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Abstract

Background: Sepsisis a severe condition associated with extensive morbidity and mortality worldwide. Pediatric, neonatal,
and maternal patients represent a considerable proportion of the sepsis burden. Identifying sepsis cases as early as possible is a
key pillar of sepsis management and has prompted the devel opment of sepsisidentification rulesand algorithmsthat are embedded
in computerized clinical decision support (CCDS) systems.

Objective: This scoping review aimed to systematically describe studies reporting on the use and evaluation of CCDS systems
for the early detection of pediatric, neonatal, and maternal inpatients at risk of sepsis.

Methods: MEDLINE, Embase, CINAHL, Cochrane, Latin American and Caribbean Health Sciences Literature (LILACYS),
Scopus, Web of Science, OpenGrey, ClinicalTrials.gov, and ProQuest Dissertations and Theses Global (PQDT) were searched
by using a search strategy that incorporated terms for sepsis, clinical decision support, and early detection. Title, abstract, and
full-text screening was performed by 2 independent reviewers, who consulted athird reviewer as needed. Onereviewer performed
data charting with asample of data. Thiswas checked by a second reviewer and viadiscussions with the review team, as necessary.

Results: A total of 33 studies were included in this review—13 (39%) pediatric studies, 18 (55%) neonatal studies, and 2 (6%)
maternal studies. All studies were published after 2011, and 27 (82%) were published from 2017 onward. The most common
outcome investigated in pediatric studies was the accuracy of sepsis identification (9/13, 69%). Pediatric CCDS systems used
different combinations of 18 diverse clinical criteria to detect sepsis across the 13 identified studies. In neonatal studies, 78%
(14/18) of the studiesinvestigated the Kaiser Permanente early-onset sepsisrisk calculator. All studiesinvestigated sepsistreatment
and management outcomes, with 83% (15/18) reporting on antibiotics-related outcomes. Usability and cost-related outcomes
were each reported in only 2 (6%) of the 31 pediatric or neonatal studies. Both studies on maternal populations were short
abstracts.

Conclusions: This review found limited research investigating CCDS systems to support the early detection of sepsis among
pediatric, neonatal, and maternal patients, despite the high burden of sepsisin these vulnerable populations. We have highlighted
the need for aconsensus definition for pediatric and neonatal sepsisand the study of usability and cost-related outcomesascritical
areas for future research.

International Registered Report Identifier (IRRID): RR2-10.2196/24899
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Introduction

Sepsis | dentification

Sepsis, redefined in adults in 2016 as “life-threatening organ
dysfunction caused by adysregulated host responsetoinfection”
[1], was associated with an estimated 11 million deaths
worldwide in 2017 [2]. Neonatal, pediatric, and obstetric
populations are particularly vulnerable to developing sepsis
[2-4].

Children aged <5 years accounted for approximately 40% of
the estimated 50 million people diagnosed with sepsisin 2017
[2]. Furthermore, a recent report indicated that children aged
<1 year have a considerably higher sepsis incidence rate
compared with other age groupsin Australia[5]. An estimated
28 neonatal sepsis cases occur per 1000 live births, with an
associated mortality rate of 17.6% [4]. Survivors of pediatric
sepsis have a substantial reduction in health-related quality of
life compared with nonsepsis cases, with increased risk of
hospital readmissions, cognitive impairment, and physical
disability [6-9]. Similarly, surviving neonatal sepsisisassociated
with both short- and long-term neurodevelopmental delay and
disability [10,11].

The most recent consensus definition of pediatric sepsis was
presented in 2005, applicable to children from full-term birth
to 18 years of age, and defined pediatric sepsis as modified
“systemic inflammatory response syndrome (SIRS) in the
presence of or asaresult of suspected or proven infection” [12].
Thedefinition of pediatric septic shock, asevere and often fatal
progression of sepsis, wasrefined by the 2020 Surviving Sepsis
Campaign guidelines to “severe infection leading to
cardiovascular dysfunction (including hypotension, need for
treatment with vasoactive medication, or impaired perfusion)”
[13]. Thereis currently no formal definition of sepsis distinct
to the neonatal population [14,15]; however, arecent systematic
review of randomized controlled trials found neonatal sepsisto
be most commonly defined by blood culture alone, followed
closely by blood culture combined with clinical signs[16].

In the maternal population, a consensus definition for maternal
sepsis was presented in 2017, defined as “organ dysfunction
resulting from infection during pregnancy, child-birth,
post-abortion, or post-partum period” [3]. The World Health
Organization Globa Maternal Sepsis Study [17] found theratio
of maternal infections in hospitalized women to be 70.4 (95%
Cl 67.7-73.1) women per 1000 live births. Furthermore, in 2014,
a World Health Organization analysis indicated that 10.7% of
maternal deaths between 2003 and 2009 were associated with
sepsis[18]. Maternal sepsis also affects the health of the child
and has been associated with serious complications, such as
neonatal sepsis, spontaneous abortions, preterm births, and over
4.5 times therisk of death in the child [3,19,20].

Prompt initiation of treatment is critical for successful sepsis
management [21-23]. The earlier sepsis is detected, the faster

https://medinform.jmir.org/2022/5/€35061

therapies can beinitiated [24]. Therefore, early detection iskey
to improving patient outcomes. However, pediatric, neonatal,
and materna sepsis can be challenging to identify.
Age-dependent physiological norms contribute to vague or
nonspecific symptoms and extreme variation between patient
presentations, making it difficult for clinicians to distinguish
between benign conditions and more severe disease
[3,15,25-28]. Recently, clinical tools, often as part of associated
care bundles and clinical programs, have been developed to
facilitate improved sepsis recognition, organ dysfunction
assessment, and prediction of poor outcomes for pediatric (eg,
pediatric sequential organ failure assessment [29], pediatric
logistic organ dysfunction-2 score [30], and pediatric sepsis
score [31]), neonatal (eg, neonatal sequential organ failure
assessment [32]), and maternal sepsis (eg, modified obstetric
early warning score [33] and sepsis in obstetrics score [34]).
However, these tools typically rely on timely and regular vital
sign monitoring by clinical staff to ensure that deteriorating
patients are promptly detected [35,36].

CCDS Systems

The widespread implementation of clinical information systems
has allowed for sepsis recognition tools to be integrated into
computerized clinician decision support (CCDS) systems[37,38]
to assist clinical staff with decision-making [39]. In particular,
CCDS systems can be used to improve the early detection of
sepsis by monitoring patient data and automatically alerting
when a patient shows signs consistent with sepsis [36]. Over
thelast 20 years, 2 types of CCDS systems have been devel oped:
knowledge-based CCDS using preprogrammed rules [39] and
adaptive systems using machine learning and artificial
intelligence techniques [40]. This review is focused only on
knowledge-based CCDS systems.

Research Questionsand Aims

Degspite the critical importance of sepsis detection, there is a
paucity of research on pediatric, neonatal, and maternal sepsis
recognition tools [14,15,17,37]. In this scoping review, we
mapped the available research investigating the use of
knowledge-based CCDS systemsfor the early detection of sepsis
in pediatric, neonatal, and maternal inpatients to provide an
overview of the field and identify knowledge gaps for future
research. Specifically, we aimed to (1) scope the study contexts,
designs, and research methods used; (2) summarize the study
outcomes investigated; and (3) map the range of CCDS system
designs and implementation features, such astheclinica criteria
for sepsis.

Methods

Overview

A protocol detailing the methodology of this scoping review
has been previously published [41]. This review follows the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses Extension for Scoping Reviews)
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statement [42]. A completed PRISMA-ScR checklist can be
found in Multimedia Appendix 1.

Study Selection

To identify relevant studies, we used a broad 3-step strategy
[41], during which an experienced librarian was consulted. The
final search strategy combined termsfor sepsis, clinical decision
support, and early detection, excluding terms for artificial
intelligence, and was used to search MEDLINE, Embase,
CINAHL, Cochrane, Latin American and Caribbean Health
Sciences Literature (LILACS), Scopus, Web of Science,
OpenGrey, ClinicalTrials.gov, and ProQuest Dissertations and
Theses Global (PQDT). Thesearch strategy used for MEDLINE

Ackermann et d

is presented in Multimedia Appendix 2. The search was
conducted in September 2020.

The search results were exported to an EndNote X9 (Clarivate)
library. After deduplication, 2 reviewers (KA and JB)
independently performed title, abstract, and full-text screening
using the eligibility criteria reported in our protocol [41]. The
reference lists of relevant systematic reviews and salient papers
were manually searched by one reviewer (KA) with a second
reviewer (JB) double-checking their inclusion to identify any
further studies. Any disagreements were resolved through
discussion or consultation with a third reviewer (LL). A
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) diagram visually representing this process
ispresented in Figure 1.

Figure 1. Flowchart of the search results and screening process. LILACS: Latin American and Caribbean Health Sciences Literature; PQDT: ProQuest

Dissertations and Theses.

Identification of studies via databases

Records identified from databases
(n=22,190)
MEDLINE: 3369  Scopus: 4203

Remaoval of duplicates before

Identification of studies via other methods

Records identified from hand-

Embase: 7701 Web of Science: 4106 —» ) searching
CINAHL: 1663 ClinicalTrials.gov: 76 SRR =R (n=16)
LILACS: 62 OpenGrey: 7
Cochrane: 719 PQDT: 284 l
v Records excluded with reasons
Title and abstract screening Records excluded Iy Saraaii UI:S.J ‘
(n=12,139) nd (n=11,767) (n=16) Not Fsed for sepsis detection: 1
Not implemented: 4
v
Full texts retrieved - Full text unable to be retrieved
(n=372) (n=4)
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(n=222)
Not original research: 25
Full text eligibility screening —» Duplicate: 19
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Not implemented: 35
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Studies included in data charting and

A J
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charting and synthesis
(n=11)

Adult or age unspecified
—>
studies (n=124)
Neonatal studies Pediatric studies Maternal studies

(n=18) (n=13) (n=2)

Studies included in this review

A total of 2 reviewers (KA and JB) independently piloted title
and abstract screening with a random selection of 25 articles
and full-text screening with a random selection of 10 articles.
The results were discussed with athird reviewer (LL) to ensure
consensus before undertaking the full screen. The 2 reviewers
(KA and JB) had 100% agreement in the title and abstract pilot
screen, 97.6% agreement in title and abstract screening, 60%
agreement in the pilot full-text screen, and 77.4% agreement in
full-text screening. Both peer-reviewed journa articlesand gray
literature studies, such as conference abstracts and theses, were
included in this review. The gray literature that was later
published as a peer-reviewed article was removed. Studies

https://medinform.jmir.org/2022/5/€35061

RenderX

reporting the same methods and study cohorts but measuring
different outcomes were included.

We chose to publish the results of this review in 2 manuscripts
separated by patients' age, given the distinct sepsis presentations
and pathophysiology of pediatric, neonatal, and maternal patients
compared with adults [3,28,43]. The results of the review
investigating adult CCDS systems have been published
previously [44].

Data Charting

The form used for data charting was designed using Microsoft
Access based on the data charting form previously used for
adult studies [44]. The original version was refined based on
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sample data extracted from 2 pediatric, 2 neonatal, and 1
maternal study. The remaining studies were charted by asingle
reviewer (KA), with a sample of studies checked by a second
reviewer (JB), and ongoing consultation with a third reviewer
(LL). We accepted any definition of the charted items, as
detailed in the studies.

