Open access Letter

Improving the evidence base for digital
health interventions to increase

BM]) Health &
Care Informatics

To cite: Smith C. Improving
the evidence base for digital
health interventions to

increase contraception use.
BMJ Health Care Inform
2021;28:6100346. doi:10.1136/
bmijhci-2021-100346

Accepted 29 March 2021

| '.) Check for updates

© Author(s) (or their
employer(s)) 2021. Re-use
permitted under CC BY-NC. No
commercial re-use. See rights
and permissions. Published by
BMJ.

'School of Tropical Medicine
and Global Health, Nagasaki
University, Nagasaki, Japan
2Department of Clinical
Research, London School of
Hygiene and Tropical Medicine,
London, UK

Correspondence to
Dr Chris Smith;
christopher.smith@Ishtm.ac.uk

contraception use

Chris Smith ® 1?2

Contraception is a lifesaving and essential
component of healthcare. Since COVID-19
disrupted routine health service delivery,
increased use of digital health (or mHealth)
has been required to reduce risks to patients
and healthcare workers' * A recent systematic
review was, however, unable to draw concrete
conclusions on the overall effectiveness of
mHealth interventions to increase contracep-
tion use in low-income and middle-income
countries.” A meta-analysis was not possible
due to differences between study popula-
tions, interventions and outcomes. In the
meantime, another trial reported no measur-
able effect of an mHealth intervention for
female sex workers on unintended pregnancy
in Kenya, adding to the mixed evidence." A
better evidence base for digital health inter-
ventions to increase contraception use is
required, but how can this be achieved?

First, a common set of study outcome
measures for interventions for contraception
is required. To date, a variety of approaches
to measuring contraception use have been
used, to assess current use or adherence over
time. While objective measures such as using
biological markers or electronic medication
monitors are considered less prone to bias,
their use is challenging.” Thus subjective
measures enquiring about self-reported use
remain de rigueur for most trials, accepting
their known biases. An expert working group
could be convened with the aim of harmon-
ising contraceptive trial outcomes in order
to reduce heterogeneity between studies and
allow future meta-analyses.

Second, a deeper examination of the
intervention mode of delivery and resource
requirements is required. Distinctions
between unidirectional and interactive inter-
ventions are important but the intensity and
mode of interaction needs further evaluation.
The ideal digital health intervention would be
fully automated, scalable, safe and effective. It

remains to be seen whether this is possible for
contraception where there are a wide range
of methods, cultural beliefs and nuanced side
effects. Further understanding of the degree
of personal interaction required and overall
resource implications are important consid-
erations for service providers when consid-
ering replicability and scale.

Third, now is the time to conduct larger
studies that have shown to be effective, or
promising but underpowered, and prioritised
over trials of new interventions. Trials could
be undertaken in different settings, but use
the same outcome measures, maintaining the
core components of the original intervention,
subject to cultural or linguistic adaptions that
might be required. This should result in an
increased evidence base for service providers
wanting to adopt best practices in digital
health in their contraception programmes.
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ABSTRACT

Objectives To conduct systematic review and meta-
analysis of interventional studies to investigate the impact
of diabetes self-management education and support
(DSMES) apps on adherence in patients with type 2
diabetes mellitus (T2D).

Methods PubMed, Embase, CENTRAL, Web of Science,
Scopus and ProQuest were searched, in addition to
references of identified articles and similar reviews.
Experimental studies, reported in English, assessing
DSMES app intervention’s impact on adherence and
clinical outcomes of patients with T2D compared with
usual care were included. Study bias was assessed using
Cochrane Risk of Bias V.2.0 tool. Analysis plan involved
narrative synthesis, moderator and meta-analysis.
Results Six randomised controlled trials were included,
involving 696 participants (average age 57.6 years, SD
10.59). Mobile apps were mostly used for imputing clinical
data, dietary intake or physical activity, and transmitting
information to the provider. At 3 months, DSMES apps
proved effective in improving medication adherence
(standardized mean difference (SMD)=0.393, 95% Cl 0.17
to 0.61), glycated haemoglobin (HbA1c) (mean difference
(MD)=-0.314, 95% CI —0.477 to —0.151) and Body Mass
Index (BMI) (MD=-0.28, 95% Cl —0.545 to —0.015). All
pooled estimates had low heterogeneity (P 0%). Four
studies had moderate risk of bias while one each was
judged to be low and high risks, respectively.

Conclusion DSMES apps had significant small to
moderate effects on medication adherence, HbA1c and
BMI of patients with T2D compared with usual care. Apps
were described as reliable, easy to use and convenient,
though participants were required to be phone literate.
Evidence comes from feasibility trials with generally
moderate risk of bias. Larger trials with longer follow-up
periods using theory-based interventions are required to
improve current evidence.

BACKGROUND

The burden of diabetes mellitus (DM) has
grown enormously over the years with its
prevalence is estimated to be more than
500 million globally in 2018, being one of
the leading causes of death worldwide with
an estimated economic burden of around

56789 Usman Igbal

2,6,10

US$1.3 trillion as of 2015.17* DM is character-
ised by two major types: type 1 DM and type
2 diabetes mellitus (T2D), the latter consti-
tuting the majority of all known DM cases.
Major risk factors for the disease include
obesity and lack of exercise with long-term
complications leading to stroke, leg ampu-
tation, and kidney and heart or eye prob-
lems.? T2D has no cure and, as such, patients
are bound to lifelong treatment of which, if
committed to, is associated with prevention of
complications, lower medical costs and conse-
quently better quality of life.”°

A commitment to T2D treatment means
being fully adherent to medical prescriptions,
diet and exercise plans. Treatment adherence
is the extent to which a person’s behaviour,
medication use, and diet or lifestyle changes
correspond to agreed recommendations
from a healthcare provider.7 However, treat-
ment adherence in patients with chronic
diseases, including DM, has been reported to
be suboptimal.®?

Several techniques, such as single-dose
regimens, reminders and easy packaging,
have been used to improve treatment adher-
ence.'” One of these techniques, diabetes
self-management education and support
(DSMES), has been used to cover lifestyle,
medication, blood glucose monitoring and
other psychosocial aspects of treatment—all
of which have been associated with improved
health outcomes and reduced medical costs."!
DSMES is a patient-centred and holistic
approach that makes it one of the most ideal
techniques to improve treatment adherence
of patients with T2D.

Furthermore, delivery of DSMES through
technologies such as mobile health (m-health)
may improve coverage and convenience for
patients. m-health helps to improve adherence
including by setting automated reminders
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and messages, and simplifying tracking of medication and
prescriptions.'” ' Tt is the the most common technology
adopted by WHO member states."” In addition, the Amer-
ican Diabetes Association includes m-health into ‘stan-
dard of medical care’ for DM.'* Unfortunately despite this
endorsement, m-health is often underused in managing
DM." There is even lower patronage for apps that would
help improve medication adherence.'®

There is even fewer literature covering the effect of
mobile app-delivered interventions that aim at improving
adherence in the T2D population. Majority of prior
reviews have concentrated on assessing effectiveness of
SMS interventions on medication adherence.'"’ '” One
review did report the effect of app-delivered interven-
tions; however, the study population was heterogeneous
with little representation of patients with T2D."® Other
reviews have aimed at assessing m-health intervention
effects on glycaemic control.'

However, to our knowledge, no review was found to
evaluate impact of mobile app-delivered DSMES on
adherence specifically in the T2D population. Studies
have concentrated on medication adherence rather than
lifestyle modification adherence. Furthermore, prior
reviews have reported inconsistent findings, lack of clarity
on definition and measurement of medication adher-
ence, and inadequate use of theoretical frameworks in
the study interventions.'”*'

Results of the current review would help add clarity
to existing literature and offer quantitative evidence on
the impact of app-delivered diabetes education and self-
management support on treatment adherence of patients
with T2D. The review’s findings would also offer crucial
applicability details to information technology and health
professionals involved in efforts to reduce global DM
burden.

Thus, we aimed to assess the effectiveness of mobile
app-delivered DSMES to improve medication adherence
and clinical outcomes in patients with T2D. We conducted
a systematic review and meta-analysis of experimental
studies to address this goal.

METHODS

Design and data sources

We followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2 The study protocol
was registered with Open Science Framework (link: https://
osf.io/z6sgk). Research team members (DEN and C]S)
searched five academic databases from 1 to 14 August 2020,
in two phases, for articles published from inception until 31
July 2020: PubMed, Embase, CENTRAL, Web of Science,
ProQuest and Scopus. Medical Subject Headings (MeSH)
and free-text terms were both used to combine keywords, as
illustrated in the online supplemental file tables SI).

ELIGIBILITY CRITERIA
Studies were included if they had (1) adults, 18 years or
older, with T2D; (2) independent analysis of participants

with T2D in multidisease studies; (3) reported use of
mobile apps giving DSMES as a principal intervention;
(4) medication or lifestyle therapy adherence as an
outcome; (5) experimental design; and (6) been reported
in English. Studies were excluded if control groups used
any type of digital technology or did not include routine
diabetes care.

Study collection, selection and data extraction

The studies were independently screened (DEN and CJS)
with disputes being resolved through consensus with a
separate expert reviewer (UI). Variable and characteris-
tics were independently extracted team members (DEN,
CJS and KJB) using a standard sheet adopted from a
Cochrane Public Health Group template.* Missing infor-
mation was sought after by contacting authors through
email. If the data could still not be retrieved, the study was
excluded from the quantitative analysis.

QUALITY ASSESSMENT

Study bias was assessed using Cochrane’s Risk of Bias
V.2.0 tool independently by team members (DEN and
KJB).** Studies were graded according to their randomi-
sation process, deviation from intended interventions,
handling of missing data, measurement of outcomes and
reporting of results. Each domain was judged as high, low
or moderate risk (some concerns). Overall risk of bias
depended on the assessment of the individual domains.
Assessment was to be conducted for each outcome.
However, outcomes were grouped into primary (adher-
ence) and clinical outcomes (glycated haemoglobin
(HbAlc), Body Mass Index (BMI), blood pressure (BP)
and total cholesterol). Across-study bias was assessed
using a funnel plot and Egger’s regression test.

Data analysis

Narrative synthesis

Qualitative analysis involved description of population
and intervention characteristics. Items included accept-
ability, challenges and use of cointerventions.

Quantitative analysis

Fixed-effects meta-analysis was performed using pairwise
comparison at 3 months after baseline measurements.
Medication and patient adherence were presented using
standardized mean difference (SMD) with 95% Cls.
Change in HbAlc, BMI, total cholesterol and BP would be
expressed using difference in means (MD) with 95% CI.
Quantitative analysis was conducted using Comprehen-
sive Meta-Analysis V.3 (Biostat, Englewood, USA). During
analysis, an outcome, patient adherence, was created
as an aggregate of medication and lifestyle adherence
estimates. Preintervention and postintervention score
correlation was set at 0.5. For studies presenting results
as median and IQR or range, their data were converted
intoggnean and SD.*?° SDs were also calculated from 95%
Cls.
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Heterogeneity

Heterogeneity was assessed using the I statistic. It was
expressed as low (less than 25%), moderate (26%-74%)
or high (more than 75%),”® and importantly, interpreted
according to its general context. Further explanations of
high heterogeneity would be done in moderator analysis.

