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observational study using digital markers
and artificial intelligence — study protocol

Amy Hai Yan Chan

,' Braden Te Ao,? Christina Baggott,® Alana Cavadino,?

Amber A Eikholt,*® Matire Harwood,? Joanna Hikaka,® Dianna Gibbs,’

Mariana Hudson, Farhaan Mirza,® Muhammed Asif Naeem,®® Ruth Semprini,°
Catherina L Chang,® Kevin C H Tsang,'"'? Syed Ahmar Shah,'® Aron Jeremiah,™
Binu Nisal Abeysinghe,® Rajshri Roy,'* Clare Wall,' Lisa Wood,® Stuart Dalziel,®
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ABSTRACT

Introduction Asthma attacks are a leading cause of
morbidity and mortality but are preventable in most if
detected and treated promptly. However, the changes that
occur physiologically and behaviourally in the days and
weeks preceding an attack are not always recognised,
highlighting a potential role for technology. The aim of this
study ‘DIGIPREDICT is to identify early digital markers of
asthma attacks using sensors embedded in smart devices
including watches and inhalers, and leverage health

and environmental datasets and artificial intelligence,

to develop a risk prediction model to provide an early,
personalised warning of asthma attacks.

Methods and analysis A prospective sample of 300
people, 12 years or older, with a history of a moderate

or severe asthma attack in the last 12 months will be
recruited in New Zealand. Each participant will be given

a smart watch (to assess physiological measures such

as heart and respiratory rate), peak flow meter, smart
inhaler (to assess adherence and inhalation) and a cough
monitoring application to use regularly over 6 months with
fortnightly questionnaires on asthma control and well-
being. Data on sociodemographics, asthma control, lung
function, dietary intake, medical history and technology
acceptance will be collected at baseline and at 6 months.
Asthma attacks will be measured by self-report and
confirmed with clinical records. The collected data, along
with environmental data on weather and air quality, will
be analysed using machine learning to develop a risk
prediction model for asthma attacks.

Ethics and dissemination Ethical approval has been
obtained from the New Zealand Health and Disability
Ethics Committee (2023 FULL 13541). Enrolment began in
August 2023. Results will be presented at local, national
and international meetings, including dissemination via
community groups, and submission for publication to peer-
reviewed journals.

Trial registration number Australian New Zealand Clinical
Trials Registry ACTRN12623000764639; Australian New
Zealand Clinical Trials Registry.

.45 Partha Roop,® Jeff Harrison'

WHAT IS ALREADY KNOWN ON THIS TOPIC

= There are physiological and behavioural changes
occurring in the days to weeks before an asthma
attack but are not always easily recognised.

WHAT THIS STUDY ADDS

= This DIGIPREDICT study will identify early digital
markers of asthma attacks.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE AND OR POLICY

= lIdentifying these markers will enable early detection
and management of attacks and inform the develop-
ment of a risk prediction model for asthma attacks
based on these digital markers.

INTRODUCTION

Asthma is one of the most common long-
term conditions in New Zealand (NZ),
affecting one in five children and one in
eight adults." These rates are among the
highest in the world, particularly in Maori
and Pacific people.2 Globally, more than
1000 people die from asthma each day, a
number that is largely unchanged since
2006° with asthma remaining the second
leading cause of death among chronic
respiratory diseases.” Asthma attacks, also
known as exacerbations, are the primary
cause of asthma deaths and place a huge
burden on the NZ health system costing
>NZ$120 million each year.2 Early recogni-
tion of deterioration, timely adjustment of
treatment and prompt seeking of emergency
medical advice, is critical to prevent severe
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attacks and potential death. Too often, patients do not
recognise the severity of their asthma deterioration
and delay timely action,’ losing the self-management
opportunity to prevent further deterioration and poor
outcomes. There is a need to identify novel, preferably
passive (ie, requiring little/no effort on the part of the
patient) markers of attacks to facilitate early detection
of attacks and trigger action.

There also remain unanswered questions about risk
factors for attacks and the underlying mechanisms.’
Notably, it is difficult to predict attacks before they occur,
as the risk varies between and within individuals over
time and is influenced by multiple health and non-health
factors, including genetics, demographics, medications
and comorbidities. Contextual elements such as socioeco-
nomic, behavioural and environmental factors can also
play a role. While single risk factors have been identified,
each factor alone has limited predictive value.” Moreover,
current risk prediction models have primarily been devel-
oped using data from retrospective healthcare data sets
rather than from prospective real-time data.” The time
scales from these retrospective data sets are often too
long for meaningful action to be taken to prevent attacks;
for example, many algorithms identify individuals who
are more likely to experience attacks in the next months
or year, rather than when an attack is imminent.

Digital technologies offer dual opportunities of moni-
toring in real-time (a) factors that increase the risk of
an attack (eg, environmental triggers, individual history
of attacks, poor adherence to preventer medication)
to promote strategies to reduce risk and (b) objective
measures that enable early detection of an imminent
attack that can be captured by digital sensors® (eg, heart
rate,”"" sleep quality' > and peak expiratory flow'?), which
can trigger an alert for immediate action to avert further
deterioration. However, there has been no research to
date that bring together the range of factors. Previous
studies have been limited in the application of artificial
intelligence (Al) to develop risk prediction models. The
studies that have used Al were developed on small data
sets with limited validation'!; few have applied Al to large
complex data sets, where Al could be more useful.'® Exar-
chos et al conducted a systematic review of the applica-
tion of Al to asthma and concluded that Al in asthma
research has still not been exploited to its full potential.'’

This study ‘DIGIPREDICT’ proposes to address these
limitations by adopting a data-driven approach using
multiple data streams to make more timely and real-
istic inferences about attack risk. This will allow early
intervention to reduce asthma-related morbidity and
mortality. Data from routinely collected electronic health
data, such as previous hospitalisation data, and digital
inhaler use have been shown to be predictive of asthma
attacks.” 118 Adding diverse data streams that measure
physiological, behavioural and environmental parame-
ters to routinely collected health data is likely to improve
machine learning predictive model performance and
provide insights into an individual’s risk of an imminent

asthma attack in a timely manner to facilitate near real-
time clinical Inanagement.19

The aim of this study is to prospectively collect real-
time data on digital biomarkers and other parameters
that are associated with asthma attack risk, using digital
technologies and wireless sensors, and combine this
information with retrospective data from NZ health and
environmental datasets to improve prediction of asthma
attack risk.

Specifically, the objectives are to:

i. Eplore the relationship between different physiolog-
ical, behavioural and environmental factors and the risk
of asthma attacks.

ii. Identify digital markers that can be used to detect
worsening asthma control.

iii. Develop a risk prediction algorithm for asthma
attacks using Al methods with the collected data.

METHODS AND ANALYSIS

Study design

This is a prospective observational cohort study in 300
individuals with asthma, each followed-up for 6 months
to generate a longitudinal dataset of factors associated
with asthma attacks.

Study population

Individuals will be eligible for inclusion if they meet the

following criteria:

i. Aged 12 years or older at the time of enrolment.

ii. Have a physician diagnosis of asthma.

iii. History of a moderate or severe asthma attack in
the last 12 months as defined by American Thoracic
Society(ATS) /European Respiratory Society (ERS)
Statement on Asthma Control and Exacerbations®
(see study outcomes section).

iv. Currently managing asthma with preventative and/
or relief medication delivered via either a pressurised
metered dose inhaler (pMDI), Turbuhaler, Ellipta or
other device compatible with the study digital inhal-
er sensors, prescribed by a NZ health practitioner.

v.  Residing in Auckland or Waikato, or able to travel to
either of these places for the study visits.

vi. Own or be willing to use a smartphone with Bluetooth
capability that is compatible with the study devices
and can host the study apps;

vii. Available and able to use the technologies for a peri-
od of 6 months.

viii. Able to provide written informed consent and to fol-
low study procedures or protocols.

Individuals on treatment with other concomitant
asthma medication will be eligible for inclusion. Partici-
pants can also change their medication during the study,
including starting or stopping new treatments. These
changes will be noted by the study investigators and
accounted for during data analysis. The lower limit of the
inclusion age range was chosen as digital literacy is likely
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to be too low for children below 12 years of age to use the

study devices independently.