Thefinal form abstracted data based on all 3 aimsand included
all components, aslisted in our protocol [41], with some minor
adjustments, as presented in Multimedia Appendix 3 [45-51].
The outcomes listed comprised (1) outcomes reported in the
aims, methods, and results and (2) outcomes from the study
sectionsthat met our inclusion criteria[41]. Thefollowing were
excluded: (1) outcomes mentioned in the methods or
introduction but not in the results; (2) analysis of demographic
or clinical features not specifically identifying the performance
of the alert, unless they were the only outcome or the main
outcome reported; (3) outcomes not discussed in the aims or
methods and not included in the main results tables; and (4)
balancing and process outcome measures. We distinguished
live CCDS as systems that were implemented and actively
alerting and silent CCDS as systems that were implemented
and running with alerts muted.

Analyzing and Reporting the Results

The abstracted data were analyzed through a narrative review,
with accompanying dstatistical summaries organized by
population group and aims. Tableswere created using frequency
counts and percentages to summarize the data and produce
graphical figures where appropriate. The results are presented
separately for the journal articles and conference abstracts.

The charted data demonstrated substantial diversity; hence,
individual categories were grouped to alow for meaningful
analysis. We have included a breakdown of what isincluded in
each group in Multimedia Appendix 4.

Ethics Approval

This scoping review used data collected from published studies
(including publicly available gray literature). No individual
patient was involved, and only aggregate-level data were
presented; hence, ethical approval or consent to participate was
not required.

Results

Study Char acteristics

A database search returned 22,190 results. After deduplication,
12,139 studies were included for title and abstract screening.
The full texts of 368 articles were screened, and 146 studies
were identified for inclusion in the review. Manua searching
identified a further 11 records. Of the 157 included studies, 33
(21%) [52-84] investigated pediatric, neonatal, and maternal
populations. In comparison, 124 (79%) studies examined adult
or unspecified age (assumed adult) inpatient populations (Figure
1). Thus, pediatric, neonatal, and maternal studies only
represented 8.3% (13/157), 11.5% (18/157), and 1.3% (2/157)

https://medinform.jmir.org/2022/5/€35061
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of the total studies, respectively. This process is visualy
presented in aPRISMA flowchart, asshownin Figure 1. A table
detailing the main characteristics of the 33 included studiesis
presented in Multimedia Appendix 5 [52-84].

Pediatric Studies

Of the 13 studiesinvestigating pediatric CCDS systems, 7 (54%)
were journal articles and 6 (46%) were conference abstracts
(Table 1). All studieswere published in 2012 or later, with most
journal articles (6/7, 86%) published after 2016 (Figure 2). Of
the 13 studies, 11 (85%) were conducted in the United States,
whereasthe remaining 2 (15%) studiesdid not specify inwhich
country they were conducted [64,73] (Multimedia Appendix
6). Of the 13 studies, 12 (92%) were conducted in children’'s
hospitals, whereas the remaining study [58] was conducted at
agenera hospital. All studies used quantitative methods, with
the principal study design split between single cohort and
before-after studies (Table 1).

Themost common outcomesinvestigated were patient outcomes
and sepsis treatment and management outcomes (Figure 3).
Only 1 (8%) conference abstract [58] investigated an outcome
related to the CCDS system usability, and none of the studies
investigated pediatric CCDS-related cost outcomes (Figure 3).
The most commonly investigated patient outcome was sepsis
identification (9/13, 69%; Table 1). Pediatric CCDS systems
were compared with the gold standard to measure the extent to
which they identified sepsis. The gold standard definition used
to determine true sepsis cases differed between studies, with 13
different definitions used to define sepsisacross 9 studies (Table
1). Similarly, the method used to identify gold standard cases
varied across studies: 38% (5/13) performed a chart review, 8%
(1/13) prospectively screened patients, 8% (1/13) applied a
manual screening tool, 8% (1/13) performed both achart review
and screened patients, and 8% (1/13) did not specify.

The main characteristics of the investigated pediatric CCDS
systems are presented in Table 2. Most commonly, pediatric
CCDS systems were live (10/13, 77%), homegrown (11/13,
85%), alerted viathe electronic health record (6/13, 46%), and
responded to by nurses (6/13, 46%) and other clinicians (5/13,
38%; Table 2).

The criteriaused by the CCDS systemsto identify sepsis cases
aresummarizedin Table 3. In general, adiverserange of criteria
was used to identify suspected sepsis cases, with 18 clinical
criteria used across 9 pediatric CCDS systems in 8 studies
included in this review. The remaining 5 pediatric studies
[73,74,80,82,83], al conference abstracts, did not specify the
CCDS system criteria used for sepsis case identification and
were not included in Table 3. A total of 2 particular systems
appear to be the subject of more than one study: the first in the
studiesby Dewan et al [61] and Vidrineet a [81] and the second
in the studies by Stinson et al [77] and Viteri et a [82]. One
journal article [64] is counted twicein Table 3, asit contains 2
separate electronic CCDS systems with different criteria: one
with automated continuous screening and the other with
clinician-initiated screening.
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Table 1. Context and outcome characteristics for pediatric studies.

Study characteristics Number of studies by publication Total®

Journal articles  Conference abstracts
Subtotal, n 7 6 13

Principal study type, n (%)

Single cohort 3(43) 4 (67) 7(54)

Before-after 4(57) 2(33) 6 (46)
Setting, n (%)

Hospital wide® 0(0) 2(33 2(15

Emergency department 4 (57) 1(17) 5(38)

Intensive care unit 2(29) 0(0) 2(15)

Inpatient units 1(14) 3 (50) 4(31)

Number of participants, n (%)

<100 1(14) 2(33) 3(23)
101-10,000 1(14) 2(33) 3(23)
10,001-100,000 2(29) 1(17) 3(23)
>100,000 2(29) 0(0) 2(15)
Unspecified 1(14) 1(17) 2(15)

Funding, n (%)

Yes (noncommercial) 2(29) 0(0) 2(15)
No 2(29) 0(0) 2(15)
Unspecified 3(43) 6 (100) 9 (69)

Qutcomes, n (%)
Patient outcomes
Sepsisidentification 5(71) 4 (67) 9 (69)

Gold standard definition®

Goldstein et a [12] 2(29) 0(0) 2(15)
American Academy of Pediatrics Sepsis Collaborative tool [85] 1(14) 0(0) 1(8)
Clinician discretion 3(43) 2(33) 5(38)
Improving Pediatric Sepsis Outcomes definition [86] 1(14) 0(0) 1(8)
International Classification of Diseases codes 1(14) 0(0) 1(8)
Not specified 1(14) 2(33) 3(23)
Other 4(57) 1(17) 5(38)

Sepsistreatment or management, n (%)

Timeliness of aert or intervention 3(43) 1(17) 4(31)

Other 6(86) 1(17) 7 (54)
Usability, n (%)

Satisfaction 0(0) 1(17) 1(8)

#The percentages were calculated from the number of pediatric studies (n=13). As some studies reported multiple outcomes for each category, there
were more than 13 outcomes in some categories, and therefore, the percentages add to more than 100%.

Bif the study setting was not explicitly stated, it was assumed to be hospital wide.
CSome studies have used multiple definitions of sepsis as part of their gold standard.
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Figure 2. Studiesinvestigating neonatal and pediatric computerized clinician decision support systems by year, population, and publication type.
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Table 2. Computerized clinical decision support characteristicsin pediatric studies.

CCDS? characteristics Number of studies by publication Total®
Journal articles Conference abstracts
Subtotal, n 7 6 13

CCDStype, n (%)

Homegrown® 6 (86) 5(83) 11 (85)

Commercial, n (%) 0(0) 1(17) 1(8)
Epic monitor 0(0) 1(17) 1(8)

Unspecified 1(14) 0(0) 1(8)

Silent or live%, n (%)

Live 5(71) 5(83) 10 (77)
Silent 1(14) 1(17) 2(15)
Both (pre or post) 1(14) 0(0) 1(8)

Related interventions, n (%)

None 2(29) 5(83) 7 (54)
Response team 4 (57) 1(@17) 5(398)
Education and information resources 3(43) 1(17) 4(31)
Order sets 3(43) 1(17) 4(31)
Sepsis protocol 1(14) 1(17) 2(15)
Other 2(29) 1(17) 3(23)
Responding personnel, n (%)
Nurses 6 (86) 0(0) 6 (46)
Other clinicians 3(43) 2(33) 5(38)
Response team 0(0) 2(33 2(15)
Not specified 0(0) 3(50) 3(23)
Alert delivery, n (%)
Electronic health record 6 (86) 0(0) 6 (46)
Emergency department tracking board 1(14) 0(0) 1(8)
Not specified 0(0) 6 (100) 6 (46)

8CCDS: computerized clinical decision support.

bThe percentages were calculated from the number of pediatric studies (n=13). As some studies reported multiple characteristics for each category,
there were more than 13 characteristics in some categories; therefore, the percentages add to more than 100%.

®Homegrown CCDS systems are defined as CCDS systems that have been designed by the institution implementing them, rather than commercially
available systems [41].

da live CCDS system is a system that isimplemented and being used by cliniciansin real time during the study. Silent systems are systems that have
been implemented but do not alert clinicians during the study and thus do not influence treatment.
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Table 3. Clinical criteriaused by pediatric computerized clinical decision support (CCDS) systems for sepsis identification.

Study
Balamuthet Cruzet Dewanet Eisenberg et

Eisenberget Lloydet Stinsonet Vidrineet Coffmanet Total, n

al,2017[55] &, 2012 a,2020 a,2021[64] a, 2021[64] al, 2018 a,2019 &,2020 4 pp18? (%b)
[59] [61] (clinician- (automated) [71] [77] [81] [58]
initiated)

Temperature O O O O O O O O O 9 (69)
Capillary refill or O O O O O 7(54)
perfusion
Mental status | 0 0 0 O 0 0 7 (54)
Heart rate O O O O O O 6 (46)
Hypotension O O O O O O 6 (46)
High-risk patient g d ad d ad 5(38)
Pul se assessment O O O O O 5(38)
Skin assessment ad ad d ad d 5(38)
Respiratory rate O O O O 4(31)
Infection concern, g ad d 3(23)
changein clinical or
sepsisrisk
Blood culture order 0 O 2(19)
L eukocyte count 1(8)
Cardiac organ dys- 1(8)
function
Noncardiac organ O 1(8)
dysfunction
Changein Pediatric d 1(8)
Early Warning Score
Family concern 1(8)
Vital sign change O 1(8)
Patient risk change O 1(8)

8This study is a conference abstract, and the other 8 studies are journal articles.
OThe percentages were cal culated from the number of pediatric studies (n=13).

Neonatal Studies

Of the 18 articles investigating neonatal CCDS systems, 14
(78%) were journa articles and 4 (22%) were conference
abstracts. All studieswere published in 2015 or later, with most
published in 2018 (n=9; Figure 2). Overall, 61% (11/18) of the
studies were conducted in the United States, 11% (2/18) were
conducted in the Netherlands, 11% (2/18) did not specify
location, and 1 (6%) study each was set in Australia, Israel, and
the United Kingdom (Multimedia Appendix 6). All neonatal
studies used quantitative methods to investigate the CCDS
systems. A total of 89% (16/18) of studieswere singlesite, with
theremaining 11% (2/18) of studiesinvolving 4 [66] and 2 sites
[69]. The gestational age range of neonates included in these

https://medinform.jmir.org/2022/5/€35061

RenderX

studies was quite diverse, with 35 weeks and older being the
most common inclusion threshold (Table 4).

