (p < .05).
Unlike the other studies previously described, this study also examined the impact of
digital technology on inhaler technique, which has been shown to impact asthma
outcomes (Price et al., 2017). The mean number of inhaler technique mistakes decreased
for both groups and was not statistically different between the groups, but the majority of
these technique mistakes were not related to inhalation, which was the focus of the digital
technology. There was a statistically significant difference in maintaining a slow and
deep inhalation until lungs fill with air (approximately 4 to 5 seconds) for the intervention
group using the digital inhaler trainer compared to the control group at both month 2 (p =
.009) and month 3 (p =.001) (Mahmoud et al., 2022). Asthma outcomes improve with
good inhaler technique and a slow inhalation with a pressurized metered-dose inhaler, as
demonstrated with the digital device in this study, is clinically significant in achieving
better outcomes.

In addition to asthma control and lung function, asthma exacerbation is also an
important asthma outcome to be considered when assessing the impact of digital health
technology, especially given the public health and economic burden associated with
asthma exacerbations as previously described. In their single-blinded study that was
previously described showing improved adherence and gaps in adherence with digital

medication reminders and feedback, Gregoriano et al. (2019) showed that the group
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receiving the digital health intervention had a longer time to the next asthma exacerbation
compared to the control group, although the difference was not statistically significant
(102 days [95% CI, 76 to 128] vs. 86 days [95% CI, 66 to 106], p =.19). The intervention
group was 0.67 times as likely as the control group to experience at least one
exacerbation during the study period, demonstrated a lower incidence rate of
exacerbations (RR = 0.57, 95% CI, 0.33 to 0.95), and had a 43.0% reduction in
exacerbations compared to the control group.

The six-month school-based study by Lin et al. (2020) that used video-based
telehealth visits and EMMs with demonstrated improvement in adherence also showed
improvement in asthma exacerbations and day-time, and night-time symptoms, as
measured by the Composite Asthma Severity Index (CASI) score, which is a composite
score of key asthma-related outcomes (Wildfire et al., 2012). There was also a
statistically significant difference in any asthma exacerbations (p <.0001) and asthma
control (p =.0001) as measured by ACT. There was a statistically significant difference
in healthcare resource utilization (ED visits, urgent care visits, and hospitalizations) from
baseline (38.0%) to the end of the study (0.0%) (p <.0001) and reduction in asthma-
related school absences from 1.88 days per month in the year prior to the intervention to
0.05 days per month at six months of follow-up with the intervention (p = .0003).

Poureslami et al. (2019) compared electronic asthma action plans (eAAP) with
weekly SMS text messages to assess the eAAP compared to traditional asthma action
plans (AAP) in a study evaluating the impact on outcomes among 106 adults with

asthma. There was a decrease in the likelihood of exacerbations in both arms with 18.0%
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fewer exacerbations in the eAAP group compared to the AAP group (RR = 0.82 [95%ClI

0.49, 1.36]), (p = .44). There was also a greater reduction in the likelihood of oral
corticosteroid (OCS) use in the eAAP group compared to the AAP (RR =0.67 [95%ClI
0.34, 1.33]), (p = .25). The risk of hospitalizations was 53.4% less in the eAAP group
compared to the AAP group (RR = 0.47 [95%CI 0.12, 1.84]), (p = .28) and asthma
control and quality of life scores were higher for the eAAP group but not statistically
significant (RR =1.04 [95%CI 0.83, 1.30]), (p = .73) and 5.5% (RR = 1.06 [95%CI 0.87,
1.28]), (p = .59), respectively (Poureslami et al., 2018).

The previously discussed studies show that digital health technologies can
improve asthma outcomes, but they can also be used to identify asthma outcomes.
Smartphone-based algorithms have been developed in respiratory disease using airway
sounds during cough that have demonstrated high diagnostic agreement with clinical
diagnosis of respiratory diseases in children (Abeyratne et al., 2013; Porter et al., 2019)
adults (Claxton et al., 2021; Porter et al., 2021; Porter et al., 2020). Smartphone algorithm
technology was evaluated beyond disease diagnosis to identification of asthma
exacerbations. Porter et al. (2022) enrolled 119 adolescents and adults with asthma into a
study examining the accuracy of a smartphone algorithm’s ability to identify asthma
exacerbations compared to formal lung function testing and clinician diagnosis.
Participants were asked to cough into a smartphone to collect the sounds to develop the
algorithm. When compared to clinical diagnosis, the algorithm had a positive percent
agreement (PPA) of 89.1%, a negative percent agreement (NPA) of 83.6%, and an area

under the curve (AUC) of 0.932, demonstrating that the smartphone-based algorithm can
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identify asthma exacerbations with the accuracy of traditional formal ways of identifying
exacerbations. The researchers also found that 67.0% (n = 80) of the participants reported
having wheeze at the beginning of the study but only 53.5% (n = 40) of those reporting
wheeze had an exacerbation. Of those who had spirometry and reported wheeze, 51.0%
(n = 37/73) had normal spirometry and no clinical evidence of an exacerbation. This
discordance in reported wheeze, clinical evidence, and lung function shows that patient-
reported wheeze was generally an unreliable measure of an asthma exacerbation and
demonstrates the accuracy and value of digital health tools in the identification of
outcomes beyond patient self-report alone.

A digital remote monitoring intervention adapted to collect patient reported
outcomes (PROMSs) was evaluated for its ability to identify asthma control (Rudin et al.,
2022). The digital PROM tool was designed for remote asthma symptom monitoring and
adapted to ask patients to recall experiences 1 week prior to the administration of the
questionnaire versus 4 weeks prior found in other currently available questionnaires for
PROMS. The digital asthma control measure was evaluated in a sample of 498 study
participants and was found to perform well in identifying uncontrolled asthma with a
specificity of 0.99, sensitivity of 0.65, and with a correlation of r = 0.81 for the two
measures. The positive predictive value (PPV) was 0.98 and the negative predictive value
was 0.71. The tool was able to differentiate well-controlled and poorly-controlled asthma
and can be used in remote monitoring for research or in the clinical setting to identify

asthma control status.
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Satisfaction, Usability, and Acceptability of Digital Health Technologies in Asthma

Digital health tools improve asthma medication adherence and outcomes, and
patients have also reported satisfaction, ease of use, and acceptability with digital health
technology. Eighty percent of the 57 participants who provided feedback in the study by
Barret et al. (2018) reported satisfaction and ease of use with the digital inhaler sensor,
86.0% of participants reported an increased understanding of their asthma, and 81.0%
reported feeling more confident in being able to avoid a severe asthma attack. Usability
and acceptability were measured in Mammen et al. (2022) with the Usability Satisfaction
and Ease of Use Questionnaire (USE-Q (34)), which is a 21-item, 7-point Likert scale
(range 1 to 7), with 7 being the most positive score. Patients’ mean usability and
acceptability scores were high (6.61; SD = 0.47) and patients reported that the
intervention helped them control their asthma, stay active like a regular person, and that it
changed their life. HCPs also reported satisfaction with the digital intervention and
reported that it saved time, improved workflow, communication, knowledge, and
increased patient medication adherence and engagement in their asthma care.

Eighty-nine participants from a larger study using EMMs completed surveys
providing their feedback on the EMM device (Merchant et al., 2018a). Seventy-nine
percent were very satisfied and 20.0% were somewhat satisfied with the device.
Participants were also satisfied with the reports (93.0%) and found the reports useful in
helping them learn about their asthma (90.0%). Seventy-two percent of the participants
said that they would use the EMM device after the study. In another study, young adults

who tested Kiss myAsthma, a goal-setting app for asthma, reported that the app helped
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them learn about their disease and helped them feel confident in their ability to manage
their asthma. They were also highly satisfied with the app and app usability (Davis et al.,
2021). Two other studies also demonstrated satisfaction with asthma apps. Patients
reported high satisfaction scores (27.9 out of 30.0 points) for the ASTHMAXcel app for
disease self-management (Hsia et al., 2021) and 75.0% of participants using the
InspirerMundi app to monitor medication adherence in adolescents and adults with
persistent asthma were satisfied with the app technology (Jacome et al., 2021a).

Chan et al. (2017a) demonstrated that children also find digital health apps
acceptable. In a study of 220 children ages 6 to 15 randomized to use an EMM device
with reminders or no reminders, median scores for acceptability were high (median >4)
after 6 months of utilization. Participant satisfaction was high and even higher in the
group receiving the reminders (median, 5th-95th percentile: 4.1, 3.1-5.0 versus 3.7, 2.3-
4.8; p < .001). Participants who received reminders also reported that they felt more in
control of their asthma and perceived that their asthma improved after using the device.
They also noted that the reminders helped them remember to take their medication and
participant-reported acceptability corresponded with their objective adherence measures
and asthma control. Patients who reported that knowing when to take their asthma
medication was easy using the EMM device, which is a measure of acceptability, had an
8.0% per unit increase in their adherence (p < .0005). Additionally, there was a 1.12
increase per unit in their ACT score when they felt more in control of their asthma,

another measure of acceptability.
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Engagement With Digital Health Technologies in Asthma

Acceptability is linked to adherence and asthma control, and is imperative for
sustained use of digital health technologies (Chan et al., 2017a). Effective self-
management requires that the app captures the user’s attention and stimulates their desire
to engage with the technology. Engagement refers to the use or interaction with apps and
digital technologies (Bickmore et al., 2010). For technologies that require engagement as
a prerequisite for change, impact of the digital health technology cannot occur without
user engagement. Several studies in asthma using digital health technologies have
described the user’s engagement with the technology. For example, in the study
examining the Kiss myAsthma app, app usage statistics were collected (Davis et al.,
2021). Logs of interaction with the app over 6 weeks showed that 3 out of 12 participants
did not interact or use the app, only two used the app more than 10 times, seven
participants interacted with the app between 1 and 10 times, and one participant
continued to use the app even after the study. The participants logged information about
asthma severity, asthma exacerbations, their mood, and they tracked their symptoms. The
interaction log also showed that, of the eight different functions or sections where
participants could interact within the app, only five participants used the “Goal” function,
which allowed users to capture their personal goals for their asthma from pre-populated
options or via their own entry. Three of the nine participants who were engaging with the
app used the “inspiration” section within the app to log their motivation to manage their

asthma and none of the other sections were described as being used un the study.



71
The Asthma Maobile Health Study, which was one of the largest reported mobile

health tracking studies with 7,593 participants who were tracked remotely via
smartphone, demonstrated varying levels of patient engagement with the Asthma Health
App (AHA) that was evaluated in the study (Chan et al., 2017b). Participants were asked
to complete a series of surveys via the AHA but only 6,470 completed at least one
survey. The researchers categorized this group who engaged at least once as “Baseline
users.” Participants who engaged with the app and completed at least five daily or weekly
surveys were categorized as “Robust users” (n = 2,317). Lastly, “Milestone users” (n =
175) were participants who completed the 6-month study. By the end of the study,
participants completed 79,297 daily and 10,969 weekly surveys, with an average
individual response rate of 34.0% among a subset of 537 participants from the Robust
users cohort who participated for > 90 days and provided data for all of the covariates. A
subanalysis of the 537 participants from the Robust users cohort demonstrated that
increasing age (Hazard Ratio [HR] = 0.978 (95% CI, 0.969-0.987) and earlier entry into
the study for each month following the launch of the app (HR = 2.01 (95% CI, 1.73-2.33)
were significantly associated with the likelihood of survey completion. Additionally,
people with poor asthma control enrolled at higher rates over time with 62.0% of the
Robust user cohort having poor asthma control enrolling in the second half of the study
compared to 43.0% in the first half of the study. The app users in this study were majority
male, younger, wealthier, and were more educated compared to the more generalized
CDC asthma population. In relationship to race, ethnicity, and engagement, only 5.0% of

AHA baseline users, 5.0% of Robust users, and 5.0% of “Milestone users” (i.e., those
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completing the study milestone of 6-months) at baseline or end of study (categorized as
“Milestone users”) were Black, while Hispanics represented 15.0% of Baseline users,
14.0% of Robust users, and 11.0% of Milestone users. This study showed that
engagement with asthma apps can vary with use, by education, income, gender, as well as
by race and ethnicity.