Exclusion criteria will be:

i. A diagnosis of lung disease other than asthma for
example, COPD, bronchiectasis, cystic fibrosis, bron-
chopulmonary dysplasia.

ii. Smoking history (self-reported) of>10pack years.

iii. Planning to be overseas for more than 28 consecu-
tive days in the next 6 months, unless the participant
agrees to extend their period of follow-up to account
for time overseas.

Participants will be recruited from two study sites—
Auckland and in Waikato. In Auckland, the study sites
will be Auckland City Hospital (Te Whatu Ora Te Toka
Tumai Auckland) and Papakura Marae Health, located
in Central and South Auckland, respectively. In Waikato,
the study site will be Waikato Hospital (Te Whatu Ora
Waikato). Community recruitment from both regions
will be augmented with referrals from Asthma NZ
nurses, personal and research networks and social media
advertising.

Sample size

The target sample size was selected based on the feasi-
bility of recruiting eligible patients across the funded
study timeframe. We will aim to recruit 300 participants
who will provide a total of 54000 daily measurements
on average. We will purposively sample for at least 15%
Maori and 10% Pacific peoples. Based on the primary
outcome of asthma attacks, we expect an estimated 48
individuals to have one or more attacks, based on a mean
20%+5% hypothesised population attack rate based on
data from prior work? % at 95% CI, with an estimated
20% dropout rate.” This is a conservative estimate with
our recent work finding that asthma attack rates have
increased significantly in the last 10 years with the most
recent data showing a 25% attack rate with an average
of 1.7 attacks per patient per year.* Based on the events
per variable method, the ratio of the number of individ-
uals with the outcome event to the number of candidate
predictors should ideally be 10 individuals per a candi-
date risk factor for the outcome event.” ** With our
sample size, there is a risk of overfitting as there may not
be sufficient events for the number of variables we wish
to include in the model. However, the rate of attacks in
the population may be higher than our conservative esti-
mate as we are recruiting a population with a history of
previous attacks.

Screening and eligibility assessment

Potential participants who meet the inclusion criteria
will be identified by the healthcare teams at each respec-
tive site, based on prospective appointments and from
existing patient lists, and referred to the research team.
For Auckland hospital (Te Toka Tumai), participants will
be identified by the research team from an electronic
report generated by the Business Intelligence Unit. The

report captures patients 12 years or older who present
with the International Classification of Diseases V.10-AM
asthma-related diagnostic codes J45-]46; R05-R06; and
J458. Posters informing participants of the study will be
posted in ambulatory waiting areas and in the emergency
departments.

Recruitment

The research team will assess potential participants to
confirm eligibility for inclusion and then invite eligible
participants by email for enrolment. Enrolment will not
take place until a minimum period of 2 weeks has elapsed
since their last hospital admission or presentation to
primary care to allow stabilisation of the patient, unless the
attendance was for a routine review. All study procedures
will be explained to eligible participants by a member of
the study team and in-person written informed consent
will be obtained. Participants will consent for themselves,
depending on their capacity to give valid consent. For
children under the age of 16 years, researchers will also
get consent from the parents or guardians.

Each participant will be assigned a unique random
three-digit participant identifier as they enter the study
to ensure data are deidentified. A unique email and pass-
word will be created for participants to log into the study-
related apps (smartwatch, smart inhaler, cough monitor,
food diary and study app), so that no personal emails will
need to be used. The participant identifier will be used in
all study-related documentation from case record forms
to storage of collected data and a key file linking the
study ID to the participant will be stored on a university
managed secure server.

Follow-up assessments
Participants will be followed up for 6 months, with regular
follow-up questionnaires via REDCap for participants to
complete every 2weeks (see figure 1). Participants will
also receive a check-in phone call or text message each
month to ensure that the participant has no problems
with the technologies, though participants can contact
researchers at any time if needed.

Participants will be offered a digital retail gift card as
a token of appreciation for participation in the study—
NZ$50 at the beginning of the study and NZ$50 if the
participant attends the final 6-month study visit and
engaged with the study throughout (see the Withdrawals
section). Participants can keep the smart watch at study
end.

End of study definition

The end of the study will be when the last participant
has completed their final follow-up, 6 months after their
enrolment date.
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Figure 1

Withdrawals

Participants may be withdrawn from the study at any time

for the following reasons:

» When the participant wishes to be withdrawn from
the study.
If the participant experiences a severe adverse event
that may be related to study participation.
Consistent non-adherence to the study procedures
defined as non-engagement with two or more study
devices for at least 4 weeks or non-completion of two
consecutive follow-up measures with no contact with
the research team.
If continuation in the study causes detriment to a
patient’s well-being

All withdrawals will be discussed with the study advi-

sory group and fully documented in the participant’s

>

>

questionnaires

Lung function

Diet - Food Frequency
Questionnaire

Study overview of study devices, variables and collected measures. ACT, Asthma Control Test.

file with a record of the date of withdrawal, duration of
participation, reasons for withdrawal and any other rele-
vant details. At the point of withdrawal, participants will
be offered the option of having the data that have been
collected up until the date of withdrawal removed or
continue to be analysed and used in the study.

Patient and public involvement

Patients and members of the public, including people
involved in the care of people living with asthma, were
involved with the planning and conduct of this research.
A study advisory group, Maori advisory group and patient
and public involvement group will be set up to inform
the study design, recruitment and evaluation of the study
and dissemination of results. Meetings with these groups

4
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Table 1

Digital biomarkers and retrospective health and environmental data collected during the study

Data source

Parameter(s) collected

Details of data collected and data sources used

Prospective data from devices
Digital inhaler or spacer*

Peak flow meter*

Nocturnal cough sensor'

Smart watcha

Study research app (ie,
patient-reported outcomes)§

Questionnaires via REDCap®

>
>
>

vy

VYVVVVYVYYVYVYY

>
>

>

Date/time of inhaler doses

Number of doses

Inhaler technique parameters (eg,
inhalation, inspiratory flow, angle of
inhaler, inhaler shaking depending on
the inhaler device)

Date/time of peak flow
Peak flow readings

Date/time of cough (only if coughing
at night)

Number of coughs

Type of cough (eg, dry/wet)

Resting heart rate

Instantaneous heart rate

Activity (step count)

Activity intensity

Heart rate variability —during sleep
Breathing rate — during sleep

Skin temperature —during sleep
Oxygen saturation—during sleep
Sleep Score

- Stress Score (if available)

Daily log of asthma control and
symptoms

Log of asthma attack events

Dietary intake via the Research Food
Diary

- Location (GPS) tracking

Baseline and 6 months:

>
>

Treatment beliefs

Clinical history (asthma history,
asthma severity, medical history
including rhinitis or allergies,
medication history, asthma
management, triggers, smoking/
vaping)

» Healthcare utilisation, menstruation,
sleep

Two-weekly

» Asthma control (ACT)

>

General well-being (WHO-5)

The Hailie sensor records the date and time of
each actuation of the inhaler to which the device is
attached, and the number of doses used on each
occasion. It can also measure inhaler technique

by capturing information about device shaking,
orientation and inhalation including inspiratory flow
rate. The digital or ‘smart’ spacer is a rechargeable
device that uses the same components as an
existing CE-marked spacer (Aerochamber), except
it incorporates sensing technologies that can

monitor inhaler use and inhalation technique.®® %

Participants will be given a peak flow meter to use
to take their personal best (out of three) peak flow
rate, which will be recorded on the Hailie app.

The Resmonics nocturnal cough sensor has a
cough detection algorithm that can detect and
differentiate between different types of coughs,
different genders and between adults and children.
The cough data are captured passively by the
Resmonics app on the participant’s smartphone.

The smart watch can capture different physiological
measures such as heart rate, respiratory rate, heart
rate variability (including raw heart rate information),
sleep and physical activity measures such as
activity and activity intensity.?® These readings will
be recorded passively and will not require active
input from the participant other than requiring the
participant to wear their watch including at night,
during sleep and charge the device every 2-3 days.
These watches will be provided to participants.
Data will sync to the commercial FitBit apps via
pairing to the participant’s phone. Data will also
sync to the smart watch cloud on a regular basis
and stored for up to 30 days to ensure no data loss
when out of internet connectivity for a prolonged
period.

Participants can rate their asthma control on a
5-point scale from Very Bad' to Very Good® and log
any asthma, cold or rhinitis symptoms. Participants
will also record any asthma attacks in the research
app. Location tracking on their smartphone will be
enabled via the study research app.