The most common outcome used to investigate neonatal CCDS
systems was sepsis treatment and management outcomes,
followed by patient outcomes (Figure 3; Table 4). CCDS-related
usability and cost outcomes were only investigated by 1 and 2
studies, respectively [53,56,66] (Figure 3; Table4). Of the sepsis
treatment and management outcomes, antibiotics-related
outcomes were reported most frequently (15/18, 83%; Table
4). Table 5 reportsthe main characteristics of the neonatal CCDS
systems. Notably, most studies investigated early-onset sepsis
(15/18, 83%) using the neonatal early-onset sepsisrisk calculator
devel oped by the Kai ser Permanente team [87-89] (14/18, 78%).
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Table 4. Context and outcome characteristics in neonatal studies.

Study characteristics Number of studies by publication Total?®
Journal articles Conference abstracts
Subtotal, n 14 4 18

Principal study type, n (%)

Single cohort 3(21) 3(75) 6 (33)

Before-after 9(64) 1(25) 10 (56)

Interrupted time series 2(14) 0(0) 2(11)
Setting, n (%)

Hospital wide® 4(29) 2(50) 6(33)

Nursery 7 (50) 2 (50) 9 (50)

Icu® 3(2D) 0(0) 3(17)

Number of participants, n (%)

<100 0(0) 1(25) 1(6)
101-1000 5(36) 1(25) 6(33)
1001-10,000 6 (43) 0(0) 6(33)
>10,001 2(14) 0(0) 2(11)
Unspecified 1(7) 2(50) 3(17)
Age of included neonates, n (%)
<33 weeks gestation 1(7) 0(0) 1(6)
>34 weeks gestation 3(21) 1(25) 4(22)
>35 weeks gestation 4 (29) 1(25) 5(28)
>36 weeks gestation 2(14) 0(0) 2(11)
>37 weeks gestation 1(7) 0(0) 1(6)
First month of life 1(7) 0(0) 1(6)
Unspecified 2(14) 2 (50) 4(22)
Funding, n (%)
Yes (noncommercial) 1(7) 0(0) 1(6)
No 7 (50) 0(0) 7(39)
Unspecified 6 (43) 4 (100) 10 (56)

QOutcomes, n (%)

Patient outcomes

ICU admission 4(29) 0(0) 4(22)

Length of stay 3(2Y 1(25) 4(22)

Other 4(29) 1(25) 5(28)
Sepsistreatment or management

Antibiotics 12 (86) 3(75) 15 (83)

Laboratory evaluation 8(57) 3(75) 11 (61)

Timeliness of aert or intervention 2(14) 0(0) 2(11)

Sepsis guideline compliance 2(1%) 0(0) 2(11

Other 4(29) 1(25) 5(28)
Usability

Effectiveness 1(7) 0(0) 1(6)
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Study characteristics Number of studies by publication Total®
Journal articles Conference abstracts
Cost 2(14) 0(0) 2(11)

#The percentages were calculated from the number of neonatal studies (n=18). As some studies have reported multiple outcomes for each category,
there were more than 18 outcomes in some categories, therefore, the percentages add to more than 100%.

Bt the study setting was not explicitly stated, it was assumed to be hospital wide.
CICU: intensive care unit.

Table 5. Computerized clinical decision support characteristics in neonatal studies.

CCDS? characteristics Number of studies by publication Total®
Journal articles Conference abstracts
Subtotal, n 14 4 18

Type of sepsis, n (%)

Early-onset sepsis 12 (86) 3(75) 15(83)
Late-onset sepsis 1(7) 0(0) 1(6)
Sepsis 1(7) 1(25) 2(11)
General CCDScriteria, n (%)

Kaiser Permanente early-onset sepsis risk [89] 12 (86) 2(50) 14 (78)
Epic Monitor [65] 1(7) 1(25) 2(11)
RALIS[69] 1(7) 0(0) 1(6)
Not specified 0(0) 1(25) 1(6)

Silent or live®, n (%)

Live 12 (86) 4 (100) 16 (89)
Silent 1(7) 0(0) 1(6)
Both (pre or post) 1(7) 0(0) 1(6)
Related interventions, n (%)
Education and information resources 8(57) 1(25) 9 (50)
None 4(29) 3(75) 7(39)
Sepsis protocol 4(29) 0(0) 4(22)
Order sets 2 (14) 0(0) 2(12)
Other 5(36) 1(25) 6(33)
Responding personnel, n (%)
Nurses 4(29) 1(25) 5(28)
Other clinicians 10 (71) 0(0) 10 (56)
Paramedics 1(7) 1(25) 2(11)
Not specified 2 (14) 2(50) 4(22)
Alert delivery, n (%)
Calculated by personnel 10 (71) 3(75) 13(72)
Other 2(14) 0(0) 2(11)
Not specified 2 (14) 1(25) 3(17)

8CCDS: computerized clinical decision support.

bThe percentages were cal culated from the number of neonatal studies (n=18). As some studies have reported multiple characteristics for each category,
there were more than 18 characteristics, therefore, the percentages add to more than 100%.

CA live CCDS system is a system that isimplemented and being used by cliniciansin real time during the study. Silent systems are systems that have
been implemented but do not aert clinicians during the study and thus do not influence treatment.
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Maternal Studies

Only 2 studies—those by Davis et al [60] and Blumenthal et al
[57]—have investigated CCDS systems for sepsis in pregnant
or immediately postpartum populations. Both studies were
abstracts and used quantitative methods. Blumenthal et al [57]
used a before-after study design, whereas Davis et a [60] did
not provide sufficient information for the study design to be
determined. Davis et a [60] conducted a single-site,
hospital-wide study in the United States, and Blumenthal et al
[57] conducted a study at 3 sites but did not specify in which
country. None of the studies reported on the number of
participants. To identify maternal sepsis, Davis et a [60] used
the obstetric-adjusted systemic inflammatory response syndrome
(SIRS) criteria(comprising SIRS with the addition of fetal heart
rate) plus organ dysfunction, whereas Blumenthal et a [57]
used a maternal early warning score (comprising temperature
plus heart rate, altered mental state, respiratory rate, and mean
arterial pressure). Both studies investigated sepsis treatment
and management outcomes, with Blumenthal et a [57]
additionally investigating patient outcomes.

Discussion

Principal Findings

This review comprehensively scoped the current literature on
CCDS systems for early detection of sepsis in pediatric,
neonatal, and maternal hospital populations. Overall, our
findings highlight the scarcity of studies in these unique
populations when compared with the general adult population,
representing only 21% (33/157) of studies. Furthermore, only
64% (21/33) of studies were peer-reviewed journal articles.
Given the high burden of sepsis in pediatric, neonatal, and
maternal patients, this comparatively small number of studies
isconcerning [2-4,18] and underlinesthe critical need for future
high-quality research into CCDS systems for these vulnerable
popul ations. However, the rapid expansion of thisfield in recent
years is encouraging, with all 33 studies published in the last
10 years and the majority (26/33, 79%) published in the last 5
years.

Pediatric Sepsis

Our findings emphasize the variability in pediatric studies that
have evaluated the use of sepsis CCDS systems. In particular,
we found great variability across the clinical criteria used for
pediatric sepsisidentification, with 18 different clinical criteria
used in numerous combinations across 8 studies (Table 3).
Furthermore, arange of gold standard definitions was applied,
of which the most common was clinician discretion rather than
published tools[12,85,86], highlighting the lack of aconsensus
definition and tool for pediatric sepsis identification. Hospital
settings varied widely between studies, and numerous related
interventionswereimplemented alongside the pediatric CCDS,
with few similarities. This variability makes it difficult to
compare studies and draw generalized conclusions from the
literature. All studieswere single cohort or before-after studies,
highlighting the need for more robust study designs to provide
stronger evidence regarding the use of CCDS systems.

https://medinform.jmir.org/2022/5/€35061
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The heterogeneity intheclinical criteriaused, both for the CCDS
system and the gold standard definitions, can be attributed to a
lack of current consensus regarding pediatric identification, risk
stratification, and diagnosis. Although the definition of adult
sepsis was updated in 2016 [1], followed by the publication of
the quick sepsis-related organ failure assessment tool [90], the
most recent pediatric sepsis consensus definition was in 2005
[12] and has exhibited numerous limitations [31,91,92]. An
extensive study by Weisset a [93] found aninterrater agreement
of only 0.57 between the 2005 consensus and physician
diagnosis of pediatric sepsis, further emphasizing the
inadequacies of the current consensus criteria in practice.
Researchers have since attempted to adapt the quick
sepsis-related organ failure assessment to the pediatric
population or pediatric logistic organ dysfunction-2, apediatric
deterioration tool, to sepsis [29,30,94,95]. Preliminary results
from these studies show promise, demonstrating moderate to
high prognostic accuracy for poor patient outcomes, such as
mortality and pediatric intensive care unit admission
[29,30,94,95]. Critical to this chalenge is the unique
pathophysiology of pediatric sepsis, in which simply
age-adjusting adult sepsis criteriais controversial and inadequate
[91,96]. For example, hypotension is commonly used as a key
indicator of septic shock in adults; however, it isless useful in
children, ashypotensionistypically not present until much later
in the disease course [25,26,91]. In addition, symptoms
considered key to adult sepsisidentification, such astachycardia
and tachypnea, are common in febrile children regardless of
disease severity and can often be present due to crying and
distress [25,26,95]. Therefore, there have been numerous calls
by both academics and clinicians for an updated pediatric
consensus in recent years [13,43,91,95]. In 2019, the Society
of Critical Care Medicine convened the Pediatric Sepsis
Definition Taskforce to update the consensus criteria for
pediatric sepsisidentification [97]. Although they have recently
published a systematic review investigating the individual
factors, clinical criteria, or illness severity scores that are used
to identify children with sepsis who are at higher risk of
developing organ dysfunction or death, the task force has not
yet released an updated definition [97]. The absence of an
up-to-date consensus for defining or detecting pediatric sepsis
has likely contributed to the high diversity of CCDS clinical
criteriaused in pediatric populations and the range of definitions
used for gold standard pediatric sepsis detection. Our findings
demonstrate the need for more robust evidence to investigate
the appropriate clinical criteriafor pediatric sepsisand reinforce
the urgent need for an updated consensus on the definition of
pediatric sepsis.

Notably, an updated pediatric consensus must consider the
extensive chronological and developmental age-dependent
variability found in the pediatric population. For example, the
pathophysiology of sepsis is expected to differ significantly
among an adolescent, a child aged 5 years, and an infant aged
2 months. This will likely affect how different pediatric age
groups present with sepsis, and accounting for these changes
may not be as simple as adjusting the normal threshold of
different vital signs according to age. This diversity needs to
be studied and reflected in future consensus definitions and
clinical criteria of the CCDS system.
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Neonatal Sepsis

Our findings report considerable variation across neonatal
studies, despite most studies eval uating the same CCDS system:
the Kaiser Permanente early-onset sepsisrisk calculator (KPC)
[89]. In particular, the gestational age of the neonates included
in the study varied considerably (Table 4). Most studies
investigated moderate to late preterm and term infants, with
cutoffs for gestational age ranging from =34 to >37 weeks[98]
or infants within their first month of life. A single study [69]
investigated very preterm infants at <33 weeks gestational age
[98], indicating a key research gap, as preterm infants are at a
considerably higher risk of sepsis and infection than full-term
newborns[14,28,32,99]. A recent study [99] demonstrated that
more than one-third (38%) of extremely preterm infants, defined
as infants <28 weeks' gestation, had late-onset sepsis. The
included studies investigated a diverse range of outcomes,
related interventions, and responding personnel. Large multisite
studies would improve the generalizability of the literature and
thus should be considered despite the substantial difficulty in
undertaking them.