Moderator analysis
Subgroup analysis aimed to assess measures of effect
according to intervention characteristics such as pres-
ence of cointervention, theoretical frameworks, content
(diabetes self-management education/diabetes self-
management support/DSMES), risk of bias assessment
presence of comorbidities or complications and frequency
(daily/weekly/monthly). We expected to do
metaregression using the following variables: age,
gender ratio, sample size, duration of disease and mean
HbAlc, BP and BMI levels.

Sensitivity analysis
We aimed to assess the robustness of review estimates.
This was performed by changing of preintervention and
postintervention value correlation from 0.5 to 0.2 and
0.8, respectively.

RESULTS

A total of 3460 articles were identified, from which 405 were
duplicates or published in languages other than English.
A total of 3080 articles were screened for eligibility. After

screening using title and abstracts, 27 articles underwent
full-text review from which 21 studies were excluded due
to ineligible population, intervention, study design or
outcome. Finally, six studies were included into the review,
one of which was excluded from quantitative analysis due
to insufficient data.*” All studies were conducted in Asia
and Europe. Further details are illustrated in figure 1.

Study characteristics were assessed for diabetes dura-
tion, participant age and gender ratio, comorbidities and
medications (table 1). The review population consisted
of 696 participants with an average age of 57.6 years
(SD 10.59), and 320 (45.98%) were female. Duration of
disease since diagnosis ranged from 6 months to 18 years,
with all studies reporting presence of concurrent hyper-
tension and dyslipidaemia in varying percentages. One
study reported presence of complications such as neurop-
athy and kidney disease.™

Studies were randomised controlled trials (RCTs) with
either as a single-blind or open-label trial, and all, except
one,” were exploratory. One study was conducted in a
tertiary Clinic,30 while the rest were conducted in primary
healthcare (PHC) settings.

Interventions were used daily with the implementation
period ranging from 6 weeks to 6 months. Two studies
offered both self-management support and education.***
The rest offered only self-management support. Use of
theoretical framework was only reported in one study.”
Compliance to mobile app interventions ranged from
69.6% to 88.0%.

Additional records identified through

g PubMed 2743, EMBASE 392, other sources

g CENTRAL 11, Web of Science 142, Scopus 122, ProQuest (n=25)
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Figure 1

Research framework according to Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines.
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Table 1 Characteristics of included studies and interventions

ID Population Design Intervention
ID, country 1. Diabetes duration. 1. Setting. 1. Functions.
2. Age. 2. Sample size. 2. Cointerventions.
3. Female ratio. 3. Intervention 3. Theory.
4. Comorbidities. duration. 4. DSME/DSMES.
5. Medication. 4. Blinding.
5. Design.
6. Control.
7. ROB.
Brath et al,** 1. NR. 1. PHC. 1.Received data from e-blister and transmitted to
Austria 2. 69.4 (SD 4.8). 2. 1=53, C=53. providers’ server.
3. 30 (54.5%). 3. 6 months. 2. e-blister, provider portal and reminder calls.
4. HTN and HCHL. 4. Single. 3. NR.
5. Oral AHs. 5. Crossover. 4. DSMS.
6. Standard blister.
7. High.
Alonso- 1. 6.55 (SD 4.64). 1. PHC. 1. Entering food intake and daily exercise data, provide
Dominguez et al,** 2. 69.6 (SD 8.1). 2. 1=102, C=102. detailed information on nutritional deviations in terms of
Spain 3. 93 (45.6%). 3. 3 months. diet composition and number of calories.
4. HTN and HCHL. 4. Open-label. 2. Walks, workshops.
5. Oral AHs. 5. Parallel. 3. NR.
6. Usual care. 4. DSMES.
7. Some concerns.
Huang et al,*° 1. 14.44 (SD 8.4). 1. TC. 1. Medication scheduling, reminder, tracking, data
Singapore 2. 49.08 (SD 11.4). 2. 1=22, C=19. sharing and medication adherence assessments.
3. 21 (51.2%). 3. 3 months. 2. NR.
4. HTN and HCHL. 4. Single. 3. DSMS.
5. Oral AHs and insulin. 5. Parallel.
6. Usual care.
7. Some concerns.
Kardas et al,?® 1. NR. 1. PHC. 1. Clinical monitoring, transmission (ECG, glucose, BP
Poland 2. 59.5 (SD 6.8). 2. 1=30, C=30. and respiration).
3. 24 (40%). 3. 6 weeks. 2. MEMS.
4. HTN, HCHL and CAD. 4. Open-label. 3. NR.
5. Oral AHs. 5. Parallel. 4. DSMES.
6. Usual care.
7. Some concerns.
Kleinman etal,®® 1. 9.67 (SD 8.29). 1. PHC. 1. Reminders, data visualisation, and ongoing support
India 2. 48.4 (SD 9.2). 2. 1=44, C=46. to increase self-care behaviours and to facilitate
3. 30 (30%). 3. 6 months. collaborative care decisions and interactions with
4. HTN and HCHL. 4. Single. providers.
5. Oral AHs and insulin. 5. Parallel. 2. Provider portal and app.
6. Usual care. 3. Health Belief Model (HBM) theory of planned
7. Low. behaviour and Bandura’s theory of self-efficacy.
4. DSMS.
Yang et al,*' South 1. NR. PHC. 1. Clinical monitoring and transmission to provider
Korea 2. 57.6 (SD 10.59). . 1=150, C=97. portals.
3. 122 (49.4%). 3 months. 2. Short Message Service (SMS),'? provider portal.
4. HTN and HCHL. . Open-label. 3. NR.
)

. Oral AHs and insulin.

N0 AWM

. Parallel cluster.

Usual care.

. Some concerns.

4. DSMS.

Comorbidities: HTN, HCHL and CAD.
Settings: PHC and TC.

Sample size: | and C.

AH, antihyperglycaemic; BP, blood pressure; C, control group; CAD, coronary artery disease; DSMES, diabetes self-management education
and support; DSMS, diabetes self-management support; HBM, Health Belief Model; HCHL, hypercholesterolaemia; HTN, hypertension; |,

intervention group; MEMS, Medication Event Monitoring System; NR, not reported; PHC, primary healthcare; ROB, risk of bias; SMS, Short
Message Service; TC, tertiary care.
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Mobile app functions included recording food intake,
physical activity and clinical information such as BP and
glucose levels.””* Other functions included alerting
users if their uploaded data deviated from prespecified
standards.” * Intervention apps also helped participants
track and schedule medication, visualise and transmit
data to providers and act as automated reminders.*** For
measurement of clinical data, participants were equipped
with instruments such as glucose monitors and strips.

The most common cointervention was provider portals
which helped providers review transmitted patient data
which they used to offer feedback to participants.” ****
Additional reminders were provided in two studies.” **
Brath et al* offered e-blisters, which helped participants
adhere to their medication.® Most interventions were
guided by physicians. Control groups were offered usual
clinic consultations, except for one study in which partic-
ipants also received standard blisters and medication
diaries.”*

Acceptability was high among participants. Participants
commended apps for their speed, ease of use and conve-
nience.” ** ** Other participants reported that they liked
that providers were familiar with their regimens.* Partic-
ipants indicated that interventions would improve their
self-confidence in managing diseases and that they would

Brath et al 2013
Brath etal 2013
Huang et al 2019
Huang et al 2019
Kleinmann et al 2017
Kleinmann et al 2017
Yang et al, 2020
Yang et al, 2020

Kardas et al, 2016

medication adherence

clinical outcome

medication adherence

clinical outcomes

medication adherence

clinical outcomes

medication adherence

clinical outcomes

medication adherence

use app afterwards.* %’

4

5]

=

[=%

=

2

®

N

£

S

©

{ =

Study ID Outcome &
Dominguez et al 2019 clinical outcomes ‘
Dominguez et al 2019 dietary adherence .

?

-~

Y | ’ . . . Deviations from intended interventions

~Kardas etal, 2016 clinical outcomes

Figure 2 Risk of bias assessment chart. Note: clinical outcomes: blood pressure,

and total cholesterol.

In terms of operation ability, participants were expected
to have a working knowledge of phones and apps. In
addition, researchers offered training to all participants
to ensure proper use of interventions. Some of the
challenges reported included technical complexity,™ **
frequent need to recharge gadgets and lack of glucose
strips.?

Quality of studies
In terms of risk of bias, two studies were deemed as
high® and low risks.” The rest were judged as having
some concerns.” ™ Major concerns were inadequate
20-31 34 PR
possibility
of reporting bias,”*** lack of blinding®?* ** and lack
of optimal handling of missing data.”® *' ** Risk of bias
assessment is illustrated in figure 2. Attrition rates
ranged from 0% to 31%. Publication bias was not
detected (p=0.398).

reporting of randomisation process,

Moderator analysis and sensitivity analysis

Due to the small number of studies, subgroup analyses
were not performed. Changing precorrelation/postcor-
relation from 0.5 to 0.2 and 0.8 did not significantly alter
review effect estimates (see online supplemental figures

S2-7).

. Low risk

3
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Study name Outcome Time point Statistics for each study

Std diff Standard Lower Upper

in means error Variance limit limit
Huang et al, 2019 adherence 3.000 0.740 0.324  0.105 0.106 1.374 2.286
Kleinmann et al, 2017adherence 3.000 0.246 0.251  0.063 -0.246 0.739  0.980
Yang et al, 2020 adherence 3.000 0.376 0.134  0.018 0.114 0.637 2.813
0.393 0.111 0.012 0.176 0.610 3.549

Q=1.507, df=2, p-value 0.471 P=0%

Sample size Std diff in means and 95% CI

Z-Value p-ValueInterventionControl

002 2 19
0327 44 46
0.005 145 94 —
0000 211 159 <
-2.00 -1.00 0.00 1.00 2.00

Favours Usual Care Favours Mobile app

Figure 3 Fixed-effects meta-analysis: standardized mean difference (SMD) of medication adherence at 3 months between
diabetes self-management education and support app and usual care groups.

Intervention effect

Review estimates were aggregated from study results at
3 months from baseline measurements. Pooled analysis
showed that DSMES app improved medication adherence
(SMD=0.393, 95% CI 0.17 to 0.61; ’=0%) and patient
adherence (SMD=0.632, 95% CI 0.17 to 1.094; F=83%)
compared with usual care. Interventions also reduced
Hbalc (MD=-0.314, 95% CI -0.477 to —0.151; ’=0%) and
BMI (MD=-0.28, 95% CI ~0.545 to -0.015; ’=0%). The
authors did not pool results for BP (few studies) and total
cholesterol (high heterogeneity). Results are illustrated
in figures 3-5.

DISCUSSION

After 3 months of DSMES app intervention, participants
had a small but significant improvement in medication
adherence compared with those receiving usual care.
The intervention also had a small and moderate effect on
HbAlc and BMI, respectively.

