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ABSTRACT

Background Surging volumes of patients with COVID-19
and the high infectiousness of SARS-CoV-2 challenged
hospital infection control/safety, staffing, care delivery
and operations as few crises have. Imperatives to

ensure security of patient information, defend against
cybersecurity threats and accurately identify/authenticate
patients and staff were undiminished, which fostered
creative use cases where hospitals leveraged identity
access and management (IAM) technologies to improve
infection control and minimise disruption of clinical and
administrative workflows.

Methods Working with a leading IAM solution provider,
implementation personnel in the USA and UK identified
all hospitals/health systems where an innovative use

of 1AM technology improved facility infection control

and pandemic response management. Interviews/
communications with hospital clinical informatics leaders
collected information describing the use case deployed.
Results Eight innovative/valuable hospital use cases

are described: symptom-free attestation by clinicians at
shift start; detection of clinician exposure/contact tracing;
reporting of clinician temperature checks; inpatient
telehealth consults in isolation units; virtual visits between
isolated patients and families; touchless single sign-on
authentication; secure access enabled for rapid expansion
of personnel working remotely; and monitoring of
temporary worker attendance.

Discussion No systematic, comprehensive survey of all
implemented IAM client sites was conducted, and other
use cases may be undetected. A standardised reporting/
information sharing vehicle is needed whereby IAM use
cases aiding facility pandemic response and infection
control can be disseminated.

Conclusions Clinical care, infection control and facility
operations were improved using IAM solutions during
COVID-19. Facility end-user innovation in how 1AM
solutions are deployed can improve infection control/
patient safety, care delivery and clinical workflows during
surges of epidemic infectious diseases.

INTRODUCTION
COVID-19 disrupted the already complex
digital identity and information environment

WHAT IS ALREADY KNOWN ON THIS TOPIC

= The innovative and adaptive deployment of identi-
ty access and management technology to improve
hospital infection control and pandemic response
has not been previously reported in the literature.

WHAT THIS STUDY ADDS

= Eight use cases successfully deployed by hospitals
in the USA and UK to improve SARS-CoV-2 facili-
ty infection control and pandemic response are
reported.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= With only two-thirds of humanity currently vaccinat-
ed against COVID-19, more virulent, contagious or
vaccine-resistant variants of the virus may cause
increased community transmission and future surg-
es in patient volume, and these use cases can help
hospitals improve their infection control and pan-
demic operations.

of modern hospital care delivery and accel-
erated adoption of telehealth/telemedicine.
Hospitals needed to ramp up clinical staff
rapidly to manage an increased volume of
very ill patients; clinicians and administra-
tive staff had to significantly alter workflows
and worksites; and individuals not serving in
direct clinical care roles worked remotely,
all while maintaining rapid, secure access
to critical applications and data. New non-
traditional treatment centres—in tents and
mobile units, at hotels—were established and
had to use existing information technology
(IT) to support patient care and informa-
tion security. Devices used to access informa-
tion and communicate internally required
rapid adaptation to reduce risk of viral trans-
mission within the hospital. Use of mobile
devices increased as iPads/tablets were used
to support telehealth and facilitate virtual
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patient visits in hospitals, many requiring secure access
management and a rethinking of existing high touch
processes.

The pandemic surges amplified the centrality of
securing and managing digital identity (figure 1). Iden-
tity access and management (IAM) capabilities enabled
hospitals to leverage these technologies in innovative ways
to support their COVID-19 response. A literature review
found no use cases reporting IAM technology deployed to
improve hospital infection control or outbreak manage-
ment. Eight use cases are reported here which improved
hospital operational and clinical response, reduced
potential infection transmission within facilities and
helped care providers and administrative staff, as well as
patients and their families, cope with the challenges and
risks created by the pandemic.

Single sign-on (SSO) expedites use of the electronic
health record (EHR) by enabling a clinician to log in by
keyboard only once at the start of a shift, and then use
a proximity identity badge to reconnect for subsequent
logins during the rest of the shift. SSO eliminates need
to remember complex passwords, reduces repetitive
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Hospital identity and information access challenges during COVID-19.

manual logins and expedites authenticated access to the
EHR and clinical software applications. SSO technology
liberates substantial time from the keyboard for clinicians
to focus on care delivery,'™ even more imperative during
critical surges in patient volume. IAM remained critical
to securing the trusted digital identities of clinicians
and patients during the pandemic. Role-based access to
quickly on-board clinical and support staff in the face
of high patient volumes was imperative. This involved
rapidly provisioning application access to accommodate
the ramp-up in staff needed to manage high patient
volumes and changing the access of certain clinical roles.
Enabling access to shared mobile devices for clinician and
patient use had to be accomplished securely, accurately
and rapidly, as was secure access for a partially remote
workforce.

The use cases were deployed to facilitate critical hospital
operations during COVID-19 surges, and extend beyond
the design intent of the solution vendor in three areas: (1)
new workflows to monitor and mitigate risk of viral trans-
mission and hospital-acquired infection within a facility;
(2) inpatient telehealth care between care providers, and
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virtual visits of isolated patients with family members, to
reduce risk of spreading infection within facilities; and
(3) enabling IAM during rapid ramp-up of an expanded
remote workforce. The technologies deployed in these
use cases were Imprivata OneSign for SSO, Confirm ID
for clinician identity and multifactor authentication and
PatientSecure for patient identity validation.

METHODS

The reported use case data were gathered through
communications between the customer support team of
a leading IAM solution provider and health IT leaders
among its hospital /health system customers. The partic-
ular IAM vendor was selected because of its high market
penetration in the USA and UK, and because it was facil-
itating and recording which of its hospital customers
were deploying its solutions in innovative ways to improve
hospital infection control and COVID-19 operational
response. Hospital/health system clinical informatics
leaders were contacted in order to solicit a detailed
description of how IAM and SSO technologies were lever-
aged to improve various clinical, infection control and/
or operational workflows during the pandemic. Eight use
cases deploying IAM technology to improve hospital/
health system COVID-19 response were identified, all
within the USA and the UK. These nations were a focus
because they represent 80.2% (2320 US facilities) and
5.5% (158 UK facilities) of the IAM solution provider’s
total customer implementations worldwide.

Each use case was documented and shared with the
involved hospital facilities in order to validate and improve
the accuracy of its description. All recommended facility
changes in descriptive use case contentwere incorporated,
and the final report was shared with all hospitals/health
systems for final review and approval. All hospitals/health
systems known by the vendor to have deployed an innova-
tive IAM use case during the pandemic and contacted in
the development of this report also approved their identi-
fication, with the exception of one centre which was non-
responsive and thus excluded.

RESULTS
Table 1 summarises the hospital facility value and func-
tional focus of each of the eight use cases reported.

SS0 enabled clinicians to attest being symptom free at shift
start

During an outbreak of a highly transmissible pathogen
such as SARS-CoV-2, clinicians can inadvertently spread
infection across the hospital. Having clinicians attest at
the start of shifts that they were symptom free was crit-
ical to reducing viral spread. However, the symptom
attestation process must be simple and rapid to ensure
compliance and avoid disruption of clinical workflows
and care delivery. To enable such rapid attestation and
reduce the risk of clinicians adding to the facility burden

Table 1 Use cases of IAM technology deployed in hospital
COVID-19 response by value and functional focus

Use case value Use case functional focus

Infection control and patient safety SSO enabled clinicians to attest being

symptom free at shift start

Infection control and patient safety SSO deployed for exposure and

contact tracing of facility clinicians

Infection control and patient safety SSO deployed to enable mandatory

clinician temperature checks/reporting

Infection control, patient safety and
PPE supply chain management

Inpatient telehealth consults and
virtual inpatient rounding in isolation
units to reduce infection risk and rate
of PPE consumption

Mobile devices enabled virtual visits
between isolated patients and families

Infection control and patient/family
well-being and psychosocial support

Infection control and expedited
authentication and workflows

SSO rapidly authenticated into mobile
devices without touching screens

Infection control and maintenance of
facility organisational effectiveness
and work productivity

Secure access enabled for rapid
expansion of personnel working
remotely

SSO monitored attendance of
temporary workers

Organisational staffing management,
accountability and work productivity

Key:
IAM, identity access and management; PPE, personal protective equipment; SSO,
single sign-on.

of infection, hospitals needed a way for clinicians to log
in and attest to ‘absence of symptoms’ with real-time
reporting. Employees not providing care needed to be
differentiated from those working in a clinical setting
with elevated transmission risk to vulnerable patients and
clinical colleagues.

A capability for attesting to the absence of COVID-19 symp-
toms was implemented which did not require all hospital
staff but only clinicians at greatest risk of infection transmis-
sion to attest. Hospitals leveraged SSO to enable reporting
of symptoms among only clinicians through a home-grown
survey application that assessed for COVID-19 symptoms
according to guidelines iterated by the US Centers for
Disease Control and Prevention. This survey function was
linked to SSO via an application programming interface so
that when a user logged into a workstation, clinicians were
automatically prompted to respond. There was no need to
enter a username or password to log into symptom attes-
tation, and multifactor authentication enabled users to
quickly verify their identity easily and securely.

Hospitals implemented this functionality so it would
not be intrusive and would only prompt clinicians once
per 12-hour shift at shift start. Clinicians simply tapped
their proximity card when prompted in the health attes-
tation, confirmed they were symptom free, and could
then begin work. Responses indicating a clinician could
be positive for SARS-CoV-2 infection were automatically
transmitted in real time to the hospital infection control
team for review and appropriate response.

SS0 deployed for exposure and contact tracing of facility
clinicians

Yale New Haven Health, a system with seven hospital
campuses, created a real-time process to monitor
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exposure and infection spread by using SSO workstation
login records to help track and reduce risk of transmis-
sion from potentially exposed individuals. SSO reporting
capabilities coupled with location logs enabled identifi-
cation of exactly where and when users accessed specific
workstations across all patient care areas, including those
with infection risk. SSO audited the activity of clinical
users when users authenticated to workstations, including
user identity, workstation and date/time. Audit data
retrieved from SSO cross-referenced with the known loca-
tion of workstations (eg., Nurses Station 3 East) enabled
granular infection contact tracing.

Combined with EHR data and workstation mapping,
Yale first deployed SSO to accurately track infection
exposure and transmission risk for measles and used the
same approach to control facility spread of SARS-CoV-2.
As clinicians are at risk of contracting infection when
treating infected patients and may be exposed before
patients exhibit symptoms, SSO detected if clinicians
accessed a workstation near a patient or another clini-
cian who subsequently tested positive. The real-time data
generated by SSO enabled the facility to identify clini-
cians who had been in patient care areas where there was
high potential risk of exposure and contracting infection.

Yale used multiple data points such as staffing lists to
assess risk, while SSO conveyed granularity to identify
specific users accessing workstations in units at elevated
risk of infection exposure. With SSO providing the date
and time of access, and how long it was used (duration
of exposure), hospital infection control identified clini-
cians potentially at risk who accessed a workstation near
a patient who was confirmed positive. This was accom-
plished by analysing data SSO collects when clinicians
tap their proximity badge to access a workstation. By
matching SSO audit data to location of workstation and
patients confirmed positive, hospitals in future surges can
determine which specific users were in areas with elevated
risk of infection, for how long, and the infection control
team can take necessary steps to interrupt further disease
transmission. Leveraging SSO data in such a manner can
be a powerful tool for infection control teams working to
minimise pathogen spread during unexpected or novel
outbreaks.

SS0 deployed to enable mandatory clinician temperature
checks/reporting

During COVID-19 surges, hospitals required clinicians
to check and report their temperature twice per shift
to monitor for potential infection. Hospitals and health
systems with SSO, such as Yale New Haven Health, devel-
oped and deployed a home-grown internet-based applica-
tion to support this workflow that was minimally disruptive
for clinicians. Integrated with SSO, clinicians were able to
badge tap into a workstation and access the application to
report their temperature, ensuring the added workflow
was fast and easy to complete. SSO also provided audit
data to help hospitals track compliance with the twice per
shift temperature reporting requirement. Here again,

hospitals identified a use for SSO that was beyond its orig-
inal design intent, but which delivered critical value in
managing the crisis precipitated by COVID-19 volume
surges.

Inpatient telehealth consults and virtual inpatient rounding

in isolation units to reduce infection risk and consumption of
personal protective equipment

During pandemic response, hospitals needed to mini-
mise non-essential in-person interactions between care
providers and infected patients to mitigate infection
spread and to conserve limited supplies of personal
protective equipment. Hospitals such as Nebraska Medi-
cine, and in the UK the Royal Surrey NHS Foundation
Trust, used iPads/mobile tablets or smartphones to facil-
itate on-site telehealth sessions with infected patients in
isolation. Hospitals enabled clinicians to conduct clinical
televisits without elevating clinician exposure/infection
risk. Reducing contact with infected patients was critical
to reducing viral exposure and transmission within care
delivery settings. Royal Surrey used Ascom smartphones
and the Attend Anywhere video consulting application
for virtual rounds in the intensive care unit (ICU), with
one physician rounding in person while linked remotely
to colleagues.

To ensure patient confidentiality, a unique sign-on for
each inpatient telehealth encounter was needed, and it
was imperative to institute a hands-off login process. A
comprehensive mobility solution (Imprivata GroundCon-
trol) was implemented at Nebraska Medicine to deliver
automated provisioning, secure checkout and fast access
to devices and applications. Clinicians tapped their prox-
imity card on a docking station to check out a tablet for
their shift. When accessing applications on the device,
proxy credentials eliminated clinician need to manu-
ally type username/password. This enabled hospitals
to automatically provision and digitally sanitise shared
tablets, ensuring patient privacy through compliance
with the Health Insurance Portability and Accountability
Act (HIPAA), and helped hospitals set up, personalise
and secure shared tablets. When finished, the device was
returned to the docking station to be reset/cleaned and
recharged for the next user.

Mobile devices enabled virtual visits between isolated
patients and families

During COVID-19, hospitals instituted patient visita-
tion restrictions to reduce risk of spreading infection.
Patients—some at risk of death—were isolated from and
unable to communicate with loved ones. Enabling virtual
visits between isolated patients and family members on
shared mobile devices was an important and humane part
of care delivery during the COVID-19 crisis. A mobility
solution for clinician telehealth encounters with isolated
patients also enabled hospitals such as the University of
Rochester Medical Center (URMC) to provide patients
iPads/tablets for safe family visitation without sharing air
space with infected patients.
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Mobile devices allowed quick and secure access to
conferencing applications, enabling virtual inpatient
family visits without risk of infection. Consumer chat
applications such as Skype, Facebook Messenger and
FaceTime were deployed with requisite privacy and infor-
mation security measures. In providing iPads to patients
for communication with visitors, URMC needed a way to
provision, configure, wipe clean and reset devices back
to a ready state for next patient use. In addition to phys-
ical disinfection, with SSO and a mobility solution it was
possible to digitally sanitise identity on shared iPads/
tablets while they were recharged to set up and secure
the devices for use by other patients. In the UK, the Royal
Surrey NHS Foundation Trust also provided virtual visits
for patients in isolation, repurposing shared mobile
devices accessed through SSO. A link sent to the patient’s
family connected to the virtual meeting with the patient,
and at session end patient access was tapped out and the
device cleared and cleaned for next patient use.