Of the 18 neonatal studies included in this review, 14 (78%)
investigated KPC [89]. This calculator combines the baseline
early-onset sepsis incidence with maternal and infant
characteristicsand aclinical evaluation [89]. It aimsto identify
neonates at risk of early-onset sepsis, defined as sepsis within
the first 72 hours after birth [28,87,88]. Under conventional
sepsis management guidelines, many neonates are given
potentially unnecessary antibiotic therapy asaprecaution against
sepsis, resulting in unintended negative effects [14,87]. A
systematic review and meta-analysis performed by Achten et
al [100] demonstrated that the use of KPC was associated with
a reduction in antibiotic use. However, a more recent
meta-analysis [101] showed that the KPC missed many cases
of early-onset sepsis compared with the UK Nationa Institute
for Health and Care Excellence guidelines. This results in
delayed or missed treatment for these neonates and suggests
that further evaluation of the calculator is required [101]. In
addition, the KPC is only designed for predicting sepsisrisk in
infants born at =34 weeks gestation within a very narrow
early-onset sepsis time frame [87-89]. Our review identified
only 17% (3/18) of neonatal studies that did not examine
early-onset sepsis, with 6% (1/18) investigating late-onset sepsis
and 11% (2/18) investigating general neonatal sepsis. L ate-onset
neonatal sepsis, often defined as sepsis occurring =3 days after
birth, is a leading cause of mortality in vulnerable preterm
infants[28,32,99,102]. Thiscallsattention to aclear knowledge
gap for future research into CCDS systems for neonatal sepsis
occurring outside theinitial 72 hours of life.

To date, no consensus definition has been devel oped for neonatal
sepsis [15,16,28,103]. As the neonatal population is uniquely
different from adults and older children, current adult and
pediatric clinical criteriacannot be ssimply adapted [15,32,103].
A recently published systematic review [16] highlighted the
variance in the currently used definitions of neonatal sepsisin
randomized controlled trials. Surprisingly, the most commonly
used definition was microbiological culture by itself or in
combination with clinical signs and symptoms, despite the
proven low sensitivity of this method and the high incidence of
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culture-negative sepsis among the neonatal population
[14,16,102]. Similarly, some studies included in this review
required a positive culture test to diagnose neonatal sepsis. A
consensus on the definition of neonatal sepsisisneeded to better
identify suspected neonatal sepsis in clinical practice, for
research studies, and to improve antibiotic stewardship in
newborns[14,15,28,103]. Furthermore, any consensus criterion
must acknowledge the age-related variability inherent to the
neonatal population, as sepsis pathophysiology differs
considerably between a preterm neonate and an infant in their
first month of life [103].

Maternal Sepsis

Despite the devastating consequences of sepsisin pregnant and
immediately postpartum women [3,17,18], our comprehensive
literature search identified only 2 studies that evaluated the use
of CCDS systems for maternal sepsis. Pregnancy involves
extensive physiological, hormonal, and psychological changes,
which may mask the common symptoms of sepsis, resulting in
delayed diagnosisand treatment [3,19,104]. A systematic review
by Bauer et al [104] demonstrated that healthy pregnant women
during the second and third trimesters often demonstrate
considerable overlap with the SIRS criteria. This alteration of
the usual physiological state must be represented in CCDS
systems to ensure that sepsis in pregnant and immediately
postpartum women is detected early, without the risk of
unnecessary treatment in heathy patients. The lack of
high-quality peer-reviewed studiesin this population underlines
aconcerning knowledge gap in the literature, for which further
research is urgently needed.

Usability and Cost of CCDS Systems

The usahility of any health intervention technology is critical
for its successful implementation [105-108]. Therefore,
investigating the usability of CCDS systems is essential for
devel oping efficient and functional systems. In particular, alarm
fatigueisawell-established usability concernfor CCDS systems
[109]. Alarm fatigue occurswhen clinicians become desensitized
to frequent inappropriate alarms and begin ignoring or
overriding alerts, reducing the effectiveness of alert systems
and potentially impacting patient outcomes [109,110]. To
prevent alarm fatigue, CCDS systems must be carefully
calibrated to avoid unnecessary frequent aerting [109,110].
None of the studies reported in this review investigated alarm
fatigue in response to the implemented CCDS system, despite
itsimportance for successful CCDS use.

Understanding the cost or cost-effectiveness of an intervention
supports policy and clinical decision-making when determining
resource allocation under limited health care budgets [111].
This is especialy true for sepsis, which represents a large
financia burden on the health system through both acute hospital
care and long-term treatment and rehabilitation [112,113]. Of
the 33 studiesincluded in thisreview, only 4 (12%) investigated
outcomes related to cost or usability, 1 (3%) in pediatric and 3
(9%) in neonatal populations, demonstrating a clear evidence
gap for future research.
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Strengths and Limitations

This review comprehensively searched the available literature,
both peer reviewed and gray, on the use of CCDS systems for
inpatients with neonatal, pediatric, and maternal sepsis. Owing
to time and resource constraints, the searches were limited to
studies available in the English language and thus may have
missed publications in other languages. Furthermore, the data
extraction was performed by only 1 reviewer (KA). To limit
any consequential data entry errors, the extraction form was
extensively piloted, and any issueswere cross-checked and fully
discussed with the review team.

Conclusions

Our findings have illustrated a comparative scarcity of studies
investigating CCDS systemsin pediatric, neonatal, and maternal
inpatients, despite their high sepsis burden. Further research is
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needed to evaluate CCDS systems for the early detection of
sepsisin these vulnerable populations. We identified extensive
variation in the clinical criteria and gold standard definitions
used by pediatric CCDS systems, and our findings reinforce
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definitions. The review also shows a clear absence of studies
investigating CCDS systemsfor sepsisidentification in maternal
inpatients, high-risk preterm populations, and neonates outside
the first 72 hours of life. Finally, our review demonstrated a
lack of studies investigating the usability and cost of CCDS
systems, both of which are key to their effectiveness and
sustainability. In conclusion, our review has identified
substantial and important knowledge gaps in the literature
evaluating CCDS systems for the early detection of sepsisin
pediatric, neonatal, and maternal populations, which would
benefit greatly from future research.
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Abstract

Background: Severity of illness scores—A cute Physiology and Chronic Health Evaluation, Simplified Acute Physiology Score,
and Sequential Organ Failure Assessment—are current risk stratification and mortality prediction tools used in intensive care
units (ICUs) worldwide. Developers of artificia intelligence or machine learning (ML) models predictive of ICU mortality use
the severity of illness scores as a reference point when reporting the performance of these computational constructs.

Objective: This study aimed to perform a literature review and meta-analysis of articles that compared binary classification
ML modelswith the severity of illness scoresthat predict |CU mortality and determine which models have superior performance.
This review intends to provide actionable guidance to clinicians on the performance and validity of ML models in supporting
clinical decision-making compared with the severity of illness score models.

Methods: Between December 15 and 18, 2020, we conducted a systematic search of PubMed, Scopus, Embase, and |IEEE
databases and reviewed studies published between 2000 and 2020 that compared the performance of binary ML models predictive
of ICU mortality with the performance of severity of illness score models on the same data sets. We assessed the studies
characteristics, synthesized the results, meta-analyzed the discriminative performance of the ML and severity of illness score
models, and performed tests of heterogeneity within and among studies.

Results: We screened 461 abstracts, of which we assessed the full text of 66 (14.3%) articles. We included in the review 20
(4.3%) studies that developed 47 ML models based on 7 types of algorithms and compared them with 3 types of the severity of
illness score models. Of the 20 studies, 4 (20%) were found to have alow risk of bias and applicability in model development,
7 (35%) performed external validation, 9 (45%) reported on calibration, 12 (60%) reported on classification measures, and 4
(20%) addressed explainability. The discriminative performance of the M L-based models, which wasreported as AUROC, ranged
between 0.728 and 0.99 and between 0.58 and 0.86 for the severity of illness score-based models. We noted substantial heterogeneity
among the reported models and considerable variation among the AUROC estimates for both ML and severity of illness score
model types.

Conclusions: ML-based models can accurately predict ICU mortality as an aternative to traditional scoring models. Although
the range of performance of the ML models is superior to that of the severity of illness score models, the results cannot be
generalized dueto the high degree of heterogeneity. When presented with the option of choosing between severity of illness score
or ML models for decision support, clinicians should select models that have been externally validated, tested in the practice
environment, and updated to the patient population and practice environment.

Trial Registration: PROSPERO CRD42021203871; https://tinyurl.com/28v2nch8
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Introduction

Background

Inthe United States, intensive care unit (ICU) care costs account
for 1% of the US gross domestic product, underscoring the need
to optimize its use to attenuate the continued increase in health
care expenditures [1]. Models that characterize the severity of
illnesses of patients who are criticaly ill by predicting
complications and |CU mortality risk can guide organizational
resource management and planning, implementation and support
of critical clinical protocols, and benchmarking and are proxies
for resource allocation and clinical performance [2]. Although
the medical community values the information provided by
such models, they are not consistently used in practice because
of their complexity, marginal predictive capacity, and limited
internal or external validation [2-5].

Severity of illness score models require periodic updates and
customizations to reflect changesin medical care and regional
case pathology [6]. Scoring models are prone to high interrater
variability, areless accurate for patientswith increased severity
of illness score or specific clinical subgroups, are not designed
for repeated applications, and cannot represent patients’ status
trends[7]. The Acute Physiology and Chronic Health Evaluation
(APACHE)-II (APACHE-I1) and Simplified Acute Physiology
Score (SAPS), developed in the 80s, are till in use [8]. The
underlying algorithmsfor APACHE-IV areinthe public domain
and are available at no cost; however, their useistimeintensive
andisfacilitated by software that requires paymentsfor licensing
implementation and maintenance [9]. Compared with SAPS-I,
which uses data exclusively obtained within the first hour of
ICU admission [10], APACHE-1V uses data from the first day
(24 hours) [11]. Although the Sequential Organ Failure
Assessment (SOFA) is an organ dysfunction score that detects
differences in the severity of illness and is not designed to
predict mortality, it is currently used to estimate mortality risk
based on the mean, highest, and time changes accrued in the
score during the ICU stay [11].

Theavailability of machine-readable datafrom electronic health
records enables the analysis of large volumes of medical data
using machine learning (ML) methods. ML algorithms enable
the exploration of high-dimensional data and the extraction of

https://medinform.jmir.org/2022/5/€35293

featuresto develop modelsthat solve classification or regression
problems. These agorithms can fit linear and nonlinear
associations and interactions between predictive variables and
relate all or some of the predictive variablesto an outcome. The
increased flexibility of ML models comes with the risk of
overfitting training data; therefore, model testing on external
datais essential to ensure adequate performance on previously
unseen data. In model development, the balance between the
model’s accuracy and generalizability, or bias and variance, is
achieved through model training on a training set and
hyperparameter optimization on atuning set. Once afew models
have been trained, they can be internaly validated on a
split-sample data set or cross-validated; the candidate model
chosen is then validated on an unseen test data set to calculate
its performance metrics and out of sampleerror [12]. The choice
of algorithm is critical for providing a balance between
interpretability, accuracy, and susceptibility to biasand variance
[13]. Compared with the severity of illness scores, ML models
can incorporate large numbers of covariates and temporal data,
nonlinear predictors, trendsin measured variables, and complex
interactions between variables [14]. Numerous ML algorithms
have been integrated into ICU predictive models, such as
artificial neural networks (NNs), deep reinforcement learning,
support vector machines (SVMs), random forest models, genetic
algorithms, clinical trajectory models, gradient boosting models,
k-nearest neighbor, naive Bayes, and the Ensemble approach
[15]. Despitetherapidly growing interest in using ML methods
to support clinical care, modeling processes and data sources
have been inadequately described [16,17]. Consequently, the
ability to validate and generalize the current literature’s results
is questionable.