Medication adherence improved significantly after
receiving 3 months of intervention. Intervention effect
was also highly consistent among students (F=0%).
Improved medication adherence is a good developmentas
itis associated with positive health outcomes and delay in
development of DM complications.”” However, achieving
optimal adherence is an ongoing challenge as patients
are required to strictly follow dosages and recommenda-
tions from initiation to long-term continuation of disease
management throughout their lives.”® The current review

Study name Outcome Time point Statistics for each study

Difference Standard Lower Upper

in means error  Variance limit  limit
Dominguez etal, 2019 HbAlc  3.000 -0.100 0.167 0.028 -0427 0227 -0.600
Huang et al, 2019 HbAlc  3.000 -0.500 0.660 0436 -1.795 0795 -0.757
Kleinmann et al, 2017 HbAlc  3.000 -0.600 0.269 0072 -1128 -0072 -2229
Yang et al, 2020 HbAlc  3.000 -0.350 0.104 0011 -0554 -0.146 -3359
-0314 0.083 0.007 -0477 -0.151 -3.769

Q=2.977, df=3, p-value 0.395 ’=0%

shows that DSMES apps could help by acting as reminders
and communication channels, scheduling and calcu-
lating doses as well. In a way, they do unburden patients
and allow them to sync DM management effortlessly into
their lives. A review by Peng et al found similar findings
in participants with various chronic diseases.'® The use of
simple messages has been widely studied with contrasting
results,'” 7 including the use of mobile apps to improve
medication adherence.

Lifestyle adherence was measured in one study.’
Thus, a postanalysis outcome, patient adherence, was
made by aggregating medication and lifestyle adherence
outcomes. The pooled estimate showed a moderate and
significant effect compared with usual care, though there
was high heterogeneity observed. Adherence to lifestyle
recommendations is important as they play a crucial role
in controlling T2D. Patients who manage the diet and
increase physical activity are more likely to fare well in
terms of health outcomes.” Lifestyle therapy adherence
is also crucial to controlling other comorbidities such as
hypertension, which were present in all studies.™

Studies all had cointerventions; most commonly, provider
portals and independent reminders were used. These
components illustrate the importance of patient—provider
interaction, which have proven useful in improving other
health outcome.” The review does not have evidence that
this feature, or any other intervention component or popu-
lation characteristic, was vital in improving adherence partly
due to failure to conduct moderator analysis.

Sample size Difference in means and 95% CI

Z-Value p-Value Intervention Control

0.548 94 91 ——
0449 2 19 $

0.026 44 46 }

0.001 145 94 e
0000 305 250 &

-2.00 -1.00 0.00 1.00 2.00

Favours Mobile app Favours Usual Care

Figure 4 Fixed-effects meta-analysis: mean difference (MD) of glycated haemoglobin at 3 months between diabetes self-

management education and support app and usual care groups.
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Study name Outcome Time point Statistics for each study

Difference Standard
in means

Lower Upper
error  Variance  limit limit
Dominguez et al, 2019 BMI

Huang et al, 2019 BMI

3.000 -0.300 0.152 0.023 -0598 -0.002 -1972

3.000 -3.700 2779 7723 9147 1747 -1331

Kleinmann etal, 2017~ BMI 3.000 -1.100 -3217 1017 -1.019

Yang et al, 2020 BMI 3.000 -0.090 -0693 0513  -0293

-0.280 0.135 -0.545 -0.015 -2.072

Q=2.490, df=3, p-value 0.477 P=0%

Sample size Difference in means and 95% CI

Z-Value p-Value Intervention Control

0.049 94 91
0.183 22 18 T
0.308 4 46 T
0.770 145 94
0.038 305 249

-

o

-4.00 -2.00 0.00 2.00 4.00

Favours Mobile app Favours Usual Care

Figure 5 Fixed-effects meta-analysis: mean difference (MD) of Body Mass Index at 3 months between diabetes self-

management education and support app and usual care groups.

In terms of DSMES, with advances in technology, health-
care providers are also transitioning from or at least compli-
menting traditional delivery media with digital tools."* As
earlier stated, DSMES covers a lot of crucial topics including
patient adherence to treatment."! However, from the current
review, studies show that mobile apps are mostly being used
to offer selfmanagement support or in combination with
diabetes education.”* It is likely that pure diabetes educa-
tion services are offered using either online or messaging
services. Regardless, DSMES apps have the potential to offer
both diabetes education and selfmanagement support.”
Thus, implementers of DSMES interventions would ideally
design a separate component of education using tools like
websites and Short Message Service (SMS) or incorporate the
education component into a self-management mobile app.

Our pooled effect estimate on HbAlc showed a small but
significant reduction compared with usual care. The findings
are in line previous literature.” * HbAlc is an important
indicator of disease control though its efficacy as a screening
tool is still debated.* DSMES app functions, such as glucose
monitoring and calculation of doses, would have played a
role in improving HbAlc in review participants. In addition,
medication adherence may have also influenced glycaemic
control.* Further research is required to shed more light
on the association between HbAlc levels and medication
adherence.

BMI is a direct indicator of patient adherence to life-
style recommendations. It is noticeable that both patient
adherence and BMI significantly improved, begging the
question: how, if at all, are the two outcomes correlated?
However, as earlier stated, the review was underpow-
ered to conduct such analysis. BMI is crucial for patients
with T2D, as increased BMI is an important risk factor in
developing adverse cardiometabolic events and other non-
communicable diseases.”” * Managing BMI through lifestyle
modifications should be given as much emphasis as medical
treatment. Most treatment protocols, of course, include life-
style management.*® However, few interventions targeted
lifestyle therapies.”* On the other hand, studies that target
lifestyle interventions seldom included patients with T2D.
Consequently, most of these studies were excluded from the
review.

Applicability

Intervention group participants were generally accepting
of DSMES apps. Major advantages reported were
convenience, ease of use, and being motivational and
knowledgeable. Interventions acted as a medium of
communication, increasing frequency of interactions
from usual month or quarterly consultation to at time
weekly. This advantage could possibly help providers spot
anomalies faster, address emerging problems earlier and
eventually reduce medical costs.

In terms of feasibility, first, for the system to work,
there needs technical expertise, and second, patients are
required to be digitally literate. The review’s population
was mostly old adults who might not be very technolog-
ically adept."® However, studies reported assistance to
participants whenever it was required.

Strengths

This review was tailored to the use of DSMES apps by
patients with T2D and their impact on adherence. Results
of all prespecified outcomes have shown a high consis-
tency among included studies. Studies are all RCTs and
were mostly conducted in PHC settings, which is general-
isable to most patients with T2D.

Limitations

Several factors need to be taken into consideration. First,
studies are mostly feasible trials. Second, few studies
meant reviewers could not achieve moderator analysis.
The first two limitations could indicate that relatively little
research has been conducted on this topic. Third, it is
difficult to ascertain which intervention component was
vital in improving outcomes. Adherence was self-reported
in some studies, raising the possibility of reporter bias.
Fourth, use of theoretical frameworks was reported in
only one study,” although they are known to be important
in development of interventions.

Further research

First, DSMES app intervention needs to be tested in larger
trials. In addition, the review reports results measured at
3 months. There is a need to study the long-term impact
of DSMES apps on both medication and lifestyle therapy
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adherence. Furthermore, long-term follow-up would allow
the measurement of outcomes, such as persistence. Lastly,
use of theoretical frameworks during intervention imple-
mentation is highly recommended in future studies.'’

CONCLUSION

Pooled analysis showed that DSME apps had significant
small to moderate effects on medication adherence,
HbAlc and BMI of patients with T2D in comparison to
usual care. All results had low heterogeneity. Participant
feedback showed apps were reliable, easy to use and
convenient, though most required to be phone literate.
Evidence comes from feasibility trials with generally
moderate risk of bias. Larger trials with longer follow-up
periods using theory-based interventions are required to
improved current evidence.
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INTRODUCTION
Machine learning for healthcare (MLHC)
is at the juncture of leaping from the pages
of journals and conference proceedings
to clinical implementation at the bedside.
Succeeding in this endeavour requires the
synthesis of insights from both the machine
learning and healthcare domains, in order
to ensure that the unique characteristics
of MLHC are leveraged to maximise bene-
fits and minimise risks. An important part
of this effort is establishing and formalising
processes and procedures for characterising
these tools and assessing their performance.
Meaningful progress in this direction can be
found in recently developed guidelines for
the development of MLHC models," guide-
lines for the design and reporting of MLHC
clinical trials,”* and protocols for the regula-
tory assessment of MLHC tools.*®

But while such guidelines and protocols
engage extensively with relevant technical
considerations, engagement with issues
of fairness, bias and unintended disparate
impact is lacking. Such issues have taken on
a place of prominence in the broader ML
community,”” with recent work highlighting
issues such as racial disparities in the accuracy
of facial recognition and gender classifica-
tion software,” '’ gender bias in the output of
natural language processing models" * and
racial bias in algorithms for bail and criminal
sentencing.”” MLHC is not immune to these
concerns, as seen in disparate outcomes
from algorithms for allocating healthcare
resources,'* ” bias in language models devel-
oped on clinical notes'® and melanoma detec-
tion models developed primarily on images
of light-coloured skin.'” Within this paper, we
will examine the inclusion of fairness in recent
guidelines for MLHC model reporting, clin-
ical trials and regulatory approval. We high-
light opportunities to ensure that fairness is

4,5,6

made fundamental to MLHC, and examine
ways how this can be operationalised for the
MLHC context.

FAIRNESS AS AN AFTERTHOUGHT?

Model development and trial reporting guidelines
Several recent documents have attempted,
with varying degrees of practical implication,
to enumerate guiding principles for MLHC.
Broadly, these documents do an excellent job
of highlighting artificial intelligence (AI)-
specific technical and operational concerns,
such as how to handle human-Al interaction,
or how to account for model performance
errors. Yet as outlined in table 1, references
to fairness are either conspicuously absent,
made merely in passing, or relegated to
supplemental discussion.

Notable examples are the recent the Stan-
dard Protocol Items: Recommendations
for Interventional TrialssAl (SPIRIT-AI)?
and Consolidated Standards of Reporting
Trials-AI (CONSORT-AI)® extensions, which
expand prominent guidelines for the design
and reporting of Al clinical trials to include
concerns relevant to AI. While the latter states
in the discussion that ‘investigators should
also be encouraged to explore differences
in performance and error rates across popu-
lation subgroups’,” there is no more formal
inclusion of the concept into the guideline
itself. Similarly, the announcement papers
for the upcoming Transparent Reporting of a
multivariable prediction model for Individual
Prognosis or Diagnosis-ML. (TRIPOD-ML)"®
andStandards for Reporting of Diagnostic
Accuracy Studies Al Extension (STARD-AI) "
guidelines for model reporting do not allude
to these issues (though we wait in anticipa-
tion for their potential inclusion in the final
versions of these guidelines). While recently
published guidelines from the editors of
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Table 1 Fairness in recently released and upcoming
guidelines
Guideline How is fairness included?

Reporting guidelines

Development and Reporting of Discussion of the risk of unfairness
Prediction Models: Guidance s included in https://www.ncbi.nim.
for Authors From Editors of nih.gov/pmc/articles/PMC7161722/
Respiratory, Sleep, and Critical bin/ccm-48-0623-s001.docx but
Care Journals' not the main document.

TRIPOD-ML (Announcement
Statement Only)'®

STARD-AI (Announcement
Statement Only)'®

Checklist for Artificial
Intelligence in Medical
Imaging®’

No explicit mention.

No explicit mention.

Bias discussed, but not clearly in
the context of fairness with respect
to differential performance or
impact between patient groups.

Clinical Trial Guidelines

CONSORT-AI Extension® Fairness is brought up in the
discussion section but not included
explicitly in any of the guideline
checklist points.

SPIRIT-Al Extension? No explicit mention.