SSO0 rapidly authenticated into mobile devices without
touching screens

During the pandemic inpatient nurses used mobile
devices to share real-time patient vitals with remote
physicians (e.g., in the ICU). Manual login while gloved
is difficult and consumes time. Sharing mobile tablets
increases risk of spreading infection, and during surges
hospitals used SSO to enable staff to tap their badge to
log in and out of devices during clinical care delivery. The
Cambridge Health Alliance deployed SSO into their ICU
Microsoft Surface Pro tablets to log in simply and rapidly
and connect with remote physicians. SSO enabled badge
tap in for instantaneous touchless access, mitigating
infection risk and facilitating real-time communication
with remote physicians.

Secure access enabled for rapid expansion of personnel
working remotely

Patient volume surges increased the risk of hospital-
acquired infection among attending clinical but also
administrative personnel not involved in care delivery,
and hospitals rapidly expanded the number of workers
shifted to remote work. New York City Health+Hospitals
(NYCH+H) sought to enable some clinical personnel,
such as consultants, to work remotely when feasible.
Remote workers needed network access that protected
confidential patient medical information and secured
against unauthorised access by cybercriminals taking
advantage of COVID-19 to perpetrate phishing attacks.”
Multifactor authentication was needed to help hospitals
ensure information security as their remote workforce
expanded. A solution providing fast, secure multifactor
authentication for remote access, Imprivata Confirm ID,
was provided to hospitals such as NYCH+H and Children’s
Hospital of the King’s Daughters in Virginia. It enabled
rapid expansion of secure access for remote workers
with minimal disruption of critical workflows. Coventry
and Warwickshire Partnership Trust in the UK was able

to deliver secure home/remote work for more than 4000
staff from 60 different locations in several days.

S$S0 monitored attendance of temporary workers

COVID-19 surges forced many hospitals to rapidly ramp
up temporary clinical and other staff. A challenge hospi-
tals faced was a need to enable secure access and monitor
staffing and work attendance of temporary workers to
ensure appropriate staffing needs were met and to enable
related financial processes. NYCH+H deployed SSO to
enable temporary workers to badge log in at the begin-
ning of shift, just as it does for permanent staff members.
SSO authentication enabled hospitals to confirm when
temporary workers had started their shift. This eliminated
need for additional solutions to address this requirement,
alleviating an operational concern during the pandemic
when temporary workforces were alternately expanding
rapidly and subsequently contracting as patient volume
surged and waned.

DISCUSSION

Alimitation of the methods used is the very high specificity
but low sensitivity of vendor-identified use cases. We did
not conduct a systematic survey of possible IAM-enabled
COVID-19 response use cases among all customers of this
leading IAM solution provider. Thus, it is possible that
valuable use cases where hospitals deployed IAM tech-
nology to improve pandemic response and infection
control were not known to the vendor among thousands
of implemented facilities worldwide. Working with IAM
solution vendors, researchers can establish a standardised
use case surveillance and reporting process and vehicle
where such valuable applications of IAM technology can
be reported and detailed for sharing with the broader
community of hospitals.

Hospitals may deploy these and other innovative appli-
cations of existing I'T capabilities in future surges of highly
communicable diseases, including and beyond COVID-
19. Customisation of existing vendor technologies is often
more easily and rapidly scalable—especially important
during time-critical emergencies such as communicable
disease outbreaks. Collaborative partnerships between
hospitals and their IT vendors can help facilities imple-
ment such innovative solutions, whether in crisis response
or routine operations. These use cases suggest hospitals
and health IT vendors should regard solutions as an
‘innovation sandbox’ through which care delivery organ-
isations can explore and innovate needed functionality,
adding value and impact to existing products/services. In
today’s cost-conscious performance-focused healthcare
environment—one likely to be challenged recurrently
with future care crises—this may increasingly become
imperative, not optional.

Hospital clinical, IT and administrative leaders should
not regard the products/services they purchase from
health IT vendors as static and delimited in terms of prob-
lems they can resolve and challenges vendors can help
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them meet. The necessity and urgency created by the
pandemic crisis fuelled these hospital-inspired innova-
tive applications of SSO and IAM technologies. However,
patients, clinicians, administrators and payers alike will
benefit when inventive and need-driven creative collab-
oration between hospitals and their IT vendors becomes
the rule, rather than the exception.

CONCLUSIONS

Care delivery, patientvisitor and staff infection control
and safety, and facility pandemic operations were
improved by hospitals deploying existing IAM solutions
creatively during COVID-19 surges. Facility end-user inno-
vation in how IAM solutions are deployed, as driven by
need, can reduce hospital spread of infectious pathogens
and improve patient safety and care delivery by enabling
more effective and safer clinical workflows during surges
of highly contagious/epidemic infectious diseases. With
only two-thirds of humanity vaccinated against SARS-
COV-2, future variants of even greater communicability,
virulence and potential vaccine evasion than we have
witnessed thus far are possible.” Should substantial surges
of patients requiring hospital care occur in coming years,
facilities should consider whether these (and other) IAM
use cases can improve their infection control capabilities
and overall hospital COVID-19 response effectiveness.
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ABSTRACT

Objective Patients frequently miss their medical
appointments. Therefore, short message service (SMS)
has been used as a strategy for medical and healthcare
service appointment reminders. This systematic review
aimed to identify barriers to SMS appointment reminders
across African regions.

Methods PubMed, Google Scholar, Semantic Scholar
and Web of Science were used for searching, and hand
searching was done. Original studies written in English,
conducted in Africa, and published since 1 December
2018, were included. The standard quality assessment
checklist was used for the quality appraisal of the included
studies. The Preferred Reporting Items for Systematic
Reviews and Meta-Analyses flowchart diagram was used
for study selection and screening, and any disagreements
were resolved via discussions.

Results A total of 955 articles were searched, 521 studies
were removed due to duplication and 105 studies were
assessed for eligibility. Consequently, nine studies met
the inclusion criteria. Five out of nine included studies
were done by randomised control trials. The barriers that
hampered patients, mothers and other parental figures of
children when they were notified via SMS of medical and
health services were identified. Among the 11 identified
barriers, illiteracy, issues of confidentiality, familiarised
text messages, inadequate information communication
technology infrastructure, being a rural resident and loss of
mobile phones occurred in at least two studies.
Conclusions SMS is an effective and widely accepted
appointment reminder tool. However, it is hampered by
numerous barriers. Hence, we gathered summarised
information about users’ barriers to SMS-based
appointment reminders. Therefore, stakeholders should
address existing identified barriers for better Mhealth
interventions.

PROSPERO registration number CRD42022296559.

INTRODUCTION

Patients frequently miss and arrive late for
their scheduled medical appointments.
Missing medical appointments can be caused
by several factors, including forgetfulness,
confusion, miscommunication on medical
appointment details, feeling better and
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WHAT IS ALREADY KNOWN ON THIS TOPIC

= In developing regions, patients miss their medical
appointment schedules and are less likely to use
health services. Though short message service
(SMS) has been effective in reminding patients of
their medical appointments, it is not yet optimal and
not fully functioning.

WHAT THIS STUDY ADDS

= This study incorporates comprehensive information
about barriers to SMS-based medical appointment
reminders. We indicated possible solutions to fix the
identified barriers. We presented the impact of SMS
on appointment reminders according to the reports
of each study.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= This study provides good insight into readers about
the barriers to SMS. To overcome the identified bar-
riers and adopt digital technology in the healthcare
system, stakeholders would use this reviewed work
as a state-of-the-art synthesis and the best source
of evidence.

= Researchers may use this evidence as input for fu-
ture research on mobile-based health intervention,
remote patient counselling and home-based care.

difficulty in tracking appointment sched-
ules.! For instance, of the total medical
appointments, more than 3 out of 10 medical
appointments are missed by patients.” Access
to healthcare services and medication is
significantly hampered by missing medical
appointments. Therefore, patients who regu-
larly miss their appointments use health-
care services less’ and have poor health
outcomes.” In Africa, the problem is preva-
lent.” Therefore, mobile technologies and
telecommunications have been integrated
into the healthcare industry as promising
tools for bridging communication gaps,
fostering behavioural change, overcoming
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missed medical appointments and other challenges that
developing regions face.’

A short message service (SMS) is used as the medical
appointment reminder method for better healthcare
outcomes, enhancing appointment attendance’ miti-
gating missed medical appointments® and treating indi-
viduals with health and psychological problems.’ SMS is
a convenient mode of communication that is widely used
and is an effective strategy to reach a large population.'
However, the implementation, adoption, scale-up and
sustainability of mobile-based appointment reminders
are challenging."' SMS-based appointment reminders
disintegrated with other digital technology (health-
care system application software) in resource-limited
settings."” SMS-based appointment reminders are not
yet optimal. Patients rarely and never reschedule their
medical appointments.”” Though SMS provides instant
and asynchronous communication, it is not standardised
and fully functional across different health institutions."*

The rationale of the study

Mobile technology utilisation in the healthcare system
is inadequately limited to specific functions for health
interventions in the developing world compared with
other developed regions. Conclusive evidence for health
policymakers and professionals is required. Reliable
guidelines are developed through research and evalu-
ation to implement mobile-based health interventions
and to tackle the possible challenges. However, studies
of barriers to SMS-based appointment reminders across
African regions were inadequate, and previous work was
limited to a study setting. Previously reviewed work has
not synthesised evidence on the significant barriers that
affect patients, mothers or other parental figures of chil-
dren to SMS-based appointment reminders. This study
provides comprehensive information on the objectives of
this study by critically evaluating and synthesising existing
primary studies. Therefore, this study aimed to identify
patients’, mothers’ or other parental figures of children’s
barriers to SMS-based medical or health service appoint-
ment reminders. The objectives of this study were: (1) to
identify patients’, mothers’ or other parental figures of
children’s barriers to SMS-based appointment reminders,
(2) to create an understanding of the identified barriers
and provide alternative solutions to fix barriers.

METHODS

Protocol and registration

The systematic review protocol was registered in the PROS-
PERO database. Retrieved from https://www.crd.york.ac.
uk/prospero/display_record.php?ID=CRD42022296559.

Study design

A systematic literature review was conducted on different
articles in the African regions and published in peer-
reviewed journals. The Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)"® were

used to map the number of records identified, included
and excluded in the review process.

Inclusion criteria
Studies that meet the following inclusion criteria were
included for review:

Types of study

Original studies that were conducted based on random-
ized control trial (RCT), experimental and quasi-
experimental,  observational,  cross-sectional and
qualitative research designs, written in English, and
peer-reviewed were included. Studies that report barriers
to SMS-based appointment reminders among patients,
mothers or other parental figures of children were
included.

Type of study participants

Studies that examined SMS appointment reminders on
any patients, mothers or other parental figures of children
who were notified via SMS of their medical, maternal and
child care services were eligible in the present systematic
review.

Period of publication

To identify the most up-to-date evidence and as we had
limited time for database search, articles published since
1 December 2018 were included in this systematic review.

Study areas
Studies conducted across African regions were included.

Intervention
SMS text message-based appointment reminders.

Comparator
Usual patients’ appointment reminder systems.

Outcome

The primary outcome was the effect of SMS or text
messaging for appointment reminders. The secondary
outcome was appointment attendance without SMS or
text messaging.

Exclusion criteria

Types of studies

Duplicated studies in preprint, conference and reviewed
papers on text message appointment reminders, books,
diaries, commentaries and letters about text message
appointment reminders; and studies that do not report
barriers to SMS-based appointment reminders were
excluded from this systematic review. In addition, since
we did not have the financial and human resources to
translate, papers written in non-English languages were
also excluded.

Period of publication
Studies published before 1 December 2018 were excluded
due to the limited time we had, and we believed that
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Table 1 Synonyms

Keyword Receive

SMS text message

Reminders Patients

Synonyms » Acceptance
» Uptake

» Approval

SMS, short message service.

studies published since 1 December 2018 provide up-to-
date information.

Study areas

Study participants might not face the same barriers in
receiving SMS-based appointment reminders. Therefore,
studies conducted outside African regions were excluded.

Information source and search strategy

An electronic database search technique was used to
identify peer-reviewed articles. PubMed, Google Scholar,
Semantic Scholar and Web of Science were used for study
searching. Gray literature on other relevant internet
engines and hand searching using the references of the
included studies were conducted. The studies, published
until 28 February 2022, were identified by searching
these electronic databases following systematic review
searching procedures. Snowballing was used to look
through the references of recognised publications for
studies that might be relevant. For studies that might be
pertinent, snowballing was employed to search through
the references of reputable publications. Possible search
words (synonyms) and mesh terms for each keyword
were defined (table 1, box 1). Each keyword or term
was searched using Boolean operators (OR, AND) in
combinations. Specifically, (Receive OR Acceptance OR
Approval OR Uptake) AND (Short message services OR
text messages OR Short text messages) AND (Reminders
OR Memorandums OR Notifications) AND (Patients OR
Mothers). The Mesh terms of the PubMed database are
presented in table 2.

Condition/domain studied

For this study, SMS is defined as a text message sent to
a mobile phone, which includes any Mhealth interven-
tions performed for patients, mothers or other parental

Box 1 The search strategy

A search strategy for PubMed

(((((((((Receiving [(All Fields]) OR Acceptance [(All Fields])) OR Uptake
[(All Fields])) OR Approval [(All Fields])) AND

(“text messaging”[(MeSH Terms]) OR Short message service [(Text
Word]))) OR (“text messaging”[(MeSH Terms]) OR Text Message [(Text
Word]))) OR (Short [(All Fields]) AND (“text messaging”[(MeSH Terms])
OR text message [(Text Word])))) AND

Reminder [(All Fields])) OR Notification [(All Fields])) AND
(“patients”[(MeSH Terms]) OR Patient [(Text Word]))) OR (“moth-
ers”[(MeSH Terms]) OR Mother [(Text Word]))

» Text message
» Short text message
» Short message service

» Memorandum » Mothers

» Notification

figures of children either manually or automatically.
Therefore, this systematic review considered original
studies conducted on SMS-based appointment reminders
for patients, mothers or other parental figures of children
as a domain to be explored.

Review and selection process

A Preferred Reporting Item for Systematic Review and
Meta-Analysis Protocol was used for study selection and
screening.”” A total of 955 studies were searched. The
search results were exported to Endnote V.X9 software,
and 521 duplicates were removed. Then studies were
examined according to the selection criteria. Titles and
abstracts were independently examined for the proba-
bility of eligibility by authors (AWD and MDT). Accord-
ingly, a total of 324 studies were removed for a reason. At
this stage, disagreements were resolved through discus-
sion. After discussion, six studies were removed since
titles and abstracts did not provide adequate information
to decide, and ambiguities and uncertainties happened.
A total of 104 articles had undergone full-text screening.
In the second stage, full-text screening was done inde-
pendently by authors (AWD and ADW). As a result, 67
articles were removed. Discrepancies between authors
were resolved through discussion, and so 18 studies
were removed since they dealt with an automated text-
generating system. Finally, nine studies were included
and reviewed to identify barriers to SMS-based appoint-
ment reminders (figure 1).

