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ABSTRACT

Introduction Supported self-management empowering
people with asthma to detect early deterioration and
take timely action reduces the risk of asthma attacks.
Smartphones and smart monitoring devices coupled

with machine learning could enhance self-management
by predicting asthma attacks and providing tailored
feedback.

We aim to develop and assess the feasibility of an asthma
attack predictor system based on data collected from a
range of smart devices.

Methods and analysis A two-phase, 7-month
observational study to collect data about asthma status
using three smart monitoring devices, and daily symptom
questionnaires. We will recruit up to 100 people via social
media and from a severe asthma clinic, who are at risk

of attacks and who use a pressurised metered dose relief
inhaler (that fits the smart inhaler device).

Following a preliminary month of daily symptom
questionnaires, 30 participants able to comply with regular
monitoring will complete 6 months of using smart devices
(smart peak flow meter, smart inhaler and smartwatch)
and daily questionnaires to monitor asthma status. The
feasibility of this monitoring will be measured by the
percentage of task completion. The occurrence of asthma
attacks (definition: American Thoracic Society/European
Respiratory Society Task Force 2009) will be detected by
self-reported use (or increased use) of oral corticosteroids.
Monitoring data will be analysed to identify predictors

of asthma attacks. At the end of the monitoring, we will
assess users’ perspectives on acceptability and utility of
the system with an exit questionnaire.

Ethics and dissemination Ethics approval was

provided by the East of England - Cambridge Central
Research Ethics Committee. IRAS project ID: 285505 with
governance approval from ACCORD (Academic and Clinical
Central Office for Research and Development), project
number: AC20145. The study sponsor is ACCORD, the
University of Edinburgh.

Results will be reported through peer-reviewed
publications, abstracts and conference posters. Public
dissemination will be centred around blogs and social
media from the Asthma UK network and shared with study
participants.
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STRENGTHS AND LIMITATIONS OF THIS STUDY

= This study combines objective data collected from
multiple smart monitoring devices available on the
market.

= Stratified analysis and individualised asthma attack
prediction models are not expected, due to the limit-
ed number of participants and study period.

= Participants are limited to patients with severe asth-
ma at risk of acute attacks, and to those using a
pressurised metered dose relief inhaler that fits our
smart device.

INTRODUCTION

Asthma is a variable condition, affecting
around 5.4million people in the UK.
Every 10s in the UK alone, someone has an
asthma attack. Some of these attacks are life-
threatening with over 1400 annual deaths esti-
mated in the UK.' ? Since there is no known
cure for asthma, selfmanagement is a key
part of patient care; this involves detecting
deterioration and taking appropriate action
to maintain control and prevent the threat-
ened attack.” The most common symptoms of
asthma are wheezing, cough, chest tightness
and shortness of breath.

Traditional self-management action plans
use symptom scores, sometimes supple-
mented by peak flow measurements, to deter-
mine a patient’s asthma condition.*® Keeping
track of relief inhaler usage can also help
measure asthma control.” However, patients
may regard this level of monitoring as tedious
as it involves high levels of active engagement
on their part.

Increasingly, smart monitoring devices
and ‘mobile-health’ (mHealth) technolo-
gies are being developed to support asthma
selfmanagement.” Some notable exam-
ples include myAsthma® and Asthma MD."
myAsthma stores personalised action plans,
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includes instructional videos about inhaler techniques,
tracks symptoms and peak flow, and provides local
weather forecasts. AsthmaMD'’ has similar features to
support self-management and can provide customised
notifications. However, these tools still require a high
level to active engagement to monitor one’s asthma.

There has been an increasing number of mHealth
studies to predict asthma attacks and develop passive
monitoring to support asthma self-management,11
including the use of smart peak flow meters,'”” night-
time activity tracking,"” '* smart inhalers,"”” smartphone-
administrated questionnaires® '*'” and weather data.'® "
However, the combined use of the monitoring devices
available to asthma patients to develop asthma attack
prediction models is largely unexplored. In addition,
while there have been some studies that explored the
use of machine learning algorithms for chronic disease
management with home-monitoring data,” there is still
no mHealth system that is widely used by asthma patients.
One of the key bottlenecks for the limited progress is the
difficulty of collecting asthma monitoring data and the
lack of availability of such datasets from existing studies.
Apart from the Asthma Mobile Health Study,”' no other
asthma mHealth dataset is publicly available to be able
to investigate the development and validation of asthma
attack prediction algorithm.