REDCap will be used to host the online
questionnaires which will be administered during
the baseline and end of study visits. For ACT and
WHO-5, there will be a link out of the study app
along with an automated email reminder every

2 weeks for participants to complete.

Continued
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Table 1 Continued

Data source Parameter(s) collected

Details of data collected and data sources used

Retrospective health and environmental data

Ministry of Health national

health datasets® » Hospitalisation

» - Medication dispensing data

Environmental datasets” » Air quality

» Meteorological data
» Pollen

The footnote designators (, *, 1, ~, 8 £ & %)

are scheduled two to three times a year or as needed with
a focus on understanding patient experience, ensuring
cultural appropriateness of study visits and practices to
support study recruitment.

Data collection

Baseline demographic and clinical data

Baseline sociodemographic data such as participant
age, gender, ethnicity, usual asthma healthcare provider,
insurance, healthcare utilisation and socioeconomic
status as per the New Zealand Index of Deprivation;
and clinical data such as age at diagnosis, history of
asthma attacks and emergency department (ED)/hospi-
talisation attendance, triggers, medications, allergies,
comorbidities, smoking/vaping status will be collected
by self-report. The participants’ medication history and
comorbidities will also be confirmed using data from the
national collections from the Ministry of Health and /or
clinical records (see the Data on factors related to asthma
attacks section).

Information on the participant’s treatment beliefs and
practical barriers to adherence will be determined using
asimple 3-item questionnaire, informed by the Necessity-
Concerns Framework.?” This will be repeated at 6 months.
Baseline asthma control will be measured by the Asthma
Control Test (ACT)* and well-being by WHO-5 index.*

» Sociodemographic information

The Ministry of Health maintains a register of all
individuals who have had contact with the New
Zealand public health system and provides a
unique identifier known as the National Health
Index (NHI).*® The NHI dataset will be used to
retrieve demographic information and social-
economic status.®” Data on all hospital admissions
are captured in the National Minimum Dataset
(NMDS).*® The NMDS includes information on dates
of hospital stay; diagnoses, coded according to
the International Classification of Diseases 10th
edition — Australian modified version (ICD-10-AM)
and medical procedures, coded according to the
Australasian Classification of Health Interventions
(ACHI).** Medication dispensing will be obtained
from the Pharmaceutical Collection (Pharms) which
records all subsidised dispensings.>®

Air quality data will be collected from the Ministry
for the Environment data service and Stats NZ.
Meteorological data such as temperature, humidity,
wind speed and rainfall will be retrieved from

The National Institute of Water and Atmospheric
Research (NIWA) Cliflo database which houses
New Zealand’s National Climate Database. Data on
pollen will be collected from pollen sensors where
available near the study sites.

correspond to the figure 1 Study Overview symbols.

Information on diet will be assessed by the Otago
Food Frequency Questionnaire (long version) adapted
for New Zealand® at baseline and at 6months. The
Otago-long form food frequency questionnaires will be
administered by a trained interviewer to capture the
habitual intake of 154 food items, using seven frequency
options on the average consumption of foods over the
past 6months ranging from ‘never or less than once per
month’ to ‘two or more every day’. Food records will be
analysed using FoodWorks V.10. A nutrient database will
be generated and the Dietary Inflammatory Index will
be calculated to determine the inflammatory potential
of the diet.”

Lung function will be collected at the baseline and
6-month study visits. Lung function parameters (Forced
Expiratory Volume in 1 second (FEV,), Forced Vital
Capacity (FVC) and Peak Expiratory Flow (PEF)) will
be measured using a portable electronic spirometer
(Medikro Pro, Kuopio, Finland) by a trained researcher.
Predicted normal values for the lung function parame-
ters will be calculated from the dataset from the Stano-
jevic reference™ and Growing Lungs software, due to the
age range and predicted ethnicity distributions of the
study participants.

6 Chan AHY, et al. BMJ Open Respir Res 2024;11:€002275. doi:10.1136/bmjresp-2023-002275



Data on factors related to asthma attacks

A large set of variables associated with asthma attack risk
will be collected prospectively in real-time and combined
with data from retrospective data sets (figure 1). Partici-
pants will use ‘smart’ devices—smart inhalers,” ** smart
watch, cough sensor and a mobile app over 6 months to
collect objective, detailed longitudinal data in real time.
These smart devices, which have been tested and used
before in asthma, ** have sensors that provide real-time
data on medication use (adherence and technique),
oximetry, heart rate, heart rate variability and physical
activity. Data on peak expiratory flow (obtained from a
peak flow meter) will be self-reported by patients. Data
on medication dispensing, hospitalisation and environ-
mental parameters will be obtained from retrospective
data sets. The smart devices, study variables and retro-
spective data sets are described further in figure 1 and
below.

Digital biomarkers collected prospectively by smart

technologies

Participants will be provided with several digital technol-

ogies to monitor different physiological parameters asso-

ciated with asthma control and attacks (table 1).

» Digital inhaler or spacer” that records the time and
date of inhaler use and inhaler technique for use
Manual peak flow meter
Resmonics nocturnal cough sensor
Smart watch—FitBit watch
Study research app (custom-built for the study)
Smartphone if the participant does not wish to use
their own phone for data collection or if their smart-
phone is not compatible with the devices

Participants will be able to track their progress through

the mobile apps associated with the devices and view the

data collected if they wish. If participants have any ques-
tions about their collected data or devices, they will be
advised to contact the study team who will refer this to
the lead investigator and study clinicians if the queries
are clinical in nature. Study variables and associated
study devices are described below and in table 1 and in
more detail in online supplemental table 1.

12
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Medication adherence—digital inhaler sensor
The Hailie sensor (Adherium, August 2023.V—see
table 1) is a digital inhaler sensor that records the date
and time of each actuation of the inhaler to which the
device is attached, and the number of doses used on each
occasion. Participants will be provided with a sensor to
use with their main reliever and inhaled corticosteroid
(ICS)-containing preventer treatments, so each partic-
ipant will be provided with a maximum of two digital
inhalers to use. Participants using multiple inhalers will
be assessed on a case-by-case basis to identify which two
medications will be monitored.

Participants will be asked to continue to use their
inhalers in the usual manner that they were doing prior

to study enrolment. No changes will be made to the indi-
vidual’s asthma-inhaled treatment, which will continue as
recommended by their usual asthma healthcare provider,
though participants who are on separate ICS and long-
acting beta-agonists (LABA) treatments may be changed
to a combination ICS/LABA inhaler, so to minimise the
number of digital inhaler devices they have to use. This
will be discussed with the participant to gain consent,
and study clinicians to determine appropriateness before
referral to the primary healthcare provider to facilitate
the change. Participants on salbutamol will be on the
Ventolin brand to ensure compatibility with the Hailie
Sensor.

For participants on a regular preventer, adherence to
their recommended treatment plan will be determined
using data from the digital inhaler(s). This will be calcu-
lated as a percentage to determine the proportion of
doses that were used by the patient relative to that which
were recommended at the time of taking. The frequency
of use of reliever medication will also be calculated from
the digital inhalers. A subset of participants using pMDIs
will be offered use of a digital spacer (Trudell Medical
Ltd) instead of a Hailie sensor, where digital spacer supply
is available and feasible for use. Adherence and inhala-
tion technique range from 0% (poor) to 100% (good)
and is based on previous research and recommendations
on inhalation errors.

Peak expiratory flow—manual peak flow meter

Day-to-day changes in peak expiratory flow may be an
indicator of asthma control.” * Participants will be
reminded daily to do a daily peak flow at the same time
each day by the study app.

Cough—nocturnal cough sensor

Night-time cough has been shown to be a potential
marker of overall asthma control.'” Cough sounds will be
captured using a nocturnal respiratory symptom monitor
(Resmonics) 2

Physiological and activity measures—smart watch

The FitBit Inspire V.2 or next available version(s) will
be used due to its relatively small size, affordability and
acceptability for use in children. The device has been
used successfully in several other studies requiring health
assessments of patients40 " and are considered a valid
and reliable tool for monitoring physical activity and
sleep.” ¥ Data will be extracted via FitBit Application
Programming Interfaces (APIs) to be preprocessed for
the data analysis.

Device checks and validation

All devices will be checked on the day of issue to partic-
ipants to ensure normal functioning of the devices. Any
faults or failures of device function will lead to return of
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the device to the manufacturer or research team for trou-
bleshooting.