In addition to variability of engagement by race, ethnicity and socioeconomic
factors previously described engagement with digital health tools can also vary by time of
day, symptomatology, reminder triggers from the technology, and scheduled visits to the
doctor (Morita et al., 2019). A study of 138 adults with asthma evaluated a web-based
self-management mobile app that is accessible via smartphone, tablet, or desktop. The
mobile platform, called breathe, allowed patients with asthma to journal their symptoms,
record their medication use and peak expiratory flow rate (Morita et al., 2019), which is a
measure of how well air flows out of the lungs that correlates with airway openness
(Gerald, 2022). An analysis of when patients log-in to the app showed that the 2 periods
of increased utilization were in the morning between 5:00am and 10:00am when most
people are preparing for their day and shortly after 7:00 pm when app reminders were
sent to the patients (Morita et al., 2019). Further analysis of the data showed that there
was increased app utilization (demonstrated by medication recordings) corresponding to
the 26- and 52-week scheduled doctor visits. Of the 138 patients, 123 had utilization data
showing that patients accessed the app at a rate of 3.08 times per patient per week (pppw)
(a total of 19,678 times), reported symptoms 2.56 times pppw, recorded medication 0.30

times pppw, and recorded their peak flow 0.92 times pppw. App engagement declined at
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the first 4 weeks of use and continued to decline with only < 30.0% of users engaging
with the app at the end of the 52-week study.

In a 6 month cluster randomized controlled study of 86 adolescents and 27
pharmacists that evaluated the Adolescent Adherence Patient Tool (ADAPT) intervention
consisting of symptom and adherence questionnaires, short movies, medication
reminders, and pharmacist and peer chat functions, median app use was 17 times per
person with females using the ADAPT app more often (p =.01) and for greater periods of
time (p = .03) than males (Kosse et al., 2019). Self-reported medication adherence was
lower among low frequency app users compared to average app users (p = .04) and
81.0% of high frequency users messaged their pharmacist in the chat compared to 7.0%
of low frequency app users (p < 0.001). Additionally, adherence scores increased with 0.3
points per chat message to the pharmacist. Fifty-six percent of low frequency users were
adherent to their controller medications compared to 91.0% of average users (p = .003)
and 100.0% of high frequency users but the difference in medication adherence between
low frequency users and high frequency users was not statistically significant.

Engagement has also been shown to be related to prescribed medication use.
Jacome et al. (2021b) evaluated the feasibility of the InspirerMundi app designed to
support medication management and promote medication adherence. Users of the
InspirerMundi app were able to register their therapeutic plan and log and schedule
asthma and other medications into the app. The app notified patients when their
medication was due and allowed them to confirm taking their medication using a photo

taken with their smartphone camera. Symptom questionnaires were also incorporated into
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the app. Patients used the app for a median of 18 days. Thirty-nine percent of patients

used the app for 30 days or greater and were older, were prescribed long-acting
muscarinic antagonists (LAMAS), and were taking medications for health issues other
than asthma. This group of patients with engagement over longer periods had poorer lung
function, also received allergen immunotherapy, and had higher self-reported medication
adherence.
Rationale for Examining the Relationship Between Patient Engagement With
Digital Inhaler Technology and Asthma Control

This concise review and summarization of the existing literature over the last five
years demonstrates that digital health technologies can have an impact on asthma
medication adherence and asthma outcomes, and that patients have accepted these
technologies, they are satisfied with them, find them useful and easy to use, and they tend
to engage with these technologies. The studies by Kenyon et al. (2019) and DeKeyser et
al. (2020) showed that digital health technologies, (specifically EMMs, which are the
focus of this study) can be used to both identify (Kenyon et al., 2019) and categorize
nonadherence to medications and adherence trajectories, meaning temporal patterns of
adherence over time, which happened to decline in this study (De Keyser et al., 2020).
Although the results from the De Keyser et al. (2020) showed no difference in medication
adherence between the two groups, Grossman et al. (2017), Chen et al. (2020), and Lin et
al. (2020) demonstrated improved medication adherence in children, and Moore et al.
(2021), Cvietusa et al. (2020), and Gregoriano (2019) demonstrated improved adherence

in adults using EMMs, video-based telemedicine, speech recognition, and mobile apps.
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EMMs have been shown to maintain adherence (Mosnaim et al., 2021b) and to help
identify discordance between patient self-reported adherence and actual adherence
Behrooz et al. (2020).

In the study by Behrooz et al. (2020), adherence declined after 12 weeks of using
EMMs in a small study of 23 children with asthma but the percentage of participants with
uncontrolled asthma using the EMM decreased by 26.0% and, even though the sample
size was small, there was a statistically significant decrease in the likelihood of having
uncontrolled asthma at the end of the study (p =.02). In addition to having an impact on
asthma control (Mahmoud et al., 2022; Mammen et al., 2022) and adherence, EMMSs
demonstrated a reduction in rescue medication use (Barrett et al., 2018; Barrett et al.,
2017; Merchant et al., 2018b; Moore et al., 2021; Mosnaim et al., 2021b) along with a
Human Augmetics device with mobile app (Grossman et al., 2017). The use of EMM
devices also led to increased SABA-free days (Barrett et al., 2018; Mosnaim et al.,
2021b) and increased symptom-free days (Barrett et al., 2017), and digital health
technologies including modalities like EMM devices and apps have had a positive impact
on health outcomes such as improved asthma symptoms (Lin et al., 2020), reduction in
asthma exacerbations (Gregoriano et al., 2019; Lin et al., 2020; Poureslami et al., 2018),
reduction in oral corticosteroid use (Cvietusa), improved QOL (Mammen et al., 2022),
improved inhaler technique (Mahmoud et al., 2022), and reduction in healthcare resource
utilization (Merchant et al., 2018b).

Results from a recent scoping review evaluating digital health technologies in

asthma showed that improved adherence and outcomes occurred with technologies that
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provided feedback, specifically patient-specific interactive technologies such as
telemedicine by phone, video or SMS text, asthma management platforms that collect
symptoms, ACT or other data, guides self-management, and digital inhalers or EMMs
(Mosnaim et al., 2021a). In the studies reviewed in this analysis, improvement in
adherence and asthma outcomes occurred with digital technologies that provided
feedback, of which the vast majority (13/16, or 81.0%) were EMM devices with mobile
apps. In Chen et al. (2020), children were randomized to two groups where one received
weekly monitoring with feedback and the other received no feedback. The group
receiving feedback had significantly higher adherence as measured by the EMM than the
group that did not receive feedback (p < .001). In an adult study, adherence and asthma
control was also greater in all groups receiving feedback compared to the control group
that did not receive feedback (Moore et al., 2021).

The evidence shows that feedback, a form of engagement, improves and
adherence and outcomes but only one study to date has examined the relationship
between engagement and adherence in respiratory disease (Kaye et al., 2021), and no
studies thus far have examined associations between engagement with digital health
technologies and asthma outcomes. Based on the results of their analysis, Mosnaim et al.
(2017) concluded that for digital health technologies in asthma to be successful, they
must be personalized, easy to use, and consider patient engagement aspects. The results
of this literature review demonstrated that patients accepted these digital health
technologies, were satisfied, and found them easy to use. This literature review also

showed that patients engaged with the technology, that engagement was associated with
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adherence (Kosse, 2019), and that engagement varied with race, ethnicity, gender, and
factors associated with socioeconomic status and asthma control (Chan et al., 2017b).
Engagement also varied by time of day, symptoms, reminders, and scheduled visits to the
doctor (Morita et al., 2019) as well as prescriptions for medications (Jacome et al.,
2021b). This literature review confirmed the impact of digital technologies in asthma and
also identified a gap in the literature as none of the studies examined over the five-year
period in this analysis has specifically examined the relationship between digital health
technology, (more specifically EMMs), and asthma outcomes.

This current study aimed to fill the gap in understanding the relationship between
engagement with EMM technology and outcomes in asthma. Current knowledge of the
discipline focuses primarily on the feasibility and impact of digital health technology.
Studies on EMM devices examine the effectiveness of these devices as adherence and
self-management tools with the expectation that improved adherence would improve
asthma outcomes but fall short of providing an understanding of how use or engagement
can impact outcomes. The literature shows that people with asthma do use these
technologies and have described that they either like them or find them useful and easy to
use, but the evidence does not yet describe how use of these technologies is associated
with outcome improvement or how factors such as race, ethnicity, socioeconomic status,
age, or even disease severity categorized by either diagnosis and control, or medication
use, relate to use and outcomes. The question about how actual use of the technology
translates into asthma outcome improvement remains unanswered. The results of this

study would provide answers to this question and allow healthcare providers and patients
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to better manage asthma using digital health technologies, particularly EMM devices for
adherence tracking and improvement by describing the relationship between engagement
and outcomes as well as high level descriptive information on who actually engages with
these technologies.

Digital health continues to expand rapidly and promises to transform the future of
healthcare (Kikidis et al., 2016). As a disease state, asthma provides a unique opportunity
to incorporate digital health technologies for improved disease management given that
asthma is a chronic disease that requires continued attention for appropriate management.
Additionally, the inhaler devices used for asthma therapy offer integration of technology,
thereby enhancing inhalers to become capable of supporting and optimizing asthma
management. According to Kikidis et al. (2016), digital health is the foundation for
objective and timely assessment of asthma disease status and is the most critical factor in
prevention and efficient disease management. Adherence to daily inhaled medication
regimens is imperative for appropriate disease management and can now be monitored
and supported through digital inhaler technology. These technologies now offer accurate
information about a patient’s medication adherence, technique, health status and can help
doctors and patients understand any challenges that prevent proper use of asthma
therapies. Given that inhalers are fundamental to asthma therapy, understanding whether
and how patient use or engage with “connected” or technology equipped inhalers and
corresponding apps translates into improved outcomes. It is imperative to conduct this

study to fill the gap in the literature and extend knowledge on this topic area that will
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provide healthcare providers and patients information on use of the digital technologies
that can optimize and personalize asthma care management.
Summary and Conclusions

This chapter provided a review of the most recent and relevant research on digital
health technologies in asthma. The review analyzed the impact of digital health
technologies on medication adherence, asthma outcomes, satisfaction, usability and ease
of use, acceptance, and engagement with the technologies. The review further analyzed
theoretical approaches and concepts in support of this study. Based on the evidence from
this review, it can be concluded that digital health technologies, particularly EMM
devices and apps, have a positive impact on adherence, asthma outcomes, and patient
perceptions of usability of the technologies. It can also be concluded that patients do
indeed engage with the technologies but a gap in the evidence describing any direct
associations between engagement with EMMs and associated apps remains. Therefore, it
is important to conduct this study to augment the growing body of evidence on digital
health tools in asthma. The results of this study will inform patients and healthcare
providers on whether engagement has an impact on outcomes and how the process of
engagement may lead to outcome improvement. To examine this relationship with
scientific rigor, the TAM, SDT, FBM theories, digital health related constructs related to
BCTs, and well categorized engagement approaches are employed. It can be determined
from the analysis of these theories and constructs that the TAM, SDT, and FBM in
consideration of the BCTs and engagement strategies are appropriate for identifying the

relationship between engagement and outcomes and a stepwise approach to
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understanding how engagement may lead to improved outcomes. Chapter 3 will describe

the research study design and methodology used to conduct this research study.