A related study is the myAirCoach study,” which investi-
gated asthma home-monitoring using connected devices.
However, their participants conducted daily monitoring
for the first month with an additional randomly allocated
2weeks, compared with 7months in total proposed in this
study. To our knowledge, the dataset from myAirCoach is
not publicly available and it has not yet been used to test
any machine learning-based algorithms for asthma attack
prediction.” **

In this study, we will collect novel asthma moni-
toring data that will facilitate the development of an
asthma attack prediction algorithm leveraging available,
approved asthma monitoring devices in the market. This
study will also enable us to test whether unobtrusive,
passive monitoring and machine learning could help
minimise the need for active patient data collection while

maintaining accuracy for predicting attacks. We envisage
that an mHealth system that leverages machine learning
to predict asthma attacks with passive monitoring
will enhance patient adherence and improve patient
self-management.

The overarching aim of this study is to develop and
assess the feasibility and acceptability of an asthma self-
management system using existing smart devices, collect
novel monitoring data and leverage machine learning to
explore the feasibility of an asthma attack prediction algo-
rithm based on passive monitoring.

METHODS AND ANALYSIS

Study population

To maximise the chances of collecting data related to
attacks in a short time-span, we will focus on patients
with moderate to severe risk of attacks. Two key predic-
tors are a recent history of attacks and people with severe
asthma.” 2 We will thus focus on adult asthma patients
who have had at least one course of oral corticosteroid
for an acute asthma attack in the past 12 months, and
people attending a secondary care severe asthma clinic.
See table 1 for inclusion and exclusion criteria.

Social media recruitment consists of sending tweets on
Twitter and posting on Facebook via the Asthma+Lung UK
and Asthma UK Centre for Applied Research (AUKCAR)
accounts, which total around 175000 followers. The
Norfolk and Norwich University Hospital will help iden-
tify potentially eligible patients for the study and direct
them to the online information and expression of interest.

Potential participants will complete an online question-
naire to identify whether they are eligible to participate.
Informed consent will be collected via online surveys,
a secure online platform for collecting questionnaire
data. Potential participants will be given time to read the
participant information sheet before deciding whether to
participate.

Sample size calculation
To achieve the objectives of this study, we need to collect suffi-
cient data need to train an asthma attack prediction model.

Table 1 Inclusion and exclusion criteria
Inclusion criteria: » Aged 18 and above.
» Self-reported or doctor-diagnosed asthma.
» Possession of a smartphone (from 2016 onwards) that can support the Mobistudy and FindAir mobile
apps (Android 4.4+, iOS 10+) and has Bluetooth capabilities.
» Has had at least one course of oral corticosteroids for an acute asthma attack in the past 12 months.
» Prescribed with pressurised metered dose relief inhaler that is compatible with FindAir ONE (eg,
ventolin and other versions of salbutamol if the inhaler is a compatible shape inhaler as ventolin;
Salamol; Airomir; Fostair; Budiair).*®
Exclusion criteria: » Comorbidities that have overlapping symptoms (eg, wheezing, cough, chest tightness and shortness
of breath).
» Aged under 18.
» Unable to provide valid consent (eg, cognitive impairment, learning disabilities).
» Unable to use an app and respond to questions in English.
2 Tsang KCH, et al. BMJ Open 2022;12:¢064166. doi:10.1136/bmjopen-2022-064166

1ybuAdoo
Aq pa1oa101d “eljbuy 1se3 Jo AISISAIUN e 2202 ‘02 1970100 uo /wod fwqg uadolwg//:dny woly papeojumoq Z2z0z 1990100 € Uo 99T#90-220z-uadolwa/9eTT 0T St payslignd 1si1 :uado CING


http://bmjopen.bmj.com/

In the study population of UK Optimum Patient Care
Research Database and Clinical Practice Research Datalink,
41% of the patients who had multiple (two or more) attacks
in the baseline year also had multiple attacks in the following
year.”

Based on 30 participants with daily monitoring, 3098
recordings (= 30 peoplex30 days x (85% retention at
baseline,” ™ 50% retention at 6 months? 2 % ) x 85%
adherence” ) for each of the daily measurements can be
expected in phase 2. Also, 12 recorded asthma attacks are
expected, assuming an average of one attack observed per
participant in 41% of phase 2 participants during the study
period.” To use the novelty detection algorithm iForest
(which can be trained even if the data collected does not
include any attacks), a sample of 256 recordings or data
points would suffice.” Other machine learning classifica-
tion algorithms will also obtain high accuracy on this sample
size.