Data extraction and analysis

Data extractions were done on the included studies. The
data extraction process was also done by authors (AWD
and SMW) independently using predefined criteria.
Discrepancies between authors were resolved through
discussion. The studies’ characteristics, such as authors
name, publication year, study design, data collection
methods, study participants, sample size and sampling
technique, were extracted independently to describe the
included studies. The impacts of SMS and mobile tech-
nology on health interventions were assessed according
to the included study report. Content analysis was used
to group barriers based on their concept of relationship.

Quality assessment and appraisal

Quality assessment criteria were established for studies that
reported barriers to SMS-based appointment reminders.
Joanna Briggs Institute quality assessment checklists were
used to appraise the quality of the included studies."®
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(("Receive” OR “Acceptance” OR. “Uptake” OR. “Approval™) AND (“SMS3
text message™ OR “SMS™ OF. “Text message™ OR. “Short text message “OR
“Short message service”) AND (“Feminders” OR “Memorandum” OR
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"

=270

y L] ;
. PubMead =134 Semantic Google scholar Web of science
scholar=340 =211

.

' Total number of studies identified based on keywords=933 ‘

:
£
g

Duplicates removed=3521

L 1

Title and abstract
screened= 434

L

[F¥]

:n..h

Asticle excluded=330

Articles aren't published in English= 13

Asticle published before 1% December, 2018=212
Review= 39

Books=4

Letters and commentaries= 2

It-..l

o

LA

—
Jrmamma , —* Reason for excluding full-text articles=93
Articles included
g . Articles didn’t have barriers=35%
= Participants aren’t patient mothers=18

Automated text-generating system= 18

Diary =3
Out of the study area=11

Figure 1
Systematic Reviews and Meta-Analyses.

Issues that led to possible bias that occurred at all stages
of the review were reduced and addressed. For instance,
to address location and selection bias, studies published
in an international electronic database were retrieved,
and authors (AWD and MDT) assessed the quality of the
studies independently. The authors met periodically to
discuss biased concepts, and a consensus was reached
according to the authors’ discussion. There is no vali-
dation of the agreement between the authors for each
disagreement.

RESULTS

A total of 955 studies were identified through search strat-
egies. From a total of 955 studies, 521 were removed due
to duplication. The remaining 434 studies were screened
for further processing, and 329 were excluded after
reviewing the titles and abstracts due to being unable

PRISMA flowchart diagram of the studies’ selection and screening. PRISMA, Preferred Reporting ltems for

to meet the inclusion criteria. Then, 105 full-text arti-
cles were assessed for eligibility based on the predefined
criteria, and 95 articles were excluded for a reason.
Overall, nine studies met the eligibility criteria and were
included in this systematic review (figure 1).

Features of the included studies

Of the total of 955 identified studies, nine studies were
selected and reviewed for the synthesis of evidence after
excluding ineligible studies. The study design of the
included articles was RCT, qualitative, mixed and cross-
sectional. Five out of nine studies (55.6%) were done by
RCT.' ! Two out of nine studies (22.2%) were done with
a cross-sectional study design,” ** whereas the remaining
two studies (22.2%) were done by qualitative methods™*
and a mixed method® of study design accounted for one
in each study design. Four out of nine studies (44.4%)
were done in Nigeria'? * and Ethiopia® ** accounted
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for two studies in each country. The remaining five out
of nine studies (55.6%) were done in Burkina Faso,"’
Mozambique,18 Tanzania,23 South Africa® and Cote
d’Ivoire®! with one in each country. From the quantita-
tive studies included, the maximum sample size was 3800,
which was done in Cote d’Ivoire to assess the effect of
SMS on health facility attendance among people living
with HIV.*' According to the publication year, five out of
nine (55.6%) studies were published in 2019.19222° Tyo
out of nine studies (22.2%) were published in 2021, %
and the remaining two out of nine studies (22.2%) were
published in 2018," and 2020'” accounting for one for
each year (table 2).

The impact of SMS and mobile technology on health
interventions

According to included studies report, SMS and mobile
technology had an impact on improving antiretroviral
retention and adherence,17 sending motivational texts,18
assessment of mobile phone ownership and use of
SMS for health interventions,23 effectiveness, feasibility
and acceptability of mobile telephones for adherence
support, depression management.”> SMS-based reminder
messages had a positive effect on health facility attendance
and uptake of health services.”’ The studies suggest that
SMS-based text message is an acceptable mobile health
strategy for health interventions and it is feasible, and
effective in terms of scheduling appointments, receiving
follow-up messages and health facility visits, for appoint-
ment cancellations, communication and information
sharing (table 2).

Identified barriers for patients and mothers while they receive
SMS-based appointment reminder messages

As presented in table 2, barriers to patients, mothers
or other parental figures of children while they receive
SMS-based medical or healthcare service appointment
reminders were identified across nine included studies.
Though content analysis is usually used for qualitative
research studies, the identified barriers were grouped
based on their concept of relationship. Overall, 11
barriers were identified based on their concepts of rela-
tionship across the nine included studies.

Of these, illiteracy was one of the barriers to SMS-
based appointment reminders, as reported by six
studies.'” ' ' ¥ n this systematic review, patients’
inability to use mobile phones or text message reminders,
poor awareness and knowledge of the disease, being
unable to respond with SMS message information, having
no or low-level education, being unable to read and write
the SMS message and being unable to understand and
comprehend SMS messages were grouped as illiteracy. So,
illiteracy was the first most common barrier, occurring six
times out of the nine included studies (54.6%). Confi-
dentiality issues'™ ** * were the second most common
barrier, occurring three times out of the nine included
studies (27.3%). In this study, confidentiality was under-
stood as the intentional disclosure and access of health

information and mobile phones without the users’
consent, including privacy and security issues.

Inadequate ICT infrastructure’” ** including poor
access to electricity and network; unfamiliarity with text
messages,”’ * including unclear language, impersonal
nature and negative, meaningless and uninterpretable
SMS messages; and being a rural resident'? * were the
third most common barriers, occurring two times out of
the nine included studies (18.18%). Unfamiliarised (with)
SMS messages in this systematic review means the nega-
tive and impersonal nature of messages, SMS messages
that are inadequate to add insights, and uninterpretable
messages. Loss of mobile phones in this systematic review
included loss of mobile phones, and their function as
well as being stolen.'®* Low mobile phone ownership,**
linguistic differences, that is, the presence of different
languages in the country,'” lack of money, lack of trans-
port, work and time constraints®® were the least frequent
(9.1%) barriers, occurring once out of the nine included
studies (figure 2).

DISCUSSION

In this systematic review, original studies focused on SMS-
based medical and health service appointment reminders
for any Mhealth intervention among patients, mothers or
other parental figures of children across African regions
were included for review. Accordingly, 9 out of the 955
searched studies were included and reviewed. A total of
11 barriers have been identified that could potentially
hinder patients, and mothers from receiving SMS-based
appointment reminders.

Of those barriers, illiteracy was the first main barrier
to patients, mothers or other parental figures of chil-
dren receiving SMS-based appointment reminders,
which occurred six times out of the nine included
studies.'” ' 2 %2 This evidence is the same as a study
report that highlights illiteracy among a large population
as a barrier to mobile health wallet implementations.27
This barrier might occur when literacy rates and educa-
tional status are low.”® Illiteracy in this systematic review
incorporates patients’ inability to use mobile phones or
text message reminders, insufficient skill, poor aware-
ness and knowledge of the disease and being unable to
operate mobile phones and respond with SMS message
information. Therefore, enhancing the educational status
of mobile phone users, sending SMS messages based
on the receiver’s preferences and giving them training
about how they use and operate mobile phones might be
solutions.

Three studies reported that confidentiality was high-
lighted as one of the second-most common barriers to
SMS-based appointment reminders.'® ** * This finding
is similar to a review report.” Although it may be an
unintentional disclosure of an individual’s health status,
the study participants (patients with HIV and TB) were
concerned and feared unauthorised access to their
text messages.”’ The finding is also similar to health
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Open access

I

7

o

A B

& 5

2 4

@

e 3

§ 2

a 1
‘3 0

- 2 = & 5 >

o < &

g a‘g‘ o» & e &

&} o nd o o] &

= ¥ S ol d & &
2 o & S <& &
e & _{:Q,- +°

» 3 oF 3
W ) *
Q? " é‘} LW
-bslm ! S?'
W v

i B B mm mm
“E‘{& R 2 > g &
< >3 3 o"*q ":} éﬂ
& & & & &
& 4 & s W
“U '\':b é" '\& \;\%
) F a" &
¥ \i—éﬁ N
5
.‘f“'ﬁ

Barriers to SM5-based appointment reminders

Figure 2 The frequency of occurrence of identified barriers to SMS-based appointment reminders. SMS, short message

service.

professionals’ confirmations that communicating via
SMS can breach the confidentiality of patient informa-
tion when SMS messages are sent to patients.” A patient
with HIV stated that receiving SMS text messages dissem-
inates and discloses health information to others.”
This is because of using shared phones to receive SMS
reminders, accessing one’s phone without consent;
leaving a mobile phone with a neighbour to charge the
battery," ** # and unclear privacy and security regula-
tions."”” Untrained users may find it difficult to deal with
smartphone technology. Unsecure wireless networks and
leave the mobile phone where others can access and read
SMS messages; health information may also be at risk if
stored in a non-secure location.®” As a result, confidenti-
ality issues make many patients abandon and give up their
treatment, and they are less likely to receive SMS-based
appointment reminders. Under this systematic review,
confidentiality issues include the intentional disclosure
of health information, privacy and security problems
and accessing information and mobile phones without
the users’ consent. So, an agreed code and a real-time
communication system would maintain patients’ confi-
dentiality issues.

Unfamiliarity with text messages, insufficient ICT
infrastructure, being a rural resident and phone losses
were significant barriers to SMS-based appointment
reminders. Unfamiliarised text messages were identified
as a barrier according to two studies’ reports.”’ * In this
systematic review, unfamiliar SMS messages indicate a
lack of language clarity, negative messages, inadequate to
add insights and uninterpretable SMS messages. Hence,
patients are challenged to read and understand the SMS
text messages and face a problem communicating with
a service provider about the timing of facility visits.”'
Therefore, sending clear SMS messages that would

enhance patients’ insight, having oral communication
(phone calls) with patients, developing mobile apps for
visual communication and sending code and image-
based reminder systems are preferred to overcome such
barriers.

Inadequate ICT infrastructures like poor access to
networks and electricity were identified as barriers to
SMS-based appointment reminders.'” #* A study has also
shown that unreliable ICT infrastructure and a shortage
of apps and hardware devices are challenges for Mhealth
implementation.”® Though ICT infrastructures are
prerequisites for advanced technology, lack of ICT infra-
structure coverage and inaccessibility of technologies
such as reliable networks, the internet and electricity
access are the main challenges to SMS-based appointment
reminders.”” * We recommend that stakeholders instal a
reliable network that covers large geographic areas with
adequate and reliable Information Communication Tech-
nology (ICT) infrastructure to support mobile phone
users and enhance mobile-based health interventions.

Two studies reported that being a rural resident is high-
lighted as a barrier to SMS-based text message medical
appointment reminders.'” * Since infrastructure in rural
communities is the main challenge, mobile networks and
electric power in rural communities are less accessible. So,
the government should instal networks and electric power
for rural communities and expand 4G and 5G coverage in
these areas. The loss of a mobile phone is a barrier to
SMS-based medical appointment reminders.'® * Even if
98% of women with cervical cancer own mobile phones,
only 50% of them attend their appointments, and 58%
of them miss their appointments due to theft or loss of
a mobile phone.” In this systematic review, the loss of a
mobile phone means the loss of a mobile and its function
as well as being stolen by another person. We recommend
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that mobile phone users take care to prevent theft and
protect their mobile phones and SIM cards from failure
and loss.

In this systematic review, lack of money is identified as
a barrier to SMS-based appointment reminders. Lack of
money includes absence and insufficient birr, resource,
financial and mobile card problems. This happens when
there are financial problems, the high cost of mobile
phone ownership and operation and the low amount of a
person’s income necessary to connect to technology.*® So,
supporting users in cash and with a free mobile package of
services. Lack of transport, work and time constraints were
barriers for patients, mothers or other parental figures of
children to receive SMS-based appointment reminders.
As clearly presented in the reviewed article, being too far
from the hospital and having a long travel time were the
constraints for the patients, which explained why they
failed to attend their medical appointment.'® This might
be associated with how often and when receivers are
notified via SMS.* Therefore, reducing travel distance
and travel time by constructing nearby health facilities
and giving free transport services will increase patients’,
mothers’ or other parental figures’ attendance at the
health facilities. Additionally, stakeholders should send
SMS reminder messages frequently at a convenient time
for the recipients.

In this study, linguistic diversity was defined as the
presence of different languages in the country and
was declared a barrier to SMS-based appointment
reminders.'” This finding is supported by a report stating
that patients’ inability to communicate in their national
language is a challenge for the implementation of mobile
phone reminders.* This might be because the presence
of different languages in the country makes SMS-based
appointment reminder interventions and their design
difficult to target all the patients or mothers. Some
languages might be used only in oral communication,
and the presence of cultural and linguistic differences
among study subjects is a problem for SMS-based inter-
ventions.'” So, using meaningful picture messages might
be the best solution.

The lack of mobile phone ownership was mentioned
as a barrier to SMS-based appointment reminders.** This
finding is similar to reports that suggest the present lack
of mobile phone ownership is a challenge for the imple-
mentation of Mhealth.”” ** Although more than half of
the world’s population has access to and owns a mobile
phone, a large proportion of the population shares a
mobile with other people, and husbands frequently have
access to the phone.” This is why it is difficult to deliver
Mhealth interventions involving sensitive information
and why husbands restrict their wives from using mobile
phones. Low ownership of a mobile phone might lead to
multiple users of one phone.

Strengths and limitations of the study
This study provides compiled evidence on barriers to SMS-
based appointment reminders. This systematic review did

not limit itself to specific groups of populations or studies
that looked at specific disease patterns. At the healthcare
institution level, there is a need to summarise informa-
tion on challenges to mobile-based health interventions.
Therefore, this study would provide evidence for stake-
holders to combat the identified barriers.

This systematic review focused on varieties of interven-
tions that were dissimilar from each other in terms of
study design and population. This was a challenging task.
Future systematic reviews should better focus on specific
interventions and populations. Even if the impacts of
SMS or mobile technology for health interventions
require a search strategy, we presented it as a feature of
the included studies. Due to a lack of human capital to
translate, studies written in non-English languages were
excluded, and meta-analysis was not conducted due to
the dissimilarity of the included studies. Plus, this system-
atic review was limited by the studies' publication dates.