CONSORT-AI, Consolidated Standards of Reporting Trials—Artificial
Intelligence; SPIRIT-Al, Standard Protocol Items: Recommendations
for Interventional Trials-Artificial Intelligence; STARD-AI, Standards
for Reporting of Diagnostic Accuracy Studies—Atrtificial Intelligence

; TRIPOD-ML, Transparent Reporting of a multivariable prediction
model for Individual Prognosis or Diagnosis-Machine Learning.

respiratory, sleep and critical care medicine journals
engage with the concept in an exemplary fashion, the
depth of their discussion is relegated to a supplementary
segment of the paper.1

Regulatory guidance

Broadly, the engagement of prominent regulatory bodies
with MLHC remains at a preliminary stage, and engage-
ment with fairness tends to be either minimal or vague.
The Food and Drug Administration in the USA has made
significant strides towards modernisation of its frame-
works for the approval and regulation of software-based
medical interventions, including MLHC tools.” Their
documents engage broadly with technical concerns, and
criteria for effective clinical evaluation, but entirely lack
discussion of fairness or the relationship between these
tools and the broader health equity context.”’ The Cana-
dian Agency for Drugs and Technologies in Health has
explicitly highlighted the need for fairness and bias to be
considered, but further elaboration is lacking.”'

The work of the European Union on this topic remains
at a broad stage. While their documents do make refer-
ence to principles of ‘diversity, non-discrimination and
fairness’, they do so in a very broad manner without any
clearly operationalised specifics.” * The engagement of
the UK with MLHC is relatively advanced, with several
prominent reports engaging with the topic,” " and an
explicit ‘Code of Conduct for Data-Driven Healthcare
Technology’®” from the Department of Health and Social

Care that highlights the need for fairness. However,
the specifics of this regulatory approach are still being
decided, and no clear guidance has yet been put forth
to clarify these principles in practice.”® MLHC as a whole
would benefit from increased clarity and force in regula-
tory guidance from these major agencies.”

OPERATIONALISING FAIRNESS IN MLHC PRACTICE

If fairness is an afterthought in the design and reporting
of MLHC papers and trials, as well as regulatory processes,
it is likely to remain an afterthought in the development
and implementation of MLHC tools. If MLHC is going to
prove effective for— and be trusted by—a diverse range
of patients, fairness cannot be a post-hoc and after-the-
fact consideration. Nor is it sufficient for fairness to be a
vague abstraction of academic importance but ineffectual
consequence. The present moment affords a tremendous
opportunity to define MLHC such that fairness is inte-
gral, and to ensure that this commitment is reflected in
model reporting guidelines, clinical trial guidelines and
regulatory approaches.

However, moving from vague commitments of fairness
to practical and effective guidance is far from a trivial
task. As work in the machine learning community has
demonstrated, fairness has multiple definitions which can
occasionally be incompatible,7 and bias can arise from a
complex range of sources.” Operationalisation of fair-
ness must be contextspecific, and embeds the relevant
values in a field. We call for concerted effort from the
MLHC community, and in particular the groups respon-
sible for the development and propagation of guidelines,
to affirm a commitment to fairness in an explicit and
operationalised fashion. Similarly, we call on the various
regulatory agencies to establish clear minimum standards
for Al fairness. In box 1, we highlight a non-exhaustive
series of recommendations that are likely to be beneficial
as the MLHC community engages in this endeavour.

Box1 Recommendations for operationalising fairness

Recommendations

» Engage members of the public and in particular members of mar-
ginalised communities in the process of determining acceptable
fairness standards.

» Collect necessary data on vulnerable protected groups in order to
perform audits of model function (eg, on race, gender).

» Analyse and report model performance for different intersectional
subpopulations at risk of unfair outcomes.

» Establish target thresholds and maximum disparities for model
function between groups.

» Be transparent regarding the specific definitions of fairness that are
used in the evaluation of a machine learning for healthcare (MLHC)
model.

» Explicitly evaluate for disparate treatment and disparate impact in
MLHC clinical trials.

» Commit to postmarketing surveillance to assess the ongoing real-
world impact of MLHC models.
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CONCLUSION

Values are embedded throughout the MLHC pipe-
line, from the design of models, to the execution and
reporting of trials, to the regulatory approval process.
Guidelines hold significant power in defining what is
worthy of emphasis. While fairness is essential to the
impact and consequences of MLHC tools, the concept
is often conspicuously absent or ineffectually vague in
emerging guidelines. The field of machine MLHC has
the opportunity at this juncture to render fairness inte-
gral to the identity field. We call on the MLHC commu-
nity to commit to the project of operationalising fairness,
and to emphasise fairness as a requirement in practice.
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INTRODUCTION

Burn-out, a state of mental exhaustion caused
by one’s profession, is particularly acute
among clinicians, especially in the USA."™
Oncology clinicians seem to be particularly
affected.™™ It is now acknowledged that use
of electronic health record systems (EHRs),
contributes to clinicians’ dissatisfaction and
9% predominantly via the excessive
requirements posed on clinicians for data
entry.'* A recent special issue in the Journal
of the American Medical Informatics Association
included a number of papers that focused
on quantitative measures of time spent on
data entry and numbers of entries,””® all
demonstrating that quantity of work is a key
contributor to burn-out. In this perspective
piece, we highlight and explain how there
are additional mechanisms for EHRs to
induce burn-out, such as the organisation of
information on screen, and poor support for
cognitive tasks.'” ** Specifically, EHR inter-
face designs tend to fragment information,21
making it difficult to ‘get the full picture’ of
a patient case, thus increasing the cognitive
burden for tasks associated with clinical deci-
sion making.” The lack of an effective display
of a patient’s treatment as a whole may thus
be one of the contributing factors of clini-
cian burn-out.* In our view, it is not only the
quantity of EHR related work that leads to
burn-out, but the quality of the work—the
cognitive burden.

An exemplar case of the phenomenon of
fragmentation of information about a patient
treatment and the consequences for clinicians’
cognitive burden is provided by the design
of EHR systems for cancer care, and more
specifically the design of electronic oncology
treatment regimens. These are linked, multidis-
ciplinary, longitudinal records, not too dissim-
ilar to electronic clinical pathways, linking
preset tasks or orders over time.*** Systems of
this kind are also used, for example, in stroke

burn-out

care.”® Electronic pathway functionalities are
implemented across healthcare settings to
standardise care and thus improve quality and
safety, and are intended to support not only
single clinical tasks, but a series of linked tasks by
teams of clinicians managing a patient illness.”
Major integrated EHR systems such as EPIC?’
or Cerner Millennium® include functionalities
of this kind, giving hospitals the possibility of
linking orders along clinical guidelines. Given
the longitudinal, interdependent and multidis-
ciplinary aspect of the information involved,
electronic pathways and electronic regimens
pose challenges to the organisation of informa-
tion and the design of information displays.

CLINICAL PROTOCOLS AND DECISION MAKING IN
CANCER CARE

Treatment regimens for most patients with
cancer, especially in paediatrics, are complex.
Medications are administered to patients
over cycles, over months or years. At each
cycle or dose, clinicians (re)assess the patient
response to treatment and make decisions
on whether and how to continue with the
regimen. Medications are potentially toxic
and clinical decisions involve high risk for
the patient. The toxic effects of some medi-
cations manifest over a patient life-time, and
result from the cumulation of multiple doses
over time.

In travelling from the time of diagnosis
to the end of treatment, clinical protocols
provide a path, or a thread, for clinicians to
follow (or deviate from). At each step, an
assessment is made of both ‘where the patient
isat’® in the treatment journey—for example,
how the patient is responding to treatment,
how far along in the treatment they are—and
how close or distant the patient treatment
and trajectory are to the initial protocol
path. As an oncologist in a children hospital
explained to us, ‘...to synthesise a journey...
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Figure 1 Example of a chemotherapy protocol roadmap,
simplified.

at least twoyears, sometimes ten. ... we need to maintain
a thread of continuity, ... not continuous together, but
joined, so you can follow that particular thread... I want
to see ... what is the treatment the patient is getting today
... in terms of where does it fall within the narrative of this
patient’s treatment’.*

Traditionally, paper-based oncology protocols provide
‘roadmaps’ that summarise graphically the treatment
over a period of time—tests, drugs and doses, distributed
over a number of cycles (figure 1).

These paper-based versions of the roadmap can be
printed and easily annotated with a patient’s actual treat-
ment. Annotations show both what the protocol requires
and any variations needed to address a patient response.
For example, dose modifications, delayed doses or cycles.

FROM PAPER TO ELECTRONIC, FROM PATTERN RECOGNITION
TO COMPUTATION
EHRs have been increasingly implemented and used in
cancer care in the USA and other parts of the world. Their
functionalities for linking orders, allow reproducing clin-
ical protocols in electronic order sets. As human factors
experts, we studied a recent implementation of an EHR
for cancer care in Australia. We evaluated the imple-
mentation of one of these systems (a Cerner system) in
a paediatric hospital,”” * and carried out a (confiden-
tial) expert human factors review of a number of chemo-
therapy management systems for a commissioning body.
In our research, we noticed how clinicians experienced
difficulties with the electronic regimens’ information
display, and in making sense of the patient treatment in
relation to the relevant protocol. An oncologist told us,
for example, how with the electronic record, ‘... it’s very
hard to [see] that they haven’t got an extra dose at day 15
or they’ve missed a dose at day seven’.*” A junior physi-
cian made explicit the burn-out effect of the effort to
recombine fragmented information of a patient’s history
of treatment: ‘... to try and find a patient’s cumulative
anthracyclines dose [in the electronic record]... [was]
more exhausting than night shifts exhausting’.**
Electronic versions of the protocols ‘translate’ a
treatment plan into a series of orders (events or tasks),
arranged as lines of text, nested (partly visible) into cycles
(aggregating lines of text). This creates a fragmentation
of the regimen as a whole. Intended variations to the
protocol are to be annotated in digital notes, only avail-
able when clicking on each cycle, and superseding other
notes which the EHR automatically archives in the patient
record. As we learnt in our research, the problem with

this design is that since the notes ‘supersede each other’,
any changes made to the treatment are difficult to identify
and explain: ‘...someone would make a change 6 months
ago to a particular dose of something, and you’d have
no idea why and no idea when it happened’ (oncologist,
paediatrics).*

To make sense of the information retrieved from each
record, the clinician has to keep each data piece in
memory and assemble a mental map of how they relate as
awhole. This is a cognitive task known as ‘computation’.”!

Paper-based roadmaps in oncology make immedi-
ately visible to clinicians ‘where the patient is at’ in the
protocol as a whole and any deviations, easing navigation
of a patient treatment. In this respect, the use of this tool
is not unlike navigational tasks performed by operators in
non health-related disciplines. It can be said of oncology
roadmaps what has been said of US Navy ship charts™
that in roadmaps, every element of treatment (eg, a
chemotherapy dose), has a specifiable ‘address’, and the
relationships of all elements of treatment to the others
‘are implicitly represented’; they ‘introduce a perspec-
tive’ on the whole and on the position and ‘motion’ of the
patient across the whole; ‘standing over a chart, one has a
‘bird’s eye’ view ...". Thus, ‘Having the chart [...] makes
this [navigation] task much easier. For example, [...],
displacement [...] [off] track can be measured directly.
The information regarding the next course is ready at
hand and need only be read off the chart after the posi-
tion has been plotted. [...] the number of yards to the
next turn [or the next dose] need not be measured; it is
available by simple inspection’.””