Recruitment strategy

Using a similar recruitment method, Hui e al recruited 87
participants using social media alone, the majority within the
first month after the initial invitational message, although the
number of those who continued to use the app dropped to
15 (17% of the total initially recruited participants) after 30
days.27 Moreover, only 5% of identified participants through
practices agreed to join their study, which totalled 28 partic-
ipants from five practices.27 However, the attrition rate for
participants recruited through practices was lower, 63% vs
83% reduction in social media participants; only 25% of users
were still using the app after 30 days.”” The eligibility criteria
(=16 years, an asthma prescription in the previous year, regis-
tered with a UK general practitioner (GP)) is more relaxed
than the proposed criteria. However, this study incentivises
entry of data in the first 28 days by giving adherent partic-
ipants access to phase 2 (where participants are sent smart
devices) which is likely to result in much more than 25%
passing 30 days of participation. The adherence to 4weeks
of monitoring with daily questionnaires and activity monitors
has seen values upwards of 95%.%

Following the previous research, which recruited
participants through Asthma UK’s social media (at the
time of writing had 175000 followers), around 87 partic-
ipants are expected to be eligible and join this study. In
addition, around six participants identified and invited
via are expected to be eligible and join from Norfolk and
Norwich University Hospital. Of which, 47 people (50%
of 93 respondents) are expected to complete phase 1.
Thus, including 30 participants is achievable using the
outlined recruitment method.

Outcomes

Primary endpoints

The primary endpoints of this study are adherence to
monitoring, which are defined by the collection of data
using different devices. For each task, we will measure the
percentage of total days completed.

Secondary endpoints

The secondary endpoints of this study are asthma attacks.

Primarily, we use severe asthma attacks as defined in the

American Thoracic Society (ATS)/European Respiratory

Society (ERS) Task Force 2009 statement.” The defini-

tion is as follows:

» Severe asthma attacks are events that require urgent
action on the part of the patient and physician to
prevent a serious outcome. Such attacks are defined
as a deterioration requiring use of systemic corticos-
teroids (or an increase from a stable maintenance
dose).®

Severe asthma attacks will be identified using the use
of systemic corticosteroids question on the weekly self-
reported questionnaire. Courses of corticosteroids sepa-
rated by 1week or more will be treated as separate severe
attacks.

We will also explore the use of moderate asthma attacks,
as defined in the ATS/ERS Task Force 2009 statement.*
The definition is as follows:

» A moderate asthma attack is an event that, when
recognised, should result in a temporary change
in treatment to prevent the attack from becoming
severe. Such attacks are defined as a deterioration
that does not require use of systemic corticosteroids.”
Moderate asthma attacks include a deterioration in
symptoms, lung function and/or increased rescue
bronchodilator use that lasts for 2days or more but
are not severe enough to warrant systemic corticos-
teroid use.

Moderate asthma attacks will be identified using the
questions about relief inhaler usage, symptoms (day
symptoms, nocturnal symptoms, interference with usual
activities, shortness of breath, wheezing), and unsched-
uled care (GP, emergency room and hospitalisations) in
the daily and weekly self-reported questionnaires.

Data collection

The data collection period is split into two phases:

1. Questionnaire monitoring, daily for 1 month.

2. Smart device and questionnaire monitoring, daily for
6months. 30 participants who keep a regular diary in
phase one will be given three smart devices (smart in-
haler, smart peak flow meter, smartwatch) to collect
data automatically as they use the devices, in addition
to completing daily and weekly questionnaires. We will
choose participants for this phase with a range of ages,
gender, and smoking status, and with different types of
asthma triggers.

At the end of phase 2, we will send a questionnaire
asking for feedback about using the smart devices and
whether participants think they could be useful to help
them look after their asthma.

We will be using Mobistudy to centralise most of the
data collection, only the smart inhaler usage and exit
questionnaire will not be collected via Mobistudy (see
figure 1).
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Figure 1 AAMOS-00 system overview. AAMOS, Asthma
Attack Management Online System.

Data collection mobile app (Mobistudy)

Mobistudy®® is an open-source platform facilitating
mHealth studies available on Android and iOS managed
by Malmé University, Sweden. The platform has three
key components: a mobile app for participants, a REST
Application Programming Interface (API) server, and a
web portal for researchers (see figure 2). The platform
supports multiple studies and participants of the Asthma
Attack Management Online System (AAMOS-00) study
will be given a study invite code to join the AAMOS-00
study within Mobistudy.