Data from retrospective health and environmental datasets
Health data

Data from participants will be linked with the New
Zealand Ministry of Health data sets to obtain informa-
tion on relevant sociodemographic information, hospi-
talisations, medication dispensing and /or other clinical
or laboratory parameters (table 1). Data will cover the
period of enrolment for the individual.

Environmental data

Data on air quality, meteorological data such as tempera-
ture, humidity, wind speed and rainfall and pollen will be
collected from national and local data sets. These envi-
ronmental data will be linked to the participant based
on the participant’s location data, when they are in New
Zealand. The location data will be collected via the study
app. Participants will not need to provide any input other
than having their Global Positioning System (GPS) loca-
tion enabled. Participants will be notified when location
monitoring is on. As these data will be obtained retro-
spectively, these will not be visible to the participant in
real time.

Study outcome measures

Patient-reported outcome measures will be collected via
questionnaires hosted either on the custom-built study
app or as a link out to REDCap. Participants will be
reminded to complete questionnaires when prompted by
a push notification and either an email or text message
from the research team.

Primary endpoint measures

The primary endpoint is the risk of occurrence of one or

more asthma attacks. This will be assessed using two time

windows: (a) acute attack risk—risk of an attack within
2days and (b) medium-term risk—risk of an attack within

14 days. The time window includes the day of measure-

ment of the predictor variable or the following days. The

outcome will be measured by self-report.
An attack will be defined as per the criteria in the ATS/

ERS definitions for attacks,20 as either severe or moderate:

Severe asthma attacks:

» The use of systemic corticosteroids (tablets, suspen-
sion or injection) or an increase from stable mainte-
nance dose, for at least 3 days

> A hospitalisation or ED visit because of asthma,
requiring systemic corticosteroids.**

Moderate asthma attacks:

» Deterioration in symptoms, deterioration in lung
function or increased rescue bronchodilator use
based on digital inhaler data, relative to baseline,
for 2 or more days but not severe enough to warrant
systemic corticosteroids and/or hospitalisation.

» Use of systemic corticosteroids for less than 3 days.
» ED visits for asthma, not requiring systemic corticos-
teroids, may be classified as moderate attacks.

Note there is no definition of mild attacks, as recom-
mended by the ATS/ERS task force,20 as these are likely
to represent transient losses of asthma control rather
than an attack.

Attack data will be collected by patient self-report at
the time of the attack. Participants will be asked to report
all attacks via a button on their study app as close to the
time of the event as reasonably possible, once the partici-
pant is stabilised after their attack. The participant will be
asked to provide the following detail:

» Date/time of the attack.

» Help sought (GP/hospital/self-management/other).

» Medicines taken (oral steroids/inhalers/nebulisers/
other).

» For women, relationship with menstrual cycle (ie,
date of last period).

» Sleep position prior to attack

» 24-hour food recall via the Research Food Diary
mobile app (Xyris Software (Australia)). This
provides a complete diet record with information on
the type, portion and brand of all consumed foods.
To minimise inaccurate self-reporting, participants
with implausible intakes of <500or >3500 kcal/day
will be excluded.

Each attack will be considered a new event if they are
separated by 7days or more of no systemic corticoster-
oids.” This information will be confirmed by the partici-
pant when prompted by the 2weekly questionnaires, and
the hospitalisation information from National Minimum
Dataset and from Pharms data sets.

Secondary Endpoint measures

Secondary endpoint measures will be asthma control,
well-being, unscheduled healthcare utilisation, produc-
tivity loss and activity impairments and participant
acceptability. These are described in table 2.

Data management

The study has a data management plan detailing proce-
dures relating to data governance and data management,
including what data are collected; where data are stored
and who has access to the data. In summary, all partic-
ipant data will be deidentified (coded) using a unique
participant ID. The participant ID is a randomly gener-
ated three-digit number and no personal email addresses
or passwords will be used in the study. To preserve data
privacy, the participant ID will be used to code all the
collected data and the key linking the ID with the partici-
pant will only be accessible to the few researchers who are
immediately working with the data. This key will be stored
on the University secure server and will not be accessible
by any heterogeneous data sources or APIs. All partici-
pantidentifying information will also be removed prior to
data processing. All other electronic data will be held on
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Table 2 Secondary endpoint measures and frequency of assessment

Endpoint measure Measurement tool Frequency

Description

Asthma control Asthma Control Test Baseline and
(ACT)?® every 2 weeks
General well-being ~ WHO-5 index® Baseline and

every 2 weeks

Unscheduled Self-reported and Baseline and
healthcare utilisation clinical records study end
of attendance at (6 months)
the emergency
department

Self-reported
unscheduled visits
to the participant’s
general practitioner
or to the accident
and emergency clinic

Productivity loss and Days absent from Baseline and
activity impairments school or work for study end
participants and/or (6 months)
caregivers using self-
report. Information on
days absent due to
asthma (as per self-
report) will also be
collected.
Work Productivity
and Activity
Impairment (WPAI)
questionnaire®

Participant Adapted version Baseline and
acceptability of the System study end
Usability Scale®® (6 months)
and a questionnaire
informed by
the Technology

Acceptance Model %
65

University of Auckland managed secure research drives.

The ACT will be self-completed by participants. This scoring
system is based on symptoms experienced by the patient over
the previous 4 weeks. The five questions ask about the severity

of their asthma, restriction of physical activities, frequency of
cough and night-time symptoms. Each of these five questions are
scored 1-5 to give a composite score of 5-25, with a higher score
indicating better asthma control. Participants can also log their
asthma control daily on the study app on a 1 (very bad) to 5 (very
good) scale, adapted from the eDASTHMA score® .

The WHO-5 index will be self-completed by participants. The
WHO-5 consists of five statements, which respondents rate in
relation to the past 2 weeks. The total raw score, ranging from 0
to 25, is multiplied by 4 to give the final score, with 0 representing
the worst imaginable well-being and 100 representing the best
imaginable well-being.

Information on attendance at the emergency department will be
obtained by participant self-report, prompted when the fortnightly
ACT is administered and from hospital records.

Unscheduled visits will be determined from participant self-report,
prompted when the fortnightly ACT is completed, and confirmed
in the final 6-month study visit.

For days absent from school, this will be recorded as the number
of half days attended each term, as per Ministry of Education
half-day documentation. The number of days absent from all
causes will be used as the end point rather than days absent due
to asthma to prevent the risk of misclassification. This may occur,
for example, if a child was classified as being absent from school
due to a respiratory tract infection, when in fact the cough was
secondary to asthma.

The validated Work Productivity and Activity Impairment (WPAI)
questionnaire will also be used to measure work and activity
impairments. The WPAI measures absenteeism, presenteeism

as well as the impairments in unpaid activity because of health
problems during the past 7 days. Participants are asked to

score the impact of their asthma on their ability to work, attend
classes, and perform regular daily activity during the past week.
The questionnaire has been used to assess productivity loss and
activity impairment in asthma and correlates well with respiratory
symptoms.®2

The questionnaire will assess the participant’s acceptability and
views of the devices used in the study at study start and study
end.

Auckland data protection policies in line with FAIR (Find-

All data access will be password protected and accessible  able, Accessible, Interoperable, and Reusable) and CARE
only by study investigators, and the immediate research (Collective benefit, Authority to control, Responsibility,
team, with data management as per The University of  and Ethics) principles. As data access requires user sign
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on, an audit trail for data integrity is available. Physical
data (eg, physical copies of consent forms) will be stored
in locked cabinets in a secure, access-controlled area of
the School of Pharmacy, The University of Auckland.

Statistics and data analysis

The characteristics of the study participants will be
summarised using frequencies and percentages for cate-
gorical variables and means and SD for continuous vari-
ables.

Model development

We will begin by using a traditional statistical approach
(regression), which will form the reference analysis. For
the regression approach, the primary outcome will be
modelled using a mixed effects model to examine the
independent associations between each potential risk
factor and the outcome of attacks. Medication changes
or other factors that may influence the participant’s
risk of an asthma attack will be considered in the final
model. Input variables will be chosen based on statistical
and clinical significance. Results will be reported using
adjusted rate ratios and 95% CIL. A two-sided p<0.05will
be designated statistically significant.