CONCLUSION

In this systematic review, we identified barriers that may
potentially impede patients, mothers or other parental
figures of children from receiving SMS-based appoint-
ment reminders across nine included and reviewed
studies. Illiteracy, confidentiality issues, inadequate ICT
infrastructure, unfamiliarity with text messaging, being
a rural resident, loss of mobile phones, low mobile
phone ownership, linguistic differences, work and time
constraints were barriers to receiving SMS-based appoint-
ment reminders.

SMS-based text messages are an efficient and effective
tool for reminding patients of medical appointments and
improving health interventions. However, it is not inter-
active. Therefore, we recommend health policy planners
work cooperatively with vendors to advance the SMS
function to be interactive (two-way communication).
We believed that the evidence presented in the present
systematic review would provide credible evidence for
better routine health interventions through mobile tech-
nology and technology adoption. This would be crucial
for health policymakers, and stakeholders to address the
existing identified barriers. This study would provide
evidence for future research on similar topics.
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ABSTRACT

Objectives Mobile health applications are instrumental in the
self-management of chronic diseases like diabetes. Technology
acceptance models such as Unified Theory of Acceptance

and Use of Technology 2 (UTAUT2) have proven essential for
predicting the acceptance of information technology. However,
earlier research has found that the constructs “perceived
disease threat” and “trust” should be added to UTAUT2 in the
mHealth acceptance context. This study aims to evaluate the
extended UTAUT2 model for predicting mHealth acceptance,
represented by behavioral intention, using mobile diabetes
applications as an example.

Methods We extended UTAUT2 with the additional constructs
“perceived disease threat” and “trust”. We conducted a
web-based survey in German-speaking countries focusing

on patients with diabetes and their relatives who have been
using mobile diabetes applications for at least 3months. We
analysed 413 completed questionnaires by structural equation
modelling.

Results We could confirm that the newly added constructs
“perceived disease threat” and “trust” indeed predict
behavioural intention to use mobile diabetes applications.

We could also confirm the UTAUT2 constructs “performance
expectancy” and “habit” to predict behavioural intention to
use mobile diabetes applications. The results show that the
extended UTAUT2 model could explain 35.0% of the variance
in behavioural intention.

Discussion Even if UTAUT2 is well established in the
information technologies sector to predict technology
acceptance, our results reveal that the original UTAUT2 should
be extended by “perceived disease threat” and “trust” to better
predict mHealth acceptance.

Conclusion Despite the newly added constructs, UTAUT2 can
only partially predict mHealth acceptance. Future research
should investigate additional mHealth acceptance factors,
including how patients perceive trust in mHealth applications.

INTRODUCTION

mHealth acceptance

Mobile health (mHealth) applications,
especially the so-called lifestyle apps such
as fitness apps, have become increasingly
popular, specifically among younger people,

WHAT IS ALREADY KNOWN ON THIS TOPIC

= mHealth applications are essential for comprehen-
sive self-management of chronic diseases.

= The use of mHealth applications depends signifi-
cantly on their acceptance, which can be predicted
using technology acceptance models.

= The UTAUT2 model has proven suitable for predict-
ing technology acceptance in various information
technology domains.

WHAT THIS STUDY ADDS

= “Perceived disease threat” and trust” are relevant
in predicting the acceptance of mobile diabetes ap-
plications and should be added to Unified Theory of
Acceptance and Use of Technology 2 (UTAUT2) when
used in this context.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= “Performance expectancy”, “habit”, “perceived dis-
ease threat” and “trust” are relevant for accepting
mobile diabetes applications. Therefore, these fac-
tors should be considered when developing new
mHealth applications in this context.

= External conditions, such as country-specific finan-
cial support for mHealth users from, for example,
statutory health insurances, which helps to fund the
required mHealth applications, should be addressed
in future mHealth acceptance studies.

due to growing health awareness.' * Besides
lifestyle apps, mHealth applications such
as continuous glucose monitoring systems
(CGMs) are instrumental for the self-
management of chronic diseases like diabetes
mellitus.” * Different studies have shown that
using mHealth applications leads to improved
self-management and better health among
people with chronic diseases.” ® This is espe-
cially true in the case of diabetes, which is
one of the most frequently occurring chronic
diseases worldwide.” mHealth applications
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for patients with diabetes can support sustained self-
management and help maintain lower long-term glucose
levels.”*®

Despite the benefits associated with mHealth applica-
tions, there are several reasons why they are not used,
such as difficulties in their control’ or acceptance prob-
lems.""™ User acceptance can be described as ‘the
demonstrable willingness within a user group to employ
information technology for the tasks it is designed to
support’.'? Several studies have shown that, especially for
people with type 2 diabetes, the acceptance of mHealth
self-management applications is noticeably low.* '*

Theoretical background
Technologyacceptance models such as the Unified Theory
of Acceptance and Use of Technology 2 (UTAUTZ2) have
been developed to predict the acceptance of information
technologies in health informatics and other fields of
application. 15-17

The UTAUT2 model was established in 2012 for use in
a consumer context.'® In contrast to the previous tech-
nology acceptance models, UTAUT2 used additional
exogenous constructs “habit”, “hedonic motivation” and
“price value” to predict the endogenous construct “behav-
ioral intention”, which is understood as an expression of
technology acceptance.'® With the focus on the individ-
uals and their needs, UTAUT2 is particularly suitable
for predicting the acceptance of mHealth applications
such as mobile diabetes applications.'® 'Y However, it is
still not as widely used in mHealth acceptance studies as
other technology acceptance models. Some studies using
UTAUT2 have pointed out that essential aspects such
as health-related factors' ** or factors related to trust in
the data collected” *! are missing. In a previous qualita-
tive study, we could confirm the general suitability of the
UTAUTZ2 model in the field of mHealth self-management

UTAUT2 constructs

Performance
expectancy (PE)

Effort
expectancy (EE)

Social
influence (ST)

Facilitating
conditions (FC)

Hedonic
motivation (HM)

Price
value (PV)

Habit (HT) H

Additional constructs

Perceived disease
threat (PDT)

Trust (TR)

Figure 1
constructs for predicting mHealth acceptance.®

UTAUT? constructs

Behavioral
intention (BI)

applications but identified some missing aspects, such
as the awareness of the perceived threat of disease
and credibility in the data collected by the applica-
tion for predicting mHealth acceptance.”” Therefore,
we proposed adding the following constructs to the
UTAUT2 model: “perceived disease threat” and “trust”.
The construct “trust” is associated with the belief that
people accept uncertainties due to positive expectations.2
It is used to determine the data credibility and trustwor-
thiness of the mobile health application, which is partic-
ularly important for behavioural intention and long-term
use of mHealth applications.? **

Furthermore, when patients face health-threatening
situations, they are more open to new health technolo-
gies."' 1? Especially with chronic diseases like diabetes,
the individual awareness of the risk and limitations
for their health, reflected by the construct “perceived
disease threat”, is a significant driver for acceptance and
use of mHealth applications.” ** Few studies have used
the UTAUT2 model to predict mHealth acceptance to
date, and these studies have not yet considered the two

constructs of “perceived disease threat” and “trust”.'?*

Study objectives

This study aims to validate whether the exogenous
UTAUT?2 constructs, combined with the additional
constructs “perceived disease threat” and “trust”, can
predict mHealth acceptance using mobile diabetes appli-
cations as an example.

Hypotheses development and proposed research model

Figure 1 shows the proposed research model using the
exogenous UTAUT2 constructs and additional constructs
“perceived disease threat” (PDT) and “trust” (TR) for
predicting the endogenous construct “behavioral inten-
tion” (BI) to use mHealth applications. Although this

UTAUT?2 constructs

Use
behavior (UB)

Research model based on Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) and additional
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study focused on the acceptance (BI) of mobile diabetes
applications, we also included the endogenous construct
“use behavior” (UB) in the analysis to validate the exoge-
nous constructs in the complete UTAUT2 model.

Based on the existing UTAUT2 model, we adopted the
relationships between the exogenous constructs “perfor-
mance expectancy” (PE), “effort expectancy” (EE),
“social influence” (SI), “facilitating conditions” (FC),
“hedonic motivation” (HM), “price value” (PV) and
“habit” (HT) and the endogenous construct “behavioral
intention” (BI)."® In addition, the factors PDT and TR
have been shown in various studies to predict the accep-
tance of mHealth applications.' ' 22 ** This leads to the
following hypothesis: PE, EE, SI, FC, HM, PV, HT, PDT
and TR affect the BI to use mobile diabetes applications.

METHODS

Study design

To validate the proposed extension of the UTAUT2
model, we adopted a cross-sectional study design based
on data from active mHealth users collected in an online
survey.

Questionnaire

We used a web-based questionnaire based on a previously
validated German translation of the UTAUT2 question-
naire.” We slightly adapted the wording of the items to
match the area of mobile diabetes applications.

We extended the questionnaire with already validated
English items for the constructs PDT* and TR.* We used
back-to-back translation by two independent translators
fluent in English and German to translate these items, as
no German translation was available.

The central part of the questionnaire consisted of the
validated UTAUTZ2 items combined with the validated
items from the constructs PDT and TR to predict mHealth
acceptance (see table 1).

We used a seven-point Likert scale ranging from 1
‘strongly disagree’ to 7 ‘strongly agree’ to measure the
items of the reflective measurement models.

In addition, we assessed information such as users’ expe-
rience with mobile diabetes applications, type of diabetes,
use behaviour and sociodemographic data using single-
item measurement. Overall, the questionnaire comprised
42 items.

We conducted a qualitative pretest to confirm content
validity and understandability of the translated question-
naire. We discussed the questionnaire with five academic
experts from the field of quantitative research and five
users of mobile diabetes applications. We used the think-
aloud method and captured all feedback. The results
from this qualitative pretest were collected and discussed
with all coauthors to reach a shared consensus before
implementation. We slightly revised the questionnaire,
for example, by adding some examples.

Participants
We used convenience sampling to recruit mobile
diabetes application users from Austria and Germany.

We included persons with diabetes type 1, type 2, and
others or persons caring for relatives (eg, child) with
diabetes who were 18 years or older and used a mobile
diabetes application (eg, CGMs) for at least 3 months. We
only included active mobile diabetes application users,
as some constructs, such as HT, require current use.” "®
We primarily used social media to recruit participants for
our web-based questionnaire. In addition, we teamed up
with gatekeepers in diabetes associations, support groups
and direct contacts to medical staff in diabetes outpatient
clinics to encourage patients to participate in the online
survey.

Participation in the online survey was voluntary, anon-
ymous and could be discontinued anytime. We used
browser session ID blocking and cookie settings to prevent
multiple participation from the same individuals.

The inverse square root method was used to calculate
the required sample size.*® Using a power of 80%, signif-
icance level p<0.05, and a minimum path coefficient of
p,;,=0.185 based on studies with similar complexity,” the
calculated minimum sample size was 181 participants.

Data analysis

We used partial least squares structural equation model-
ling (PLS-SEM) for data analysis because this method is
particularly suitable for exploratory research with high
model complexity and has already been used and estab-
lished in similar studies.'**” We used SmartPLS$ software
for structural equation modelling.

We followed the data analysis approach described by
Hair et al,28 divided into measurement and structural
model evaluation. After completing the measurement
and structural model evaluation, we conducted an addi-
tional moderator analysis using the UTAUT2 moderators
‘age’, ‘gender’ and ‘experience’ to evaluate any potential
moderator effect.

RESULTS

Descriptive data

Overall, 514 persons participated in the web-based survey,
of which only 413 gave their consent, completed the
questionnaire, and met the inclusion criteria. The sample
demographic characteristics are shown in table 2.

Measurement model evaluation

We started evaluating the reflective measurement model’s
convergent validity by checking the indicators’ loadings
to assess indicator reliability. However, the loadings of
the items FC4, HT2, PDT1 and PV1 did not satisfy the
required value of 0.708.%" Based on Hair et al,*® items with
loadings below 0.40 should be eliminated. Therefore, we
deleted PDT1 with a loading of 0.156 from the measure-
ment model for the following investigations. In addition,
items with loadings between 0.40 and 0.70 should only
be deleted if this will increase composite reliability, which
was not the case for FC4, HT2 and PV1.%2 We assessed
internal consistency reliability by checking composite
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Table 1 Constructs and items used in the web-based questionnaire

Construct Items Cronbach’s alpha Source adapted from
Performance PE1: | find mobile diabetes applications useful in my daily life. 0.951* Venkatesh et al."®,
expectancy PE2: Using mobile diabetes applications increases my chances of Harborth and Pape?®
(PE) achieving things that are important to me.

PES3: Using mobile diabetes applications helps me accomplish

things more quickly.

PE4: Using mobile diabetes applications increases my productivity.
Effort EE1: Learning how to use mobile diabetes applications is easy for  0.922* Venkatesh et al."®,
expectancy me. Harborth and Pape?
(EE) EE2: My interaction with mobile diabetes applications is clear and

understandable.

EES: | find mobile diabetes applications easy to use.

EEA4: It is easy for me to become skillful at using mobile diabetes

applications.
Social SI1: People who are important to me think that | should use mobile 0.948* Venkatesh et al.'®,
influence (SI) diabetes applications. Harborth and Pape?®

SI2: People who influence my behavior think that | should use

mobile diabetes applications.

SI3: People whose opinions that | value prefer that | use mobile

diabetes applications.
Facilitating ~ FC1: | have the resources necessary to use mobile diabetes 0.733* Venkatesh et al.',
conditions  applications. Harborth and Pape?®®
(FC) FC2: | have the knowledge necessary to use mobile diabetes

applications.

FC3: Mobile diabetes applications are compatible with other

technologies | use.

FC4: | can get help from others when | have difficulties using mobile

diabetes applications.
Hedonic HM1: Using mobile diabetes applications is fun. 0.937* Venkatesh et al.'®,
motivation ~ HM2: Using mobile diabetes applications is enjoyable. Harborth and Pape?®®
(HM) HM3: Using mobile diabetes applications is very entertaining.
Price value  PV1: Mobile diabetes applications are reasonably priced. 0.867* Venkatesh et al.®,
(PV) PV2: Mobile diabetes applications are a good value for the money. Harborth and Pape?®®

PV3: At the current price, mobile diabetes applications provide a

good value.
Habit (HT) HT1: The use of mobile diabetes applications has become a habit  0.879* Venkatesh et al."®,

for me. Harborth and Pape?®

HT2: | am addicted to using mobile diabetes applications.

HT3: | must use mobile diabetes applications.
Behavioral BI1: I intend to continue using mobile diabetes applications in the  0.898* Venkatesh et al.®,
intention (Bl) future. Harborth and Pape®

BI2: | will always try to use mobile diabetes applications in my daily

life.