Each daily and weekly assessment, such as question-
naires and peak flow measurement, will appear as an indi-
vidual task of the home page on the participant’s app (see
figure 3). Once the task is completed, it will be removed
from today’s to-do list and the data is sent directly to the
server via the phone internet connection. In real time,
the research team will be able to view the collected data
via the online web portal for researchers.

Phase 1

There will be a total of four questionnaires:

» A daily questionnaire that asks six questions about
daily symptoms experienced, medication usage and

System Qverview External Databases

Wearables

-
Wearables are Mobistud External data like weather is
directly connected °b_'|5“‘ y extracted via AP, and participants
to Mobistudy m(:f | _e aptp Mobistudy can share data from Google Fit and
(participants) Server Apple HealthKit.
Mobistudy web portal
(researchers)
Questionnaires =
[ = oo auestomae x| Study participants can download the A
. Mobistudy app from the Apple
o AppStore and Google Play -
o e @ = - =

Researchers can view the data collected

Questionnaires are in real time using the online web portal

answered on the
Mobistudy app

Figure 2 Mobistudy system overview. API, Application
Programming Interface.

obistud

Today's pending tasks

AAMOS-00 Phase 2

Daily Questionnaire
Answer a few questions

Weekly Questionnaire
Answer a few questions

Activity tracker
Extract data from your activity tracker

Peak Flow

Record peak flow with the smart peak flow
meter

I

Position
Send your current location

Missed tasks

No tasks missed

v

TASKS

PROFILE

2 2

STUDIES ABOUT

Figure 3 Participant’s app home page. AAMOS, Asthma
Attack Management Online System.

the triggers encountered. This will take around 2min
to complete.

» A weekly questionnaire that asks 10 questions about
asthma symptoms in more detail, medication usage
and healthcare engagement. This will take around
5min to complete.

» A questionnaire that asks 11 questions at the start of
phase 1 about current asthma condition and history.

» A questionnaire that asks five questions about race
and smoking status. Additionally, some demographic
information will be collected from the Mobistudy
profile of participants, such as height, weight and age.

The completion rate (50%) of the daily and weekly

questionnaire will be used to determine the eligibility of a

participant to join phase 2.

Phase 2
In addition to the daily and weekly questionnaires (see
figure 4), in phase 2 participants will be asked to collect

4

Tsang KCH, et al. BMJ Open 2022;12:¢064166. doi:10.1136/bmjopen-2022-064166

1ybuAdoo
Aq pa1oa101d “eljbuy 1se3 Jo AISISAIUN T8 2202 ‘02 1970100 uo /wod fwqg uadolwg//:dny woly papeojumoq Z2z0z 1990100 € Uo 99T#90-z20z-uadolwa/oeTT 0T St payslignd 1si1 :uado CING


http://bmjopen.bmj.com/

= Daily Questionnaire

Have you had your usual asthma symptoms
during the day (cough, wheeze, chest tightness

or breathlessness) in the past 24 hours?

Remove answer e

& BACK NEXT —>

Figure 4 Questionnaire delivered by Mobistudy.

data using three smart monitoring devices: Smart Peak
Flow Meter (by Smart Asthma®), FindAir ONE (by
FindAir®®) smart inhaler and MiBand3 (by Xiaomi37)
smartwatch.

Participants will be given the smart peak flow meter
to take a peak expiratory flow measurement twice a day,
once in the morning and once at night; each measure-
ment takes the best of three tries (see figure 5). They
will also be provided in-app written instructions before
each set of measurements on using the peak flow meter.
Furthermore, participants recruited through the Norfolk
and Norwich University Hospital have been trained to
use a peak flow meter by the practice. To connect the
smart peak flow meter to the smartphone, participants
can either use the audio-jack connection or a bluetooth
adapter.

The FindAir ONE smart inhaler attaches to the top
of pressurised metered dose relief inhalers, it records
the time at which the inhaler is used. The device can be
moved to a new inhaler if participants change medication.

= Peak Flow X

Measurement

1) 254 L/min
2) 216 L/min

3) 250 L/min

Third and last measurement completed. Press "Next" to
proceed.

NEXT

Figure 5 Smart peak flow meter task.