Objectives

This study aims to systematicaly review and meta-analyze
studies that compare binary classification ML models with the
severity of illness scores for predicting ICU mortality and
determine which modelshave superior performance. Thisreview
intends to provide actionable guidance to clinicians on the
prognostic value of ML models compared with the severity of
illness scores in supporting clinical decision-making, as well
ason their performance, in the context of the current guidelines
[18] and recommendationsfor reporting ML analysisin clinical
research [19] (Table 1).
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Table 1. Recommended structure for reporting ML models.

Barboi et al

Research question and ML justification

Data sources and preprocessing (feature selection)

Model training and validation

Clinical question Population
Intended use of the result
Defined problem type

Available data

Data collection and quality
Data structure and types

Defined ML method and rationale

Defined evaluation measures, training

protocols, and validation transformation, and label source)

N/AP Input configuration

Sample record and measurement characteristics

Differences between evaluation and validation sets

Data preprocessing (data aggregation, missing data,

Hardware, software, and packages used
Evaluation (calibration and discrimination)
Configuration (parameters and hyperparameters)

Model optimization and generalization (hyperparame-
ter tuning and parameter limits)

Validation method and data split and cross-validation

Validation method performance metrics on an external
data set

Reproducibility, code reuse, and explainability

3\IL: machine learning.
BN/A: not applicable.

Methods

We conducted a systematic review of the relevant literature.
The research methods and reporting followed the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) 2020 statement and guide to review and
meta-analysis of prediction models [20,21].

Information Sources and Search Strategy

Between December 15 and 18, 2020, we performed a
comprehensive search in the bibliographic databases PubMed,
Scopus, Embase, and | EEE of the literature published between
December 2000 and December 15, 2020. These databases were
availablefree of charge from the university library. We selected
PubMed for its significance in biomedical electronic research;
Scopusfor itswide journal range, keyword search, and citation
analysis; Embase because of its European union literature
coverage;, and |IEEE Xplore for its access to engineering and
computer science literature.

The search terms included control terms (Medical Subject
Headings and Emtree) and free-text terms. The filters applied
during the search of all 4 databaseswere Humans and Age: Adult.
A search of the PubMed database using the terms (Al artificial
intelligence) OR (machinelearning) AND (intensive care unit)
AND (mortality) identified 125 articles. The Scopus database
was searched using theterms KEY (machinelearning) OR KEY
(artificial-intelligence) AND KEY (intensive care unit) AND
KEY (mortality) revealed 182 articles. The Embase database
gueriesusing theterms (Al Artificial Intelligence) OR (machine
learning) AND (intensive care unit) AND (mortality) resulted
in 103 articles. The IEEE database search using the terms

https://medinform.jmir.org/2022/5/€35293

(machinelearning) OR (artificial intelligence) AND (intensive
care unit) AND (mortality) produced 51 citations.

A total of 2 authors (CB and AT) screened titles and abstracts
and recorded the reasons for exclusion. The same authors (CB
and AT) independently reviewed the previously selected full-text
articles to determine their €eligibility for quantitative and
gualitative assessments. Both authorsrevisited the discrepancies
to guarantee database accuracy and checked the references of
the identified articles for additional papers. A third researcher
(LNM) was available to resolve any disagreements.

Eligibility Criteria and Study Selection

We included studies that compared the predictive performance
of newly developed ML classification models predictive of ICU
mortality with the severity of illness score models on the same
data sets in the adult population. To be included in the review,
the studies had to provide information on the patient cohort,
model development and validation, and performance metrics.
Both prospective and retrospective studies were eligible for
inclusion.

Data Collection Process

Data extraction was performed by CB, reviewed by AT, and
guided by the CHARMS (Critical Appraisal and Data Extraction
for Systematic Reviews of Prediction Modeling Studies)
checklist [22] specifically designed for systematic reviews of
prognostic prediction models. The methodological qualities of
the included studies were appraised with guidance from the
Prediction model Risk of Bias (ROB) Assessment Tool
(PROBAST) [23]. The reported features of the ML models are
shown in Table 2.

IMIR Med Inform 2022 | vol. 10 | iss. 5 35293 | p.24
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Barboi et al

Table2. CHARMS (Checklist for Critical Appraisal and Data Extraction for Systematic Reviews of Prediction Modeling Studies) checklist.

Author Data source (descrip- Outcomemortality Datapreparation Model training  Predictive performance Generalizability
tion)
A2 BP cc pd e A oG8 WO g kKL MM N

Pirracchioet MmO 2 Hospital o o 0o O 0 o a
al [1]
Nidlsenetd  panish ICUP Hospital 30/90 O O o 0 O 0O O O O
[24] days
Nimgaonkar  ICU India Hospital o o o0 O
et al [25]
Xiaeta [26] MIMIC3 28 days/hospital O
Purushotham MIMIC 3 Hospital, 2days, 3 0O O o 0O ad
etd [27] days, 30 days, 1

year
Nanayakkara pnziCSd Hospital u] O 0O 0 0O O o 0O 000 O
et al [28]
Meyer et a Germany Hospital O o O o O O ] O
[29]
Meiring et a CCHIC' United King- Hospital 0 O o 0o O O o O
(7 dom
Linetal [30] MIMIC3 Hospital O g o o O
Krishnanetd MIMIC3 ICU O
[31]
Kang et Korea Hospital 0 o o o o 0O O O
[32]
Johnsonetal  United Kingdom ICU and hospital  OJ O o O 0O O o O O
[33]
Holmgrenet  Sweden Hospital and 30 o o o o 0O O o O
a [34] days
GarciaGalo MIMIC3 Hospital and1year O O o o o o o o o O
et al [35]
El-Rashidy et  MIMIC 3 ICU and hospital O O o O o 0O O o O
al [36]
Silvaeta [37] gyRICUSS 2 ICU O O o O O o 0O O o o
Caicedo-Tor- MIMIC3 ICU O O o O o 0O O
reset al [38]
Deshmukhet o cy-cRD! ICU O O o o O o 0O O O
al [39]
Ryan et al MIMIC 2 ICU and hospital O O o o O o 0O O o 0O
[40]
Mayaudeta MIMIC2 Hospital O O o o o o O
[41]

3Data normalization/outlier addressed.
BMissi ng data addressed.

CHyperparameter optimization addressed.

dOverfitting/shrinkage and cross-validation addressed.

®Predictor selection, full model versus backward elimination.

fCalibration assessed (Brier, Hosmer-Lemeshow, and calibration plot).
9Di scrimination/recl assification performed (net reclassification improvement/integrated discrimination improvement).
AClassification reported.
iRecalibration performed.
IExternally validated.
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kExplai nability addressed/decision curve analysis.

IClinical applicability addressed.

MPrediction span defined.

M ntended moment of use reported.

OMIMIC: Medical Information Mart for Intensive Care.

PICU: intensive care unit.

9ANZICS: AustraliaNew Zealand Intensive Care Unit Society.
'CCHIC: Critical Care Health Informatics Collaborative.
SEURICUS: European |CU studies.

'elCU CRD: Electronic ICU Collaborative Research Database.

Assessment of the ROB and Quality of Reviewed
Studies

The reviewers used the PROBAST tool to assess the
methodological quality of each study for ROB and concerns
regarding applicability in 4 domains. study participants,
predictors, outcome, and analysis[23]. Thereviewers evaluated
the applicability of the selected studies by assessing the extent
to which the studied outcomes matched the goals of the review
in the 4 domains. We evaluated the ROB by assessing the
primary study design and conduct, predictor selection process,
outcome definition, and performance anaysis. The ROB in the
reporting models' performance was appraised by exploring the
reported measures of calibration (model’s predicted risk of
mortality vs the observed risk), discrimination (model’s ability
to discriminate between patients who are alive or expired),
classification (sensitivity and specificity), and reclassification
(net reclassification index). The performance of the models on
internal data sets not used for model development—internal
validation—and on data sets originating from an external patient
population—external validation—were weighted in the ROB
assignment. The ROB and applicability were assigned as low
risk, high risk, or unclear risk according to PROBAST
recommendations [42].

M eta-analysis and Performance Metrics

The C datistic-area under the receiver operating curve
(AUROC) is the most commonly reported estimate of
discriminative performance for binary outcomes [43-46] and
the pragmatic performance measure of ML and severity of
illness score models previously used in the medical literature
to compare models based on different computational methods
[21,45-47]. It is generaly interpreted as follows. an AUROC
of 0.5 suggests no discrimination, 0.7 to 0.8 is considered
acceptable performance, 0.8 to 0.9 is considered excellent
performance, and >0.9 is considered outstanding performance
[48]. We included the performance of models devel oped using

https://medinform.jmir.org/2022/5/€35293
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similar algorithmsin forest plots and performed heterogeneity
diagnostics and investigations without calculating a pooled
estimate [49]. The results were pooled only for studies that
followed a consistent methodology that included the external
validation or benchmarking of the models. Random-effects
meta-anal yses computed the pooled AUROC for the following
subgroups of ML algorithms—NNs and Ensemble—and the
following subgroups of scoring models—SAPS Il, APACHE
Il and SOFA. The AUROC for each model type was weighted
using the inverse of its variance. Pooled AUROC estimates for
each model were meta-analyzed along with 95% Cls of the
estimates and were reported in forest plots together with the
associated heterogeneity statistics (12, 14, and Cochran Q).
Cochran Q statistic (also known as the chi-square statistic)
determines the within-study variation, 1% determines the

between-study variability, and 12 represents the percentage of
variability from the AUROC estimate not caused by sampling
error [36]. The Cochran Q P vaue is denoted as P.
Meta-analyses were conducted in R (version 3.6.1) [37] (see
Multimedia Appendix 1 for scripts).