BI3: | plan to continue to use mobile diabetes applications

frequently.
Use behavior Please choose your usage frequency for mobile diabetes 1.000* Venkatesh et al.®,

(UB)

applications:

Never

Once a month
Several times a month
Once a week

Several times a week
Once a day

Several times a day
Once an hour

Several times an hour
All the time

Harborth and Pape®

Continued
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Table 1 Continued

Construct ltems Cronbach’s alpha Source adapted from
Perceived PDT1: | am aware that my blood sugar control is not optimal. 0.743% Zhang et al.?*
disease PDT2: | am very concerned about my blood sugar.
threat (PDT)T PDT3: | am very concerned about diabetes-associated
complications.
Trust (TR)T  TR1: | trust my mobile diabetes application. 0.869§ Lee et al.®®

TR2: | find mobile diabetes applications reliable in conducting

health services.

TRS3: | feel that mobile diabetes applications are safe for receiving

reliable medical information.

TR4: | trust mobile diabetes applications’ commitment to satisfy my

medical information needs.

*Cronbach’s alpha retrieved from Harborth and Pape.?

TNew constructs added to UTAUT2 for this study.

tCronbach’s alpha retrieved from Zhang et al.?*

§Cronbach’s alpha retrieved from Lee et al.?®

UTAUT2, Unified Theory of Acceptance and Use of Technology 2.

reliability and Cronbach’s alpha in the second step, both
in the recommended range for exploratory research, as
shown in table 3. In the third step, we evaluated conver-
gent validity by assessing the average variance extracted
(AVE). The values for AVE were above the required
0.50.27 In the last step, we assessed discriminant validity
by checking the heterotrait-monotrait (HTMT) ratio of
the correlations for which all values were in the interval
(0.028, 0.747), satisfying the HTMT requirements to be
below 0.90*” (see online supplemental material 1). Thus,
the evaluation of the measurement model proved that our
data satisfied the requirements for reliability and validity.
However, UB was excluded from the measurement model
evaluation since the test criteria do not apply to single-
item constructs.”

Structural model evaluation

In the first step of structural model evaluation, we
assessed collinearity to ensure no bias in the regression
results using the variance inflation factor (VIF). The
values for VIF ideally should be below 3,27 which could
be verified by our data with values in the interval (1.061,
1.741) (see online supplemental material 2). We assessed
the path coefficients by checking their p values using
the bootstrapping method (see figure 2). We applied a
significance level of p<0.05, where we could identify that
only PDT (0.091, p=0.019, {2=0.012), TR (0.145, p=0.034,
2=0.022), PE (0.285, p<0.001, £2=0.076) and HT (0.171,
p=0.025, £2=0.027), had a significant impact on BI (see
online supplemental material 3). In addition, we could
identify a significant impact of HT (0.362, p<0.001,
£2=0.113) and FC (-0.110, p=0.049, £>=0.012) on UB
(see online supplemental material 4). Next, we assessed
the adjusted coefficient of determination (Ridj)’ which
measures the models’ predictive power and explains the
variance of the endogenous construct.?” Our extended
UTAUT2 model could explain 35.0% of the variance in
BI and 14.4% in UB (see figure 2) compared with the

original UTAUT2 model without the constructs PDT
and TR, which explained 32.8% of the variance in BI
and 14.4% in UB (see online supplemental material 5).
In addition, we assessed the predictive relevance (Q?) of
the extended UTAUT2 model for BI and UB using blind-
folding procedures. Our model achieved a Q?<0.274 for
BI, implying medium predictive accuracy, and a Q?=0.129
for UB, implying low predictive accuracy.” Thus, our
results indicate that the extended UTAUT2 model is suit-
able for predicting the acceptance of mobile diabetes
applications. The additional moderator analysis revealed
no significant effect of the UTAUT2 moderators on
the relationships between endogenous and exogenous
constructs (see online supplemental material 6).

DISCUSSION

Principal findings and comparison with prior work

As a starting point for such an extension, we could
confirm the relevance of the newly added constructs
PDT and TR for predicting mHealth acceptance. Both
constructs have already been individually highlighted as
relevant in earlier mHealth acceptance studies.' ** In
particular, TR has been emphasised as a significant driver
for accepting mHealth applications as they need to be
reliable and trustworthy.* '**! Several studies have shown
that TR is crucial for BI, especially for applications that
impact personal health, such as mobile diabetes appli-
cations.! *'* PDT has also been identified as significant
to the acceptance of mHealth applications, particularly
for chronic diseases.'” ' ** Various studies have empha-
sised that people who are aware and concerned about
their poor health conditions are more open to new tech-
nologies.”” *** To summarise, PDT and TR need to be
considered for a UTAUT?2 extension to predict mHealth
acceptance better.
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Table 2 Sample demographic characteristics

Characteristics

Mobile diabetes
app users (n=413)

Gender, n (%)

Female 256 (62.0%)
Male 152 (36.8%)
Diverse 0 (0.0%)
Not mentioned 5(1.2%)
Age, n (%)
18-24 years 15 (3.6%)
25-34 years 68 (16.5%)
35-44 years 102 (24.7%)
45-54 years 108 (26.2%)
55-64 years 84 (20.3%)
65 years and older 32 (7.7%)
Not mentioned 4 (1.0%)
Type of diabetes, n (%)
Type 1 344 (83.3%)
Type 2 64 (15.5%)
Others 5(1.2%)
Disease duration, years
Mean (SD) 18.17 (SD 14.77)

Range (median) 0.25-63.00 (15.00)
Duration of use, months
Mean (SD)

Range (median)

31.30 (SD 26.18)
3.00-240.00 (24.00)
Type of mobile diabetes app, n (%)

Smartphone app (eg, diabetes diary) 199 (48.18%)

Continuous glucose measurement 383 (92.7%)

system

Smart insulin pump (eg, closed-loop 79 (19.1%)
system)

Others 0 (0.0%)
Frequency of use, n (%)

Never 0 (0.0%)
Once a month 1(0.2%)
Several times a month 3 (0.7%)
Once a week 2 (0.5%)
Several times a week 6 (1.5%)
Once a day 3 (0.7%)
Several times a day 154 (37.3%)
Once an hour 25 (6.1%)

Several times an hour
All the time

59 (14.3%)
160 (38.7%)

We also identified a significant impact of the UTAUT?2
constructs, PE and HT, in predicting mHealth accep-
tance, where PE showed the strongest effect, which is in
line with several mHealth acceptance studies.”’ *’

In contrast to the previous qualitative study,** we could
not confirm the significance of the remaining exogenous
UTAUT?2 constructs EE, SI, FC, HM and PV for predicting
mHealth acceptance. These findings are consistent with
other mHealth acceptance studies using UTAUTZ2 that
also showed no significant impact of those constructs on
B.122030

There could be different reasons why proven UTAUT2
constructs are not showing significance in this study.
First, the motivation of people with chronic diseases to
use mobile applications is probably different from those
of the average technology consumer. While aspects such
as fun (HM), convenience (EE), low price (PV), social
influence (SI) and support (FC) are more relevant in
the consumer context, the focus for mHealth applica-
tions is on the actual health benefit (PE) and the possi-
bility of integrating the applications into everyday life
(HT).'' 121839 Qecond, the relevance of these aspects
might depend on the mHealth application and how it
is provided to the patient. For example, according to
the ‘National Association of Health Insurers’ (German:
GKV-Spitzenverband) in Germany and the ‘Main Associ-
ation of Austrian Social Insurance Institutions’ (German:
Hauptverband der oesterreichischen Sozialversicherung-
straeger), CGM systems are considered medical aids that
physicians usually prescribe, and whose costs are covered
by statutory health insurances.”” Thus, the application
used is mainly specified by the statutory health insurance,
which makes factors such as the cost (PV) and personal
recommendations (SI) less relevant for patients. As 92.7%
of participants used CGMs, this could explain the lack
of influence of several UTAUTZ2 constructs in this study.
Additionally, the German Federal Institute for Drugs
and Medical Devices (BfArM) has released the so-called
digital health applications (DiGA) registry, containing
digital medical products (web applications, native apps)
which have undergone an appropriate evaluation proce-
dure and can be prescribed by physicians and psychother-
apists at the expense of the statutory health insurances.”
Third, from the perspective of several authors of mHealth
acceptance studies using UTAUTZ2, constructs such as PV
and HM are not applicable.”” *! * In summary, all this
may explain why not all UTAUT2 constructs are relevant
in the context of mHealth acceptance. Thus, this points
to the need for a larger UTAUT?2 extension for mHealth
acceptance.

Using our extended UTAUT2 model, we increased
the explained variance in BI from 32.8% in the orig-
inal UTAUT2 model to 35.0%. This aligns with other
mHealth acceptance studies extending UTAUTZ2, where
the explained variance in BI ranged from 19.4%° to
56.0%.”° Thus, the explained variance in BI of R? = 0.350
is comparable to results from other studies and is within
the medium range.

Finally, the additional moderator analysis revealed no
significant moderating effect, which aligns with other
mHealth acceptance studies not showing a moderating
effect.!
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Table 3 Evaluation of the measurement model

Convergent validity Internal consistency reliability Discriminant validity

Indicator Composite Cronbach’s
Loadings reliability AVE reliability alpha
Construct Item > 0.708 > 0.50 >0.50 >0.70 0.60-0.95 HTMT ratio below 0.90
BI BI1 0.872 0.760 0.835 0.938 0.901 Yes
BI2 0.938 0.880
BI3 0.929 0.863
EE EE1 0.899 0.808 0.773 0.931 0.902 Yes
EE2 0.909 0.826
EE3 0.901 0.812
EE4 0.804 0.646
FC FCA 0.776 0.602 0.525 0.812 0.695 Yes
FC2 0.757 0.573
FC3 0.809 0.654
FC4 0.521 0.271
HM HMA1 0.891 0.794 0.705 0.876 0.807 Yes
HM2  0.899 0.808
HM3 0.716 0.513
HT HTA 0.798 0.637 0.561 0.792 0.628 Yes
HT2 0.672 0.452
HT3 0.771 0.594
PDT PDT2 0.876 0.767 0.844 0.915 0.817 Yes
PDT3 0.936 0.876
PE PE1 0.789 0.623 0.666 0.888 0.833 Yes
PE2 0.801 0.642
PE3 0.835 0.697
PE4 0.838 0.702
PV PV1 0.663 0.440 0.706 0.876 0.789 Yes
PVv2 0.910 0.828
PV3 0.922 0.850
Sl S 0.875 0.766 0.768 0.909 0.850 Yes
SI2 0.887 0.787
SI3 0.867 0.752
TR TR1 0.788 0.621 0.662 0.887 0.830 Yes
TR2 0.784 0.615
TR3 0.817 0.667
TR4 0.864 0.746

Bl, behavioural intention; EE, effort expectancy; FC, facilitating conditions; HM, hedonic motivation; HT, habit; PDT, perceived disease threat;
PE, performance expectancy; PV, price value; Sl, social influence; TR, trust.

Strengths and limitations

With our quantitative study design, we validated the
proposed extension of the UTAUT2 model for predicting
mHealth acceptance of mobile diabetes applications.
Using validated scales combined with a qualitative
pretest, we could ensure the quality of our web-based
questionnaire.

The focus of this study was to validate the constructs
relevant for predicting mHealth acceptance (BI) in the
UTAUT2 model. We thus only briefly touched on the
construct of UB. UB is subject to some weaknesses due
to its operationalisation as an ordinal-scaled single item
in the validated German translation of the UTAUT2
questionnaire. In addition, several UTAUT and UTAUT2
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Figure 2 Extended Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) model, including path coefficients and

adjusted coefficient of determination.

studies focusing on mHealth acceptance have operation-
alised BI only and have not considered UB.22031 However,
in mHealth acceptance studies that operationalised UB,
the values for the explained variance (R?) in UB were also
relatively low, for example, R? = 0.111 in Dou et al*’ or R?
= 0.320 in Fitrianie et al,21 which is consistent with our
results of R% = 0.144. We thus concentrated on BI in our
statistical analysis.

Using a convenience sample-based recruitment process
via social media and directly through, for example,
diabetes outpatient clinics, we recruited a diverse sample

of different ages, genders, diabetes types and experiences.
Using these different recruitment channels, we reduced
the risk of sampling bias, thus ensuring that we reached
all relevant user groups. However, since all participants
used the same link to access the web-based questionnaire
(regardless of whether they accessed it via social media or
another recruitment channel), it was impossible to distin-
guish which proportion of the sample derived from social
media platforms and which, for example, from diabetes
outpatient clinics.
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With 413 participants, our study achieved sufficient
power to perform PLS-SEM and predict mHealth
acceptance. Our study only involved active and expe-
rienced mobile diabetes application users. Thus, we
did not include non-users or seldom users, making our
result generalisable to real mHealth users who use the
mHealth application as part of their chronic disease
self-management, have similar levels of experience with
mHealth applications, and come from countries with
comparable healthcare systems, technical infrastructure,
cultural and socioeconomic background like the conve-
nience sample used. In particular, this applies to mHealth
self-management applications, such as diet or exercise
apps designed for various chronic diseases, for example,
type 2 diabetes, hypertension, obesity and others.”

Implications for future research

Our results showed the relevance of PE, HT, PDT and
TR for accepting mobile diabetes applications. There-
fore, mHealth providers should consider addressing
and implementing these factors when developing new
mHealth applications in this context.

Although we could verify two new relevant constructs,
our extended UTAUT2 model still explained only 35.0%
of the variance in BI. Further research thus needs to iden-
tify additional factors for predicting mHealth acceptance
that have not yet been identified and considered in the
extended UTAUT2 model.

In addition, future mHealth acceptance research in
chronic diseases should consider external conditions,
such as country-specific financial support for mHealth
users from, for example, statutory health insurances,
which helps to fund the required mHealth applications.

Future research may also investigate if considering
additional dimensions to our extended UTAUT2 model,
for example, from the diffusion of innovations theory,
could contribute to the explained variance in Bl

Our study focused on active and experienced mobile
diabetes application users. Future research may also
involve patients with diabetes who do not use mobile
diabetes applications. This could help understanding
barriers and facilitators to accept and use mobile diabetes
applications and identify potential additional predictors.

Since other studies have identified previous use as a
strong predictor of future behawiour,20 this predictor
should be considered in future mHealth acceptance
studies using UTAUT2.

CONCLUSIONS
We could confirm that the additional constructs
PDT and TR need to be added to UTAUT2 to predict
mHealth acceptance, especially for chronic diseases such
as diabetes. However, our results also show that not all
constructs of the UTAUT2 model can predict mHealth
acceptance.

Despite the newly added constructs, UTAUTZ2 can only
partially predict mHealth acceptance. Future research

should investigate additional mHealth acceptance
factors, including how patients perceive trust in mHealth
applications.
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ABSTRACT

Background and objectives Literature review using
search engines results in a list of manuscripts but does
not provide the content contained in the manuscripts. Our
goal was to evaluate user performance-based criteria of
concept retrieval accuracy and efficiency using a new
database system that contained information extracted
from 1000 COVID-19 articles.

Methods A sample of 17 students from the University of
Vermont were randomly assigned to use the COVID-19
publication database or their usual preferred search
methods to research eight prompts about COVID-19. The
relevance and accuracy of the evidence found for each
prompt were graded. A Cox proportional hazards’ model
with a sandwich estimator and Kaplan-Meier plots were
used to analyse these data in a time-to-correct answer
context.