The device will be connected to participants’ smartphone
by Bluetooth to the FindAir mobile app. The data will be
transferred from the FindAir server and thence to the
research team using FindAir’s API. The data collection
will happen in the background once the participant has
set up the connection between their mobile app and the
AAMOS-00 study.

Using the MiBand3, we will collect minute-by-minute
data on heartrate, step count, activity intensity and activity
type. The watch will connect to the participant’s smart-
phone via Bluetooth and to the Mobistudy app. Partici-
pants will be asked to upload the data from the watch at
least once every 3days. This also gives a chance for users
to review their activity (see figure 6).

Local daily weather reports will be obtained using the
phone’s location combined with the data from Open
Weather Maps™ and Ambee’s” API. The weather data
will include the temperature, humidity, clouds, wind, air
quality index and pollen levels of grass, tree and weeds
measured at a 1 km resolution (see figure 7).

Tsang KCH, et al. BMJ Open 2022;12:€064166. doi:10.1136/bmjopen-2022-064166
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Q Activity tracker X

The following charts summarize the data that have
been retrieved from the band. Tap on "Send" to share
these data with the research team or tap on
"Discard" to avoid sending these data.

Activity over time

I heartrate [ intensity [ steps
120 .

100

10AM

Figure 6 Smartwatch data.

T1AM 12PM 1PM
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Exit questionnaire at the end of phase 2

At the end of phase 2, a survey will gather data regarding
users’ perspective of the acceptability and utility of the
monitoring system. The survey combines validated
questionnaires on usability and acceptance (SUS*
and uMARS") with questions about motivations to use
technology (mTEI42) and desired features in an asthma
management system.

See table 2 for a summary of the study’s activities.

At the end of the study, participants will be compen-
sated for mobile data charges that may have incurred
from participating in the study, £5 per month. Partici-
pants are also able to continue using the smart devices
beyond the study.

Following ethics approval in December 2020, we aim to
complete the study by June 2023.

Data analysis plan

Feasibility (from usage data)

Combining the usage data from phase 1 and 2 of question-
naire completion and device usage will compute compli-
ance to the monitoring regime to assess if it is feasible for
patients to use the monitoring devices in their daily lives.

Weather

Weather / Location

Approximate location: Edinburgh

Weather: light rain
Temperature: 8.1 °C
Humidity: 96%
Clouds: 75%
Wind: 4.47m/s

Air Quality: Fair
Grass: Low
Tree: Moderate
Weed: Low

Figure 7 Local weather data.

We will also use activity logs on the server, and commu-
nication over email with patients, to identify major tech-
nical issues and shortcomings of the technology.

Acceptability (from survey data)

The data from the final questionnaire will be mostly
ordinal data, with some free-text answers. Free text will
be processed for thematic text analysis, identifying overall
acceptability and recurring topics present in the feed-
back. The ordinal data from answers on a Likert scale will
provide measures of acceptability.

Exploring asthma attack prediction (using monitoring data)
Severe asthma attacks will be identified by the reports
of oral corticosteroid usage (or an increased dose from
normal). Moderate and severe asthma attacks will be iden-
tified from the daily and weekly data, to observe a change
in control from the norm lasting 2days or more. Sensi-
tivity analysis will be conducted using different features
to define an asthma attack, such as hospitalisations and
changes in peak flow. Data collected from participants
who have withdrawn from the study will be used up to the
last recording.

The methods of linear fit and bin-algorithms will be
used to collate and produce summary variables over

6
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Table 2 Summary of data collection

Assessment Screening Day 1 baseline Phase 1 Day 31 baseline Phase 2 Study exit
Assessment of eligibility criteria Once Once

Written informed consent Once

Demographic data, contact details Once

Weight/height Once

Known triggers Once

Peak flow Twice daily
Heart rate Automated
Activity Automated
Location, air quality and allergens Daily
Inhaler usage Daily and weekly Automated
Symptoms Daily and weekly Daily
Triggers encountered Daily Daily
Healthcare usage Weekly Weekly

Feedback

irregular time series and to handle missing data.’ After
processing the data, machine learning classifiers will be
trained to predict asthma attacks. Evaluation of these
classifiers will allow comparison with the benchmarks set
using daily questionnaires alone.” However, due to the
selection of participants with higher adherence to moni-
toring in phase 2 of this AAMOS-00 study, the longitu-
dinal data collected in this study are likely to be more
complete than the data collected by the wide range of
participants in the Asthma Mobile Health Study.*

Using different subsets of the data and features, we will
test the performance of predictions made using different
modes of monitoring, such as self-reported data alone,
self-reported and objective data (active and passive
monitoring), and passive monitoring data only (see
figure 8). Our previous analysis using only self-reported
data achieved area under the curve (AUC) >0.87and we
expect the performance to increase with the addition of
objective data.’