81
Chapter 3: Methodology

Introduction

The purpose of this study was to investigate the relationship between engagement
with an EMM app and asthma control measured via the ACT. This chapter will outline
the research design, rationale, and the methodology that was used to investigate this
relationship. The chapter will include a full description of the independent, dependent,
and confounding variables. It will review a description of the population studied,
sampling and recruitment procedures from the original study, along with the data analysis
plan for this study and a description of threats to validity.

Research Design and Rationale

To understand the association between app engagement and asthma control, the
first research question (RQ1) in this study assessed the relationship between patient
characteristics, baseline asthma control, and app engagement. The independent variables
examined that define patient characteristics were age, sex, race and ethnicity, and
baseline asthma control. The independent variable, baseline asthma control, was defined
as the mean (ACT) score in the first 7 days of inhaler use upon study entry. The ACT is a
commonly used, validated 5-item questionnaire used to categorize asthma control. The
dependent variable was engagement defined as dummy-coded responses to the inhaler
app’s Daily Self-Assessment (DSA) question that asks users how they are feeling that
day.

The second research question (RQ2) examined the relationship between app

engagement and the ACT. For the second research question, the independent variable was
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app engagement as defined by the DSA as described above. The covariates examined for
potential confounding were patient characteristics (age, sex, race, and ethnicity) and
mean baseline ACT scores, which could each have a relationship with both app
engagement (i.e., younger people or people who report feeling worse at baseline may
engage more with the app) and the dependent variable, which was the final ACT score.

To address the two research questions, the specific research design of this
quantitative research study was a retrospective analysis (Setia, 2016) of a secondary
dataset of a cohort of patients with uncontrolled asthma who were assigned to use a
digitally enabled inhaler technology and accompanying app for their asthma therapy. The
study participants were followed for 24 weeks in the initial primary randomized control
study that aimed to evaluate the impact of a digital inhaler technology on asthma control.
A guantitative research design was selected as the procedure of inquiry for this study to
align with the research questions, which both aimed to identify relationships between
independent and dependent variables. Unlike qualitative research that aims to understand
the nature of phenomena, or the meaning attributed to a social or human problem,
guantitative research examines relationships through variables that can be measured,
allowing for statistical analysis of numbered data (Creswell, 2018), hence the rationale
for this study’s quantitative approach.

A retrospective analysis was selected over a prospective study because the
technological intervention that was being evaluated in this study is only available to
patients by prescription and, to date, the product manufacturer has completed the only

currently available clinical research studies that have ever used this technology. Selection
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of a retrospective design considerably reduces the time and resource constraints of a
prospective study (Setia, 2016) such as identifying clinical research sites that can
prescribe the product as clinically and legally appropriate. The retrospective design can
also reduce the burden of cost that would be incurred to execute a prospective study as
well as any potential costs to the patient to procure the digital inhaler (Song & Chung,
2010). A quantitative and retrospective approach also aligns with previous research in
digital technologies in asthma. As previously described in the literature review in Chapter
2, several quantitative research studies, both prospective and retrospective, have
demonstrated improvement in asthma outcomes, including ACT, using digital inhaler
technologies (Barrett et al., 2018; Barrett et al., 2017; Gregoriano et al., 2019; Mahmoud
et al., 2022; Mammen et al., 2022; Merchant et al., 2018b; Mosnaim et al., 2021b). By
using a similar quantitative research design approach, this study remains consistent with
previous research conducted to advance the discipline of digital health in public health
and, more specifically, respiratory care management.
Methodology

Population

In the original CONNECT?2 study, the researchers enrolled 427 participants, of
which 210 in the intervention arm and 181 in the control or “standard of care” arm were
included in the modified intention-to-treat (mITT) analysis (Mosnaim et al., 2022). The
population for the study consisted of patients whose asthma was uncontrolled at baseline
given that the objective of the study was to assess potential improvement in asthma

control with the digital inhaler system (DS). The target population of the original research
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study was adults and adolescents > 13 years of age at the time of screening who had a
documented or physician-investigator-confirmed diagnosis of asthma and whose asthma
was uncontrolled based on an ACT score of < 19 at the screening/baseline visit. The
patients had to be willing to use their own smartphone and be willing to switch their
medications to the digital inhaler products. The patients had to be able to communicate in
English, provide written informed consent, and be willing and able to comply with the
study procedures. The patients were excluded from participating in the study if they had
previously been treated with a digital inhaler device, had COPD, asthma-COPD (ACO),
or a significant uncontrolled medical condition or mental condition that could jeopardize
or would compromise their ability to participate in the study. Participants were also
excluded if they were current smokers or had a greater than 10 pack-year history of
smoking, had been treated with an asthma biologic currently or within the past 90 days,
or had known hypersensitivity to the products contained in the digital inhaler therapy.
Sampling and Sampling Procedures

The sample for this quantitative retrospective study included patients who were
randomized in the original modified intention-to-treat (mITT) analysis in the
CONNECT?2 study and used the digital inhaler and app. The original study sample size
was based on a Bayesian approach that allowed for a range of underlying proportions
rather than a fixed predefined value (Mosnaim et al., 2024). The sample size
determination was made assuming binomial distribution for the primary endpoint, which
was the proportion of patients in the DS intervention group and the standard of care

(SoC) groups achieving well-controlled asthma as defined by an ACT score of greater
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than or equal to 20, or a clinically important improvement in asthma control as defined by
an increase of at least 3 ACT units from baseline at the end of the 24-week treatment
period. An informative prior for SoC group (Beta [9.52, 11.88]) was selected to reflect
the belief that the response rate of the SoC group is between 30% and 60% (most likely
45%; Merchant et al., 2016), and the effect size between groups of 13% difference in
response rates was considered to be clinically meaningful. In addition, an informative
prior for the SoC group was selected to ensure that the mean square error for the Bayes
estimate from the informative prior is superior to the maximum likelihood estimate over a
range of 30% and 60% of anticipated proportion for SoC group. A noninformative prior
(Beta [0.5,0.5]) for the DS group was selected due to lack of availability of data in the DS
group. With assumptions of response rates of 58% and 45% for the DS and SoC groups,
respectively, sample size and randomization ratio, the probability of the posterior odds
ratio (OR) of improvement (i.e., OR > 1) for the DS group versus the SoC group of at
least 0.95 is about 82.0%. This would ensure a one-sided 5% Type 1 error rate and 78.0%
power for an effect size for 13.0% difference between the groups (Merchant et al., 2016)
provided that the proportion of responders in the SoC group is 45.0%. Sample size
estimates were based upon the assumption that the absolute differences between the DS
and SoC groups and the associated operational characteristics would be similar to the
absolute differences and operational characteristics of the DS and SoC groups.
Procedures for Recruitment, Participation, and Data Collection

In the CONNECT?2 study, 427 participants at clinical sites across the United

States were recruited with the support of a contract research organization (CRO) that was
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contracted to manage the study. Each site was trained on the protocol and how to use the
digital inhaler devices. Sites recruited patients in the clinic and screened and enrolled the
patients based on the protocol approved entry criteria previously mentioned above.
Volunteer participants reviewed and completed the informed consent form (ICF) at each
site and were randomized to receive the DS or remain on SoC. Participants who were
enrolled in the DS arm of the study were trained to use the digital inhaler device
technology after initial enroliment, and they replaced their ICS-containing controller and
rescue medication with the digitally enabled inhaled corticosteroid/long-acting beta
agonist (ICS/LABA) and short-acting beta agonist (SABA) that was the clinical
intervention in the study. The SoC group remained on all of their previously existing
asthma medications. Participants who screen failed were allowed to rescreen within 7
days of signing the ICF per the protocol procedures.

At the baseline/screening visit (Visit 1), Visit 2 (Week 12), Visit 3 (Week 24—
final clinic visit), early termination, and any clinically-driven assessment visit outside of
Visits 1-3, data collection included concomitant medications, adverse events, and
completion of the ACT. Healthcare professionals (HCPs) were also required to ask
participants asthma management questions regarding adherence, inhaler technique,
treatment adjustments, and biologic medication usage at Visit 2, Visit 3, and any early
termination or clinically driven assessment visit. Participants also completed
questionnaires about their perceived quality of life and impact on work productivity and
activity impairment, their perception of their illness, their beliefs in medicines, and their

perceived usability of the DS, but these questionnaires and associated data are not related
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to this current research and will not be further discussed. Each participant received a
follow-up phone call after Visit 3 to collect adverse events and to confirm return of the
digital inhalers.

To gain access to the dataset for analysis in this study, an initial request was
submitted to the clinical study physician and the legal counsel at the manufacturing
company, Teva Pharmaceuticals USA, Inc., who owned the data. Approval to secure the
data was received prior to completing the prospectus for this study, and an official letter
of approval was received. After obtaining Walden Institutional Review Board (IRB)
approval, the deidentified data transfer occurred via a private content network (PCN) or
secure, encrypted internal email transfer.

Instrumentation and Operationalization of Constructs

The ACT is a validated data collection instrument that was used to measure
asthma control in the CONNECT2 primary research study. The data collected by this
measurement tool were analyzed to examine the relationship between engagement with
the digital inhaler technology and asthma control as measured by the ACT. The ACT is a
5-item, patient-based questionnaire developed by Robert Nathan et al. (2004) to help
identify patients with uncontrolled asthma. The ACT assesses interference with activity,
shortness of breath, nocturnal symptoms, rescue medication use, and a patient self-rating
of asthma control, thereby providing an overall score reflecting asthma control status that
is based on the sum of the scores of each of the five individual items.

Starting with a 22-item survey administered among 471 patients with asthma, the

researchers conducted stepwise regression analysis to identify a subset of items that had
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the greatest discriminant validity in relationship to the asthma specialist’s rating of
asthma control, which was also collected in the ACT validity study (Nathan et al., 2004).
Four hundred and seven (86.4%) of the patients completed all 22 survey items. Internal
consistency reliability was calculated, and discriminant validity tests were conducted for
ACT scale scores. The performance of ACT was investigated by using logistic regression
methods and receiver operating characteristic analyses. The regression analysis identified
five items. The internal consistency reliability of the 5-item ACT scale was 0.84, the
overall agreement between ACT and the specialist’s rating ranged from 71% to 78%, and
the area under the receiver operating characteristic curve was 0.77. The results of the
study demonstrated that the ACT is a useful, easy-to-use, brief patient-based index of
asthma control.