Following this, we will explore machine learning (ML)
based approaches to investigate whether the perfor-
mance of the model (see below) can be improved over
and above the regression approach. Multiple ML algo-
rithms will be explored because of their intrinsic differ-
ences with the overall aim of finding the most accurate
model. The following ML-based approaches will be used:
Decision Trees, Random Forests and Gradient Boosting
Machines such as XGBoost (tree-based). Additionally, as
data sets are large and diverse, the use of deep learning-
based approaches will also be explored. This will include
(1): using artificial neural networks; (2): convolution
neural networks and (3): LSTMs (Long Short-Term
Memory) *—a type of recurrent neural network, which
solve the problem of lack of long-term memory in tradi-
tional RNN. There is a risk of overfitting and regularisa-
tion will be used to address this. A feature engineering
process will be conducted to determine the most relevant
features for the models.

The data will be randomly divided into three parts:
training, validation and evaluation. The training and vali-
dation of the ML models will be done with a ‘training’
set (80% of the data). The ‘evaluation’ set (20% of the
data) will be used for determining the performance of
the models. The best combination of parameters for the
ML models will be identified through a 10-fold cross-
validation using the development cohort. This means that
participants in the training set will be randomly divided
into 10 mutually exclusive and collectively exhaustive
subsets, and the algorithm generated will be trained in
10 distinct repeats. In each repeat, the algorithm will be
trained on data from nine of the subsets of the partici-
pants. For each algorithm, a final model will be obtained

by retraining the algorithm on the entire development
cohort (all 10-fold combined) using the best parameters
and evaluated on the validation cohort.

To enhance ML accuracy, we will integrate human
knowledge to reduce data requirements, increase reli-
ability and understanding of the ML. Embeddings,
weight sharing, feature engineering/extraction and
incorporating invariance will be used to improve model
speed and performance for real-life use.*® Predictors will
be validated by comparing variable importance to coef-
ficients from the regression, depending on if the regres-
sion model fits the data well.

Model performance

The area under the curve, area under the precision-recall
curve, sensitivity, specificity, positive predictive value and
negative predictive value will be used to describe the
performance of all the models. Means and 95% CI of
the performance measures over the cross-validation and
the point estimates of the final models on the validation
cohort will be calculated.

We will then test model performance in three groups
(if there are sufficient numbers in each group) as an
exploratory analysis as sample sizes will be smaller: Maori,
Pacific and non-Maori and non-Pacific samples to ensure
equal performance by assessing discrimination, calibra-
tion and internal Validity.25 17 We will also test perfor-
mance in young persons (<18 years) vs adults.

Sensitivity analysis

We plan to perform a sensitivity analysis for the predic-
tion window by predicting attacks within 7 and 30 days.
This is to determine whether varying the duration of the
outcome window will affect model performance.

All analyses will be performed using R and Python and
similar software. In cases where items of data are missing
for a particular participant, available data for that partic-
ipant will be included for the relevant data summaries or
analyses and a description of the missing data provided,
including whether certain groups have greater missing
data from certain devices. No estimation or interpolation
of missing data will be made. The analyses will be based on
the 6-month data. For the patient acceptability outcome,
data will be summarised using descriptive statistics, to
identify whether certain groups have different accept-
ability. Free-text data will be summarised thematically.

Assessment of safety

Each participant’s health will be evaluated at enrolment
via questions about their asthma history, asthma medi-
cation, other comorbidities and medications. During
the study, the participant will be asked to inform the
research team of any changes from baseline in their
health or medication. An adverse event describes any
sign, symptom or syndrome or illness that newly occurs
or worsens during the period of the study and may impair
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the well-being of the participant. This covers any changes
in the laboratory findings of the patient if relevant as well
as the need for any unexpected diagnostic or treatment
procedures. Events that occur after enrolment into the
study and for 14 days after study end will be considered
as an adverse event.

All potential adverse events will be documented in the
participant’s file, including details of the date of onset,
duration, action taken or required, outcome and other
relevant details of the event. Identification and docu-
mentation of these adverse events do not imply a causal
relationship with the study intervention. Participants
will provide informed consent at the start of the study
to provide permission for the study team to contact
the participant’s usual health provider if any clinical
issues are identified. All adverse events reported will be
discussed with the study advisory group, the probability
of a causal relationship with the study intervention deter-
mined, and any changes to protocol or actions to be
taken documented.

Ethics and dissemination

Ethical approval was obtained from the Southern Health
and Disability Ethics Committee (2023 FULL 13541).
Participants will only be enrolled once written informed
consent is provided. The study is registered with the
Australian New Zealand Clinical Trials Registry, registra-
tion no. ACTRN12623000764639.

Key results will be disseminated via peerreviewed
publications; national and international conferences in
respiratory and in digital health; patient organisations;
and public engagement events to share findings with the
community and key stakeholders.

DISCUSSION

This study is part of a larger programme of planned
research that aims to generate a more accurate and
comprehensive risk prediction model for asthma attacks
by adopting a data-driven approach using multiple data
streams collected in real time from digital technologies.
The findings will have implications for (a) alerting indi-
viduals to their personal risk of an imminent attack that
is due to occur in the following days and (b) providing
individuals with insights into changes in their medium-
term risk of an asthma attack to inform their asthma
self-management. Following identification of the key
digital markers that are related to asthma attacks, and the
development of a robust model of attack prediction, the
next steps will be a randomised controlled trial (RCT)
of a digital ‘alert-based’ management of asthma will be
compared with standard care.

We hypothesise that there will be clear digital markers
that will be associated with asthma attacks, and that
their inclusion in a risk prediction model will improve
the predictive ability of the models for asthma attacks.
As many data sources are being considered in this

observational study, the next step will be to select the key
digital predictors that can be feasibly and pragmatically
assessed on an ongoing basis in routine care. As such,
the final prediction model that is evaluated in the RCT
may not include all the devices or digital markers that are
being assessed in this DIGIPREDICT study. We will use
implementation frameworks™ such as the Reach, Effec-
tiveness, Adoption, Implementation, and Maintenance
(RE-AIM)49 and non-adoption, abandonment, scale-up,
spread, sustainability (NASSS) frameworks™ to support
this intervention development process to ensure that the
final intervention has the highest chance of being imple-
mented successfully into routine care.

Potential limitations

Some challenges are expected in supporting patients to
use new technologies that they may not be familiar with
and ensuring that the technologies do not contribute
to any inequities due to differences in digital literacy.
There may be issues with participant retention as the
study follow-up is intended to be 6 months, and motiva-
tion to use these technologies regularly may wane over
time. To overcome these potential difficulties, we have
planned strategies such as setting up a participant study
app to support management of study tasks, keeping
in-person visits to a minimum and offering appropriate
reimbursement for participant time. There is also a risk
that participants may change their behaviour as they can
see their own data and gain additional insights into their
health, which could inadvertently reduce their risk of a
future asthma attack. However, studies have shown that
even when participants are aware of being monitored,
their behaviour change is not sustained long term.”' For
example, awareness of adherence monitoring by partic-
ipants has been shown to have some effect on inflating
adherence, but the effects are small’® and may not last
beyond 7days.”” > Based on these prior examples, it is
unlikely that participant behaviour will change for the
full 6 months of follow-up.

Author affiliations

'School of Pharmacy, The University of Auckland Faculty of Medical and
Health Sciences, Auckland, Region, New Zealand

2School of Population Health, University of Auckland, Auckland, New Zealand
$Department of Respiratory Medicine and Respiratory research unit, Waikato
Hospital, Hamilton, New Zealand

“University Medical Centre Groningen, Groningen Research Institute for
Asthma and COPD, Groningen, Netherlands

SMedication Adherence Expertise Center of the northern Netherlands
(MAECON), Groningen, Netherlands

®Te Kupenga Hauora Maori, University of Auckland, Auckland, New Zealand
"Pinnacle Midlands Health Network, Hamilton, New Zealand

®Department of IT and Software Engineering, Auckland University of
Technology, Auckland, New Zealand

®National University of Computer and Emerging Sciences, Islamabad, Pakistan
'OMedical Research Institute of New Zealand, Wellington, New Zealand
"University College London, London, UK

"2The University of Edinburgh Usher Institute of Population Health Sciences
and Informatics, Edinburgh, UK

®Department of Electrical, Computer and Software Engineering, University of
Auckland, Auckland, New Zealand

Chan AHY, et al. BMJ Open Respir Res 2024;11:€002275. doi:10.1136/bmjresp-2023-002275 1



"“Department of Nutrition and Dietetics, University of Auckland, Auckland,
New Zealand

'5Biomedical Sciences and Pharmacy, University of Newcastle, Newcastle,
New South Wales, Australia

'SChildren’s Emergency Department, Starship Children’s Hospital, Auckland,
New Zealand

X Amy Hai Yan Chan @amyhychan and Joanna Hikaka @johikaka

Contributors AHYC, PPR, JH conceived of the original study idea and overall
design; all authors contributed to the study methodology and proposed analyses;
writing of the protocol; and the decision to submit for publication.