Paper-based roadmaps support decision making
through pattern recognition, while electronic protocols
transform the task into computation. Thatis, with an EHR
system, clinicians are required to compute the patient’s
position on a treatment journey based on information
visible across rows and screens, a cognitively demanding
task, in a high-risk environment. This is the opposite of
what human factors traditionally recommend for safe
engineering of sociotechnical systems. For example, it is
the opposite of what was reported in aeroplane cockpit
design in the 1990s” —instruments for landing were
designed to transform pilots’ mental computation into
pattern recognition, easing the landing task and reducing
potential for errors.

While some have attempted the implementation of
computerised roadmaps reproducing and enhancing
the traditional paper versions,” in our experience, EHR
systems rarely provide a diagrammatic representation
of encoded protocols akin to a roadmap. They provide
detailed information about each cycle and dose, but this
information is often fragmented; they document what has
been ordered and administered to the patient, but not
how close or distant from the protocol this was.

Here, we argue that the lack of effective displays of a
complex treatment as a whole, in support of high risk
decisions, may be one of the contributing factors of clini-
cian burn-out in oncology.* It is interesting to note that
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interventions targeting burn-out, even those targeted at
the organisational rather than individual level, typically
aim to enhance clinicians’ resilience—their capacity to
sustain stress—through training, wellness monitoring or a
reduction in working hours.?*® Interventions rarely focus
on improving EHR design. When EHR redesign is advo-
cated for, it is usually in relation to alleviating the burden
of clerical tasks,'” ** not improving system usability, nor
converting mental computation into pattern recognition.
Greater usability and less cognitive burden may be gener-
ated by incorporating functions into EHR which work on
pattern recognition, rather than computation, resulting
in reduced complexity, faster and less error-prone tasks,
ultimately benefiting patient safety and reducing clinician
burn-out. One recent example of this was an attempt to
design a medication timeline for chronic disease patients,
which resulted in improved physician performance on
medication-related tasks when piloted.” We recommend
future work targeting clinician burn-out in oncology
follow this path and focus on redesigning EHRs, using
a human factors approach,™ to support complex naviga-
tion work. There is a need for research on how to design,
and automatically generate, digital oncology roadmaps
of a patient treatment in EHR. These roadmaps must be
easy to navigate and must support pattern recognition.
Research can also show whether and how lessons learnt
from oncology are applicable to EHRs in other clinical
contexts, where an overview of a patient’s trajectory,
pathway or treatment journey is required.

Twitter Valentina Lichtner @VLichtner

Acknowledgements We thank Bethany Van Dort (University of Sydney) for her
assistance with figure 1.

Contributors Both authors have contributed equally to this work.

Funding VL received funding from the European Union’s Horizon 2020 research
and innovation programme under the Marie-Sktodowska Curie grant agreement
number 740 131.

Competing interests None declared.
Patient consent for publication Not required.
Provenance and peer review Not commissioned; internally peer reviewed.

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

ORCID iD
Valentina Lichtner http://orcid.org/0000-0003-3956-3743

REFERENCES

1 National Academies of Sciences Engineering and Medicine. Taking
action against clinician burnout: a systems approach to professional
well-being. Washington, DC: The National Academies Press, 2019.

2 West CP, Dyrbye LN, Erwin PJ, et al. Interventions to prevent and
reduce physician burnout: a systematic review and meta-analysis.
Lancet 2016;388:2272-81.

3 Lacy BE, Chan JL. Physician burnout: the hidden health care crisis.
Clin Gastroenterol Hepatol 2018;16:311-7.

4 Hlubocky FJ, Back AL, Shanafelt TD. Addressing burnout in
oncology: why cancer care clinicians are at risk, what individuals can

20

21

22

23

24

25

26

27
28
29

30

do, and how organizations can respond. Am Soc Clin Oncol Educ
Book 2016;35:271-9.

Murali K, Banerjee S. Let's address burnout in oncologists and
reimagine the way we work. Nat Rev Clin Oncol 2019;16:1-2.

Murali K, Banerjee S. Burnout in oncologists is a serious issue: what
can we do about it? Cancer Treat Rev 2018;68:55-61.

Gajra A, Bapat B, Jeune-Smith Y, et al. Frequency and causes of
burnout in US community oncologists in the era of electronic health
records. JCO Oncol Pract 2020;16:357-65.

Burki TK. Oncologists burnout in the spotlight. Lancet Oncol
2018;19:e238.

Melnick ER, Dyrbye LN, Sinsky CA, et al. The association between
perceived electronic health record usability and professional burnout
among US physicians. Mayo Clinic Proceedings 2020;95:476-87.
Gardner RL, Cooper E, Haskell J, et al. Physician stress and burnout:
the impact of health information technology. J Am Med Inform Assoc
2019;26:106-14.

Khairat S, Coleman C, Ottmar P, et al. Association of electronic
health record use with physician fatigue and efficiency. JAMA Netw
Open 2020;3:6207385-e85.

Bakken S. Building the evidence base on health information
technology-related clinician burnout: a response to impact of health
information technology on burnout remains unknown-for now. J Am
Med Inform Assoc 2019;26:1158-58.

Bakken S. Can informatics innovation help mitigate clinician
burnout? J Am Med Inform Assoc 2019;26:93-4.

Kroth PJ, Morioka-Douglas N, Veres S, et al. Association of
electronic health record design and use factors with clinician stress
and burnout. JAMA Netw Open 2019;2:e199609.

Lourie EM, Utidjian LH, Ricci MF, et al. Reducing electronic health
record-related burnout in providers through a personalized efficiency
improvement program. J Am Med Inform Assoc 2020. doi:10.1093/
jamia/ocaa248. [Epub ahead of print: 09 Nov 2020].

Hron JD, Lourie E. Have you got the time? challenges using vendor
electronic health record metrics of provider efficiency. J Am Med
Inform Assoc 2020;27:644-6.

Adler-Milstein J, Zhao W, Willard-Grace R, et al. Electronic health
records and burnout: time spent on the electronic health record after
hours and message volume associated with exhaustion but not with
cynicism among primary care clinicians. J Am Med Inform Assoc
2020;27:531-8.

Hilliard RW, Haskell J, Gardner RL. Are specific elements of
electronic health record use associated with clinician burnout more
than others? J Am Med Inform Assoc 2020;27:1401-10.

Sutton JM, Ash SR, Al Makki A, et al. A daily Hospital progress note
that increases physician usability of the electronic health record by
facilitating a problem-oriented approach to the patient and reducing
physician clerical burden. Perm J 2019;23. doi:10.7812/TPP/18-221.
[Epub ahead of print: 14 Jun 2019].

Johnson C, Johnston D, Crowle P. EHR usability toolkit: A
background report on usability and electronic health records [AHRQ
Publication No. 11-0084-EF]. Rockville, MD: Agency for Healthcare
Research Quality, 2011.

Coiera E, Ash J, Berg M. The unintended consequences of health
information technology revisited. Yearb Med Inform 2016;1:163-9.
Belden JL, Wegier P, Patel J, et al. Designing a medication

timeline for patients and physicians. J Am Med Inform Assoc
2019;26:95-105.

Gooch P, Roudsari A. Computerization of workflows, guidelines, and
care pathways: a review of implementation challenges for process-
oriented health information systems. J Am Med Inform Assoc
2011;18:738-48.

Peleg M. Computer-interpretable clinical guidelines: a
methodological review. J Biomed Inform 2013;46:744-63.

Dong W, Huang Z. A method to evaluate critical factors for
successful implementation of clinical pathways. App! Clin Inform
2015;6:650-68.

Ballard DW, Kim AS, Huang J, et al. Implementation of computerized
physician order entry is associated with increased thrombolytic
administration for emergency department patients with acute
ischemic stroke. Ann Emerg Med 2015;66:601-10.

Epic Systems Corporation. Available: https://www.epic.com/

Cerner Corporation. Available: https://www.cerner.com/

Lichtner V, Franklin BD, Dalla-Pozza L, et al. Electronic ordering

and the management of treatment interdependencies: a qualitative
study of paediatric chemotherapy. BMC Med Inform Decis Mak
2020;20:193.

Baysari MT, van Dort BA, Prgomet M, et al. The efficiency-
thoroughness trade-off after implementation of electronic medication
management: a qualitative study in paediatric oncology. Int J Qual
Health Care 2020;32:511-6.

Lichtner V, Baysari M. BMJ Health Care Inform 2021;28:¢100281. doi:10.1136/bmjhci-2020-100281


https://twitter.com/VLichtner
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0003-3956-3743
http://dx.doi.org/10.1016/S0140-6736(16)31279-X
http://dx.doi.org/10.1016/j.cgh.2017.06.043
http://dx.doi.org/10.1200/EDBK_156120
http://dx.doi.org/10.1200/EDBK_156120
http://dx.doi.org/10.1038/s41571-018-0097-9
http://dx.doi.org/10.1016/j.ctrv.2018.05.009
http://dx.doi.org/10.1200/JOP.19.00542
http://dx.doi.org/10.1016/S1470-2045(18)30275-4
http://dx.doi.org/10.1016/j.mayocp.2019.09.024
http://dx.doi.org/10.1093/jamia/ocy145
http://dx.doi.org/10.1001/jamanetworkopen.2020.7385
http://dx.doi.org/10.1001/jamanetworkopen.2020.7385
http://dx.doi.org/10.1093/jamia/ocz078
http://dx.doi.org/10.1093/jamia/ocz078
http://dx.doi.org/10.1093/jamia/ocy186
http://dx.doi.org/10.1001/jamanetworkopen.2019.9609
http://dx.doi.org/10.1093/jamia/ocaa248
http://dx.doi.org/10.1093/jamia/ocz222
http://dx.doi.org/10.1093/jamia/ocz222
http://dx.doi.org/10.1093/jamia/ocz220
http://dx.doi.org/10.1093/jamia/ocaa092
http://dx.doi.org/10.7812/TPP/18-221
http://dx.doi.org/10.15265/IY-2016-014
http://dx.doi.org/10.1093/jamia/ocy143
http://dx.doi.org/10.1136/amiajnl-2010-000033
http://dx.doi.org/10.1016/j.jbi.2013.06.009
http://dx.doi.org/10.4338/ACI-2015-05-RA-0054
http://dx.doi.org/10.1016/j.annemergmed.2015.07.018
https://www.epic.com/
https://www.cerner.com/
http://dx.doi.org/10.1186/s12911-020-01212-z
http://dx.doi.org/10.1093/intqhc/mzaa086
http://dx.doi.org/10.1093/intqhc/mzaa086

31 Hutchins E. How a Cockpit Remembers its speeds. Cogn Sci 34 Shanafelt TD, Dyrbye LN, Sinsky C, et al. Relationship between
1995;19:265-88. clerical burden and characteristics of the electronic environment

32 Hutchins E. Cognition in the wild. Cambridge, Mass.: MIT Press, with physician burnout and professional satisfaction. Mayo Clin Proc
1995. 2016;91:836-48.

33 Allen SW, Hayashi RJ, Jones SJ, et al. Development of electronic 35 Carayon P, Hoonakker P. Human factors and usability for health
chemotherapy Roadmaps for pediatric oncology patients. J Pediatr information technology: old and new challenges. Yearb Med Inform
Oncol Nurs 2018;35:314-9. 2019;28:71-7.