In a later study of 313 patients with asthma, internal consistency reliability of the
ACT was 0.85 at baseline and 0.79 at the follow-up visit, where the patients completed
the ACT for a second time (Schatz et al., 2006). Test-retest reliability was 0.77, and there
were significant correlations between baseline ACT scores and baseline specialists’
ratings of asthma control (r = 0.52, p <.001), demonstrating criterion validity. This study
demonstrated that a cutoff score of 19 or less (range 0 to 25) identifies patients with
poorly-controlled asthma and that the ACT is reliable, valid, and responsive to changes in
asthma control over time (Schatz et al., 2006). These two studies demonstrated that the
ACT is areliable and valid data collection instrument for discerning between
uncontrolled and controlled asthma and to identify changes in asthma control as seen in

Schatz et al. (2006), where the patients completed the ACT at baseline and follow-up



89

visit and the tool demonstrated internal consistency reliability at both measurement time
points. Given that this secondary research aimed to identify the association between
engagement and asthma control, the ACT is an appropriate tool to measure asthma
control status and changes in asthma control.
Operationalization

Table 3 provides the study variable name for each independent and dependent
variable, level of measurement, its operational definition, how the variable/scale score is
calculated, and what the scores represent or how they are interpreted for each research

question.
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Operationalization of Variables
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Research Question 1

Independent Level of Operational Scale Score interpretation/ reporting
variable measurement definition
Age Continuous/Interval Age at last 1-X Frequencies, Mean, Standard
birthday (in years) deviation (SD), Median
Sex Categorical/Nominal  As reported by 0 = Male Count, proportions, percentages
study participant 1= Female
- Male 0 (Male) = Reference group
— Female
Race Categorical/Nominal  As reported by 1 = White Frequencies, proportions,
study participant: 2 = Black or African  percentages
- White American
— Blackor 3 = American Indian 1 (White) = Reference group
African or Alaska Native
American 4 = Astan ,
—  American 5 = Native H_ayvauan
. or Other Pacific
Indian or ' Islander
Alaska Native
— Asian
— Native
Hawaiian or
Other Pacific
Islander
Ethnicity Categorical/Nominal  As reported by 0 = Non-Hispanic Count, proportions, percentages
study participant 1 = Hispanic
— Hispanic 0 (Non-Hispanic) = Reference
— Non-Hispanic group
Baseline Continuous/Ratio 5-25 Mean, Standard deviation (SD),
Asthma Control Median during first 7 days after
Test (ACT) initial study entry
score
ACT score < 20 = uncontrolled
asthma
Dependent Level of Operational Scale Score interpretation/reporting
variable measurement definition
Daily Self- Categorical/Nominal ~ Whether patient 0 = no response Count, Proportions, Percentages
Assessment responded 1 = response
(DSA) 0 (no response) = Reference
group
Research Question 2
Independent Level of Operational Scale Score interpretation/reporting
variable measurement definition
Daily Self- Categorical/Nominal ~ Whether patient 0 = no response Count, Proportions, Percentages
Assessment responded 1 =response
(DSA) 0 (no response) = Reference
group
Age Continuous/Interval ~ Age at last 1-X Mean, Standard deviation (SD),
birthday (in years) Median
Sex Categorical/Nominal  As reported by 0 = Male Count, proportions, percentages
study participant 1 =Female



Race

Ethnicity

Baseline
Asthma Control
Test (ACT)

Final Asthma
Control Test
(ACT) Score

Categorical/Nominal

Categorical/Nominal

Continuous/Ratio

Continuous/Ratio

- Male
— Female

As reported by

study participant:

- White

— Blackor
African
American

— American
Indian or
Alaska Native

— Asian

Native Hawaiian or
Other Pacific
Islander

As reported by
study participant

— Hispanic

Non-Hispanic

0 (Male) = Reference group

1 = White

2 = Black or African
American

3 = American Indian or
Alaska Native

4 = Asian

5 = Native Hawaiian or
Other Pacific Islander

Proportions, percentages

0 = Non-Hispanic
1 = Hispanic

Proportions, percentages

0 (Non-Hispanic) = Reference
group

Mean, Standard deviation,
Median during first seven days
after initial study entry

ACT score < 20 = uncontrolled
asthma

Mean, Standard deviation,
Median at the end of the study
(24 weeks)

5-25

ACT score <20 = uncontrolled
asthma
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Data Analysis Plan

This quantitative research study aimed to examine the following research

questions and hypotheses:

RQ1: What patient characteristics (age, sex, race, ethnicity, baseline asthma

control) are associated with engagement with a digital asthma inhaler

technology among patients with uncontrolled asthma who were assigned

to a use a digitally enabled asthma medication and accompanying app for

asthma therapy?

Hol:

Patient characteristics are not associated with engagement with a

digital asthma inhaler technology among patients with



92

uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy.

Hal: Patient characteristics are associated with engagement with a
digital asthma inhaler technology among patients with
uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy?

RQ2: What is the relationship between patient engagement with a digital asthma
inhaler technology and asthma control in adult patients with uncontrolled
asthma who were assigned to a use a digitally enabled asthma medication
and accompanying app for asthma therapy?

Ho2: There is no relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma
therapy.

Ha2: There is a relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma

therapy.
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Data Collection, Data Cleaning, and Data Transformation

The primary data were originally collected in a large randomized controlled study
titled “CONNected Electronic Inhalers Asthma Control Trial 2 (“CONNECT2”), a 24-
Week Treatment, Multicenter, Open-Label, Randomized, Parallel Group Comparison,
Feasibility Study of Standard of Care Treatment Versus the eMDPI Digital System, to
Optimize Outcomes in Patients at Least 13 Years of Age or Older with Asthma.” Patients
with suboptimal asthma control were randomized in the original study to receive the FDA
approved Digihaler® asthma inhaler system with accompanying app and their inhaler use
was monitored by their physicians via a Digihaler HCP-facing dashboard. Within the app,
patients received an automatic optional daily self-assessment (DSA) question asking
them “How are you feeling today?” with three response options provided as a “smiley”
face, a “neutral” face, or a “frown” face. The study participants’ voluntary responses
were included in the dataset analyzed in this study along with the demographic data and
the ACT score collected as a patient reported outcome in the original research. For the
purposes of this secondary research, the DSA data were transformed and the categorical
responses of “smiley,” “neutral,” and “frown” were dummy coded as a dichotomous
dummy variable with a yes/no response where a “yes” response was coded asa 1 and a
“no” response was coded as a 0. The DSA response variable defined engagement in this
current study and the dummy variable for the DSA response served as the measure of
engagement. IBM SPSS Statistics for Windows, Version 25.0 was the software that was

used in this study for data cleaning, data transformation, and data analysis. It should be
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noted that the secondary dataset had previously been cleaned and quality checked prior to
the data transfer but was reassessed for this study.

A modified intention-to-treat (mITT) dataset was used for this secondary analysis,
which included only the patients who were randomized to and used the Digihaler inhaler
system with the accompanying app (n=181). The secondary dataset in this study was
retrieved from the manufacturer of the Digihaler® products, Teva Pharmaceuticals USA,
INC. via simple mail transfer protocol (SMTP), a common network standard for sending
email, through a dedicated Teva SMTP server and cleaned to include identification of
missing variables via preliminary descriptive analysis and inspection for missing values
per variable. Missing values were assumed to be missing at random (MAR) and were not
replaced. In this analysis, only withdrawals or dropouts with an ACT assessment at the
early termination (ET) visit were included in the statistical analysis. Participants with no
ACT score captured at an ET visit were not included in the analysis.

Statistical Tests to Test the Hypotheses
RQ1: What patient characteristics (age, sex, race, ethnicity, baseline asthma
control) are associated with engagement with a digital asthma inhaler
technology among patients with uncontrolled asthma who were assigned
to a use a digitally enabled asthma medication and accompanying app for
asthma therapy?
Hol: Patient characteristics are not associated with engagement with a

digital asthma inhaler technology among patients with
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uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy.
Hal: Patient characteristics are associated with engagement with a
digital asthma inhaler technology among patients with
uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy?
For Hypothesis 1 (Hol), descriptive statistics were applied to examine measures
of central tendency (mean and median) and measures of variability (standard deviation)
along with frequencies for the age variable and for the baseline ACT score. Frequencies
were reported for sex, race, and ethnicity categorical independent variables. Binary
logistic regression was applied to examine the relationship between the independent
variables that define patient characteristics (age, sex, race, ethnicity), the baseline ACT
score, and the dependent variable, which is engagement as defined by the dichotomous
(yes/no) DSA variable. Binary logistic regression is a common methodological approach
applied to studies with a dichotomous or binary outcome variable (Warner, 2013).
Regression can be used to examine relationships between independent and dependent
variables and to predict membership in a target group. Like multiple linear regression, a
binary logistic regression model can include one or multiple predictor variables that can
either be quantitative, dummy-coded categorical variables, or a combination of these two
types of variables (Warner, 2013).
The rationale for selection of binary logistic regression for this analysis was that

the Hol examines an association between multiple independent variables where the
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dependent variable is a dummy-coded dichotomous or binary variable and binary logistic
regression will allow for the prediction of engagement from age, sex, race, ethnicity, and
baseline ACT score. Assumptions required for binary logistic regression include the
outcome variable must be dichotomous (Warner, 2013), independence of errors, linearity
in the logit for continuous variables, and lack of multicollinearity and strongly influential
outliers (Stoltzfus, 2011). Test for assumptions included the data screening for expected
frequency in each cell and extreme outliers (Warner, 2013) and the Hosmer-Lemeshow
statistic was used to assess whether there was evidence of lack of fit.

The results of the binary logistic regression are reported in this analysis in terms
of overall significance of the model (rejecting or accepting the null hypothesis) and in
terms of the contribution of each predictor variable in relationship to engagement. The
descriptive results are reported to include counts, frequencies, means and standard
deviations, and medians. The results of the binary logistic regression analysis are reported
as odds ratios describing the odds that changes in the independent variables are
associated with the dichotomous categorical dependent variable (Frost, 2019). More
specifically, the probability that changes in age, sex, race, ethnicity, and baseline ACT
score are associated with app engagement are described.

RQ2: What is the relationship between patient engagement with a digital asthma

inhaler technology and asthma control in adult patients with uncontrolled
asthma who were assigned to a use a digitally enabled asthma medication

and accompanying app for asthma therapy?
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Ho2: There is no relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma
therapy.

Ha2: There is a relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma
therapy.

For Hypothesis 2 (Ho2), multiple regression was selected to examine the
relationship between the multiple independent or predictor variables (age, sex, race,
ethnicity, baseline ACT score, and the dichotomous dummy-coded DSA independent
variable), and the asthma control quantitative outcome variable, which was defined by the
scores on the ACT. The rationale for selecting this statistical approach was that multiple
regression allows for the examination of relationships between more than two predictor
variables that can either be qualitative or dummy-coded categorical and a single outcome
variable (Warner, 2013). Multiple regression can also be used to predict scores on the
dependent variable as a function of the individual independent variables while holding all
other independent variables constant (Warner, 2013). In multiple regression, assumptions
include the fact that the quantitative outcome scores should be normally distributed, the

data should be linear, variance in the outcome scores should be homogenous across all
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levels of the independent variable, and there should be no interactions between the
variables (Warner, 2013). Screening for violations of assumptions included an
examination of the distribution of the outcome scores in a histogram, examination of
quality and number of cases of dummy-coded variables (i.e. no fewer than 10 cases), and
identification of extreme outliers and linearity between variables in scatterplots.