Results Our findings indicate that students using the new
information management system answered significantly
more prompts correctly and, in less time, than students
using conventional research methods. Bivariate models
for demographic factors indicated that previous research
experience conferred an advantage in study performance,
though it was found to be independent from the assigned
research method.

Conclusions The results from this pilot randomised trial
present a potential tool for more quickly and thoroughly
navigating the literature on expansive topics such as
COVvID-19.

INTRODUCTION

PubMed contains over 32000000 publica-
tions and this collection grows by approxi-
mately 1000000 articles each year.' * The first
step in accessing this wealth of knowledge
is to acquire a list of publications through
search engines such as PubMed and Google
Scholar. The user must then painstakingly
comb through full-text articles to find the
information they seek.

Community curation platforms such as
Wikipedia allow rule-based descriptions
of virtually any topic. However, Wikipedia
is not designed to provide a comprehen-
sive summary of the information contained
within a set of publications. Community

. Shania Lunna,®

WHAT IS ALREADY KNOWN ON THIS TOPIC

= The output of biomedical publication search tools
is a set of manuscripts but access to content is
restricted.

WHAT THIS STUDY ADDS

= This study provides evaluation of a new method to
extract, repurpose and disseminate information de-
rived from published manuscripts.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Despite massive advancements in scientific meth-
ods, the science and practice of extraction and inte-
gration of information in manuscripts have lagged.
We describe a method that advances a new method
to improve efficiency of extraction and integration
of information.

curation has been used on databases such
as UniProt (model organism genome data-
base) but these function more as annotation
events than a system to extract information
contained within full-text articles.” Artifi-
cial intelligence (AI) tools for information
integration have sought to overcome these
obstacles while simultaneously decreasing
the time input required from the researcher.
Many of the currently existing AI models are
limited to generating detailed groupings of
articles based on their contents or extracting
and comparing information only within
narrow categories.* These systems have yet to
reach the point of providing users with thor-
oughly researched, discrete answers to their
questions.

An online information management system
(Refbin.com) was used to manually extract
and integrate newly reported data from
1000 COVID-19 articles.” As reported in our
recent publication,” extracted information
was described using a minimum of four types
of note fields (topic, population, description
of the type of measurement and the actual
reported measurement). Extracted results
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in the same topic were merged so that parent topic note
fields were shared. The full text of each article was read
and individual observations, such as the incidence rate
of COVID-19 infection in college students, were manu-
ally entered into the database. That piece of information
was grouped with similar observations from other publi-
cations. Rather than organising and filing information
based on the publication, this new COVID-19 publication
database was organised into logical groups of data such as
mental health issues related to lockdown or observations
on maternal to fetal transmission of COVID-19. A user of
this database can readily see specific sets of information
and navigate rapidly to increasing levels of detail. In this
database, the user does not need to necessarily know what
they are looking for and perform a search. The user navi-
gates through topics covering all of the data to quickly
find the information they need.

The aim of this pilot trial was to determine whether
this new type of database would provide an operational
improvement over conventional methods to more rapidly
and more accurately find evidence to support state-
ments about COVID-19. A sample of students from the
University of Vermont was randomly assigned to use the
COVID-19 publication database or their usual preferred
search methods to research eight prompts about COVID-
19. If assigned to use their preferred research methods,
students were allowed to use any means they knew of to
find and read primary research articles. We report here
the results showing an improved outcome using the new
system.

METHODS

Study design

Eighteen participants were recruited from biomedically
related courses and student organisations at the University
of Vermont to participate in this randomised pilot trial.
Prior to participating in the trial, the students completed
a participant information survey including questions
about their major, level of education, professional goals,
research experience, usual speed of task completion and
comfort with technology. The final sample included 17
students.

The participants were stratified based on self-rated
questions about their previous research experience and
usual task completion time requirements. Once stratified,
the participants were randomly assigned to use either the
new COVID-19 publication database (group A) or their
preferred research methods (group B).

The trial was conducted over Microsoft Teams. Prior
to taking the test, all participants received a 10min step-
by-step lesson on how to use the COVID-19 publication
database prior to being assigned to group A or group B.
The participants were informed that only evidence from
primary literature would be counted as correct and that
only 4min were allowed per question. The tasks included
finding specific pieces of information and were presented
in survey form.

The relevance and accuracy of the evidence found for
each prompt were individually graded by two members of
our research team and then reviewed. Using parameters
of specificity established during prompt development,
each answer was graded in a binary of correct or incor-
rect. A correct answer submitted after 4min (240s) had
passed was marked as incorrect. The time participants
needed to answer each prompt was recorded by Qualtrics
as the time elapsed between opening the question and
clicking the submit button.

This pilot study qualified for an exemption from ethics
review by the Institutional Review Board at the Univer-
sity of Vermont and the University of Vermont Medical
Center. According to the definition of activities consti-
tuting research at these institutions, this pilot trial met
the criteria for operational improvement activities and
was, therefore, exempt from review.

Query prompt development

The prompts used in this investigation were written using
aquestion stem stating a fact or observation about COVID-
19, followed by a request for supporting evidence that
the participant had to find using their assigned research
method. At the time of this study, the COVID-19 data-
base contained information on 1000 COVID-19 articles.
Prompts were written by the study team that confirmed
each prompt was answerable using both the COVID-19
database and Google (table 1). A preliminary investiga-
tion and refinement of the prompts were conducted with
four students. Participants accessed the prompts through
a Qualtrics survey, which randomly assigned them 8 of 18
total prompts.

Analysis of prompt and language difficulty was
conducted using Microsoft Word’s readability tool. The
Flesch-Kincaid Grade Level test yielded a score of 13.4,
meaning that the language used in these prompts was
best suited for those with some college education.

Statistical analysis

Statistical analyses were conducted using SAS Version 9.4
and SYSTAT Version 11 software. Contingency tables were
created using the number of correctly answered prompts
and the variables: research method (COVID-19 Database
or other methods), day of study participation,'™” academic
background (major I=biochemistry/biology; 2=dietetics,
nutrition and food science (DNES)), level of education
(I=undergraduate; 2=graduate), previous research expe-
rience (1=uncomfortable; 2=neutral; 3=comfortable) and
gender (O=male; 1=female).

A Cox proportional hazards’ model was used to analyse
these datain a time-to-correctanswer context. The Cox model
and survival analyses in general are used widely throughout
medical literature but have had limited use in the computer
science literature.”” The event of interest in this study is a
correctly answered question, enabling us to simultaneously
evaluate completion time and accuracy. We examined the
effect of several covariates on the time until a participant
answered a prompt correctly or until their response was
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Table 1 The complete set of prompts administered at random to participants

Prompt

1 Find two primary research articles demonstrating that Black Americans and predominantly Black communities have suffered from higher incidences of
SARS-CoV-2 than White Americans and predominantly White communities. One of these articles should present the data as a rate of infection, while the

other should present evidence of this statement as an OR.

2 Find an article in which <3% of healthcare workers without symptoms of COVID-19 tested positive for SARS-CoV-2 through antibody testing. Find another
article in which more than 18% of asymptomatic healthcare workers tested positive for SARS-CoV-2 through antibody testing.

3 Find two articles in which the amount of C reactive protein measured in critically severe COVID-19 patients was at least 1.5 times greater than that of

severe COVID-19 patients.

4 Find one article showing that essential workers, people receiving treatment for PTSD, and young adults are among groups with the greatest risk of
developing suicidal thoughts as a result of the pandemic. Report their risk in terms of ORs.

5 Reports of the percentage of newborns born to COVID-19 positive mothers who demonstrate fever symptoms are variable across the literature. Find one
article in which none of the newborns had a fever and find another article in which more than 20% of the newborns had a fever. These articles cannot be

case reports of only a single patient.

6 Several articles have published descriptions of new-onset psychotic disorder-like symptoms in patients with COVID-19 (meaning they had no prior history
of these symptoms). Find an article that reports on the success of treatment for psychotic-like symptoms in patients with COVID-19. Your answer should
include the percentage of patients for whom these symptoms were resolved.

7 Find an article that describes a new-onset of demyelinating lesions in the central nervous systems of patients with severe or critical COVID-19. The article
you select must have a study population of at least 20 patients with COVID-19 positive.
8 Peak infectiousness typically occurs around 2 days before symptom onset. Find an article with a sample size of at least 1000 confirmed COVID-19 cases
that describe this information and also describes the number of transmission events attributable to pre-symptomatic individuals.
9 Find one article that reports a range of recorded COVID-19 incubation periods with a maximum value of more than 18 days.
10 Find one article that reports the presence of SARS-CoV-2 in the sweat of symptomatic patients with COVID-19. The study should have a sample size of at

least 25 individuals. Report the number of patients with COVID-19 with positive sweat samples.

11 Individuals with recent or lifetime substance abuse disorder (SUD) diagnoses are at higher risk of requiring hospitalisation and ventilation treatments after
contracting COVID-19. They are also at a greater risk of dying due to the disease. Find an article that supports these three points using data presented as
ORs. Note: these data should reflect increased risk as a result of SUD independently of any other comorbid conditions.

12 Find an article that describes a 70% or greater decrease in regional ICU admissions as a result of enacting physical distancing measures.

13 During the COVID-19 pandemic, a greater proportion of obese individuals have reported having a difficult time eating healthfully or are eating less healthy
foods compared with the general population. Find two articles that support this statement. One article should report the proportion of obese individuals
eating less healthfully and the other should report on the same measure in the general population.

14 Chest CT scans of hospitalised patients with COVID-19 show predominantly bilateral pulmonary lesions as opposed to only unilateral involvement. This
trend is even more pronounced in patients admitted to the ICU. Find an article whose findings support this statement. Report the incidence of bilateral and
unilateral pulmonary lesions in these two patient groups (hospitalised patients and patients admitted to the ICU).

15 There is evidence that SARS-CoV-2 can cross the blood-brain barrier to invade the brain. Find an article that reports on histochemical analysis of post-
mortem brain tissue from patients with COVID-19 in which more than 95% of the samples studied showed evidence of astrogliosis (variably or in all brain
regions).

16 The COVID-19 pandemic has had pronounced effects on mental health and substance abuse rates. Find an article in which 28% or more of the general

population reported increased alcohol intake. These findings must also show a positive correlation with a history of mental illness.

17 Find two articles providing evidence that transmission of SARS-CoV-2 from mother to baby can occur through the placenta. One of these articles should
provide evidence of transmission through immunostaining techniques, while the other should provide evidence using transmission electron microscopy.

18 Find an article showing that study participants who received the Moderna vaccine had a 0% incidence of severe COVID-19 infection post-vaccination.

ICU, intensive care unit; PTSD, post traumatic stress disorder.

censored for being incorrect or over time."" A sandwich esti-
mator was used in conjunction with the Cox proportional
hazards’ model to account for the clustering of responses
by each participant.'* Kaplan-Meier plots were created to
visualise the effect of the variables previously mentioned on
the rate at which prompts were answered correctly and how
many were answered correctly. The Kaplan-Meier estimator
was selected due to its ability to handle right-censored data
which took the form of wrong or incomplete answers in
this pilot study.”” A Cox proportional hazard model for the
search method as well as bivariate models for demographic
factors were examined.

RESULTS

Demographics and study groups

A total of 136 responses were collected, divided randomly,
and nearly equally among 18 prompts. 72 responses were

gathered from group A and 64 of these responses came
from participants in group B (this discrepancy is due to
incomplete data from the 18th participant) (table 2).
One hundred and twenty of the total 136 responses were
submitted by female participants reflecting the majority-
female classes from which these students were recruited
(online supplemental table 1). The study participants
were stratified according to major and previous research
experience and then randomly assigned to either group.
This resulted in an equal number of the responses from
group A (24) and group B (24) by students who iden-
tified as biology or biochemistry majors (online supple-
mental table 2). A similarly even distribution among the
research methods was attained with students studying
DNFS (group B=40, group A=48) (online supplemental
table 2). The majority of the responses (104/136) were
completed by participants who considered themselves
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Table 2 Number of responses by research method group

Prompt number Group A Group B Number of responses
1 4 2 6

2 3 5 8

3 2 5 7

4 5 4 9

5 4 2 6

6 5 3 8

7 7 2 9

8 3 3 6

9 4 4 8
10 4 3 7
11 2 6 8
12 4 4 8
13 4 4 8
14 4 3 7
15 6 2 8
16 4 4 8
17 3 4 7
18 4 4 8
Total 72 64 136

neither uncomfortable nor comfortable in working with
biomedical literature (online supplemental table 3). This
trial spanned 17 days, from April 26 to May 12, 2021,
with a relatively even distribution in the date of study
completion among the research method groups. Pearson
Chisquare tests showed no association between any of
the previously mentioned demographic factors and the
research method groups to which the participants were
assigned.

No significant associations were found using Pearson
Chi-square when considering the day of participation,
major and previous research experience in relation
to the total number of correct responses across both
research method groups. Within group A, biochemistry
and biology majors answered 62.5% of their prompts
correctly and DNFS students answered 45.8% correctly
(p=0.18) (table 3). When looking at these same responses
through the lens of previous research experience, it was
found that group A students who rated themselves in the
highest available category for comfort reading primary
literature had a correct response rate of 75%, while the
eight students who rated themselves in the middle cate-
gory had a 48.4% accuracy rate (p=0.15) (table 4). Among

Table 3 Percentage of correct responses from group A
participants by major

Incorrect Correct N
Biology or biochemistry 37.5 62.5 24
Dietetics, nutrition and food sciences 54.2 45.8 48
Total 48.6 51.4
N 35 37 72

Table 4 Percentage of correct responses from group A
participants by comfort using and reading research literature
(research experience)

Incorrect Correct N
Neutral 51.6 48.4 64
Comfortable 25 75 8
Total 48.6 51.4
N B85 37 72

the correct and incorrect responses obtained by group B,
none of the evaluated demographic factors approached
significance.

Kaplan-Meier plots: combined and by research method
Kaplan-Meier plots were used to simultaneously examine
the accuracy of each response and the time required
to obtain it. Using the survival analysis terminology
frequently found in biomedical literature, exact failures
or deaths correspond to prompts answered correctly and
survival time represents the number of seconds required
for the correct response. Right censored responses are
those that were either obtained in more than 240s or
were incorrect. The survivor function in the Kaplan-
Meier plots below, therefore, demonstrates the propor-
tion of responses that were correct (died) within the time
spent on each response.

The Kaplan-Meier plot in figure 1 shows the prompts
answered by group A were more frequently answered
correctly and more rapidly than group B. A log-rank test
yielded a p value <0.001. The mean survival times for
prompts at risk of failing (being answered correctly) were
226.8s and 365.55s for group A and group B, respectively.
The overlap in the survival curves in figure 1B indicates a
degree of homogeneity among the group A participants
(p=0.259). Figure lc contains the survival plot of group
B. The overlap of curves here also indicates a degree of
homogeneity among group B (p=0.466). Due to there
only being 12 correct responses out of 64 at risk in group
B, both the similarity of the survival curves and the mean
survival time could be slightly distorted. This was not an
issue in group A where there was a total of 37 correct
responses out of 72 prompts answered.