4 Lichtner V, Baysari M. BMJ Health Care Inform 2021;28:¢100281. doi:10.1136/bmjhci-2020-100281


http://dx.doi.org/10.1207/s15516709cog1903_1
http://dx.doi.org/10.1177/1043454218767876
http://dx.doi.org/10.1177/1043454218767876
http://dx.doi.org/10.1016/j.mayocp.2016.05.007
http://dx.doi.org/10.1055/s-0039-1677907

© 2021 Author(s) (or their employer(s)) 2021. Re-use permitted under CC
BY-NC. No commercial re-use. See rights and permissions. Published by
BMJ. This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license,
which permits others to distribute, remix, adapt, build upon this work
non-commercially, and license their derivative works on different terms,
provided the original work is properly cited, appropriate credit is given, any
changes made indicated, and the use is non-commercial. See:
http://creativecommons.org/licenses/by-nc/4.0/. Notwithstanding the
ProQuest Terms and Conditions, you may use this content in accordance
with the terms of the License.



Comparison of identifiable and non-
identifiable data linkage: health
technology assessment of MitraClip
using registry, administrative and

BM]) Health &
Care Informatics

To cite: Keltie K, Cognigni P,
Gross S, et al. Comparison of
identifiable and non-identifiable
data linkage: health technology
assessment of MitraClip

using registry, administrative
and mortality datasets.

BMJ Health Care Inform
2021;28:6100223. doi:10.1136/
bmjhci-2020-100223

Received 11 August 2020
Revised 21 January 2021
Accepted 08 March 2021

| '.) Check for updates

© Author(s) (or their
employer(s)) 2021. Re-use
permitted under CC BY-NC. No
commercial re-use. See rights
and permissions. Published by
BMJ.

"Northern Medical Physics and
Clinical Engineering, Newcastle
Upon Tyne Hospitals NHS Trust,
Newcastle Upon Tyne, UK
Hranslational and Clinical
Research Institute, University of
Newcastle upon Tyne, Newcastle
upon Tyne, UK

%Data Management Services,
NHS Digital, Leeds, UK

“The Northern Health Science
Alliance, Manchester, UK
S0bservational Data Unit,
National Institute for Health and
Care Excellence, London, UK

Correspondence to
Dr Andrew Sims;
andrew.sims5@nhs.net

mortality datasets

Kim Keltie © ,"? Paola Cognigni
Julie Burn @ ' Helen Cole
ABSTRACT

Objectives The UK MitraClip registry was commissioned
by National Health Service (NHS) England to assess real-
world outcomes from percutaneous mitral valve repair for
mitral regurgitation using a new technology, MitraClip. This
study aimed to determine longitudinal patient outcomes
by linking to routine datasets: Hospital Episode Statistics
(HES) Admitted Patient Care (APC) and Office of National
Statistics.

Methods Two methods of linkage were compared, using
identifiable (NHS number, date of birth, postcode, gender)
and non-identifiable data (hospital trust, age in years,
admission, discharge and operation dates, operation and
diagnosis codes). Qutcome measures included: matching
success, patient demographics, all-cause mortality and
subsequent cardiac intervention.

Results A total of 197 registry patients were eligible

for matching with routine administrative data. Using
identifiable linkage, a total of 187 patients (94.9%)

were matched with the HES APC dataset. However, 21
matched individuals (11.2%) had inconsistencies across
the datasets (eg, different gender) and were subsequently
removed, leaving 166 (84.3%) for analysis. Using non-
identifiable data linkage, a total of 170 patients (86.3%)
were uniquely matched with the HES APC dataset.
Baseline patient characteristics were not significantly
different between the two methods of data linkage.

The total number of deaths (all causes) identified from
identifiable and non-identifiable linkage methods was 37
and 40, respectively, and the difference in subsequent
cardiac interventions identified between the two methods
was negligible.

Conclusions Patients from a bespoke clinical procedural
registry were matched to routine administrative data using
identifiable and non-identifiable methods with equivalent
matching success rates, similar baseline characteristics
and similar 2-year outcomes.

INTRODUCTION

Evidence-based clinical guidelines, such as
those published by the UK National Insti-
tute for Health and Care Excellence (NICE),

' Sam Gross,® Samuel Urwin @ |
* Lee Berry,® Hannah Patrick,® Andrew Sims

2
1,2

What is already known?

» Few, if any, published studies report on the strengths
and limitations of different methods of linking reg-
istries to routine administration datasets, to inform
health technology assessments.

» Both identifiable and non-identifiable linkage of reg-
istries with routine data sets are possible.

What does this paper add?

» Two independent methods of linking a clinical reg-
istry with Hospital Episode Statistics data enabled
reliable longer term outcomes to be obtained.

» Identifiable and non-identifiable linkage are
complementary.

» Transparent description of the two methods facili-
tates use of the techniques by other researchers.

prioritise randomised controlled  trials
(RCTs) over other study types. However,
because RCTs are costly, lengthy and may fail
to identify rare adverse events, alternative
study designs using real-world data have a
role to play in technology assessment.'*

With its Commissioning through Evalua-
tion (CtE) scheme, National Health Service
(NHS) England enabled a limited number of
patients to access promising interventions that
were not currently funded by the NHS, while
collecting clinical and patient experience data
within a formal evaluation programme.” Anal-
ysis of this real-world evidence, combined with
evidence from clinical trials, informed NHS
England’s commissioning decision. Included
in the CtE programme was percutaneous
mitral valve repair for mitral regurgitation
using MitraClip (Abbott, Illinois, USA). Data
collection was mandated in a bespoke proce-
dural registry (UK MitraClip registry), from
which in-hospital and short-term outcomes
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for the procedure were reported. To obtain longer term
outcome data (readmission rates, subsequent interven-
tions, adverse events and mortality outcomes), linkage of
identifiable registry data to routinely collected Hospital
Episode Statistics (HES) and Office of National Statistics
(ONS) mortality data was also conducted by NHS Digital.*

However, transcription errors in patient identifiers and
missing data in any data source are known to influence
data linkage and may bias results.” Therefore, in order to
assess the quality of the data linkage, and potential impact
of any linkage errors, this study aimed to develop an alter-
native method, linking non-identifiable data from the
MitraClip registry to pseudonymised extracts from HES
Admitted Patient Care (APC) and ONS mortality data-
sets. This allowed a comparison of matching success rates
between the two linkage methods (using identifiable and
non-identifiable data) and additionally, a comparison of
longitudinal outcomes such as subsequent cardiac inter-
vention and all-cause mortality.

METHODS

Registry data collection

The MitraClip registry was commissioned by NHS
England and opened on 1 October 2014. Patients were
eligible for the MitraClip CtE scheme if they had stage

A

Stepl:

Exact match on NHS number
Exact match on date of birth motch
Exact match on gender
Exact match on postcode

Step 2:

Exact match on NHS number
Exact match on date of birth
Exact match on gender

match

Step 3:
Exact match on NHS number match
Partial match on date of birth
Exact match on gender

Exact match on postcode

Step 4:
Exact match on NHS number match
Partial match on date of birth
Exact match on gender

Matched
cohort

Step 5:
Exact match on NHS number

Exact match on postcode

match

Step 6:

Exact match on date of birth
Exact match on gender match
Exact match on postcode (and no
NHS number contradiction, date
of birth not 1st January, not
communal postcode)

Step 7:

Exact match on date of birth
Exact match on gender

Exact match on postcode (and no
NHS number contradiction, date
of birth not 1st January)

match

Step 8: match
Exact match on NHS number ——

Figure 1

2, 3 or 4 mitral regurgitation of functional/ischaemic or
degenerative aetiology (ie, excluding rheumatic heart
disease), and were deemed high risk or were turned down
for conventional mitral valve surgery. MitraClip implan-
tation was either standalone or alongside percutaneous
coronary intervention (staged or concurrent).

Identifiable data were collected in the MitraClip
registry without explicit patient consent, via section 251
of the National Health Service Act 2006 (17/CAG/0153
(Previously CAG 10-07(b) /2014)).

Linkage using identifiable data

Patient identifiers were extracted from the MitraClip
registry by the data controller (the National Institute
for Cardiovascular Outcomes Research, NICOR) on 5
April 2018 and sent to NHS Digital (data supplied under
DARS-NIC-151212-B5Z3R agreement). Records were
linked by NHS Digital to the HES APC dataset and the
ONS mortality dataset, using an eight-step determin-
istic matching proprietary algorithm based on NHS
number, date of birth, gender and postcode (figure 1A).°
Data from HES included all admissions from matched
patients with hospital discharge dates between 1 April
2008 and 1 March 2018. Data from ONS included all
reported deaths from matched patients until 4 April
2018. Records from patients having registered type 2

Finished consultant episodes (FCE=1), in
adults (STARTAGE>17), with either eligible
diagnaosis of mitral regurgitation or
procedure codes used to indicate
MitraClip intervention (SM2)

Step 1:

Exact match on treating hospital
(PROCODE3)

Exact match on gender (SEX)

Age on admission +/- 1 year (STARTAGE)
Operation date of registry between
admission (ADMIDATE) and discharge date
(DISDATE) of HES

If registry stated successful procedure then
approved procedure code combinations
were required (OPERTN 01-24).

unique (1:1)
matches

multiple matches

P

unique (1:1)
Step 2 matches
Exact match on operation date (OPDATE
01-24)

Matched
multiple matches cohort

= mmm

unique (1:1)
Step 3 matches
Admission date +/- 1 day (ADMIDATE)

multiple matches

PR

Step 4 unique (1:1)
If discharge date recorded in registry, then matches
exact match on discharge date required
(DISDATE)

Matching steps used during (A) identifiable and (B) non-identifiable linkage. NHS: National Health Service.
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opt-outs (ie, those not wishing their confidential patient
information to be used for purposes other than their indi-
vidual care) were removed from both extracts by NHS
Digital before releasing the linked data back to the data
controller. Patient identifiers (in registry, HES and ONS
data) were then replaced with a ‘Study ID’ by NICOR (as
data controller) and submitted to the study team (as the
named co-data processor), figure 1A.

Matched records from the registry, HES and ONS were
reviewed by the study team, and those with conflicting
demographic and administrative details were flagged to
indicate potential errors in matching (ie, matching to an
incorrect patient). The demographics of those with and
without inconsistencies were then compared to confirm
that exclusion of potentially mismatched records would
notintroduce bias into the linked data results. All patient-
level information provided by NHS Digital resulting from
the identifiable linkage was deleted by the study team
on expiry of the data sharing agreement prior to the
commencement of linkage using non-identifiable data,
enabling an independent assessment of methods.

Linkage using non-identifiable data

Separately, the study team had access to pseudonymised
HES and ONS mortality datasets for all patients admitted
to hospital in England, under Data Access Request Service
(DARS) agreement DAR-NIC-170211-Z1B4]. These data
were supplied via NHS Digital’s managed extract service
and were saved on a secure SQL server within Newcastle
upon Tyne Hospitals.

An anonymised data extract was taken by the data
controller from the UK MitraClip registry on 5 April 2018
and sent to the study team. For patients with more than
one MitraClip procedure entered into the registry, the
most recent MitraClip procedure was used for matching.

From the HES dataset, individual episodes of care
satisfying the following criteria were deemed eligible for
matching to the registry: (1) finished consultant episodes
with a discharge date between 1 April 2014 and 1 March
2018 (to match the time frame of identifiable linkage);
(2) a diagnosis of mitral insufficiency or a procedure
code indicating mitral valve repair (see online supple-
mental file 1); (3) age over 17 years; (4) treatment at
specific NHS Trust who submitted data to the UK Mitra-
Clip registry (see online supplemental file 2).