In this analysis, the covariates, age, sex, race, ethnicity, and baseline ACT scores
were evaluated for their individual contribution in the model. The covariates were
selected because data have shown that age (Ciprandi et al., 2018) and sex (Ciprandi &
Gallo, 2018) are associated with uncontrolled asthma as measured by ACT. Additionally,
Blacks and Hispanics have reported higher rates of uncontrolled asthma (CDC, 2019) and
higher rates of severe asthma exacerbations (Lugogo et al., 2022b), which is a surrogate
marker of uncontrolled asthma. Blacks have also reported higher rates of uncontrolled
asthma based on ACT scores (Lugogo et al., 2022b). Lastly, older Blacks and Hispanics
have been shown to engage less with digital health technologies compared to Whites
(Mitchell et al., 2019) and research has shown that adults with initially uncontrolled ACT
scores at baseline had a significantly larger improvement in the in their asthma control at
the end of the study when using a digital inhaler technology.

Simultaneous or “standard” regression was used where all of the predictors were
entered in one step (Warner, 2013). The results of this multiple regression analysis report
the significance of the omnibus model and the contribution of each of the individual
predictor variables in the model while holding other predictor variables constant. The

effect size of each predictor variable presented as R? are reported as well as the number of
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units of change predicted for the dependent variable for a one-unit change in each

predictor variable, controlling for all other predictors (Warner, 2013).

Threats to Validity

The design of a research study could affect internal and external validity and

could impact the overall study results. Internal validity focuses on the rigor or the degree

of control of the study (Slack & Draugalis, 2001). Assessing or establishing internal

validity allows ruling out of alternative causes when examining cause-and-effect

relationships in research. Threats to internal validity include the following:

History— where external factors that occur by virtue of the passage of time
can become a threat

Maturation— where biological or physiological changes occur in subjects, like
“outgrowing” their asthma

Testing— where tests scores change because of repeat testing (particularly in
pre-/post-testing with the same instrument) and are not changed as a result of
the intervention

Instrumentation — where changes in instrument calibration or observer
changes impact the results rather than the intervention causing a true treatment
effect

Regression— where subjects are selected on the basis of extreme scores
leading to regression towards the mean, thereby obscuring the true impact of

the intervention
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e Differential selection— where subjects are not randomly assigned to treatment
groups and the results of the study are confounded by the fact that the two
groups are not equal

e Experimental mortality— where attrition occurs due to withdrawals, loss-to-
follow up, or dropouts that leads to unequal groups at the end of the study

e Selection interactions— where interaction with selection threats and other
threats such as maturation that impacts the differential assignments of the
groups (i.e. one group has more progressively worsening disease than other)

In this study, relevant potential threats to internal validity included history, where

external factors over the 6 months in the study such as seasonality (i.e., allergy seasons or
the viral season) could have impacted the outcomes, along with repeat testing with the
ACT, instrumentation where the physician intervened on a subject’s care based on
information about their inhaler use observed from the HCP-facing web-based dashboard,
and experimental mortality due to study withdrawals and dropouts. According to Slack
and Draugalis (2001), random assignment effectively controls for all threats to internal
validity except experimental mortality because random assignment creates equivalent
groups in terms of known and unknown variables, therefore, there should be no
differences between the two groups that could cause differences in outcomes. The
participants in the original study were randomized in a 4:3 ratio stratified by
investigational center, using a Randomization and Trial Supply Management (RTSM)
system to be assigned either the electronic inhaler system or to remain on SoC,

effectively controlling for the aforementioned threats to internal validity, except
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experimental mortality. To address experimental mortality, the data were evaluated for
any significant differences in the two groups due to attrition prior to analysis in support
of the research questions.

External validity focuses on the generalizability of the findings of a research study
(Slack & Draugalis, 2001). Random selection, unlike random assignment, helps to
increase external validity. While studies with random sampling are considered
generalizable, random sampling is not a guarantee of generalizability. Researchers and
end-users of the study results must consider other information in the methodology such as
the entry criteria and the results of the study to determine generalizability. One potential
threat to external validity in the original study that may also impact this current analysis
is the Hawthorne Effect. The Hawthorne Effect suggests that study participants’
awareness that they are in the study or special attention received during the study alters
their behavior or the study outcomes (Fernald et al., 2012). According to McCarney et al.
(2007), the Hawthorne Effect may be a significant component in the generalizability of
clinical research findings in routine clinical practice. The Hawthorne Effect does not
affect the differences between two groups but may inflate the estimate of effect size in
the results. Observational studies or studies that are nonblinded are susceptible to the treat
of the Hawthorne Effect (Fernald et al., 2012). Lack of blinding in a study can lead to
nonsignificant study results and can diminish the actual effects of a treatment or
intervention (Slack & Draugalis, 2001). If study participants are not blinded and are
aware that they are not receiving the intervention, they may attempt to achieve the

outcome regardless of not having the intervention. The Hawthorne Effect cannot be
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controlled for by usual study designs (McCarney et al., 2007). The original study was an

open-label, nonblinded study and subjected to the Hawthorne Effect, which was a
limitation in the original study and will be a limitation in this secondary study as well.
Ethical Procedures

This analysis and the original study are in full accordance with the ICH
Harmonised Tripartite Guideline, Guideline for GCP E6 and any applicable national and
local laws and regulations (eg, Title 21 Code of Federal Regulations [21CFR] Parts 11,
50, 54, 56, 312, and 314, the laws, regulations and administrative provisions related to the
implementation of Good Clinical Practices (GCPs) in the conduct of clinical trials on
medicinal products for human use. Each investigator was responsible for conducting the
clinical study according to protocol and for ensuring the privacy, health, and welfare of
the patients during and after the clinical study. The investigators maintained all of the
original records (i.e., source documents) of each patient’s data at all times and maintained
a confidential patient identification list that allows the unambiguous identification of each
patient. The investigator, or qualified designee, was responsible was informing the patient
of all pertinent aspects of the study, including the written information approved by the
IEC/IRB. Written informed consent was obtained from each patient before any study
specific procedures or assessments are done and after the aims, methods, anticipated
benefits, and potential hazards were explained.

The data were collected in the original study using case report forms and central
laboratory, bioanalytical laboratory, central image center, electronic diary data, and

electronic patient-reported outcome (ePRO) tablets. Teva’s Data Management group was
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responsible for the accuracy, quality, completeness, and internal consistency of the data.
Patient privacy for the original study and this secondary analysis will be maintained
according to the laws and regulations, and patient identifiers will be substituted to
maintain a patient’s privacy to reviewers of the data. All data received after IRB approval
received for this study were de-identified and all identifiers removed prior to receipt of
the dataset.
Summary

This chapter reviewed the research design and rationale for this study as well as
the methodology including the description of the population to be studied, the sampling
procedures, and the procedures for recruitment, participation, and data collection. This
chapter also described the instrumentation and the validation of the ACT and the
interpretation of the score that was used as a measure of asthma control and the
dependent variable in research question 2 of this analysis. This chapter also presented the
operationalization of the variables and described the detailed data analysis plan to include
a discussion on the data collection, data cleaning, and data transformation along with the
statistical tests used to examine the hypotheses. The chapter ended with a review of
threats to validity and ethical procedures such as collecting informed consent and data
safeguarding. Chapter 4 will describe more details about the data collection such as the
time frame of the data collection, recruitment and response rates, any data discrepancies,

and will provide results of the analyses of this current study.
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Chapter 4: Results

Introduction
The purpose of this quantitative study was to examine the relationship between
patient engagement with a digital inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to use a digitally enabled asthma
medication and accompanying app for asthma therapy. This quantitative research study
aimed to examine the following research questions and hypotheses:

RQ1: What patient characteristics (age, sex, race, ethnicity, baseline asthma
control) are associated with engagement with a digital asthma inhaler
technology among patients with uncontrolled asthma who were assigned
to a use a digitally enabled asthma medication and accompanying app for
asthma therapy?

Hol: Patient characteristics are not associated with engagement with a
digital asthma inhaler technology among patients with
uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy.

Hal: Patient characteristics are associated with engagement with a
digital asthma inhaler technology among patients with
uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy.

RQ2: What is the relationship between patient engagement with a digital asthma

inhaler technology and asthma control in adult patients with uncontrolled
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asthma who were assigned to a use a digitally enabled asthma medication

and accompanying app for asthma therapy?

Ho2: There is no relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma
therapy.

Ha2: There is a relationship between patient engagement with a digital
asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally
enabled asthma medication and accompanying app for asthma
therapy.

This chapter will review the time frame for data collection as well as recruitment
and response rates, and it will describe any discrepancies in the collection of the data.
The chapter will also report sample demographics and baseline descriptive statistics
along with the results of the binomial logistic regression and multiple regression.

Data Collection

The data used in this secondary analysis were collected between February 16,
2021 and March 10, 2022 in the CONNECT?2 primary research study (Mosnaim et al.,
2023). Self-selection sampling, a type of nonprobability sampling, was used in the
primary research study where participants who met the entry criteria and were invited to

consider participation volunteered to be research participants in the study. A total of 427
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volunteer participants enrolled in the original CONNECT2 study across 46 research sites
in the United States for the intention-to-treat analysis (Mosnaim et al., 2024). For the
purposes of this research, the data from only 181 of the CONNECT?2 study participants
were analyzed, as this sample represented the number of participants in the modified
intention-to-treat (mITT) analysis who used the digital technology in the dataset. The
data were transferred via a Microsoft Excel .csv file from Teva Pharmaceuticals via a
secure email through a virtual private network (VPN) connection. The final dataset was
reviewed, cleaned, and transformed for this analysis with no discrepancies in the data
collection from the plan presented in Chapter 3.

Baseline Descriptive and Demographic Characteristics of the Sample of Interest

Descriptive statistical analysis was completed for sex, race, ethnicity, age, and
baseline ACT score for the participants in the mITT analysis who received the
technology. Volunteer participants were asked to self-report their age, sex, race, and
ethnicity. Age was reported by study participants in years, sex was reported in categories
(male or female), race was reported in categories (White, Black or African American,
Asian, Native American or Other Pacific Islander, or Other), and ethnicity was reported
in categories (Hispanic or Latino and Not Hispanic or Latino).

As described in Chapter 1, females have a higher prevalence of asthma compared
to males (8.9% vs. 6.5%; CDC, 2023). Data from the CDC also show that non-Hispanic
Whites have a lower prevalence of asthma compared to non-Hispanic Blacks and non-
Hispanic American Indians and Alaska Natives (CDC, 2023). Based on the CDC’s data,

the baseline demographics of the study volunteer participants that will be presented in the
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results section below are representative of the population of interest, which consists of
patients with moderate to severe asthma. As previously described in Chapter 3, sex, age,
race, ethnicity have been independently associated with asthma control (Chen et al.,
2020; Lugogo et al., 2022b; Talreja & Baptist, 2011). Additionally, baseline ACT scores
have been associated with poor asthma outcomes such as asthma exacerbations and
healthcare resource utilization (Ko et al., 2012). The baseline ACT scores were collected
via the patient-reported ACT questionnaire at the start of the study, and descriptive
results of the baseline ACT are described in the results section below.
Treatment and/or Intervention Fidelity

In terms of treatment fidelity, the treatment in the primary study was administered
as planned. Given the nature of this secondary analysis, adverse events or serious adverse
events are not reported in detail here. There were no significant differences in adverse
events between the two groups in the original study (Mosnaim et al., 2024).