Cox proportional hazards’ models with Sandwich Estimator
A Cox proportional hazard model using a Sandwich
Estimator was conducted as described by Lin and Wei to
account for the clustering of responses by participant.'?
The analysis of the research method resulted in a param-
eter estimate for group A of 1.388 (SE of 0.254, p<0.001).
The HR of obtaining a correct response in the context of
the method parameter was 4.01 (95% CI 2.433 to 6.579).
Bivariate Cox models of analyses for the research
method and gender, day of study participation or major
demonstrated a consistently more significant influence of
the research method on response accuracy than the alter-
nate variable. The bivariate model parameter estimate for
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Figure 1
participants within group A (B) and group B (C) independently.

women was 0.144 (SE of 0.168, p=0.39), for day of study
participation —0.008 (SE of 0.014, p=0.579) and for major
0.392 (SE of 0.235, p=0.096). The bivariate hazard ratios
were as follows: woman, 1.154 (95% CI 0.830 to 1.606);
study day, 0.993 (95% CI 0.67 to 1.019); and major, 0.676
(95% CI 0.426 to 1.072). The level of research experi-
ence, in contrast to the previous parameters, resulted
in a more significant parameter estimate of 0.542 (SE
of 0.118, p<0.0001) and a HR of 1.719 (95% CI 1.363 to
2.167). A correlation matrix was used to show that despite
the larger parameter estimate of previous research expe-
rience, research method and experience were indepen-

dent (r=0.022).

DISCUSSION

This randomised pilot trial was performed to determine
whether a new information platform containing infor-
mation from 1000 COVID-19 publications enabled faster
and more accurate answers to prompts than conven-
tional methods of accessing biomedical information.
Kaplan-Meier plots and Cox Proportional Hazard Models
confirmed that the new method of information integra-
tion (group A) enabled participants to answer prompts
about COVID-19 more quickly and accurately.

Kaplan-Meier plots showing the survivor function for group A compared with group B (A), as well as for the

Tests for respondent heterogeneity within groups A
and B were negative. The paucity of correct answers
collected by group B may in part be attributable to the
difference between the volume of sources retrieved by
a Google search compared with a search in the group A
COVID-19 database. After completing the prompts, many
of the members in group B commented that 4min was
simply not enough time to find answers. This rush for time
coupled with the many blank responses seen from this
group could reflect the negative correlation between time
per question and user satisfaction described by Xu and
Mease.'* The discrepancy in timed-out prompts and blank
responses between the two groups could simply be the
result of the pace at which research was completed using
the two methods, but it could also provide insight into
frustration among participants using traditional research
methods. Allowing each participant to be exposed to the
full range of questions was part of the design for compara-
bility among students. A limit of 4min allowed each partic-
ipant to be exposed to the full range of questions. This
was a study design tradeoff between comparable exposure
within a specific time frame versus unbounded time to
complete the search and having a non-comparable oppor-
tunity to answer all specific questions. The choices of the
questions were also designed to be not that sophisticated
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as to make questions too difficult to be able to abstract
from each of the differing approaches. There are differ-
ences when conducting real-world research and this pilot
evaluation study of the interface and database.

A significant difference was seen between the number
of correct answers gathered by group A and group B. This
observation contrasts with other examples from the liter-
ature.” '® For example, when using a question answering
system compared with a document retrieval system,
Smucker et al found that participants answered ques-
tions correctly at similar rates.”” The question answering
system described in the Smucker study resembles the
new COVID-19 database in that they both aim to present
condensed, succinct information independently of its
source articles. Therefore, we suspect that the marked
improvement in answer accuracy observed in our study
may be related to the format in which information is
presented. The parent-child organisation structure in
the new database system may enable users to more easily
adjust the information they are viewing without repeat-
edly editing their query.

A set of bivariate Cox proportional hazard models
showed that among the demographic factors considered
in this pilot study previous research experience was the
only one to confer an advantage in study performance.
A correlation matrix, however, indicated that the pre-
stratification of participants had evenly distributed their
degree of prior research experience between the two
groups. When examining responses from just group A,
major (biology and biochemistry v. dietetics, nutrition
and food sciences) and previous research experience did
approach significance. This indicates that familiarity with
research literature and biomedical language is potentially
advantageous in using the database, but ultimately not to
a significant extent. In general, studies evaluating infor-
mation retrieval systems with user-oriented methods have
had similar trouble identifying significant extraneous
influences on user performance. Whether collecting data
on age, sex, computer experience, online search engine
familiarity or career objectives these examples from the
literature show no significant differences between the
groups assigned to the different search methods nor
accuracy rates.'®®

In this pilot randomised trial, statistically significant
differences were observed between groups A and B. This
emphasised the marked differences between the methods
and warrant expansion of the trial to validate the results.
In addition to increasing the sample size, it will be helpful
to source queries from a separate set of participants,
experts on the topics addressed by the database or search
history data from commercial engines."*'® ' Tt will also be
useful to expand the diversity of participants' education
status. Determining the range of students and users that
could benefit from this new platform for information will
help guide integration into educational systems. A limita-
tion of the Refbin system is that, unlike Google Scholar
and PubMed, methods to continuously update the data-
base are not yet implemented.

CONCLUSION

We demonstrated that a new method of extracting infor-
mation from published biomedical literature allows users
to more quickly and more accurately answer questions
related to COVID-19. Topics such as COVID-19 present
so much data that a next-generation system is required
to more rapidly allow users to answer questions related to
the published data. This pilot study with 1000 COVID-19
manuscripts points to a possible solution to speed up
research.
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ABSTRACT

Objective Clinical notes contain information that has
not been documented elsewhere, including responses

to treatment and clinical findings, which are crucial for
predicting key outcomes in patients in acute care. In this
study, we propose the automatic annotation of phenotypes
from clinical notes as a method to capture essential
information to predict outcomes in the intensive care unit
(ICU). This information is complementary to typically used
vital signs and laboratory test results.

Methods In this study, we developed a novel phenotype
annotation model to extract the phenotypical features

of patients, which were then used as input features of
predictive models to predict ICU patient outcomes. We
demonstrated and validated this approach by conducting
experiments on three ICU prediction tasks, including
in-hospital mortality, physiological decompensation and
length of stay (LOS) for over 24 000 patients using the
Medical Information Mart for Intensive Care (MIMIC-II)
dataset.

Results The predictive models incorporating phenotypical
information achieved 0.845 (area under the curve—
receiver operating characteristic (AUC-ROC)) for in-
hospital mortality, 0.839 (AUC-ROC) for physiological
decompensation and 0.430 (kappa) for LOS, all of which
consistently outperformed the baseline models using
only vital signs and laboratory test results. Moreover, we
conducted a thorough interpretability study showing that
phenotypes provide valuable insights at both the patient
and cohort levels.

Conclusion The proposed approach demonstrates that
phenotypical information complements traditionally used
vital signs and laboratory test results and significantly
improves the accuracy of outcome prediction in the ICU.

INTRODUCTION
Unprecedented amounts of healthcare data
have been accumulated. The National Health
Service (NHS) datasets record billions of
patient interactions annually.' In an intensive
care unit (ICU), a wealth of data is generated
for each patient owing to the necessity of
closely monitoring of patients,” with new vital
information recorded every minute.
Conventionally, electronic health records
(EHRs) contain two data types. These are
structured (blood tests and temperature)

, Luis Daniel Bolanos Trujillo

, Ashwani Tanwar @ ,

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Previous studies have demonstrated exemplary per-
formance for predicting outcomes in the intensive
care unit (ICU) using bedside measurements and
laboratory test results.

= Contextual embeddings from recent transformer-
based natural language processing models have en-
abled more accurate detection of medical concepts.

WHAT THIS STUDY ADDS

= This study introduces a new methodology that in-
corporates contextualised phenotypical features
from clinical texts and their persistence in modelling
ICU time-series prediction tasks. The persistence
of phenotypes in this study refers to the frequency
with which each phenotype appeared in each pa-
tient record.

= We conducted an interpretability study to illustrate
why and how phenotypical features are highly rele-
vant to ICU outcome prediction.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Researchers should explore how other clinical cases
can benefit from the use of phenotypical information.

= Given the richness of the information found in the
clinical text, all parties involved should work togeth-
er to enable secure and ethical use.

and unstructured data (radiology reports
and discharge summaries), with the latter
comprising the most extensive part of patient
data (up to 80%"). Both types of data are
valuable for ICU monitoring. The majority of
recent research®™ relies heavily on analysable
structured data—typically laboratory test
results and vital signs.

Among the clinical features found in
unstructured data, phenotypes [In the
medical text, the word ‘phenotype’ refers to
deviations from normal morphology, physi-
ology or behaviour’]. have received the least
attention in ICU monitoring.® This is mainly
because of the challenge of extracting pheno-
typical information expressed in different
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contexts and contextual synonyms. For example, the
phenotype hypotension can be expressed as ‘a drop in
blood pressure’ or ‘BP of 79/48’. However, phenotyp-
ical information is crucial for understanding disease
trajectory, identifying important disease-specific infor-
mation, stratifying patients and identifying novel disease
subtypes.”

This study thoroughly investigated the value of pheno-
typical information extracted from textual clinical data
in ICU monitoring. Furthermore, this study expands on
our previous study® by incorporating additional clinical
data from free-text clinical notes instead of limiting the
patients’ profiles to data recorded in a structured format.
Based on our previous study,'” we automatically extracted
phenotypes from clinical texts using a self-supervised
methodology. This methodology includes contextualised
word embeddings,"" which are particularly helpful in
detecting contextual synonyms. We extracted over 15000
phenotypical concepts of the human phenotype ontology
(HPO)." Phenotypical features extracted in this manner
were enriched with information from the structured data.
To interpret our results, we used Shapley additive expla-
nation (SHAP) values.",

We benchmarked our approach on the following three
mainstream ICU tasks following practice* for comparison:
length of stay (LOS), in-hospital mortality and physiolog-
ical decompensation.

Our main contributions are (1) the approach to incor-
porating phenotypical features from clinical textual data
into the modelling of ICU time-series prediction tasks,
(2) investigation of the importance of the phenotypical
features in unstructured clinical data in combination
with structured information for predicting patient course
at the microlevel (individual patient) and macrolevel
(cohort), (3) a thorough interpretability study demon-
strating the importance of phenotypical and structured
features for ICU cases, and (4) demonstration of the
utility of automatic phenotyping for ICU use cases.

METHODOLOGY

Data preprocessing

The MIMIC-III, a publicly available ICU database, was used
in this study."* MIMIC-III contains 49785 anonymised
hospital admissions and 38597 distinct adult patients
(aged 16 years or above) admitted to a critical care unit
(eg, coronary care unit, cardiac surgery recovery unit,
medical ICU, surgical ICU and trauma surgical ICU) of
the Beth Israel Deaconess Medical Center between 2001
and 2012. The median age of the adult patients was 65.8
years (Q1-Q3: 52.8-77.8); 55.9% of patients were male;
and diseases of the circulatory system were the most prev-
alent (based on ICD-9: 390-459), accounting for 36.6% of
all adult admissions.

We followed the standard practice* of defining the
three ICU tasks, data collection and data preprocessing
on MIMICHIL. First, we formulated the in-hospital mortality
problem as a binary classification 48 hours after admission,

in which the label indicates whether the patient died
before discharge. Second, physiological decompensation was
formulated as a binary classification in which the target
label corresponds to whether the patient will die in the
next 24 hours. Finally, we cast the LOS prediction task as a
multiclass classification problem, where the labels corre-
spond to the remaining LOS. Possible values were divided
into 10 bins: 1 for a LOS of less than a day, 7 bins for each
day of the first week, another bin for the LOS of more
than a week but less than 2weeks, and the final bin for
stays of more than 2weeks.

For data collection, we used structured and unstruc-
tured data following the filtering criteria* for patients
in all three tasks. In addition, we discarded all ICU
episodes in which a clinical note had not been recorded.
This reduced our training and test data compared with
the benchmark4; therefore, we recalculated the base-
line scores using their code on our new test set for a fair
comparison. Overall, there were over 24000 patients, and
the exact numbers of patients, ICU episodes and time
steps per task are reported in section A.1 of the online
supplemental appendix. The mortality rate across all
patients was 13.12%, and the decompensation rate across
all time steps was 2.01%. Most patients stayed in the ICU
for less than 7days, and the distribution of ICU admis-
sions per LOS class is presented in detail in section A.2 of
the online supplemental appendix.

For the preprocessing of structured data, we followed
steps [Accessed in November 2021 (https://github.
com/YerevaNN/mimic3-benchmarks)] to collect 17 clin-
ical features (capillary refill rate, diastolic blood pres-
sure, fraction inspired oxygen, Glasgow Coma Scale eye
opening, Glasgow Coma Scale motor response, Glasgow
Coma Scale verbal response, Glasgow Coma Scale total
glucose, heart rate, height, mean blood pressure, oxygen
saturation, respiratory rate, systolic blood pressure,
temperature, weight and pH). Highly specific features
may not be routinely obtained for all patients. The inclu-
sion of such features renders the algorithm less general-
isable. Therefore, additional structured clinical features
were excluded to ensure comparability with the previous
studies. For data preprocessing of unstructured data, we
collected all free-text clinical notes, including nursing
notes, physician notes and discharge summaries, at all
time steps during the ICU stay. High data sparsity was
observed because clinical notes were recorded roughly
every 12hours. Processed structured and unstructured
data were used as inputs for the proposed approach.

Algorithm development and analysis

The proposed approach consisted of two steps. The first
step collected clinical features (specifically, phenotypical
features standardised by HPO'?) from unstructured data
using natural language processing algorithms. The second
step combined the phenotypical features from unstruc-
tured data and the 17 clinical features from structured
data as input features for machine learning classifiers
to separately predict in-hospital mortality, physiological
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decompensation and LOS. Unlike the study by Harutyu-
nyan et al,* which used only 17 features from structured
data as input, the proposed approach combines clinical
features from unstructured and structured data.

First, we applied a state-of-the-art phenotyping model
to extract phenotypes from free-text clinical notes.'” This
model leveraged self-supervised pretraining techniques,
contextualised word embeddings by the transformer
model"” and data augmentation techniques (para-
phrasing and synthetic text generation) to capture names
(such as hypertension), synonyms (such as high blood
pressure), abbreviations (such as HTN) and, more impor-
tantly, contextual synonyms. For example, descriptive
phrases such as ‘rise in blood pressure’, ‘blood pressure is
increasing’ and ‘BP of 140/90’ are considered contextual
synonyms of hypertension (HP:0000822), and finding
such contextual synonyms requires an understanding of
the context. Thus, the phenotyping model demonstrated
superior performance to alternative algorithms. We
refer readers to a recent work'’ for the methodological
details. For comparison, we used alternative phenotyping
methods, including ClinicalBERT''  (fine-tuned for
phenotyping) and neural concept recogniser (NCR)."
NCR uses convolutional neural networks to assign simi-
larities to HPO concepts encoded by pretrained non-
contextualised word embeddings.