Individual episodes of care were aggregated into admis-
sions (also known as spells) using the spell identification
number (SUSSPELLID). Data cleaning was carried out
to remove admissions if the spell number was missing or
invalid. Non-unique admissions (where the same spell
number was assigned to different patients) were also
removed. Age was determined using the age on admis-
sion. Spells with missing discharge date were assigned the
end date of the last episode in the admission (see online
supplemental file 3).

Individual patient matching between the anonymised
registry extract and the eligible admissions from HES was
performed by a four-step algorithm using the following

variables: treating hospital, gender, age, admission
date, procedure codes, procedure dates, discharge date
(figure 1B). At each step, patients with no matches were
excluded while those with multiple matches proceeded to
the next step. Unique (1:1) matches from all steps were
combined to give the final matching HES cohort.

The cohort was followed longitudinally by extracting all
subsequent episodes of care from HES APC (discharged
on or before 1 March 2018), and ONS mortality records
(dated on or before 4 April 2018), using the unique
patient identifier (ENCRYPTED_HESID) determined
from the non-identifiable matching process. This ensured
that the study period was the same for the identifiable
and the non-identifiable linkage methods.

Extended follow-up of the cohort was also determined
using the latest pseudonymised HES APC and ONS data
available (discharge date or date of death up to and
including 31 March 2020) to Newcastle upon Tyne Hospi-
tals under the managed extract service.

Statistical analysis

Storage and querying of HES data were conducted
using SQL (MariaDB). All scripts for case ascertainment,
cleaning, processing and statistical analyses were written
in the statistical programming language R.”

Descriptive statistics were used to describe the baseline
characteristics of patients matched using the identifiable
and non-identifiable data linkage methods, including:
gender, age, diabetes status, critical pre-op status, mitral
regurgitation aetiology, admission method.

Long-term outcomes were determined for all matched
patients. Each patient was followed in the HES APC
and ONS datasets from the date of the MitraClip proce-
dure until the date of discharge (or for patients where
MitraClip device was not successfully implanted, until
the end of the procedural admission), the date of death
or the latest date included in the linked HES data.
Kaplan-Meier analysis was conducted for total all-cause
mortality. Specific cardiac interventions following mitral
valve implantation (eg, mitral valve intervention, cardiac
pacemaker insertion and implantation of a cardio-
verter defibrillator) were identified from readmissions
by searching for the Office of Population Censuses and
Surveys (OPCS) procedure codes described in online
supplemental file 4.

Role of the funding source

NHS England commissioned and funded a fixed number
of MitraClip procedures within the CtE scheme. NHS
England also commissioned NICE to facilitate the evalua-
tion through Newcastle External Assessment Centre. Staff
at NICE contributed to the design and conduct of the
study, interpretation of the results, review and approval
of the manuscript. The corresponding author had full
access to all the data in the study and had final responsi-
bility for the decision to submit for publication.
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RESULTS

Records of 278 MitraClip procedures were extracted
from the registry by the data controller; 79 did not meet
the study inclusion criteria (multiple reasons for exclu-
sion may apply: 57 with non-eligible indications, 56
with concomitant treatment, 7 with unknown/none/
moderate mitral regurgitation, 4 due to rheumatic aeti-
ology, 4 missing/inconsistent procedural dates) leaving
199 procedures from 197 patients eligible for matching.
The earliest procedure was conducted in January 2015
and the latest in January 2018.

From identifiable linkage, a total of 187 patients
(187/197, 94.9%) were matched with the HES APC
dataset, however 21 of the matched patients (11.2%) had
inconsistencies across the datasets (eg, different gender)
(online supplemental file 5). There were no significant
differences in baseline characteristics between patients
who passed the internal quality checks (n=166) and those
who did not (n=21) in terms of age, sex, body surface
area, diabetes, critical pre-op status, Canadian Cardiovas-
cular Society angina status, New York Heart Association
classification dyspnoea status, Killip class of heart failure,
Canadian Study of Health and Aging frailty score, aeti-
ology of mitral regurgitation and Katz index of indepen-
dence. Therefore, following identifiable linkage, a total
of 166 patients (84.2% matching) remained for subse-
quent analysis.

Using non-identifiable data, a total of 169 patients
(169/197, 85.8%) were uniquely matched with the HES
APC dataset using a four-step matching algorithm (online
supplemental file 5). Any patients with conflicting infor-
mation across data sources would not have passed the
matching algorithm, and therefore all patients matched
via this method remained for subsequent analysis.

Table 1 Baseline characteristics for matched cohorts
Identifiable Non-identifiable
linkage linkage
(n=166) (n=169)

Female gender 52 (31.3%) 50 (26.6%)

Median age, 78.5 (69:85) 78 (68:85)

years (Q1:Q3)

Diabetes 30 (18.1%) 34 (20.1%)

Critical pre-op 3 (1.8%) 4 (2.4%)

status

Functional/ 100 (61.7%) 103 (60.9%)

ischaemic

aetiology

Urgent/ 20 (12.0%) 19 (11.2%)

emergency

procedure

*Note that diabetes status which included any of the following
was converted to presence of diabetes: diabetes (dietary control),
diabetes (oral medicine), diabetes (insulin), newly diagnosed
diabetes.

Table 2 Outcomes for matched cohorts

Median (Q1:Q3)
Range

All-cause deaths

1-year survival

2-year survival

610 (409:807)
2-1128
37

0.873 (0.823 to
0.925) (n=133)

0.773 (0.706 to
0.847) (n=58)

Identifiable Non-identifiable
linkage linkage
(n=166) (n=169)

Total patient days 99 241 89 736

followed

Follow-up per patient,

days

Mean (SD) 597.8 (283.1) 531.0 (307.1)

560 (355:764)
0-1128
42

0.833 (0.778 to
0.893) (n=122)

0.725 (0.652 to
0.807) (n=50)

Subsequent intervention,
patients

o
e}

Mitral valve replacement
Mitral valve repair 2
Other mitral intervention 1

Cardiac pacemaker 10 12
insertion
Cardioverter defibrillator 2 3

Baseline patient characteristics for matched patients
using the two methods of data linkage is described in
table 1.

Median length of follow-up was 610 and 560 days
following identifiable (n=166) and non-identifiable
(n=169) linkage methods, respectively. The total number
of deaths (all causes) was 37 and 42 across the two linked
datasets, respectively, and the difference in subsequent
cardiac interventions identified between the two methods
was negligible, table 2.

Extended follow-up using non-identifiable linkage and
latest available data enabled a median (Q1:Q3) length
of follow-up of 1161 (597:1458) days, where a total of 78
deaths were recorded. Survival at l-year (n=136) 0.841
(0.786 to 0.899), 2-year (n=119) 0.736 (0.671 to 0.807),
3-year (n=96) 0.617 (0.546 to 0.697) and 4-year (n=42)
0.499 (0.422 to 0.590) follow-up are shown in figure 2.

DISCUSSION

Key points

Our study transparently describes the identifiable and
non-identifiable linkage of a bespoke clinical proce-
dural registry to routine healthcare data sets. Equivalent
matching rates were achieved using the two methods, and
similar baseline characteristics and 2-year outcomes were
demonstrated for patients matched by either technique.

Strengths and limitations of linkage using identifiable data
To collect identifiable patient data, explicit approvals
are required by an independent body: either by an
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Figure 2 Kaplan-Meier survival curve derived from
extended follow-up using non-identifiable linkage.

ethics board alongside a Caldicott Guardian with patient
consent, or as in the case of the MitraClip registry, section
251 of the National Health Service Act 2006 approval such
that the common law duty of confidentiality is tempo-
rarily lifted. All of these processes ensure that minimal
patient identifiable information is collected for a speci-
fied purpose and safeguarding of those data. Although
there are additional governance steps to undertake and
the application process for obtaining matched data can
be time consuming and costly, a key benefit of using
patient identifiers (like NHS number) for subsequent
matching to other data sources is that it does not require
any clinical or clinical coding knowledge on the part of
the researcher, with the process being fully automated
and conducted independently by a trusted third party.
However, matching rates using identifiable sources
may be reduced by certain factors; type 2 patient opt-
outs are applied to identifiable HES data, with a rate of
2.7% reported nationally in March 2019.® Furthermore,
matching multiple data sources which rely solely on
patient identifiers is sensitive to manual transcription
errors (eg, mistyping of NHS number, date of birth and/
or postcode) or missing data.” Therefore, as demon-
strated in this study, following the results of automated
matching, an additional sense check/validation stage is
still required to ensure matching to the correct person.

Strengths and limitations of linkage using non-identifiable
data

To conduct linkage using non-identifiable data, vari-
ables including demographic details (gender, age) and
administrative data (treating hospital dates, type of proce-
dure) are used, thus combining matching and validation
all within a single process. There is no requirement for
identifiable information, which is beneficial from a data
security and information governance perspective. If no
identifiable information is being collected, then there is
also no requirement to seek section 251 approval where
explicit consent has not been obtained.

However, additional skills are required to conduct
linkage using non-identifiable information. Access to
clinical and clinical coding expertise is necessary to
provide insight into the clinical pathway, to determine

Open access

relevant procedure and diagnostic codes for analyses and
to identify the relevant subgroup for matching. Knowl-
edge of HES data quality and cleaning processes is also
required. For example, an individual patient is not always
assigned the same identifier and, rarely, different patients
may be assigned the same identifier. Hagger-Johnson et
al previously demonstrated that using the patient iden-
tifier ‘HESID’ generated by NHS Digital resulted in a
false match rate of 0.2% and missed match rate of 4.1%
in paediatric intensive care records in England, leading
to a under-estimate in readmission rates.'” Additionally,
analysis of spells (collections of care episodes within a
single admission) reveals inconsistencies that point to
underlying data quality problems, such as duplications
of records, missing information or inconsistencies, or
activity recorded after death."" This necessitates addi-
tional cleaning of HES data to identify duplicated, incon-
sistent or missing spell information, and overlapping
spells all of which allow removal of ineligible patients
prior to matching.

We have demonstrated that non-identifiable data
linkage works well for procedures with well-defined
OPCS/International Classification of Diseases (ICD)
coding combinations such as the MitraClip procedure,
but this may not be the case for all clinical interven-
tions; for example, those which have less specific clinical
coding, but also those conducted out with the inpatient/
day-case setting (where quality and completeness of clin-
ical coding may differ), and high volume procedures
where the likelihood of having multiple patients treated
with same age and gender on same day are high. Further
research is required to confirm that the matching
success reported for the NHS England MitraClip registry
is achievable for a range of other interventional proce-
dures. Access to national pseudonymised administrative
data was required to conduct the non-identifiable data
linkage. With this comes responsibility for protecting the
confidentiality of information for all potentially matching
patients as well as for the cohort of interest. Each study
applying data linkage of multiple data sources using
non-identifiable information must recognise the poten-
tial for re-identification.”” Our linkage algorithm shows
that unique matching is possible with non-identifiable
fields, suggesting that pseudonymised extracts carry
confidentiality implications comparable to identifiable
datasets. For this reason, all uses of HES data, including
anonymous and pseudonymous matching proposals are
reviewed by an independent panel (Independent Group
Advising on the Release of Data, IGARD) to ensure safe-
guarding of patient data and subsequent data handling
and processing by the approved institution are subject
to audit by NHS Digital. Additionally, the guidelines for
publishing results of such studies should be followed."
Other initiatives for safe data linkage of identifiable
data do exist, for example, the ‘Separation of func-
tions’ offered by the Scottish Informatics and Linkage
Collaboration.'
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Overall strengths and limitations of linking to administrative
datasets

The overall strengths of data linkage between clinical
registries and routine data have been well documented,
such as richer clinical information and the estimation of
reporting bias.””” The main benefit of data linkage in
this study, however, was the ability to conduct long-term
comprehensive follow-up across all NHS Trusts in England.
It has been reported that MitraClip appears to confer
immediate improvements in cardiac indices of patients
in line with published trial data,* but long-term outcomes
have not been published. Our techniques have deliv-
ered longer term outcome data and offer the capability
for analyses to be repeated at 5 and 10 years as required,
demonstrating a way of conducting active surveillance of
medical procedures using routine data sources.'® This has
the potential to improve understanding of the safety and
efficacy of an intervention (particularly where long-term
complications are likely to be detected outside the centre
responsible for an intervention) and thereby to inform
refinement of procedural selection to maximise long-
term effectiveness.