Results

Descriptive Statistical Analysis That Characterizes the Sample

There were 181 valid cases for sex, race, ethnicity, age, and baseline ACT score,
with no missing cases. The majority of the study participants were female (n = 134,
74.0%), and about one quarter of the participants were male (n = 47, 26.0%). Most of the
participants were White (79.0%, n = 143), 16.0% were Black or African American (n =
29), 3.3% (n = 6) were Asian, and the remaining study participants were Native Hawaiian
or Other Pacific Islander (0.6%, n = 1) or other (0.6%, n = 1), and one case was not

reported (0.6%, n = 1). Given the small number of cases reported for all races other than
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White (n = 38), results related to race are presented as “White” and “non-White.” Almost
one third of the participants reported being Hispanic or Latino (n =57, 31.5%), 66.9% (n
= 121) were not Hispanic or Latino, 1.1% (n = 2) were unreported, and 0.6% (n = 1) was
unknown. Volunteer participants ranged from age 13 to 84 years, with an average age of
47.3 (SD = 18.17) years. The average baseline ACT score was 14.6 (SD = 2.85),
confirming that the sample population, on average, had uncontrolled asthma at the start of
the study.

Demographics that describe the patient characteristics along with baseline ACT
score were also examined descriptively, stratified by level of app engagement. The results
showed that 78.7% (n = 37) of the males and 82.1% (n = 110) of the females enrolled in
the study engaged with the app (see Table 2). In terms of race and ethnicity, 84.6% (n =
121) of those who reported White race and 68.4% (n = 26) of those who reported to be
non-White engaged with the app, while 71.2% (n = 44) of those who were Hispanic or
Latino and 83.5% (n = 101) of those who reported not being Hispanic or Latino engaged
with the app (see Table 2). Only a small number of children and adolescents (> 18 years)
participated in the original study (n = 13), of which 77.0% (n = 10) engaged with the app
(see Table 2). Of the adults between 18 and 65 years of age, 80.3% (n = 106) engaged
with the app and 86.1% (n = 31) of those participants who were 65 years and older
engaged with the app (see Table 4). It should be noted that age is only categorized for this
descriptive analysis and remains a continuous variable for all future analyses and
reporting of results. Daily engagement with the app ranged from 0 days to 173 days

throughout the 6-month study. Of the patients who engaged with the app (having at least
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one DSA response), 61.9% (n = 91) engaged for > 30 days, 19.0% (n = 28) engaged for >

90 days, and 8.8% (n = 15) engaged for > 150 days. To enter the original study, all
participants had to have uncontrolled asthma as defined by an ACT score of < 20. In this
descriptive analysis, these patients with uncontrolled asthma at baseline were further
stratified into two groups by their level of uncontrolled asthma as “very poorly
controlled” (ACT score < 15) and “not well controlled” (ACT score of 16 t019; Global
Initiative for Asthma, 2022). The results showed that 83.5% (n = 81) of the patients who
had “very poorly controlled” asthma (ACT score < 15) and 78.6% (n = 66) of patients

classified as having “not well controlled” asthma engaged with the app (see Table 4).
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Table 4

Patient Characteristics and Baseline ACT Score Stratified by Engagement With the App

Category App engagement No app engagement
n (%) n (%)

Sex

Male 37 (78.7) 10 (21.3)

Female 110 (82.1) 24 (17.9)
Race

White 121 (84.6) 22 (15.4)

Non-White 26 (68.4) 12 (31.6)
Ethnicity 2

Hispanic or Latino 44 (71.2) 13 (22.8)

Not Hispanic or Latino 101 (83.5) 20 (16.5)
Age

<18 years of age 10 (77.0) 3(23.0)

> 18 and < 65 years of age 106 (80.3) 26 (19.7)

> 65 years of age 31 (86.1) 5(13.9)

Baseline ACT score
<15 81 (83.5) 16 (16.5)
16-19° 66 (78.6) 18 (21.4)

& For ethnicity, one case was reported “unknown” in the no-app engagement group, and
one case was not reported in the app engagement group; therefore, N = 145. ® Only
baseline ACT baseline scores of 16-18 were in the dataset.
Binary Logistic Regression Statistical Analysis (Research Question 1)

Research Question 1 aimed to examine the relationship between patient
characteristics (age, sex, race, ethnicity, baseline asthma control) and engagement with a

digital asthma inhaler technology among patients with uncontrolled asthma who were
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assigned to a use a digitally enabled asthma medication and accompanying app for
asthma therapy. To answer this research question, binary logistic regression was
conducted and assumptions of binary logistic regression were evaluated. The following
assumptions of a binary logistic regression related to the research design have been met:
dichotomous dependent variable, one or more independent variables, independence of
observations, mutually exclusive and exhaustive categorical variables, and a minimum of
15 cases per independent variable (Leard Statistics, n.d.-a). To examine for outliers,
casewise diagnostics were evaluated for standardized residuals with a value of > 2.5
standard deviations (Leard Statistics, n.d.-b). One third of the cases identified had
standardized residuals with a value above 2.5, and only one case had a value above 3.0
(see Table 5). The cases were examined individually for extreme outliers in the raw data.
There were no obvious data entry or measurement errors, and the data values were a
natural part of the population being studied; therefore, the data were kept in the analysis.
Extreme outliers outside of 3 standard deviations were evaluated using casewise
diagnostics. No extreme outliers were found for standardized residuals with a value of

> 3.0.
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Casewise Diagnostics for the Test for Outliers Outside of 2 Standard Deviations in the

Binary Logistic Regression Analysis

Case Selected Observed Predicted Predicted Temporary Variable
status ZEero group Resid ZResid Sresid
engagement
14 S 0** .894 1 -.894 -2.910 -2.136
27 S 0** 873 1 -.873 -2.617 -2.068
82 S 0** 875 1 -.875 -2.645 -2.053
85 S 0** .864 1 -.864 -2.524 -2.025
126 S 0** .869 1 -.869 -2.574 -2.047
147 S 0** 935 1 -.935 -3.782 -2.359
156 S 0** .886 1 -.886 -2.795 -2.121
171 S 0** .898 1 -.898 -2.965 -2.162
173 S Q** .867 1 -.867 -2.553 -2.036

Note. S = Selected, ** = Misclassified cases, Resid = Residuals. Cases with studentized residuals

greater than 2.000 are listed.

Given that multicollinearity occurs when two or more independent variables

highly correlate with each other (Leard Statistics, n.d.-a), collinearity diagnostics were

analyzed for the entire model. The results of the collinearity diagnostics show that all of

the Tolerance values were greater than 0.1 and the variance inflation factor (VIF) was
approximately 1.0 for each variable (see Table 6), indicating that there were no issues

with multicollinearity in this dataset.
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Table 6

Collinearity Diagnostics Including Tolerance and VIF

Collinearity statistics

Tolerance VIF
Sex* .959 1.042
Race* 951 1.052
Ethnicity* .930 1.075
Age .983 1.017
Baseline ACT score 917 1.090

Note. VIF = variance inflation factor.
*Comparison groups: Sex = Female, Race = White, Ethnicity = Hispanic

or Latino.

Lastly, linearity of the continuous variables with respect to the logit (In) of the
dependent variable was assessed via the Box-Tidwell procedure (Leard Statistics, n.d.-c).
The interaction terms of the continuous variables “Age by In_Age” and “Baseline ACT
Score by In_Baseline ACT Score” were not statistically significant (p =.972 and p =
.102, respectively); therefore, the continuous independent variables are linearly related to
the logit of the dependent variable and the assumption of linearity has been met. Given
that all assumptions have been met, the model results can be interpreted. The results of
the main binary logistic regression analysis with all independent variables added to the
equation provide information on the overall model fit and whether the null hypothesis for
RQ1, which states that patient characteristics are not associated with engagement with a
digital asthma inhaler technology among patients with uncontrolled asthma who were

assigned to a use a digitally enabled asthma medication and accompanying app for
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asthma therapy, should be rejected. The binary logistic regression model was statistically
significant, y2(5) = 12.13, p = .033 (see Table 7); therefore, the null hypothesis can be
rejected, indicating that there is a relationship between the independent variables in the
model that define patient characteristics and app engagement.

Table 7

Statistical Significance for the Binary Logistic Regression Model

Chi-square df Sig.
Step 12.125 5 .033
Block 12.125 5 .033
Model 12.125 5 .033

Additionally, the Hosmer and Lemeshow goodness of fit test, which tests how
poor the model is at predicting the categorical outcomes (Leard Statistics, n.d.-c), was not
statistically significant (p =.215) indicating that there is no evidence of lack fit. The
model explained 10.7% (Nagelkerke R?) of the variance in app engagement and correctly
classified 82% of cases.

Of the independent or predictor variables that were entered into the model, only
race and age were statistically significant (p = .005 and p = .043, respectively). Sex (p =.
454), ethnicity (p =.109), or baseline ACT (p = .607) did not statistically contribute to
the model (see Table 8). The results of the odds ratio (OR) also showed that the odds of
Whites engaging with the app was 3.63 times greater than the odds of non-Whites
engaging with the app (OR=3.63, 95%CI [1.475, 8.932]) and there is a 1.024 increase in
the odds of engaging with the app for every one unit increase in age (OR=1.024, 95%ClI

[1.001, 1.047]) (see Table 8).
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Table 8

Association Between Patient Characteristics and Baseline ACT and Engagement

95% CI for OR

B SE Wald df  Sig. OR Lower Upper

Bound Bound

Sex* 341 455 .561 1 454 1.406 YN 3.427

Race* 1.289 .459 7.876 1 .005 3.630 1.475 8.932

Ethnicity* -.690 431 2.565 1 109 .502 216 1.167

Age .023 .012 4.097 1 .043 1.024 1.001 1.047

Baseline ACT -.038 .073 .265 1 .607 .963 .834 1.112
Score

Constant .025 1.380 .000 1 .986 1.025

Note. B = slope coefficient, SE = standard error, Wald = Wald chi-squared test, df = degrees of
frequency, Sig. = statistical significance or p-value, OR = odds ratio, Cl = confidence interval.

*Referent groups: Sex = male, Race = non-White, Ethnicity = not Hispanic or Latino.
Multiple Regression Statistical Analysis (Research Question 2)

To answer research question two (RQ2), which aimed to understand the
relationship between patient engagement with the app and asthma control, multiple linear
regression was selected for the analysis. The null hypothesis for RQ2 was that there was
no independent relationship between patient engagement with a digital asthma inhaler
technology and asthma control in adult patients with uncontrolled asthma who were
assigned to a use a digitally enabled asthma medication and accompanying app for
asthma therapy. The assumptions for multiple linear regression related to study design,
which are that there is one continuous dependent variable and two or more continuous or
categorical independent variables (Leard Statistics, n.d.-d) have been met. There was

independence of residuals, as assessed by a Durbin-Watson statistic of 1.86 (see Table 9).
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Visual inspection of the scatterplot of studentized residuals versus unstandardized
predicted (see Figure 2) demonstrated that the assumptions of linearity (as seen by the
nonhorizontal and noncurved line) and homoscedasticity (as seen by the randomly
scattered residuals; Leard Statistics, n.d.-e) was met.