Funding This work is supported by the Health Research Council New Zealand,
grant number 22/540, Auckland Medical Research Foundation via a Senior
Research Fellowship award and Life Corp Al Limited. The funders had no influence
on the study design; collection, management, analysis, and interpretation of data;
writing of the report; and the decision to submit for publication.

Competing interests AHYC reports research grants from Health Research
Council of New Zealand, Auckland Medical Research Foundation, Asthma UK,
University of Auckland, Oakley Mental Health Foundation, Chorus Ltd, World Health
Organisation, and Hong Kong University, outside the submitted work and all paid
to her institution (the University of Auckland). She is the previous holder of a
Robert Irwin Postdoctoral Fellowship. AHYC also reports consultancy fees from
AcademyeX and Spoonful of Sugar Ltd, and is also a Board member of Asthma NZ.,
member of Respiratory Effectiveness Group (REG) and working group lead for the
European Respiratory Society Clinical Research Collaboration 'CONNECT'. JFMvB
reports grants from Aardex, grants and personal fees from AstraZeneca, grants
and personal fees from Chiesi, grants from European Commission COST Action
'ENABLE' (CA19132), grants from European Respiratory Society for the Clinical
Research Collaboration 'CONNECT', personal fees from GSK, grants and personal
fees from Novartis, personal fees from Teva, grants and personal fees from Trudell
Medical and personal fees from Vertex, outside the submitted work and all paid to
his institution (UMCG).JH reports research grants from Health Research Council

of New Zealand, Auckland Medical Research Foundation, University of Auckland,
outside the submitted work and all paid to her institution (the University of
Auckland). HP reports research grants from National Institute for Health and Care
Research, European Respiratory Society and UK Medical Research Council paid

to her University for applied and implementation research on models of care for
non-communicable respiratory disease. Within the last 3 years, she has contributed
to sponsored symposia (Teva Pharmaceuticals and Sandoz UK) on topics related
to delivery of care and digital health. CB reports personal fees and honorarium
from AstraZeneca and GSK outside of the submitted work.LW reports research
grants from National Health and Medical Research Council of Australia, Medical
Research Futures Fund, National Institutes of Health USA, John Hunter Hospital
Charitable Trust, Hunter Medical Research Institute, Noumi Foods Pty Ltd, Lifecykel
Labs Pty Ltd, Department of Industry, Innovation and Science, outside of the
submitted work and all paid to her institution (University of Newcastle, Australia).
Within the last 3 years, she has contributed to sponsored symposia (Sanofi,
Boehringer-Ingelheim) on topics related to nutrition and respiratory disease. SD
reports research grants from Health Research Council of New Zealand, Auckland
Medical Research Foundation, Starship Foundation, Lottery Grants Board, Cure Kids
New Zealand, National Health and Medical Research Council of Australia, Medical
Research Futures Fund outside the submitted work and all paid to his institutions
(the University of Auckland/Starship Children’s Hospital). All other authors have no
interests to disclose.

Patient and public involvement Patients and/or the public were involved in the
design, or conduct, or reporting, or dissemination plans of this research. Refer to
the Methods section for further details.

Patient consent for publication Not applicable.
Provenance and peer review Not commissioned; externally peer-reviewed.

Data availability statement This study is a study protocol so no datasets have
been analysed yet for this study. However, at present, the current participant
consent does cover the possibility of using the collected data for future research
as a fully de-identified dataset, so we plan for the data to be made available in de-
identified format upon reasonable request to the Principal Investigator.

Supplemental material This content has been supplied by the author(s). It

has not been vetted by BMJ Publishing Group Limited (BMJ) and may not have
been peer-reviewed. Any opinions or recommendations discussed are solely
those of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability
and responsibility arising from any reliance placed on the content. Where the
content includes any translated material, BMJ does not warrant the accuracy and
reliability of the translations (including but not limited to local regulations, clinical
guidelines, terminology, drug names and drug dosages), and is not responsible

for any error and/or omissions arising from translation and adaptation or
otherwise.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which
permits others to distribute, remix, adapt, build upon this work non-commercially,
and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the
use is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

ORCID iDs
Amy Hai Yan Chan http://orcid.org/0000-0002-1291-3902
Job F M van Boven http://orcid.org/0000-0003-2368-2262

REFERENCES

1 Health Quality and Safety Commission New Zealand. Atlas of
Healthcare Variation. New Zealand: HQSC, 2019. Available: https://
www.hgsc.govt.nz/our-programmes/health-quality-evaluation/
projects/atlas-of-healthcare-variation/

2 Telfar Barnard L, Zhang J. The impact of respiratory disease in New
Zealand: 2018 update. Asthma Respiratory Foundation NZ; 2018.

3 Global Asthma Network. The global asthma report 2018. Auckland,
New Zealand, 2018.

4 GBD Chronic Respiratory Disease Collaborators. Prevalence and
attributable health burden of chronic respiratory diseases, 1990-
2017: a systematic analysis for the global burden of disease study
2017. Lancet Respir Med 2020;8:585-96.

5 Royal College of Physicians. Why asthma still kills: the National
review of asthma deaths (NRAD) confidential enquiry report. London,
2014.

6 Masefield S, Edwards J, Hansen K, et al. The future of asthma
research and development: a roadmap from the European
asthma research and innovation partnership (EARIP). Eur Respir J
2017;49:1602295.

7 Loymans RJB, Debray TPA, Honkoop PJ, et al. Exacerbations in
adults with asthma: A systematic review and external validation of
prediction models. J Allergy Clin Immunol Pract 2018;6:1942-52.

8 van Boven JFM, Drummond D, Chan AHY, et al. “ERS CRC
“CONNECT”-Moving multiple Digital innovations towards
connected respiratory care: addressing the over-arching
challenges of whole systems implementation”. Eur Respir J
2023;62:2301680.

9 Kruizinga MD, Essers E, Stuurman FE, et al. Clinical validation of
Digital biomarkers for Paediatric patients with asthma and cystic
fibrosis: potential for clinical trials and clinical care. Eur Respir J
2022;59:2100208.

10 Khusial RJ, Honkoop PJ, Usmani O, et al. Effectiveness of
myAirCoach: a mHealth self-management system in asthma.

J Allergy Clin Immunol Pract 2020;8:1972-9.

11 Huffaker MF, Carchia M, Harris BU, et al. Passive nocturnal
physiologic monitoring enables early detection of exacerbations in
children with asthma. A proof-of-concept study. Am J Respir Crit
Care Med 2018;198:320-8.

12 Tinschert P, Rassouli F, Barata F, et al. Nocturnal cough and sleep
quality to assess asthma control and predict attacks. J Asthma
Allergy 2020;13:669-78.

13 Alharbi ET, Nadeem F, Cherif A. Predictive models for personalized
asthma attacks based on patient’s Biosignals and environmental
factors: a systematic review. BMC Med Inform Decis Mak
2021;21:345.

14 Tsang KCH, Pinnock H, Wilson AM, et al. Application of machine
learning Algorithms for asthma management with mHealth: A clinical
review. J Asthma Allergy 2022;15:855-73.

15 Exarchos KP, Beltsiou M, Votti C-A, et al. Artificial intelligence
techniques in asthma: a systematic review and critical appraisal of
the existing literature. Eur Respir J 2020;56:2000521.

16 Lisspers K, Stallberg B, Larsson K, et al. Developing a short-term
prediction model for asthma exacerbations from Swedish primary
care patients' data using machine learning - based on the ARCTIC
study. Respir Med 2021;185:106483.

17 Lugogo NL, DePietro M, Reich M, et al. A predictive machine
learning tool for asthma exacerbations: results from a 12-week,
open-label study using an electronic multi-dose dry powder Inhaler
with integrated sensors. J Asthma Allergy 2022;15:1623-37.