Our study validated outcomes following MitraClip
intervention by two separate techniques of data linkage
between a clinical registry and routine healthcare data.
However, the quality of collected data is crucial to the
success of any data linkage. Clinical registries and routine
administrative datasets both require high quality data
submission as a single mismatch between the two can force
the exclusion of a patient from the study. This work has
highlighted the many benefits of data linkage to routine
databases and thus strongly advocates the adoption of
high quality data entry protocols and data validation in
registries intended for health technology assessment.

This study has highlighted several lessons to be learnt
for future linkage of clinical data to routine administrative
data, whichever linkage method is used. As far as registry
design is concerned, improvements could be achieved
by incorporating input data validation. Also, to ensure
easier identification during matching, mandatory coding
of procedures using pre-specified OPCS codes should be
used by treating hospitals contributing data to clinical
registries. Comorbidities and adverse events could also be
captured in registries using ICD codes, which would also
be beneficial when conducting matching. Interim data
linkage to identify potential data entry errors before final
linkage is advisable.

Conclusion

This study has demonstrated the linkage of patient data
from a bespoke clinical registry with routine healthcare
databases via two equivalent methods to gain comprehen-
sive and reliable follow-up from a cardiac intervention
conducted in the ‘real world” NHS in England. Linking
to administrative data, by either method, would limit the
administrative burden of future observational research.
Here we have described a novel method that uses non-
identifiable data, and in cases where robust clinical coding

can be specified, it could be applied to other hospital
interventions. Studies using the technique must recog-
nise the potential for re-identification. In this study, both
data sources were pseudonymised but in cases where the
study team may have access to identifiable patient infor-
mation consent must be obtained to undertake linkage.

Furthermore, to ensure robust and generalisable results
from clinical registries and routine databases, data valida-
tion at the point of data entry and data cleaning following
linkage are essential steps in the analysis methods.
Interim data linkage to identify and correct potential data
quality issues during the course of data collection are also
strongly recommended.
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next catastrophe

Vimla L Patel

Although media coverage of the COVID-19
crisis may have gradually desensitised us to
the daily updates on numbers of cases and
deaths, broadcast interviews with distraught
frontline health workers continue to evoke
an empathic response as we hear about the
traumatic conditions of their experiences.
It is natural to ask how greater foresight
and preparation might have mitigated their
emotional distress. In the major pandemic
epicentres, even the most experienced emer-
gency physicians confide that they have never
before tried to deal with the stress of caring for
the pressing needs of overwhelming volumes
of patients with gutwrenching illness and
rapid progression of disease, amplified by
inadequate staffing and a shortage of essen-
tial supplies. These conditions create internal
struggles and unusual mental health chal-
lenges for the affected physicians.'

The director of the COVID-19 response
at the University of California-San Francisco
Medical emergency department
recently explained how the lockdown and
burnout are still wearing on her and her
colleagues: “Nine Months Into It, the Adren-
aline Is Gone and It’s Just Exhausting”.” It
is accordingly appropriate to ask how our
emergency physicians and other frontline
health professionals might have been better
prepared for the ongoing unique, high
intensity and unexpected circumstances.’
We propose here an approach to learning
from the current situation so that, with the
development of new immersive training
technologies, our emergency health workers
might better anticipate and be more resilient
when dealing with intense and prolonged
experiences that may entail watching their
coworkers become ill and even die (similar
to warrelated post-traumatic stress disorder
(PTSD) and its associated sequelae).4

Specialised knowledge and skills of emer-
gency physicians distinguish them as experts

Centre

,' Rahul Shidhaye,? Parvati Dev,® Edward H Shortliffe © *

in dealing with complex situations under
uncertainty and time pressure. When such
physicians are confronted with unexpected
situations, their organised knowledge allows
them to respond adaptively and flexibly to
the constraints of a rapidly changing environ-
ment, demonstrating instinctive responses
to high-intensity circumstances. The novelty
of the required decisions or interventions,
the simultaneity of multiple such challenges
and a barrage of expectations from others,
including fellow workers, patients and their
families, exacerbate the situation. Such an
environment, with constant trade-offs, can
contribute to significant emotional distress
and burnout.*’

Others have drawn parallels between
preparing emergency physicians for extreme
circumstances and training airline pilots to
handle unique and unforeseen emergen-
cies that can occur in the air.” Commercial
pilots undergo innovative virtual training
and evaluation to develop and maintain their
skills, and the industry has developed and
leveraged advanced simulation methods to
mimic the experience of real-world flight
operations. Such simulators are designed not
only to train pilots regarding new aircraft or
instruments but also to give them experiences
designed to prepare them for unexpected
situations, and the cognitive pressures, that
can arise mid-flight, on landing or during
take-off. While recognising that there are
differences between aviation and healthcare,
we believe that our recent COVID-19 experi-
ence suggests that emergency physicians may
benefit from similar training and evaluation
on simulators designed to capture the emer-
gency room experience and its most stressful
aspects, thereby building resiliency.

Medicine has recognised that the useful
role of simulations in clinical education,
including the creation of simulated patients
for learning how to interview and examine
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patients and how to reach accurate diagnoses.” In
particular, providing a foundational framework, Gaba
pioneered the use of aviation simulation concepts in
training and evaluating anaesthesiologists for the rare but
extreme situations that can arise in the operating room.”
His work used instrumented mannequins in realistic
operative suites with observational tools that captured the
trainee’s dialogue and actions while they were handling
routine simulated cases that were interrupted by unex-
pected and diagnostically challenging crisis situations.
As is expected, such simulators can document both the
errors that occur during a routine case and the recogni-
tion and correction processes that typically follow among
the more expert clinicians.’

Current safety strategy trains physicians to anticipate
potential threats rather than preparing them to deal
with the unpredictability of reallife emergency situa-
tions, where unexpected and surprising conditions can
make it difficult to maintain cognitive control. A different
training approach is needed to prepare individuals to be
unprepared!

The design of modern simulators requires a deep
understanding of both the technical skills that are being
explored and the nature of potential stresses and how
they can affect accuracy and error management. Emer-
gency medicine can be described as a complex adaptive
system'® and any attempt to develop simulators for training
and evaluation purposes would need to be preceded
by a careful assessment of how such clinicians behave
emotionally and psychologically, especially as they make
patient-care decisions at times of high-intensity crises. The
lessons we can learn by studying current health workers,
challenged by the COVID-19 crisis, are akin to the data
analyses that aviation performs using contents of ‘black
boxes’ retrieved after accidents. Such studies are difficult
to perform during actual crises, however, when clinicians
are unable to cooperate and observational assessments
are intrusive and may be constrained by privacy concerns.
Yet retrospective data capture, based on interviews with
physicians’ weeks or months after the trauma, is unlikely
to capture accurately the pressures of actual events, which
get blunted and reconstructed in memory as a function
of time.

Real-world scenario-based immersive simulations for
physician trainees can be designed to elicit an emotional
response similar to their response in real emergency
medicine situations. In carefully constructed scenarios,
these psychological stresses will induce real physiological
manifestations, thereby allowing actual measurement
of emotional responses similar to those in emergency
situations. Training on such simulators over time, with
appropriate supportive behavioural feedback, is likely to
help physicians to develop resiliency to cope with such
situations when they are encountered in real emergen-
cies. Repeated exposure to such psychologically stressful
situations, even in training simulations, does raise some
concerns about the ethical and psychological implica-
tions of the long-term impact of such practice on ER

physicians.!" Therefore, training for unexpected, high
acuity crisis events should take into account both the
training to expect the unexpected and the training for
stress management skills leading to resilience.

Virtual simulation (VS) methods are considered a
viable platform for high-stakes training and assessment.'
As such, immersive virtual reality (VR) can be used for
training in high-acuity, low-frequency events, including
disaster and mass casualty events such as the response to
the influx of patients with COVID-19." It is a significant
additional benefit that they provide convenience as well
as the ability to scale and distribute simulations widely
with lower costs.

The medical use of VS is not new, particularly in
managing the mental health of returning military
personnel. However, with the introduction of cheaper,
more accessible and sophisticated simulation technology,
there is a new emphasis on the clinical use of VR and
augmented reality (AR). It has been shown that people
can be exposed to anxiety, phobias and characteristics
of PTSD using immersive technology to train them to
manage trauma before they encounter these events in
the real world."* ' For example, veterans from Afghani-
stan have often had heart-thumping real-life experiences
that can be recreated by an immersion programme called
Bravemind, which leverages a VR system created almost
16 years ago to confront veterans with simulated experi-
ences and to build resilience to such events if they are
encountered in the future.'® Subsequent VR programmes
have also been used to incorporate traumatic cues from
actual combat events realistically to build AR simulations
for treating combat-related PTSD."” This trauma manage-
ment programme’s efficacy has been assessed through
a randomised controlled trial of Iraq and Afghanistan
veterans and active-duty military personnel with combat-
related PTSD. During these virtual training experiences,
users were monitored physiologically before and after the
training.

The current heartrending interviews of frontline
physicians and other health workers demonstrate the
value of capturing the nature of the emotional and cogni-
tive challenges close to the time when they have been
experienced. We accordingly suggest that preparedness
for the next significant crises, whether a pandemic like
COVID-19 or something totally different and unexpected,
requires us to begin with the capture of detailed informa-
tion regarding the current psychological and emotional
challenges and what has driven them. This preparedness
will also allow for the development of crisis management
simulators inspired by those used in the training and
preparation of pilots or members of the military.

The problems we have described are likely to be even
more severe in low resource settings with fragile health
systems. Although this would generally include low and
middle-income countries, it also refers to rural, remote
settings in high-income countries. In such environments,
availability of trained health workers and fiscal resources
for innovative simulation-based training are constrained
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and there is often poor governance, leadership and delin-
eation of roles and responsibilities. Preparation may also
be more dependent on counselling and frugal educational
efforts that must be undertaken with an understanding
of how demographic as well as resource characteristics
may aggravate some of the mental health challenges
associated with the kinds of stress discussed here.'® As
in high resource settings, it is cognitive and emotional
preparation, rather than straightforward knowledge of
emergency medicine practices, that is needed to help
emergency health workers as they build resilience for
potential disasters that may lie ahead.
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