Results

Selection Process

Of the 461 screened abstracts, we excluded 372 (80.7%) because
of relevance (models not devel oped to predict ICU mortality),
9 (2%) duplicates, 6 (1.3%) reviews, and 8 (1.7%) conference
proceedings (not intended for clinical application). We assessed
the full text of 66 articles; the most common performance
method reported to allow comparison between all models and
ameta-analysis was the C statistic-cAUROC. Of the 66 articles,
we excluded 12 (18%) articles because of limited information
on model development, 22 (33%) articles because of alack of
comparison with clinical scoring models, and 12 (18%) articles
as the AUROC was not reported. The search strategy and
selection process areillustrated in Figure 1.
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Figure 1. Search strategy and selection process. AUROC: area under the receiver operating curve; |CU: intensive care unit.
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2.Lack of comparison with clinical scoring
models n=22

3AUROC not reported n=12

Studies included in review
MN=20
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Assessment of the Prediction M odel Development

The 20 studies reported 47 ML models that were developed
based on 7 types of algorithms and compared them with 3
severity of illnessscoremodels. All ML modelswere devel oped
through a retrospective analysis of the ICU data sets. Of the 20
studies, 10 (50%) used datafrom the publicly available Medical
Information Mart for Intensive Care database (Beth Israel
Deaconess Medical Center in the United States) at different
stages of expansion. Of the 20 studies, 10 (50%) used national
health care databases (Danish, Australia-New Zealand, United
Kingdom, and Sweden) or | CU-linked databases (Korea, India,
and the United Kingdom). One of the studiesincluded datafrom
>80 ICUs belonging to >40 hospitals [33], and one of the
studies’ ICU-linked database collected data from 9 European
countries [37]. The cohorts generating the data sets used for
model development and internal testing ranged from 1571 to
217,289 patients, with a median of 15,789 patients. Of the 20
studies, 10 (50%) used data from patients admitted to general
ICUs, whereas 10 (50%) studies used data from patients who

https://medinform.jmir.org/2022/5/€35293

were critically ill with specific pathologies: gastrointestinal
bleeds[39], COVID-19 and pneumonia—associated respiratory
failure [40], postcardiac arrest 28], postcardiac surgery [29,36],
acuterenal insufficiency [30,32], sepsis[35,41], or neurological
pathology [25]. The lower age thresholds for study inclusion
rangeswere 12 years[25], 15 years[26,27], 16 years[33,35,39],
18 years [24,29,40], and 19 years [30]. Within the studied
cohorts, mortality ranged from 0.08 to 0.5 [29,32,36].

The processes and tools used for the selection of predicting
variableswere described in 65% (13/20) of studiesand included
the least absolute shrinkage and selection operator, stochastic
gradient boosting [33,35], genetic algorithms, and particle
swarm optimization [33]. Approximately 15% (3/20) of studies
[25,26,35] reported multiple models developed on variable
predictor sets, which were subsequently tested for the best
performance, validation, and calibration. The number of
predictive variables used in the final models varied between 1
and 80, with a median of 21. The most common predicting
variables are shown in Figure 2 and are grouped by the
frequency of occurrence in the studies.
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Figure2. Frequency and type of ML model input variables (x-axis: number of studies using theinput variables; y-axis: input variable). ASA: American
Society of Anesthesiology; COPD: chronic obstructive pulmonary disease; CVA: cerebra vascular accident; FIO2: fraction of inspired oxygen; ICU:
intensive care unit; LFT: liver function test; ML: machine learning; RBC: red blood cell; SpO2: oxygen saturation; PaO2: arterial oxygen pressure;

PaCO?2: arterial CO2 pressure.

Variables included in ML models
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All studies developed models on 24-hour data; furthermore, [1,25,27,37], 3 hours, 6 hours, 12 hours, 15 hours[38], and 24
ML models were developed on the first hour of ICU data[34]; hours[7,36] to every 27 hours, 51 hours, and 75 hours [40].

the first 48-hour data [27,38,41]; 3-day data [40]; 5-day data
[7]; 10-day data [26]; or on patients’ prior medical history
collected from 1 month, 3 months, 6 months, 1 year, 2.5 years,
5years, 7.5 years, 10 years, and 23 years [24]. The frequency
of data collection ranged from every 30 minutes [29], 1 hour
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Researchers handled missing data and continuous and fixed
variables differently. A total of 6 model developers provided
no information on missing data [1,25,29,32,34,39], and 1 [27]
addressed data cleaning. Researchers [24,30,33,35-37,40,41]
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removed the recordswith missing valuesranging from 1 missing
value per admission to 30%, 50%, and 60% of missing data.
One of the studies[29] included only variables documented for
at least 50% of the patients and imputed the missing valueswith
the last measured value for the feature. Missing values (up to
60%) were forward-filled; backward-filled; or replaced with
means (continuous variables) or modes (categorical variables),
normal values, averages [24,28,36,38,40], predictive mean
matching [7], or linear interpolation imputation method [26].
The data were normalized using the minimum-maximum
normalization technique. The time prediction of hospital
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mortality was undefined in 45% (9/20) of studies and varied
from 2 or 3 daysto 28 days, 30 days[26], 90 days[24], and up
to 1 year [24] in the others.

There was a wide range in the prevalence of mortality among
studies (0.08-0.56), creating a class imbalance in the data sets.
In studies with low investigated outcome mortality, few
researchers addressed the problem of classimbalance (survivors
Vs nonsurvivors) through balanced training [24,37], random
resampling [29], undersampling [36], or class penalty and
reweighting schemes [38]. A breakdown of the model
characteristicsis presented in Table 3.
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Table 3. Information on the ML? prediction model development, validation, and performance, and on the severity of illness score performance.

Author ML model type (AU- Datatraining/test Features K-fold/vali- Externa validae ML AUROC Severity of illness score
rROCP test) (split %) dation tion data set external model type (AUROC)
Pirracchio et al, « EnsembleSICU- 24,508 17 5-fold cross- 200 0.94 « sapstil (0.78)
2015[1) LA® (0.85) validation * APACHE®II (0.89)
+ SoF (0.71)
Nielsenetal, 2019 . NN9 (0.792) 10,368 44 5-fold cross- 1528 0.773 . SAPSHI (0.74)
[24] (80/20) validation o APACHE-II (0.72)
Nimgeonkar etal, - NN (0.88) 2962 15 N/AD N/A N/A «  APACHE-II (0.77)
2004 [25] (70/30)
Xiaeta,2019[26] . Ensemble- 18,415 50 Bootstrap N/A N/A e SAPSII (0.77)
LSTM' (0.85)  (90/10) and RSMK -+ SOFA(0.73)
« LSTM (0.83) « APACHE-II (0.74)
* DT (082
Purushothametal, « NN (0.87) 35,627 17/22/  5-foldcross- External bench- N/A . SAPS-I (0.80)
2018 [27] o  Ensemble (0.84) 136 validation mark « SOFA (0.73)
Nanayakkaraetal, « DT (0.86) 39,560 29 5-foldcross- N/A N/A « APACHE-III (0.8)
« NN (0.85)
«  Ensemble (0.87)
*  GBM™(0.87)
Meyereta, 2018 « NN (0.95) 5898 52 10-fold 5989 0.81 . SAPSII (0.72)
[29] (90/10) cross-valida-
tion
Meiringetal,2018 « DT (0.85) 80/20 25 21,911 N/A N/A « APACHE-II (0.83)
7 « NN (0.86) n
. SVM(086) LOO
Linet al, 2019 . DT (0.86) 19,044 15 5-foldcross- N/A N/A e SAPSII (0.79)
[30] - NN (083 validation
« SVM (0.86)
Krishnan et d, o NN-ELM® (0.99) 10,155 1 10-fold N/A N/A . SAPS (0.80)
2018 [31] (75/25) cross-vaida « SOFA (0.73)
tion * APSP-II1 (0.79)
Kangeta,2020 « SVM (0.77) 1571 33 10-fold N/A N/A «  SOFA (0.66)
[32] . DT(79 (70/30) :‘}I’C?nS-leda- «  APACHE-II (0.59)
« NN (0.776)
*  k-NNY9(0.76)
Johnsoneta, 2013 « | R ypivariae 39,070 10 10-fold 23,618 0.837 (uni- «  APS-II (0.86)
[33] (0.902) (80/20) c_ross—vd ida variate); _
« LR multivariate tion 0.868 (mullti-
(0.876) variate)
Holmgren et a, « NN (0.89) 217,289 8 5-foldcrosss N/A N/A « SAPSII (0.85)
2019 [34] (80/20) validation
Garcia-Galloeta, « g aASSOS 5650 18 10-fold N/A N/A « SOFA (0.58)
2020 [35] (0.803) (70/30) 140 cross-vaida . SAPS (0.70)
37 tion
El-Rashidy etal, « Ensemble(0.93) 10,664 80 10-fold External bench- N/A « APACHE-II (0.73)
2020 [36] (75/25) crossvalida mark « SAPSII (0.81)
tion «  SOFA-II (0.78)
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Author ML model type (AU- Datatraining/test Features K-fold/vali- External valida= ML AUROC  Severity of illness score
RrRoCP test) (split %) dation tion data set external model type (AUROC)

Silvaetal, 2006 .« NN (0.85) 13,164 12 Hold out N/A N/A « SAPS-11(0.8)

(37] (66/33)

Caicedo-Torreset  « NN (0.87) 22,413 22 5-foldcrosss N/A N/A « SAPSI (0.73)

a, 2019 [38] validation

Deshmukh et a, *  XGB'(0.85) 5691 34 5-foldcross- N/A N/A o APACHE-IV (0.8)

2020[39] (80/20) validation

Ryanetal,2020 « DT (0.86) 35,061 12 5-fold cross- 114 0.91 *  GSOFAY(0.76)

[40Q] (80/20) validation

Mayaudeta,2013 « GaY4+LR (0.82) 2113 25 BBCCVW N/A N/A o APACHE-III (0.68)

(41 (70/30)

3ML: machine learning.

BAUROC: area under the receiver operating curve.
CSICULA: Super ICU Learner Algorithm.
dSAPS: S mplified Acute Physiology Score.
CAPACHE: Acute Physiology and Chronic Health Evaluation.
fSoFA: Sequential Organ Failure Assessment.
INN: neural network.

AN/A: not applicable.

iLSTM: long short-term memory.

IDT: decision tree.

KRSM: random subspace method.

lsvm: support vector machine.

MGBM: gradient boosting machine.

"LOO: leave one out.

®ELM: extreme learning machine.

PAPS: Acute Physiology Score.

9-NN: k-nearest neighbor.

'LR: logistic regression.

SSGB-LASSO: stochastic gradient boosting least absolute shrinkage and selection operator.

'X GB: extreme gradient boosting.

UgSOFA: Quick Sequential Organ Failure Assessment.
VGA: genetic algorithm.

WBBCV: bootstrap bias-corrected cross-validation.

Overview of ML Algorithmsand Model Validation

The reviewers recorded the ML model types based on the final
trained model structure rather than on the algorithm used for
fitting the model (Table 3). The reviewers noted a diversity of
strategies in model fitting, although the implemented models
defined the operating functions and transformations. Of the 20
studies, NNs were applied in 13 (65%) [7,24-32,34,37,38],
decision trees in 8 (40%) [7,26,28,30,32,35,39,40], SVM in 4
(20%) [7,28,30,32], and Ensemble of algorithms in 4 (20%)
[1,27,28,36]. The types of algorithms used in the same study
varied between 1 and 5. All studies provided information on
data training and interna testing (see Table 2 for k-fold
validation and data splitting). Of the 20 studies, 5 (25%)

https://medinform.jmir.org/2022/5/€35293

[1,24,29,33,40] performed validation on external data sets
ranging from 114 to 23,618 patients, and 2 (10%) studies[27,36]
benchmarked the ML model performance against existing ML
mortality prediction models; 14 (70%) studies reported Clsfor
the measure of discrimination AUROC, 9 (45%) studiesreported
on calibration (Hosmer-Lemeshow, calibration curve, or Brier
score), and 12 (60%) studies reported on classification measures
(Table 4). Approximately 10% (2/20) of studies were available
for usein clinical practice [1,33]; the models' decisions were
explained with local interpretable model-agnostic explanations
[28] or the Shapley additive explanations method (SHAP) [39].
The AUROC of the ML models ranged from 0.728 to 0.99 for
predicting mortality.
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Table 4. Reported performance measures of the ML models.