Figure 2

Scatterplot Used to Assess Linearity

Scatter Plot of Studentized Residual by Unstandardized Predicted Value
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In terms of multicollinearity, none of the independent variables had correlations
greater than 0.7 and the tolerance values of the collinearity statistics were all greater than
one (Leard Statistics, n.d.-f). There were no outliers as determined by SPSS casewise
diagnostics and the histogram of the final ACT scores showed a normal distribution (see

Figure 3).
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Figure 3

Histogram of the Final ACT Scores
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Given that the assumptions of the multiple regression were met, the following
results of the multiple regression analysis are reported and interpreted. The overall
multiple regression model that included the independent variable for engagement (daily
self-assessment (DSA) responses) while holding covariates (age, sex, race, ethnicity,
baseline ACT) constant, statistically significantly predicted final ACT scores (F(6, 171) =

7.65, p <.001) (see Table 9).
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Table 9

Statistical Significance of the Multiple Linear Regression Model

Sum of squares df Mean square F Sig.
Regression 454.183 6 75.697 7.649  <.001°
Residual 1692.340 171 9.897
Total 2146.522 177

Note. df = degrees of frequency, F = F statistic, Sig = statistical significance or p-
value.
Due to the statistical significance of the overall multiple linear regression model

(p <.001), the null hypothesis that there is no independent relationship between patient
engagement with a digital asthma inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to a use a digitally enabled asthma
medication and accompanying app for asthma therapy can be rejected. The adjusted R? =
.18 (see Table 10) indicates a small effect size (Cohen, 1988).
Table 10

Model Summary Table With Adjusted R?

R R square Adjusted R Std. error of Durbin-
square the estimate Watson
460 212 184 3.146 1.860

The results containing regression coefficients, standard errors and confidence intervals
can be found in Table 11 below. The slope coefficient for the continuous variables
represents the change in the dependent variable for a one-unit change in the independent
variable (Leard Statistics, n.d.-g). As such, for every one unit increase age, there is a .046

decrease in final ACT score (95% CI [-.072, -.020] and for every one unit increase in
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baseline ACT score, there is a .399 increase in final ACT score 95% CI [.229, .568] when

all other predictor variables were held constant (see Table 11).
Table 11
Association Between Baseline Characteristics, Baseline ACT Scores, Engagement, and

Final ACT Score

Unstandardized Standardized 95.0% Confidence
coefficients coefficients interval for B

Lower Upper

Model B Std. error Beta T Sig. bound bound
1 (Constant) 16.123 1.819 8.862 <.001 12.532 19.715
Engagement* 136 .642 .015 212 .833 -1.131 1.403
Sex* -778 546 -.099 -1.423 157 -1.856 .301
Race* -.036 416 -.006 -.087 931 -.858 .785
Ethnicity* -.401 .304 -.092 -1.319 .189 -1.001 199
Age -.046 .013 -.240 -3.499 <001 -.072 -.020
Baseline .399 .086 .326 4631 <.001 229 .568

ACT Score

Note. B = slope coefficient, t = t statistic, Sig = statistical significance or p-value.
* Referent groups: Engagement = Zero engagement with the app, Sex = Male, Race = Non-White,

Ethnicity = Not Hispanic or Latino.

Summary
In summary, the results of the binary logistic regression analysis conducted to
answer research question 1 (RQ1) showed that there is a relationship between White race
(p = .005), age (p = .043) and engagement with the digital asthma inhaler technology
among patients with uncontrolled asthma who were assigned to a use a digitally enabled
asthma medication and accompanying app for asthma therapy. Specifically, the odds of

Whites engaging with the app was 3.63 times greater than the odds of non-Whites
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engaging with the app 95%CI [1.475, 8.932] and there was a 1.024 increase in odds of

engaging with the app for every one unit increase in age 95%CI [1.001, 1.047].

The second research question (RQ2) examined whether there was a relationship
between app engagement and asthma control. The results of the multiple linear regression
analysis demonstrated that there is a relationship between app engagement and asthma
control at the end of the study (p < .001) The data showed that for every one unit increase
in age, there is a .046 decrease in final ACT score (95% CI [-.072, -.020]) and for every
one unit increase in baseline ACT score, there is a .399 increase in final ACT score (95%
ClI [.229, .568]) when all other predictor variables were held constant.

Overall, these results refute the null hypotheses for both RQ1 and RQ2, indicating
that there is a relationship between patient characteristics and app engagement and that
there is a relationship between engagement with the digital inhaler app and asthma
control, although the data show that the covariates of age and ACT score at baseline may
have impacted the overall results. The next and final chapter will describe how these
results confirm, disconfirm, or extend knowledge in the discipline of digital inhaler app
engagement and its impact, or lack thereof, on asthma outcomes. The next chapter will
further describe the theoretical framework in relationship to the findings along with the
limitations to generalizability and/or trustworthiness, validity, and reliability that arose
from execution of this study. Lastly, the chapter will provide recommendations for future

research given the findings from this secondary analysis.
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Chapter 5: Results

Introduction

The purpose of this quantitative study was to examine the relationship between
patient engagement with a digital inhaler technology and asthma control in adult patients
with uncontrolled asthma who were assigned to use a digitally enabled asthma
medication and accompanying app for asthma therapy. This quantitative research study
aimed to answer two research questions:

RQ1: What patient characteristics (age, sex, race, ethnicity, baseline asthma
control) are associated with engagement with a digital asthma inhaler
technology among patients with uncontrolled asthma who were assigned
to a use a digitally enabled asthma medication and accompanying app for
asthma therapy?

RQ2: What is the relationship between patient engagement with a digital asthma
inhaler technology and asthma control in adult patients with uncontrolled
asthma who were assigned to a use a digitally enabled asthma medication
and accompanying app for asthma therapy?

The nature of this study was a retrospective cohort analysis of a secondary dataset
of patients with uncontrolled asthma who were assigned to use a digitally enabled inhaler
technology for their asthma therapy in the CONNECT2 randomized control study
conducted between 2021 and 2022 that was initially designed to evaluate the impact of
the digital inhaler technology on asthma control (Mosnaim et al., 2024). This study was

conducted because asthma is a chronic disease with significantly negative public health
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and economic impact and patients’ lack of adherence to asthma medications causes poor
outcomes of the disease. Recently, new electronic inhaler technologies have
demonstrated promise in improving asthma adherence and asthma outcomes, but an
extensive literature review of the evidence on this topic over the last 5 years showed that
there is a gap in the literature on understanding whether patients who engage achieve
improved asthma outcomes.

This secondary analysis examined whether there is an association between patient
characteristics and engagement with the asthma inhaler app and whether there is a
relationship between inhaler app engagement and asthma control. The key results of this
study showed that there is a relationship between patient characteristics and engagement
with the inhaler app that patients used in the original CONNECT2 study. More
specifically, White race and age were significantly associated with the asthma inhaler app
engagement. Whites had 3.63 higher odds of engaging with the app than non-Whites, and
there was also a 1.024 increase in the odds of engaging with the app with every 1 year
increase in age. The results also demonstrated that there was a statistically significant
relationship between engagement with the inhaler app and asthma control at the end of
the study.

Interpretation of the Findings

Previous literature has shown that older Blacks and Hispanics engage less with
digital technologies than Whites (Mitchell et al., 2019). For example, in the Asthma
Mobile Health Study that was described in Chapter 2, only 5% of Blacks and 15% or less

of the Hispanics across the three different groups in the study engaged with the Asthma
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Health App (Chan et al., 2017b). The results of this binary logistic regression analysis

showed that Whites were 3.63 times more likely to engage with the inhaler app than non-
Whites (p = .005), which supports the findings by Mitchell et al. (2019) and Chan et al.
(2017b), where non-Whites engaged less with mobile app technology than their White
counterparts. The descriptive analysis in this study also showed that a greater percentage
of Whites engaged with the app during the primary study than non-Whites (84.6% Whites
vs. 68.4% non-Whites). The results of this analysis could be used to support the findings
from Mitchell et al. (2019) and Chan et al. (2017b) but should be considered within the
scope of the study’s limitations such as the small sample size and lack of racial diversity
in the original CONNECT2 study (Mosnaim et al., 2024). The CONNECT2 dataset that
was used in this analysis contained only 29 cases who reported Black or African
American race; 3.3% reported to be Asian, and all other races were reported at less than
1% in the dataset for this analysis.

Given that Blacks and Hispanics have reported higher rates of uncontrolled
asthma (CDC, 2019) and higher rates of severe asthma exacerbations (Lugogo et al.,
2022b), it is important to understand how these populations may use asthma inhaler
technologies and whether engagement with apps leads to achieving a health benefit.
Although this study showed that there is a relationship between app engagement and
asthma control, more research is needed within these specific racial and ethnic
populations to understand how their engaging with the app is directly related to the

potential benefits of asthma inhaler medication monitoring.
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In terms of age, the researchers in the Asthma Mobile Health Study also found
that the majority of the app users were younger (Chan et al., 2017b). In contrast, the
results of this study showed a 1.024 increase in the odds of engaging with the app as with
increased age. The findings from this study support Jacome et al. (2021b), who found that
the patients who engaged with their app longer were older, suggesting greater
engagement with increased age. This data could also be used to challenge existing views
that older adults will not or do not use mobile apps to manage their asthma, but more
research should be conducted on the topic of age to draw any conclusions around app use
in different age groups. At the time of this literature review, the majority of the studies
reviewed focused on either the adult or the pediatric population. There was limited
published research that explored the relationship between age and app engagement or
age, app engagement, and asthma outcomes.

The findings from this analysis also showed that there is a relationship between
engagement and asthma control. More research is needed to examine a causal
relationship between app engagement and asthma control, but the results of this study can
inform future research in this area. As more asthma inhaler technologies become
available, understanding whether patients benefit from engaging with the app will inform
payers who cover the costs of these technologies about potential cost benefits of
electronic inhalers and apps as well as healthcare providers who prescribe these
technologies and the patients who use them.

In general, what this study and other published research in the literature review

have indicated is that patients with asthma do indeed engage with these asthma apps to
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some degree. For example, in Davis et al. (2021), 75% of the participants engaged with
the Kiss myAsthma app with different levels of engagement. Morita et al. (2019)
conducted a study of 138 patients using the breathe app to manage their asthma where
89% of the study participants engaged with the app. Kosse et al. (2019) demonstrated that
females engaged more with their asthma app and for greater periods of time than males.
In this current study, 78.7% of the males and 82.1% of the females engaged with the app.
This analysis, along with the current literature, suggests that at least three fourths of
patients engage with mobile apps to manage their asthma.