There is no consensus on the optimal algorithm for
classification as previous studies are not comparable.
Therefore, we have taken a broad approach to use five
state-of-the-art algorithm classes including Bayesian
networks, decision trees, iForest, logistic regression and

Machine learning

- Performance
training

Self-reported

r N

Machine learning

- Performance
training

- Compare
Objective

J

Machine learning

. Performance
training

00§

Figure 8 Exploring asthma attack prediction.

Once at the end

support vector machines.** * From the classifiers, a severe
asthma attack predictor will be built on the device and
questionnaire data, at a patient level and population
level. Also, feature selection will be used to identify the
most useful features in the prediction models.

Furthermore, if there are sufficient data, retrospective
analysis will simulate the effects of limiting the use of
active monitoring data, to simulate patients only taking
active measurements (eg, peak flow and symptom diary)
when prompted. Moreover, there will be simulation of
the general population using samples of the data, where
adherence to monitoring is lower than the select popula-
tion. For assessing the performance of the models built
in this study, we will use k-fold cross validation.”* The
performance metrics will include the common machine
learning metrics such as AUC the receiver operating char-
acteristic curve, sensitivity and specificity.

Strengths and limitations

This study combines objective data collected from
multiple smart monitoring devices available on the
market. Not only will this independently test the moni-
toring devices in the real world, but also patients will
be able to continue using the devices they have found
useful beyond the study. It also allows other researchers
to reproduce the study with the current or latest versions
of the devices.

Due to the limited number of participants and study
period, stratified analysis and individualised asthma
attack prediction models are not expected. However,
7months of daily monitoring per participant will provide
insightful data.

This study is limited to patients with severe asthma at
risk of acute attacks, and the findings may not generalise
to the wider asthma population. Furthermore, only partic-
ipants using a pressurised metered dose relief inhaler
that fits our smart device are able to join the study, which
is around 80% of the UK’s asthma population.*® If there
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are sufficient data, we will explore the generalisability of
the results through simulating different adherence to
monitoring.

The anonymised research data will be stored at Edin-
burgh DataShare (a digital repository of research data
produced at the University of Edinburgh),"” which
researchers can access for their own research.

Patient and public involvement

Patient and public involvement (PPI) is part of the
project from the beginning. This study is nested within
the Asthma AUKCAR and has been reviewed by their
AUKCAR PPI members.

All the participant and public-facing documents
and study objectives have been reviewed by AUKCAR
PPI members before the start of the study and edited
accordingly. Such a close PPI involvement ensures that
the participant and public facing material is acces-
sible. As an example, we attempted to explain several
technical terms (such as ‘pMDI’) in more detail in the
participant documents and added pictures of pres-
sured metered dose inhalers after feedback from PPI
members.

The findings about feasibility and acceptability
will be interpreted with input from PPI members.
Furthermore, we plan to continue working with PPI
members to develop a system that supports asthma
self-management.

Dissemination
We will be reporting the results in peer-reviewed journal
publications and conference presentations. Dissemina-
tion of the results will also include the AUKCAR network
with blogs and social media to reach an audience who
is interested in the used of smart monitoring devices for
asthma.

We will also be sharing links to publications and summa-
ries with study participants.

Ethics

This study has received ethics approval by the East of
England - Cambridge Central Research Ethics Committee.
IRAS Project ID: 285505.

Data availability

At the end of the study, the anonymised research
data will be stored at Edinburgh DataShare (a digital
repository of research data produced at the University
of Edinburgh) in perpetuity. Researchers will be able
to access and download the data from the website for
their own research.

CONCLUSIONS

This study will collect an important and novel dataset,
where asthma patients use a combination of multiple
market-available mHealth monitoring devices in the real
world. We plan to use the rich dataset to improve existing
asthma attack prediction algorithms and use the feedback

from participants to design a patient-centred asthma self-
management system. This study is the first step in devel-
oping the Asthma Attack Management Online System
(AAMOS), which will support asthma patients with real-
time tailored feedback based on machine learning driven
by mHealth data.
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