Authorand ML model  Classification measurements Calibration measurements Other
Specificity  ppyb/precision Recall/sensitivity  F; score  Accuracy ) © Brier Calibration
score score curve

Pirrachio et al [1]

EnsembleSL91  N/A® N/A N/A N/A— N/A N/A 0079 yf=00007 DS’=0.21
(calibration
plot)
EnsembleSL-2  N/A N/A N/A N/A N/A N/A 0.079 U=0.006 DS=0.26
(calibration
plot)
Nielsen et al [24]
NNP N/A 0.388 N/A N/A N/A N/A N/A N/A Mathews
correlation
coefficient

Purushotham et al [27]

NN N/A N/A N/A N/A N/A N/A N/A N/A 0.491
(AUPRC')
Ensemble N/A N/A N/A N/A N/A N/A N/A N/A 0.435
(AUPRC)
Nimgaonkar et al [25]
NN-15 features ~ N/A N/A N/A N/A N/A 27.7 N/A Calibration  N/A
plot
NN-22 features ~ N/A N/A N/A N/A N/A 224 N/A Calibration  N/A
plot
Xiaet al [26]
EnsembleLSTMI 0.7503 0.294 0.7758 04262 07533  N/A N/A N/A N/A
LST™M 0.7746 0.305 0.7384 0.4317 0.7703 N/A N/A N/A N/A
RFX 0.7807 0.306 0.71197 04290 0.7734 N/A N/A N/A N/A

Nanayakkara et al [28]

RF 0.79 0.75 0.76 N/A 0.78 N/A 0.156 Cdlibration  0.47 (log
plot loss)
svc 0.81 0.77 0.75 N/A 0.78 N/A 0.153 Cdlibration  0.47 (log
plot loss)
GBM™ 0.78 0.75 0.8 N/A 0.79 N/A 0.147 Calibration  0.45 (log
plot loss)
NN 0.72 0.71 0.82 N/A 0.77 N/A 0.158 Calibration  0.48 (log
plot loss)
Ensemble 0.81 0.77 0.77 N/A 0.79 N/A 0.148 Calibration  0.45 (log
plot loss)
Meyer et al [29]
RNN 0.91 0.9 0.85 0.88 0.88 N/A N/A N/A N/A
Meiring et al [7]
DT® NN, SVvmMP  N/A N/A N/A N/A N/A N/A N/A N/A N/A
Lin et al [30]
RF N/A N/A N/A 0.459 0.728 N/A 0.085 Calibration  N/A
plot
NN N/A N/A N/A 0.406 0.666 N/A 0.091 Calibration  N/A
plot
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Authorand ML model  Classification measurements Calibration measurements Other
Specificity PPVb/preci gon Recal/sengtivity Fqscore Accuracy (¢ Brier Calibration
score score curve
SVM N/A N/A N/A 0.460 0.729 N/A 0.086 Calibration  N/A
plot

Krishnan et al [31]

ANN-ELMY N/A N/A 0.98 0.98 0.98 N/A N/A N/A Mathews
correlation
coefficient

Kang et al [32]

K-NN" N/A N/A N/A 0.745 0673 N/A N/A Calibration  N/A

plot

SVM N/A N/A N/A 0.752 0.696 N/A N/A Cadlibration  N/A

plot

RF N/A N/A N/A 0.762 0.69 N/A N/A Cadlibration  N/A

plot

XGBS N/A N/A N/A 0763 0711 N/A N/A Calibration  N/A

plot

NN N/A N/A N/A 0.749 N/A N/A Cadlibration  N/A

plot

Johnson et al [33]

LR univariate N/A N/A N/A N/A N/A 22 0.051 N/A N/A
LR multivariate ~ N/A N/A N/A N/A N/A 19.6 0.048 N/A N/A
Holmgren et al [34]
NN N/A N/A N/A N/A N/A N/A 0.106 Calibration  N/A
plot
Garcia-Gallo et al [35]
sGY N/A N/A N/A N/A 0.725 00916  N/A Calibration ~ N/A
plot
SGB-LASSOY  N/A N/A N/A N/A 0.712 00916  N/A Calibration ~ N/A
plot

El-Rashidy et al [36]

Ensemble 0.94 N/A 0.911 0.937 0.944 N/A N/A N/A N/A
Silva et al [37]

NN 0.79 N/A 0.78 N/A 0.7921 N/A N/A N/A N/A
Caicedo-Torreset al [38]

NN 0.827 N/A 0.75 N/A N/A N/A N/A N/A N/A
Deshmukh et al [39]

XGB 0.27 N/A 1 N/A N/A N/A N/A N/A N/A
Ryan et al [40]

XGB 0.75 N/A 0.801 0.378 0.75 N/A N/A N/A N/A

Mayaud et al [41]
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Authorand ML model  Classification measurements Calibration measurements Other
Specificity PP'\/b/preci gon Recal/sengtivity Fqscore Accuracy (¢ Brier Calibration
score score curve
GAY+LR N/A N/A N/A N/A N/A 10.43 N/A Calibration  N/A
plot

3\ L: machine learning.

bppy; positive predictive value.

°HL: Hosmer-Lemeshow.

dgi super learner.

EN/A: not available.

fU statistics.

9DS: discrimination slope.

ANIN: neural network.

IAUPRC: area under the precison-recall curve.
ILsT™: long short-term memory.

KRF: random forest.

lsve: support vector classifier.

MGBM: gradient boosting machine.

"RNN: recurrent neural network.

ODT: decision tree.

PSVM: support vector machine.

9ANN-ELM: artificial neural network extreme learning machine.
"k-NN: k-nearest neighbor.

SX GB: extreme gradient boosting.

LR logistic regression.

USGB: stochastic gradient boosting.

VLASSO: |east absolute shrinkage and selection operator.
YWGA: genetic algorithm.

The performance of the ML models was compared with that of
the following severity of illness scoring models: APACHE-II
(6/20, 30%), APACHE-III (220, 10%), APACHE-IV (1/20,
5%), SAPS-1 (11/20, 55%), SAPS-I11 (1/20, 5%), SOFA (9/20,
45%), and Acute Physiology Score-3 (2/20, 10%; Table 3). The
severity of illness scores’ discrimination reported as AUROC
was associated with a Cl in 65% (13/20) of studies. Calibration
of the severity of illness score models was reported in 30%
(6/20) of studies. Approximately 60% (12/20) of studiesreported
binary classification results. The severity of illness scores used
for comparison and associated AUROCswere 0.70 to 0.803 for
SAPS, 0.588t00.782 for SOFA, and 0.593 t0 0.86 for APACHE
(Table 3).
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Analysis of ROB and Applicability

The results of the analysis of the ROB in the selection of the
study population, predictors, outcome definition, and
performance reporting are presented in Table 5. The results of
the assessment of the developed ML models applicability
regarding the study participants and setting, the predictors used
in the ML models development and their timing, the outcome
definition and prediction by the models, and the analysis that
reports the models’ performance are also presented in Table 5.
Of the 47 models, 4 (9%) models [1,17,23,29] were identified
as having alow risk, and 3 (6%) models were rated as having
an uncertain ROB and applicability model development
[24,29,40]. The main reason for the high ROB in the overall
judgment of the study wasthelack of external validation, which
was identified in 28% (13/47) of the models.
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Table 5. Assessment for ROB®and applicability for prognostic models with the Prediction model ROB Assessment Tool checklist.

Authors ROB and applicability
Participants Predictors Outcome Anaysis  Overall judgment
ROB Applicability ROB Applicability ROB Applicability ROB ROB Applicability

Pirracchio et al [1] Low? Low Low Low Low Low Low Low Low
Nielsen et al [24] Low Low Unclear® Low Unclear  Low Low Unclear  Low
Nimgaonkar et a [25] Low Unclear Low Low Low Low Highd High Unclear
Xiaet a [26] Low Low Low Low Unclear Low High High Low
Purushotham et al [27] Low Low Low Low Low Low Low Low Low
Nanayakkara et a [28] Low Unclear Low Low Low Low High High Unclear
Meyer et a [29] Low Unclear Low Low Low Low Low Low Unclear
Meiring et a [7] Low Low Low Low Low Low High High Low
Lineta [30] Low Unclear Low Low Low Low High High Unclear
Krishnan et a [31] Low Low Low Low Low Low High High Low
Kang et a [32] Low Unclear Low Low Low Low High High Unclear
Johnson et al [33] Low Low Low Low Low Low Low Low Low
Holmgren et al [34] Low Low Low Low Unclear Low High High Low
Garcia-Gallo et a [35] Low Unclear Low Low Low Low High High Unclear
El-Rashidy et al [36] Low Low Low Low Low Low Low Low Low
Silvaet a [37] Low Low Low Low Low Low High High Low
Caicedo-Torres et a [38] Low Low Low Low Low Low High High Low
Deshmukh et al [39] Low Unclear Low Low Low Low High High Unclear
Ryan et a [40] Low Low Uncler Low Low Low Low Unclear Low
Mayaud et a [41] Low Unclear Low Unclear Low Low High High Unclear

8ROB: risk of bias.
BLow risk: no relevant shortcomings in ROB assessment.

®Unclear risk: unclear ROB in at least one domain and all other domains at low ROB.
dHigh risk: relevant shortcomingsin the ROB assessment, at |east one domain with high ROB, or model developed without external validation.

Meta-analysis

Forest plots for the NN, Ensemble, SOFA, SAPS II, and
APACHE-II models and the associated heterogeneity tests are
shownin Figures 3-7. Theforest plots and tests of heterogeneity
for SVM, NN, DT, and Ensemble models that were not
externally validated can be seen in Multimedia Appendix 2.
The AUROC for each model type was weighted using the
inverse of its variance. Most of the 95% Cls of AUROC
estimates from various studies did not overlap within the forest
plot; considerable variation anong AUROC estimates for both
ML and severity of illness score model types was noted.

Regrading tests of heterogeneity, |2 varied between 99% and
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100%, 12 ranged from 0.0003 to 0.0034, and P was consistently
<.01. In Figures 3-7 and Multimedia Appendix 2, the gray boxes
represent the weight estimates of the AUROC value from each
study. The horizontal line through each gray box illustrates the
95% ClI of the AUROC value from that study. Black horizontal
lines through a gray box indicate that the CI limits exceeded
the length of the gray box. White horizontal lines represent the

Cl limits that are within the length of the gray box. 12, 12, and
Cochran Q P value (denoted as P) are heterogeneity tests.

Random-effects meta-analysis results of the computed pooled
AUROC of the ML subgroup models that were externally
validated or benchmarked NNs and Ensemble are shown in
Figure 3 and Figure 4.
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Figure 3. Meta-analysis results: pooled AUROC for externally validated Ensemble models. Gray boxes represent the fixed weight estimates of the
AUROC va ue from each study. Larger gray boxes represent larger fixed weight estimates of the AUROC values. The horizontal line through each gray
box illustrates the 95% CI of the AUROC value from that study. Black horizontal lines through a gray box indicate that the CI limits exceed the length
of the gray box. White horizontal lines represent Cl limits that are within the length of the gray box. The vertical dashed linesin the forest plot are the
estimated random pooled effect of the AUROC value from the random-effects meta-analysis. The gray diamonds illustrate the 95% CI for the random

pooled effects. Tests of heterogeneity included 12, 12, and Cochran Q P value (denoted as P). AUROC: area under the receiver operating curve;.