Even though the majority of asthma patients seem to engage with asthma mobile
apps and the literature review also demonstrates that they are generally satisfied with
them and find them easy to use, it is difficult to determine how long their engagement
lasts over time. This current analysis was limited to examining only whether patients
engaged or did not engage with the app as defined by their responding to a daily
questionnaire, but other markers of engagement, such as length of time using the app or
time spent on various app screens, was not captured within this dataset. Existing literature
demonstrated that patients used their mobile app for a median of 18 days and 39% used
their app for 30 days or more (Jacome et al., 2021b) and for as long as 90 days (Chan et
al., 2017b), but app use can decline within 4 weeks of use (Morita et al., 2019). The
results from Jacome et al. (2021b) suggest that patients who use the app for longer
periods of time have different characteristics. These patients tended to be sicker with
poorer lung function and on allergen immunotherapy, and they also had higher adherence

to their asthma medication. What this study does demonstrate is that there are differences
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in patient characteristics and engagement, and it suggests that engagement may be related
to asthma outcomes. As such, future research should examine whether there are
differences in asthma outcomes based on time using an asthma mobile app and whether
these differences depend on who uses the mobile app in terms of patient characteristics.
The majority of the existing literature that was reviewed in Chapter 2 of this paper
demonstrated improvement in medication adherence or improved outcomes such as
asthma control with engagement. The digital devices that were reviewed in those studies
provided feedback from the device to the patient. Feedback, primarily from EMM
devices, has been shown in this literature review and in a scoping review by Mosnaim et
al. (2021a) to be connected to improved adherence and asthma outcomes. Only two
studies in the literature review in Chapter 2 of this paper compared a group of patients
receiving feedback to a group of patients not receiving feedback. A study in children
showed improved adherence in the group receiving feedback (Chen et al., 2020), and a
study in adults showed improved adherence and asthma outcomes in the group receiving
feedback compared to the group not receiving feedback (Moore et al., 2021). Both studies
demonstrated that engagement via one-way feedback improves adherence and outcomes,
but none of the studies in the literature evaluated the impact of the patient’s engagement
with the mobile app on asthma control. For this reason, it was important to conduct this
study to understand the impact of engagement on asthma outcomes, especially given the
theoretical constructs that support the relationship between engagement and behavior

change that leads to improved outcomes such as asthma control.
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The theoretical constructs in this study form the basis for understanding how
engagement with technology can lead to improved outcomes by way of behavior change
that is outlined in three steps. The first step is adoption of the technology, which is
supported by the TAM (Davis, 1989). This theory hypothesizes that users adopt
technologies that are useful and easy to use. The literature reviewed in this paper supports
the fact that patients with asthma generally find these app technologies to be easy to use
and the majority report being satisfied with the technology. Although not examined in
this analysis, patients in the CONNECT 2 study did report overall “good” usability with
the inhaler app technology (mean system usability score [SD]: 70.0 [19.10]; Mosnaim et
al., 2024).

The next step in the journey from engagement to change in outcomes is
motivation to use the technology, which is supported by the SDT (Deci & Ryan, 1985).
The SDT suggests that people inherently need autonomy, relatedness, and competence,
and once these needs are met, they become self-motivated to achieve vitality and
wellness. Twenty-eight (15.0%) of the patients in the study responded to the daily self-
assessment (DSA) questionnaire for more than half of the 6-month study, and 15 (8.0%)
of the participants provided a response over 75% of the time that they participated in the
study. These data indicate that some patients were very motivated to engage with the
technology as they provided a response for at least 90 days during the 6-month study.
While the findings from this study suggest that there was some level of motivation based

on DSA use, future research is needed to fully understand how and why patients with
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uncontrolled asthma were motivated to respond to a daily question asking them how they
were feeling that day.

The final step in the three-step journey from engagement to change in behavior is
supported by the FBM, which proposes that motivation, ability, and a prompt are all
required at the same time to elicit behavior change (Fogg, 2009). Motivation and ability
are related to the SDT and the TAM, respectively, while the “prompt” is related to the
feedback that these mobile app technologies provide. As discussed previously, feedback
has been shown to improve adherence, which is a behavior, and asthma outcomes. In this
study, the “prompt” was the daily self-assessment question “How are you feeling today?”
that automatically occurs in the app on the user’s smartphone. Patients in the study would

99 ¢

get the DSA question and then reply with a “smiley,” “neutral,” or “sad” face. This
prompt drives the patient to consider their current health status that day and to provide a
response. As described in Chapter 2, feedback is a BCT that is an active component of
behavior change interventions (Michie et al., 2013). The SDT is a macrotheory with five
microtheories, one of which, CET, addresses how feedback can support or reduce a
person’s motivation. In theory, feedback via the DSA questions raises self-awareness of
the individual’s health condition and their status on any given day, which could lead to
motivation to implement a number of behavior changes such as increased adherence to
their medications or reduction in triggers that provoke asthma exacerbations or
uncontrolled asthma. While this three-step process from engagement to outcomes could

explain how engagement could lead to improved outcomes and the literature confirms

that feedback can lead to improved outcomes, more research that involves a qualitative
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component needs to be considered to better understand the pathway between engagement
and outcomes.
Limitations of the Study

There were several limitations in this current study, one of which was the use of
secondary analysis. While there are some benefits to using a secondary dataset like
reduction in cost and time, the data were not specifically collected to answer the research
questions, therefore preventing any analyses related to causality. Instead, the results can
only be interpreted in terms of the potential relationship between patient characteristics
and app engagement and the potential relationship between engagement and asthma
outcomes, with no implications of causality. The secondary analysis approach also did
not allow for the a priori selection of the patient population to be studied, addition of a
control group, timing or duration of the study, or selection of the variables or data
collection tools that were used in the analysis. For example, given the secondary nature of
this study, the definition of app engagement was limited to whether patients responded to
a daily self-assessment questionnaire and did not allow for the inclusion of other more
traditional measurements of app engagement such and navigation within the app or the
amount of time spent within the app on each screen.

Another limitation of this study was the small sample size of participants who
were randomly assigned to receive the app and the small sample sizes of participants
from different races, which led to a lack of racial diversity of the population where race
was considered a patient characteristic and a variable to be examined in both Research

Questions 1 and 2. The small numbers of data points (< 5) in each racial category except
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for White and Black or African American race prevented analysis and interpretation of
relationships related to racial differences. To overcome this limitation and allow for
analysis of the race variable, the race categories were dichotomized into “Whites” and
“non-Whites,” but, as a result, any understandings of any differences in races cannot be
determined beyond the comparison of Whites versus non-Whites, even though previous
data have shown that Blacks engage less with digital health technologies compared to
Whites, as described previously in Chapter 1. The small sample size, the lack of diversity,
and the fact that the study participants were volunteers who were not randomly selected
also prevent the generalizability of the data and impact the external validity of the study.
The external validity of this study is also affected by the short duration of the
original study given that asthma is typically treated for more than 6 months (Andrade,
2018). The short duration of the study could also cause a threat to internal validity, more
specifically as it relates to maturation, where participants could undergo physiologic or
biologic changes such as “outgrowing” their asthma over time. Threats to internal
validity also include the impact of seasonality such as the allergy and viral seasons
causing an impact on asthma outcomes, repeated measures of the ACT, and the fact that
physicians intervened by contacting and/or treating patients based on the inhaler use data
that they received from the external physician-facing dashboard as described in Chapter
1. Lastly, the original study and this current secondary study are subject to other
limitations that include use of a nondigital rescue medication to improve their asthma
control that was not captured by the technology that could have potentially skewed the

results, understanding how the dashboard-driven physician contact impacted asthma
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control, patient recall bias in reporting on the ACT, as well as the Hawthorne effect
where patients may have altered their behaviors because of their participation in the
clinical study (Sedgwick & Greenwood, 2015). Recall bias and the Hawthorne effect
could have inflated the effect size, even though the effect size in the results of this
secondary analysis was still rather small.
Recommendations

Given the secondary approach to analysis in this current study, the limitations,
and lack of interpretation on causality, future research could consider a prospective
primary data collection be conducted that aims to examine the direct relationship between
electronic inhaler app engagement and asthma outcomes. The RCT should include an
appropriate sample size to determine the outcome of the study as well as effect size and
the population enrolled should be racially and ethnically diverse as well as randomly
selected if possible. Future research should also include other factors that define app
engagement such as time in use and navigation along with other features of asthma
outcomes beyond a measure of asthma control using the ACT such as lung function,
healthcare resource utilization, and quality of life. Future research should consider the
inclusion of theory and consider the use of questionnaires that directly measure ease of
use, and usefulness of the technology, motivation, and the direct impact of app feedback
on behavior change. To better understand the relationship between app engagement,
behavior change and improved asthma outcomes, it is also recommended that a

prospective design be applied in future study.
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Implications

Asthma causes significant public health and economic burden, especially when
patients are not adhering to the appropriate use of their asthma medications. Digital
health technologies are on the rise and have the potential to improve medication
adherence and asthma outcomes. The growing body of literature examining technologies
and mobile apps in asthma care management has shown that these technologies improve
adherence and asthma outcomes but the stakeholders that are involved in asthma care
management currently lack information on whether patients can passively use these
technologies, such as simply downloading them, or if they have to actively engage and
engage regularly with the mobile apps to achieve improved asthma outcomes. There is
also a paucity of knowledge on which patients, based on certain patient characteristics,
would engage with these technologies to improve their asthma. These stakeholders
include patients who use the technology, healthcare professionals who prescribe the
technology, payers who cover the costs and provide patients access to the technology,
policymakers who support digital health technologies and may be concerned with patient
access, cost, and privacy, and public health professionals who deal with patients at the
population level with the goal to educate, implement interventions, and ultimately
support behavior change.

This study aimed to examine what patient characteristics are associated with
engagement and whether engagement results in improved asthma outcomes in order to
provide this information to key stakeholders. This study used an available dataset

containing data from patients who used a novel inhaler technology and a retrospective
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research design to answer these two research questions. The findings from this study
suggest that age and White race are associated with app engagement and that there is a
relationship between app engagement and asthma control. Furthermore, the results
showed that app use increases with age, Whites are more likely to engage with the mobile
app technology, and that there is a relationship between engagement and asthma control,
which is a key asthma outcome measure. These results suggest a relationship that requires
further research and this study can serve as the basis for that research.

The implications of this research are such that stakeholders would gain a better
understanding of whether these technologies are worth the investment or if there is no
benefit to using them, prescribing them, paying for them, or developing policies and
interventions around them. For example, payers and integrated delivery networks that
have to consider cost reduction and cost offset, would have a better understanding of
whether providing access and using these technologies would be cost-effective and
whether patient engagement with them provides benefit or if feedback alone might be
sufficient to achieve improved outcomes. The current approach of providing these to
patients without any information on their engagement or use is similar to the existing
system where asthma medications are covered by health plans or prescribed by their
individual healthcare provider or in a population health program but patients do not use
them and are ultimately nonadherent to their medications, thereby driving increased cost
by way of wasted medications and costs to the healthcare system that is driven by poor
asthma control resulting from nonadherence. Providing information on whether

engagement is required to achieve improved outcomes would help patients understand
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what is required of them to gain a health benefit from using the technology and can
further support their adoption and motivation to use the technology. The information
from this study on engagement could also inform policymakers who are developing new
policies around access and reimbursement for digital health or public health professionals
who may design specific interventions to target certain patients to increase their
utilization such as non-Whites or younger patients with uncontrolled asthma. Although
this was a study relying on secondary data, the findings are notable and informative, have
practical implications as described above, and theoretical implications such as supporting
the 3-step process from engagement to behavior change that requires their adoption of
and motivation to use the technology.
Conclusion

In conclusion, this study demonstrates that there are some potential benefits to
using digital health tools like the inhaler mobile app technologies in asthma care
management. When these technologies became available and the research to support their
utilization was still in development, the rhetoric was that these technologies have the
“potential to” or “promise to” improve asthma care for patients. This paper, including the
literature review and the results of the analysis support the benefit and use of these
technologies in the management of patients with asthma. The results of the original
CONNECT?2 study showed that having the technology does improve asthma control
compared to not having the technology (Mosnaim et al., 2024) but this secondary study
has taken a further step by demonstrating that patients can potentially gain further benefit

by engaging with the mobile app. Future studies should be developed in a prospective
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manner to draw more concrete conclusions on whether engagement is required to achieve
asthma control or improved asthma outcomes but this study, which is the first research in

this topic area, can inform and serve as the basis for future research.
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