18 Noble M, Burden A, Stirling S, et al. Predicting asthma-related
crisis events using routine electronic Healthcare data: a quantitative
database analysis study. Br J Gen Pract 2021;71:€948-57.

19 Khasha R, Sepehri MM, Mahdaviani SA. An ensemble learning
method for asthma control level detection with Leveraging medical

12 Chan AHY, et al. BMJ Open Respir Res 2024;11:€002275. doi:10.1136/bmjresp-2023-002275


https://x.com/amyhychan
https://x.com/johikaka
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-1291-3902
http://orcid.org/0000-0003-2368-2262
https://www.hqsc.govt.nz/our-programmes/health-quality-evaluation/projects/atlas-of-healthcare-variation/
https://www.hqsc.govt.nz/our-programmes/health-quality-evaluation/projects/atlas-of-healthcare-variation/
https://www.hqsc.govt.nz/our-programmes/health-quality-evaluation/projects/atlas-of-healthcare-variation/
http://dx.doi.org/10.1016/S2213-2600(20)30105-3
http://dx.doi.org/10.1183/13993003.02295-2016
http://dx.doi.org/10.1016/j.jaip.2018.02.004
http://dx.doi.org/10.1183/13993003.01680-2023
http://dx.doi.org/10.1183/13993003.00208-2021
http://dx.doi.org/10.1016/j.jaip.2020.02.018
http://dx.doi.org/10.1016/j.jaip.2020.02.018
http://dx.doi.org/10.1164/rccm.201712-2606OC
http://dx.doi.org/10.1164/rccm.201712-2606OC
http://dx.doi.org/10.2147/JAA.S278155
http://dx.doi.org/10.2147/JAA.S278155
http://dx.doi.org/10.1186/s12911-021-01704-6
http://dx.doi.org/10.2147/JAA.S285742
http://dx.doi.org/10.1183/13993003.00521-2020
http://dx.doi.org/10.1016/j.rmed.2021.106483
http://dx.doi.org/10.2147/JAA.S377631
http://dx.doi.org/10.3399/BJGP.2020.1042

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

knowledge-based Classifier and supervised learning. J Med Syst
2019;43:1-15.

Reddel HK, Taylor DR, Bateman ED, et al. An official American
Thoracic society/European respiratory society statement:

asthma control and exacerbations. Am J Respir Crit Care Med
2009;180:59-99.

Chan AHY, Stewart AW, Harrison J, et al. The effect of an electronic
monitoring device with audiovisual reminder function on adherence
to inhaled corticosteroids and school attendance in children with
asthma: a randomised controlled trial. The Lancet Respiratory
Medicine 2015;3:210-9.

Chan AH, De Simoni A, Wileman V, et al. Digital interventions to
improve adherence to maintenance medication in asthma. Cochrane
Database Syst Rev 2018;5:CD013030.

Wood AM, White IR, Thompson SG. Are missing outcome data
adequately handled? A review of published randomized controlled
trials in major medical journals. Clinical Trials 2004;1:368-76.

Chan ARY, Tomlin A, Beyene K, et al. Asthma exacerbations in New
Zealand 2010-2019: a national population-based study. Respiratory
Medicine 2023;217:107365.

Steyerberg EW, Moons KGM, van der Windt DA, et al. Prognosis
research strategy (PROGRESS) 3: Prognostic model research. PLoS
Med 2013;10:e1001381.

Peduzzi B, Concato J, Feinstein AR, et al. Importance of events per
independent variable in proportional hazards regression analysis Il.
accuracy and precision of regression estimates. J Clin Epidemiol
1995;48:1503-10.

Horne R, Chapman SCE, Parham R, et al. Understanding patients’
adherence-related beliefs about medicines prescribed for long-
term conditions: a meta-analytic review of the necessity-concerns
framework. PLoS One 2013;8:80633.

Nathan RA, Sorkness CA, Kosinski M, et al. Development of the
asthma control test: a survey for assessing asthma control. J Allergy
Clin Immunol 2004;113:59-65.

Topp CW, @stergaard SD, Sendergaard S, et al. The WHO-5
well-being index: a systematic review of the literature. Psychother
Psychosom 2015;84:167-76.

Sam CHY, Skeaff S, Skidmore PML. A comprehensive FFQ
developed for use in New Zealand adults: Reliability and validity for
nutrient intakes. Public Health Nutr 2014;17:287-96.

Shivappa N, Steck SE, Hurley TG, et al. Designing and developing
a literature-derived, population-based dietary inflammatory index.
Public Health Nutr 2014;17:1689-96.

Quanjer PH, Stanojevic S, Cole TJ, et al. Multi-ethnic reference
values for Spirometry for the 3-95-yr age range: the global lung
function 2012 equations. Eur Respir J 2012;40:1324-43.

Chan AHY, Reddel HK, Apter A, et al. Adherence monitoring and
E-health: how Clinicians and researchers can use technology to
promote Inhaler adherence for asthma. J Allergy Clin Immunol Pract
2013;1:446-54.

Chan AHY, Harrison J, Black PN, et al. Using electronic monitoring
devices to measure Inhaler adherence: a practical guide for
Clinicians. J Allergy Clin Immunol Pract 2015;3:335-49.

Chan AHY, Stewart AW, Harrison J, et al. Electronic adherence
monitoring device performance and patient acceptability: a
randomized control trial. Expert Rev Med Devices 2017;14:401-11.
Dierick BJH, Achterbosch M, Eikholt AA, et al. Electronic monitoring
with a Digital smart spacer to support personalized Inhaler use
education in patients with asthma: the randomized controlled
OUTERSPACE trial. Respiratory Medicine 2023;218:107376.
Fleming L. Asthma exacerbation prediction: recent insights. Curr
Opin Allergy Clin Immunol 2018;18:117-23.

Bhat GS, Shankar N, Kim D, et al. Machine learning-based asthma
risk prediction using iot and Smartphone applications. [EEE Access
2021;9:118708-15.

De Boer C, Ghomrawi H, Many B, et al. Utility of Wearable sensors
to assess postoperative recovery in pediatric patients after
Appendectomy. J Surg Res 2021;263:160-6.

Angelucci A, Greco M, Canali S, et al. Fitbit data to assess functional
capacity in patients before elective surgery: pilot prospective
observational study. J Med Internet Res 2023;25:€42815.

de Diego-Alonso C, Alegre-Ayala J, Buesa A, et al. Multidimensional
analysis of sedentary behaviour and participation in Spanish stroke
survivors (Part&Amp;Amp;Sed-stroke): a protocol for a longitudinal
Multicentre study. BMJ Open 2023;13:e065628.

Ringeval M, Wagner G, Denford J, et al. Fitbit-based interventions
for healthy lifestyle outcomes: systematic review and meta-analysis.
J Med Internet Res 2020;22:€23954.

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

Feehan LM, Geldman J, Sayre EC, et al. Accuracy of Fitbit devices:
systematic review and narrative syntheses of quantitative data. JMIR
Mhealth Uhealth 2018;6:e10527.

Tibble H, Tsanas A, Horne E, et al. Predicting asthma attacks in
primary care: protocol for developing a machine learning-based
prediction model. BMJ Open 2019;9:e028375.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural
Comput 1997;9:1735-80.

Deng C, Ji X, Rainey C, et al. Integrating machine learning with
human knowledge. iScience 2020;23:101656.

Hosmer DW, Lemeshow S, Sturdivant RX. Applied Logistic
Regression. 398. John Wiley & Sons, 2013.Available: https://
onlinelibrary.wiley.com/doi/book/10.1002/9781118548387

Moullin JC, Sabater-Hernandez D, Fernandez-Llimos F, et al. A
systematic review of implementation frameworks of innovations in
Healthcare and resulting generic implementation framework. Health
Res Policy Syst 2015;13:16.

Holtrop JS, Estabrooks PA, Gaglio B, et al. Understanding and
applying the RE-AIM framework: Clarifications and resources. J Clin
Transl Sci 2021;5:e126.

Greenhalgh T, Wherton J, Papoutsi C, et al. Beyond adoption:

a new framework for theorizing and evaluating Nonadoption,
abandonment, and challenges to the scale-up, spread, and
Sustainability of health and care Technologies. J Med Internet Res
2017;19:e367.

McCambridge J, Witton J, Elbourne DR. Systematic review of the
Hawthorne effect: new concepts are needed to study research
participation effects. J Clin Epidemiol 2014;67:267-77.