Second, the phenotypical features were combined with
structured clinical features as input features for machine
learning classifiers to predict the three ICU tasks. We
used standard machine learning classifiers: random forest
(RF)17 and long short-term memory (LSTM) networks'®
for prediction (the hyperparameters are available in
section A.3, online supplemental appendix). We distin-
guished between persistent and transient phenotypical
features to reduce sparsity.

More precisely, phenotypes that were clinically likely to
last an entire admission in the vast majority of typical cases
(eg, tuberculosis and cancer) were labelled as ‘persistent’.
Phenotypes acquired or improved during a stay, such as
fever or cough, were labelled as ‘transient’. We developed
transient and persistent phenotypes from the moment
they appeared until a new clinical note appeared or until
the end of the stay. Phenotype transiency and persistency
patterns were leveraged in the model to make clinical
predictions. This was found to be beneficial and will be
discussed in the Phenotype persistency section. We also
addressed data sparsity by aggregating the HPO terms
into their parents (according to the HPO hierarchy).

Evaluation metrics

For comparison with Harutyunyan et al,* we used area
under the curve-receiver operating characteristic
(AUG-ROC)" and area under the curve-precision recall
(AUC-PR) for in-hospital mortality and physiological
decompensation tasks. We primarily relied on AUC-ROC
for statistical analysis because it is threshold independent
and used by the benchmark* as the primary metric. For
the LOS task, we used Cohen’s kappa® and the mean

absolute deviation,”" with emphasis on the kappa scores
for statistical analysis.

Model evaluation and statistical analysis

A train-test split based on the benchmark was used,’
with patients without clinical notes excluded, resulting
in 21346 and 3824 patients for the training and test
sets, respectively. Further, we performed fourfold cross-
validation on the training set, and all splits were deter-
ministic. We used bootstrap resampling following the
benchmark for statistical analysis. To compute CIs on the
test set, we resampled it 1000 times for LOS and decom-
pensation, and 10000 times for in-hospital mortality tasks.
We then computed the scores on the resampled data for
the 95% Cls.

To provide interpretability for model predictions,
we used SHAP values,"” the implementation details of
which are explained in section A.4 (online supplemental
appendix). The SHAP values were used to explain the
black box models and allowed us to quantify feature
importance and their positive or negative impact on the
outcome.

RESULTS

The performance of two classifiers was investigated:
RF and LSTM. For each, we investigated the following
features: structured features only (S) and structured
features enriched with phenotypical features from one of
the three phenotype annotators (ClinicalBERT, NCR and
Ours). Across all tasks, ClinicalBERT found 664 pheno-
types; NCR found 1441 phenotypes, and our model
found 1446 phenotypes, on average. Thirty per cent of
these phenotypes are persistent.

The results are presented in table 1, and those from
the statistical tests are presented in section A.5 (online
supplemental appendix). Additionally, we provide the
cross-validation results in section A.6 (online supple-
mental appendix). Overall, they showed that pheno-
typical information positively complements structured
information to improve performance on all tasks. The
improvements with our phenotyping model were statis-
tically significant across all tasks compared with using
S or alternative phenotyping algorithms, except for
in-hospital mortality with RF. This is explained by the
fact that phenotypes carry highly valuable informa-
tion.

DISCUSSION

Decision support systems in the healthcare domain
should be reliable, interpretable and robust; therefore,
we accompanied the aforementioned results with a thor-
ough study on interpretability both at the patient and
cohort levels and an assessment of robustness by studying
disease-specific subcohorts.
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Table 1 Results for (A) in-hospital mortality, (B) physiological decompensation and (C) LOS

(A) In-hospital mortality

Classification model
SAPS-II
APACHE-III
RF

LSTM

(B) Physiological decompensation

Classification model
RF

LSTM

(C) LOS
Classification model
RF

LSTM

Features design

S
S+NCR
S+CB
S+Ours
S4

S
S+NCR
S+CB
S+Ours

Features design
S

S+NCR

S+CB

S+Ours

S4

S

S+NCR

S+CB

S+Ours

Features design
S

S+NCR

S+CB

S+O0urs

S4

S

S+NCR

S+CB

S+Ours

AUC-ROC 1 AUC-PR 1
0.756 0.312
0.733 0.308

0.800 (0.775 to 0.824

(
0.828 (0.802 to 0.853
(
(

- = =

0.339 (0.286 to 0.395
0.467 (0.404 to 0.529

( )
( )
0.403 (0.345 to 0.463)
( )

0.812 (0.787 to 0.838

0.845 (0.826 to 0.873 0.462 (0.404 to 0.524

0.825 0.41

0.826 (0.801 to 0.848) 0.391 (0.334 to 0.452)

0.841 (0.818 to 0.864) 0.453 (0.393 to 0.513)

0.826 (0.802 to 0.849) 0.414 (0.355 to 0.476)
( ) ( )

0.845 (0.823 to 0.868

AUC-ROC 1

0.826 (0.821 to 0.831
0.825 (0.821 to 0.830
0.826 (0.821 to 0.830
0.845 (0.840 to 0.850
0.809
0.824
0.834
0.833
0.839

—_— = = |—

0.819 to 0.829
0.829 to 0.839
0.828 to 0.838
0.834 to 0.844

—_ = =~ | =

)
)
)
)

Kappa 1

0.390 (0.388 to 0.392
0.390 (0.388 to 0.392
0.376 (0.374 to 0.379
0.420 (0.418 to 0.422
0.395

0.380 (0.377 to 0.382
0.406 (0.404 to 0.408
0.388 (0.386 to 0.390
0.430 (0.427 to 0.432

—_ = = =

—_ = = =
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Test set scores are shown with 95% Cls in brackets, if applicable. The best score for each classifier is highlighted in bold. The first row of
LSTM refers to scores reported in previous literature, whereas the second row regards scores reproduced in this study with a comparable
cohort. Here, S refers to structured; NCR refers to neural concept recogniser'®; CB refers to ClinicalBERT; and Ours refers to our phenotyping

model.

APACHE-III, Acute Physiology and Chronic Health Evaluation Ill; AUC-ROC, area under the curve-receiver operating characteristic; CB,
ClinicalBERT; LOS, length of stay; LSTM, long short-term memory; MAD, mean absolute deviation; RF, random forest; SAPS-II, Simplified

Acute Physiology Score |II.

Phenotype persistency

We determined that it was beneficial to propagate pheno-
types forward in time. Each phenotype is marked by a
human clinical expert based on whether it typically persists
throughout the ICU stay. Consequently, transient (eg,
fever, cough and dyspnoea) and persistent (eg, diabetes

and cancer) phenotypes propagate until the appearance
of a new clinical note or the end of stay, respectively. We
performed an ablation study and observed that pheno-
type propagation was more beneficial for RF than LSTM.
The RF models with phenotype propagation achieved
4.6% higher AUG-ROC for in-hospital mortality, 2.5%
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higher AUC-ROC for decompensation and 3.4% higher
kappa for LOS than RF without phenotype propagation.
However, LSTM with phenotype propagation achieved
1.4% higher AUC-ROC for in-hospital mortality, compa-
rable results for decompensation, and 1.1% lower kappa
for LOS. We hypothesise that LSTM, by design, can better
capture temporal relationships, given a large amount of
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Glasgow coma scale total_15

Glasgow coma scale motor response_6 Obeys Commands
HP:0002793/Abnormal pattern of respiration

Glasgow coma scale verbal response_5 Oriented
HP:0007686/Abnormal pupillary function
HP:0002017/Nausea and vomiting

HP:0001692/Atrial arrhythmia

HP:0001941/Acidosis
HP:0002086/Abnormality of the respiratory system
HP:0012252/Abnormal respiratory system morphology

HP:0012649/Increased inflammatory response
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Glasgow coma scale total_15

Glasgow coma scale eye opening_4 Spontaneously

Oxygen saturation

Systolic blood pressure

Glasgow coma scale verbal response_5 Oriented
Glasgow coma scale motor response_1 No Response
Glasgow coma scale total_3

Mean blood pressure
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Diastolic blood pressure
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Glasgow coma scale verbal response_1.0 ET/Trach

data to learn from. The results are presented in section
A.7 (online supplemental appendix).

Phenotype importance

To elucidate the contribution of phenotypical features
to prediction performance, the most important features
were studied using the SHAP values.'” Because computing
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Figure 1 Top features for in-hospital mortality and physiological decompensation. Features are sorted in decreasing
importance according to their mean absolute SHAP values. Each row presents a condensed summary of the feature’s impact
on the prediction. Each data sample is represented as a single dot in each row, and its colour on a particular row represents
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SHAP values is computationally complex, to accelerate
the computation, this and all subsequent interpretability
analyses based on SHAP values were conducted on the RF
models rather than on the LSTM models. An illustration
of our investigation is shown in figure 1, where we present
the top predictive features for in-hospital mortality and
physiological decompensation. This confirms that pheno-
typical features are beneficial for in-hospital mortality
prediction, given that 13 of the 20 most important
features are phenotypes. This is explained by the fact that
forecasts need to rely on information that can provide
insights accurately into the long-term future.

Contrary to bedside measurements, which may not
correlate well with future outcomes owing to their
dynamic nature, phenotypes are highly informative,

given that they capture, for instance, comorbidities,
which are essential for predicting mortality.”> Further-
more, another study®* including 230000 ICU patients
found that combining comorbidities with acute physi-
ological measurements yielded the best results, outper-
forming traditional mortality scores (APACHE—H25 and
SAPS-IT?%).

Interestingly, the top-ranking feature for mortality
prediction is whether the patient experiences pain. We
also observed that the second top-ranking feature is
constitutional symptoms (HP:0025142). Noting that this is
actually the resulting phenotype after aggregating all of
its children, this phenotype should be interpreted not
as a textual mention in the patient’s EHR of the broad
term but rather as a mention of any of its children (most

1
I S
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Weight 1
HP:0002086_Abnormality of the respiratory system -
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lllustrative case for an ICU length of stay of more than 14 days. Time course of the normalised predicted probability

Figure 3

1
1
L 0.62

SHAP value

40 45
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—0.62

for a stay of more than 14 days and feature heatmap for a representative segment of the ICU stay. Each row of the heatmap
represents one of the top features. At each time step, a feature can contribute positively (red) or negatively (blue) for predicting a
stay of 14 days or more. Black horizontal bars at the right of each row represent the importance of the features. Note that a new
clinical note that is available at the 42nd hour (vertical dashed line) leads to an increase in confidence of longer stay due to new
features. Given the appearance of oedema, hypotension and abnormality of the respiratory system, the probability of a long stay

increases from 69% to 88%. ICU, intensive care unit.
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notably generalised pain). Consequently, the second
feature again highlights the importance of pain.

Although not decisive, some initial evidence corrobo-
rates the fact that pain management improves outcomes
in the ICU.?” However, pain can be interpreted as a proxy
for establishing a high level of consciousness, which has
been correlated with better outcomes in the ICU.*

The other top-ranking phenotypes, such as atrial
arrhythmia, nausea and vomiting, cover most of the body
systems (ie, heart, lungs, gastrointestinal tract, central
nervous system, coagulation, infection and kidneys),
which are typically assessed using clinically validated
scores, for example, APACHE-II and SAPS-II.

Our study also showed that, although phenotypical
features are not as important for decompensation as for
in-hospital mortality (only 3 out of the top 20 features for
this task were phenotypes), they are nonetheless useful
because they provide a more accurate estimation of the
predicted risk. Given that this task is concerned with
predicting mortality within the next 24hours, bedside
measurements become more informative because of their
temporal correlation (illustrated in section A.8, online
supplemental appendix). Nevertheless, bedside measure-
ments can be ambiguous or provide an incomplete
picture of the patient’s status without the data found in
clinical notes. For example, for one patient, neoplasm of
the respiratory system (HP:0100606) was found to be the
top feature, and although this phenotype was persistent,
it increased the risk of decompensation appropriately,
providing an overall better estimation. An illustration of
this patient is presented in section A.9 (online supple-
mental appendix).

Similarly, the top features for long lengths of stay
(more than 1week) are presented in section A.10 (online
supplemental appendix), where 10 of the 20 top features
are phenotypes.

Calibration

The calibration of machine learning models compares
the distribution of the probability predicted by the
models with the distribution of probabilities observed
in real patients. To measure model calibration, we used
the Brier score® (the lower, the better). Our investiga-
tion of the respective calibration curves (see figure 2 and
section A.11, online supplemental appendix) shows that
phenotypes from unstructured notes improve model cali-
bration across set-ups, especially for physiological decom-
pensation and in-hospital mortality, which means that the
distribution predicted by the models is closer to the real
distribution of patients.

Prognosis analysis

Beyond producing clinically relevant explanations at
the cohort level, with the help of SHAP values, we char-
acterised a patient’s disease trajectory and retrospec-
tively discovered when and why the patient was the most
vulnerable. For example, the fragment of a patient’s LOS
forecast in figure 3 illustrates an estimated probability,

41 hours after admission, of an LOS longer than 14 d
of 69%, mainly because the patient scored one on the
Glasgow Coma Scale verbal response. One hour later,
when a clinical note became available, worrisome pheno-
types appeared (including oedema, hypotension and
abnormality of the respiratory system). Consequently, the
estimated probability increased to 88%.

Cohort study

To understand its robustness, the performance of the
proposed approach was assessed on cohorts of patients
with different diseases, especially underrepresented
diseases. The test set was split into four disease-specific
cohorts for patients with cardiovascular disease, diabetes,
cancer and depression. The accuracies of the best LSTM
models (using structured and phenotypical features)
were reported individually for each cohort in each ICU
task.

For in-hospital mortality and physiological decompen-
sation, we observed comparable accuracies across the four
cohorts. We reported an AUC-ROC range of 0.780-0.826
for in-hospital mortality and 0.792-0.820 for physiolog-
ical decompensation in the four cohorts. In contrast, for
LOS, we observed lower kappa values of 0.321 and 0.330
for small cohorts with cancer and depression, respec-
tively, as opposed to 0.413 and 0.424 for larger cohorts
with cardiovascular diseases and diabetes. We hypothe-
sised that the nature of diseases has strong implications
for in-hospital mortality and physiological decompensa-
tion, whereas LOS can be influenced by more factors that
require larger data samples to model their interactions.
The results are presented in section A.12 (online supple-
mental appendix).

LIMITATIONS

This study was conducted on one data source, MIMIC-III;
hence, the validity of the observations must be confirmed
using other data sources. Furthermore, an investigation
of different care units may provide additional insights.
The analysis of phenotype importance is produced on
the RF, whose accuracy is superior to that of the baselines
but not as good as that of the LSTM. This is limited by
the poor computational efficiency of the SHAP values for
the LSTM. Moreover, phenotypes annotated as transient
are present only until a new clinical note appears in the
timeline. This is inconvenient because phenotypes may
be prematurely considered as not present because the
next available clinical note did not mention them.
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