Sutton S, Kinmonth A-L, Hardeman W, et al. Does electronic
monitoring influence adherence to medication? randomized
controlled trial of measurement reactivity. Ann Behav Med
2014;48:293-9.

Foster JM, Smith L, Bosnic-Anticevich SZ, et al. Identifying patient-
specific beliefs and Behaviours for conversations about adherence
in asthma. Intern Med J 2012;42:e136-44.

Dierick BJH, Been-Buck S, Klemmeier T, et al. Digital spacer data
driven COPD Inhaler adherence education: the OUTERSPACE proof-
of-concept study. Respiratory Medicine 2022;201:106940.
Chevance G, Golaszewski NM, Tipton E, et al. Accuracy and
precision of energy expenditure, heart rate, and steps measured
by combined-sensing Fitbits against reference measures:
systematic review and meta-analysis. JMIR Mhealth Uhealth
2022;10:e35626.

New Zealand (NZ) Ministry of Health. The National Health Index (NHI)
Number. Ministry of Health NZ, Available: https://www.health.govt.
nz/our-work/health-identity/national-health-index

New Zealand (NZ) Ministry of Health. The Primary Health
Organisation Enrolment Collection (PHO). Ministry of Health NZ,
Available: https://www.health.govt.nz/nz-health-statistics/national-
collections-and-surveys/collections/primary-health-organisation-
enrolment-collection

New Zealand (NZ) Ministry of Health. The National Minimum Dataset
(NMDS). Ministry of Health NZ, Available: http://www.health.govt.
nz/nz-healthstatistics/national-collections-and-surveys/collections/
national-minimum-dataset-hospital-events

New Zealand (NZ) Ministry of Health. Pharmaceutical Collection
Dataset. Ministry of Health NZ, Available: https://minhealthnz.
shinyapps.io/datapharm/

Sousa-Pinto B, Jacome C, Pereira AM, et al. Development and
validation of an electronic daily control score for asthma (E-
DASTHMA): a real-world direct patient data study. Lancet Digit
Health 2023;5:52589-7500(23)00020-1:€227-38:.

Reilly MC, Zbrozek AS, Dukes EM. The validity and reproducibility
of a work productivity and activity impairment instrument.
Pharmacoeconomics 1993;4:353-65.

Brakema EA, Tabyshova A, van der Kleij RMJJ, et al. The
socioeconomic burden of chronic lung disease in low-resource
settings across the globe - an observational FRESH AIR study.
Respir Res 2019;20:291.

Bangor A, Kortum PT, Miller JT. An empirical evaluation of the
system usability scale. International Journal of Human-Computer
Interaction 2008;24:574-94.

Holden RJ, Karsh B-T. The technology acceptance model: its past
and its future in health care. J Biomed Inform 2010;43:159-72.
Abu-Dalbouh HM. A questionnaire approach based on the
technology acceptance model for mobile tracking on patient
progress applications. Journal of Computer Science 2013;9:763-70.

Chan AHY, et al. BMJ Open Respir Res 2024;11:€002275. doi:10.1136/bmjresp-2023-002275

13


http://dx.doi.org/10.1007/s10916-019-1259-8
http://dx.doi.org/10.1164/rccm.200801-060ST
http://dx.doi.org/10.1016/S2213-2600(15)00008-9
http://dx.doi.org/10.1016/S2213-2600(15)00008-9
http://dx.doi.org/10.1002/14651858.CD013030
http://dx.doi.org/10.1002/14651858.CD013030
http://dx.doi.org/10.1191/1740774504cn032oa
http://dx.doi.org/10.1016/j.rmed.2023.107365
http://dx.doi.org/10.1016/j.rmed.2023.107365
http://dx.doi.org/10.1371/journal.pmed.1001381
http://dx.doi.org/10.1371/journal.pmed.1001381
http://dx.doi.org/10.1016/0895-4356(95)00048-8
http://dx.doi.org/10.1371/journal.pone.0080633
http://dx.doi.org/10.1016/j.jaci.2003.09.008
http://dx.doi.org/10.1016/j.jaci.2003.09.008
http://dx.doi.org/10.1159/000376585
http://dx.doi.org/10.1159/000376585
http://dx.doi.org/10.1017/S1368980012005058
http://dx.doi.org/10.1017/S1368980013002115
http://dx.doi.org/10.1183/09031936.00080312
http://dx.doi.org/10.1016/j.jaip.2013.06.015
http://dx.doi.org/10.1016/j.jaip.2015.01.024
http://dx.doi.org/10.1080/17434440.2017.1322505
http://dx.doi.org/10.1016/j.rmed.2023.107376
http://dx.doi.org/10.1097/ACI.0000000000000428
http://dx.doi.org/10.1097/ACI.0000000000000428
http://dx.doi.org/10.1109/ACCESS.2021.3103897
http://dx.doi.org/10.1016/j.jss.2021.01.030
http://dx.doi.org/10.2196/42815
http://dx.doi.org/10.1136/bmjopen-2022-065628
http://dx.doi.org/10.2196/23954
http://dx.doi.org/10.2196/10527
http://dx.doi.org/10.2196/10527
http://dx.doi.org/10.1136/bmjopen-2018-028375
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1016/j.isci.2020.101656
https://onlinelibrary.wiley.com/doi/book/10.1002/9781118548387
https://onlinelibrary.wiley.com/doi/book/10.1002/9781118548387
http://dx.doi.org/10.1186/s12961-015-0005-z
http://dx.doi.org/10.1186/s12961-015-0005-z
http://dx.doi.org/10.1017/cts.2021.789
http://dx.doi.org/10.1017/cts.2021.789
http://dx.doi.org/10.2196/jmir.8775
http://dx.doi.org/10.1016/j.jclinepi.2013.08.015
http://dx.doi.org/10.1007/s12160-014-9595-x
http://dx.doi.org/10.1111/j.1445-5994.2011.02541.x
http://dx.doi.org/10.1016/j.rmed.2022.106940
http://dx.doi.org/10.2196/35626
https://www.health.govt.nz/our-work/health-identity/national-health-index
https://www.health.govt.nz/our-work/health-identity/national-health-index
https://www.health.govt.nz/nz-health-statistics/national-collections-and-surveys/collections/primary-health-organisation-enrolment-collection
https://www.health.govt.nz/nz-health-statistics/national-collections-and-surveys/collections/primary-health-organisation-enrolment-collection
https://www.health.govt.nz/nz-health-statistics/national-collections-and-surveys/collections/primary-health-organisation-enrolment-collection
http://www.health.govt.nz/nz-healthstatistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
http://www.health.govt.nz/nz-healthstatistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
http://www.health.govt.nz/nz-healthstatistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
https://minhealthnz.shinyapps.io/datapharm/
https://minhealthnz.shinyapps.io/datapharm/
http://dx.doi.org/10.1016/S2589-7500(23)00020-1
http://dx.doi.org/10.1016/S2589-7500(23)00020-1
http://dx.doi.org/10.2165/00019053-199304050-00006
http://dx.doi.org/10.1186/s12931-019-1255-z
http://dx.doi.org/10.1080/10447310802205776
http://dx.doi.org/10.1080/10447310802205776
http://dx.doi.org/10.1016/j.jbi.2009.07.002
http://dx.doi.org/10.3844/jcssp.2013.763.770

	DIGIPREDICT: physiological, behavioural and environmental predictors of asthma attacks—a prospective observational study using digital markers and artificial intelligence—study protocol
	Abstract
	Introduction﻿﻿
	Methods and analysis
	Study design
	Study population
	Sample size
	Screening and eligibility assessment
	Recruitment
	Follow-up assessments
	End of study definition
	Withdrawals
	Patient and public involvement
	Data collection
	Baseline demographic and clinical data
	Data on factors related to asthma attacks
	Digital biomarkers collected prospectively by smart technologies

	Medication adherence—digital inhaler sensor
	Peak expiratory flow—manual peak flow meter
	Cough—nocturnal cough sensor
	Physiological and activity measures—smart watch
	Device checks and validation
	Data from retrospective health and environmental datasets
	Health data
	Environmental data

	Study outcome measures
	Primary endpoint measures
	Secondary Endpoint measures
	Data management
	Statistics and data analysis
	Model development
	Model performance
	Sensitivity analysis

	Assessment of safety
	Ethics and dissemination

	Discussion
	Potential limitations

	References