Author Year Ensemble AUROC 95% Cl  Weight (random)
Pirracchio et al 2015 0.850 [0.846-0.854] 25.0%
Pirracchio et al 2015 = 0.880[0.876-0.884] 25.0%
Purushotham et al 2018 0.843(0.839-0.846] 25.0%
El-Rashidy et al 2020 0.933[0.928-0.938] 25.0%

Random-effects model , , l : , 0.876[0.838-0.915] 100.0%

0.8 0.85 0.9 0.95 1
=0.0015, P<.01

Heterogeneity: 12=1OO%, 12

Figure4. Meta-analysisresults: pooled AUROC for externally validated NN models. Gray boxes represent the fixed weight estimates of the AUROC
value from each study. Larger gray boxes represent larger fixed weight estimates of the AUROC values. The horizontal line through each gray box
illustrates the 95% CI of the AUROC value from that study. Black horizontal lines through a gray box indicate that the CI limits exceed the length of
the gray box. White horizontal lines represent ClI limits that are within the length of the gray box. The vertical dashed lines in the forest plot are the
estimated random pooled effect of the AUROC value from the random-effects meta-analysis. The gray diamonds illustrate the 95% CI for the random

pooled effects. Tests of heterogeneity included 12, 14, and Cochran Q P value (denoted as P). AUROC: area under the receiver operating curve; NN:
neural network.

Author Year NN AUROC 95% ClI Weight (random)
Nielsen et al 2019 = 0.792(0.784-0.800] 33.3%
Purushotham et al 2018 + 0.873(0.870-0.876] 33.4%
Meyer et al 2018 0.950(0.946-0.954] 33.4%
Random-effects model —_— 0.872[0.798-0.946] 100.0%

I T T T T 1

2:0‘0043’ P<01 0.75 0.8 0.85 0.9 0.95 1

Heterogeneity: !2=ﬂ00%, 1

Figure5. Meta-analysis results: pooled AUROC for SAPS-11. Gray boxes represent the fixed weight estimates of the AUROC value from each study.
Larger gray boxes represent larger fixed weight estimates of the AUROC values. The horizontal line through each gray box illustrates the 95% CI of
the AUROC value from that study. Black horizontal lines through a gray box indicate that the CI limits exceed the length of the gray box. White
horizontal linesrepresent ClI limitsthat are within the length of the gray box. The vertical dashed linesin theforest plot are the estimated random pooled
effect of the AUROC value from the random-effects meta-analysis. The gray diamonds illustrate the 95% CI for the random pooled effects. Tests of

heterogeneity included 12, 12, and Cochran Q P value (denoted as P). AUROC: area under the receiver operating curve; SAPS-I1: Simplified Acute

Physiology Scorell.
Author Year SAPS I AUROC 95% ClI Weight (random)
Pirracchio et al 2015 0.780[0.775-0.785) 20.1%
Nielsen et al 2019 - 0.742[0.734-0.750] 19.9%
Purushotham et al 2018 0.803 [0.799-0.808] 20.1%
Meyer et al 2018 - 0.710 [0.701-0.719] 19.9%
El-Rashidy et al 2020 ] = 0.812[0.805-0.819] 20.0%
Random-effects model e 0.770[0.739; 0.801] 100.0%
I I I I 1
Heterogeneity: 12=99%, 12=0.0012, P< .01 0.65 07 075 08 085
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Figure 6. Meta-analysis results: pooled AUROC for SOFA. Gray boxes represent the fixed weight estimates of the AUROC value from each study.
Larger gray boxes represent larger fixed weight estimates of the AUROC values. The horizontal line through each gray box illustrates the 95% CI of
the AUROC value from that study. Black horizontal lines through a gray box indicate that the CI limits exceed the length of the gray box. White
horizontal linesrepresent CI limitsthat are within the length of the gray box. Thevertical dashed linesin theforest plot are the estimated random pooled
effect of the AUROC value from the random-effects meta-analysis. The gray diamonds illustrate the 95% CI for the random pooled effects. Tests of

heterogeneity included 12, 12, and Cochran Q P value (denoted as P). AUROC: area under the receiver operating curve; SOFA: Sequential Organ Failure

Assessment.
Author Year SOFA AUROC 95% Cl Weight (random)
Pirracchio et al 2015 0.710[0.704-0.716] 33.4%
Purushotham et al 2018 0.732[0.728-0.737) 33.5%
El-Rashidy et al 2020 #+  0.782[0.774-0.790] 33.1%
-:::=— 0.741[0.706-0.776] 100.0%
Random-effects model | : . . |
Heterogeneity: l2=99%, 1:2=0‘0009, P<.01 0.55 06 0.65 07 0.75 0.8

Figure 7. Meta-analysis results. pooled AUROC for APACHE-II. Gray boxes represent the fixed weight estimates of the AUROC value from each
study. Larger gray boxes represent larger fixed weight estimates of the AUROC values. The horizontal line through each gray box illustrates the 95%
Cl of the AUROC value from that study. Black horizontal lines through a gray box indicate that the CI limits exceed the length of the gray box. White
horizontal linesrepresent Cl limitsthat are within the length of the gray box. The vertical dashed linesin theforest plot are the estimated random pooled
effect of the AUROC value from the random-effects meta-analysis. The gray diamonds illustrate the 95% CI for the random pooled effects. Tests of

heterogeneity included 12, 2, and Cochran Q P value (denoted as P). APACHE-II: Acute Physiology and Chronic Health Evaluation-I1; AUROC: area
under the receiver operating curve;.

Year 0, 1

Author APACHE Il AUROC 95% CI Weight (random)

Pirracchio et al 2015 :

Nielsennet al 2019 : 0.830(0.825-0.835] 33.4%

El-Rashidyet al 2020 *® 0.720(0.711-0.729] 33.3%
#® 0.73410.726-0.742] 33.3%

Random-effects model — 0.761[0.684; 0.838] 100.0%

I 1 I I 1
Heterogeneity: 1=100%, °=0.0046, P< 01 0s o8 or  os oo
Theresults of heterogeneity for the NN modelswere asfollows: : :
ogenary Discussion

°= 0.0043 (95% CI 0.0014-0.2100), 12=99.9% (95% CI
99.8%-99.9%), P<.01. The results of heterogeneity for the
Ensemble models were as follows:

Principal Findings

This is the first study to critically appraise the literature
comparing the ML and severity of illness score modelsto predict
ICU mortality. In the reviewed articles, the AUROC of the ML
models demonstrated very good discrimination. The range of
the ML model AUROC was superior to that of the severity of
illness score AUROC. The meta-analysis demonstrated a high
degree of heterogeneity and variability within and among
studies; therefore, the AUROC performances of the ML and
severity of illness score model s cannot be pooled, and the results

cannot be generalized. Every 12 value is >97.7%; most of the

1°=0.0015 (95% Cl 0.0005-0.0223), 1°=99.7% (95% CI
99.6%-99.8%), P<.01. The results were synthesized, and the
models are presented in Figure 3 and Figure 4. The results of
heterogeneity for the APACHE-2 models were as follows:
12=0.0046 (95% CI 0.0011-0.1681), 1°=99.7% (95% ClI
99.6%-99.8%), P<.01. The results of heterogeneity for the
SAPSII models were as follows: 12=0.0012 (95% ClI

0.0005-0.0133), 17=99.2% (95% CI 98.9%-99.4%), P<.01. The

results of heterogeneity for the SOFA models were as follows:

1?=0.0009 (95% Cl 0.0003-0.0461), 17=99.1% (95% ClI
98.5%-99.4%), P<.01 (Figures 5-7).
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95% Cls of AUROC estimates from various studies did not
overlap within theforest plot, suggesting considerable variation
among AUROC estimates for model types. The ClI for AUROC
and the statistical significance of the difference in model
performance were inconsistently reported within studies. The
high heterogeneity came from the diverse study population and
practice location, age of inclusion, primary pathology, medical
management leading to the |CU admission, and time prediction

JMIR Med Inform 2022 | vol. 10 | iss. 5 |€35293 | p.37
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

window. The heterogenous data management (granularity,
frequency of datainput, data management, number of predicting
variables, prediction timeframe, time seriesanalysis, and training
set imbalance) affected model development. It may have resulted
in bias, primarily in studies where it has not been addressed
(Table 2). Generally, authors reported the ML agorithms with
predictive power superior to the clinical scoring system (Table
3); the number of ML models with inferior performance not
reported i s unknown, which raises the concern of reporting bias.
The classification measures of performance wereinconsistently
reported and required a predefined probability threshold;
therefore, models showed different sensitivity and specificity
based on the chosen threshold. The variationsin the prevalence
of the studied outcome secondary to imbalanced data sets make
the interpretation of the accuracy difficult. The models
calibration cannot be interpreted because of limited reporting.
The external validation process that is necessary to establish
generalization waslacking in 65% (13/20) of studies (Table 2).
Thelimited and variabl e performance metrics reported precludes
acomprehensivemodel performance comparison among studies.
The decision curve analysis and model interpretability
(explainability) that are necessary to promote transparency and
understanding of the model’s predictive reasoning was addressed
in 25% (5/20) of studies. Results of the clinical performance of
ML mortality prediction models as alternatives to the severity
of illness score are scarce.

The reviewed studies inconsistently and incompletely captured
the descriptive characteristics and other method parameters for
ML -based predictive model development. Therefore, we cannot
fully assess the superiority or inferiority of ML-based 1CU
mortality prediction compared with traditional models; however,
we recognize the advantage that flexibility in model design
offersin the ICU setting.

Study Limitations

This review included studies that were retrospective analyses
of data setswith known outcome di stributions and incorporated
the results of interventions. It is unclear which models were
developed exclusively for research purposes; hence, they were
not validated. We evaluated studies that compared ML-based
mortality prediction models with the severity of illness
score-hased models, although these models relied on different
development statistical methods, variable collection times, and
outcome measurement methodologies (SOFA).

The comparison between the artificial intelligence (Al) and
severity of illness score models relies only on AUROC values
as measures of calibration, discrimination, and classification
are not uniformly reported. The random-effects meta-analysis
was limited to externally validated models. Owing to the level
of heterogeneity, the performance results for most Al and
severity of illness score models could not be pooled. The authors
recognize that 25% (5/20) of the articleswere published between
2004 and 2015 before the TRIPOD (Transparent Reporting of
a multivariable prediction model for Individual Prognosis or
Diagnosis) recommendations for model development and
reporting [18]; thus, they were not aligned with the guidelines.

The reviewers assessed the models' ROB and applicability and
were aware of therisk of reporting and publication biasfavoring

https://medinform.jmir.org/2022/5/€35293
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the ML models. However, the high heterogeneity among studies
prevents an unambiguous interpretation of the funnel plot.

Conclusions and Recommendations

Theresults of our analysis show that the reporting methodol ogy
is incomplete, nonadherent to the current recommendations,
and consistent with previous observations [16,50]. The lack of
consistent reporting of the measures of thereliability calibration
(Brier score and calibration curve of reliability deviation),
discrimination, and classification of the probabilistic estimates
on external data makes the comparative effectiveness of risk
prediction models challenging and has been noted by other
authors [43].

Predictive models of mortality can substantially increase patient
safety, and by incorporating subtle changes in organ functions
that affect outcomes, these models support the early recognition
and diagnosis of patients who are deteriorating, thus providing
clinicians with additional time to intervene. The heterogeneity
of the classification models that was reveded in detail in this
review underlines the importance of recognizing the models
ability for tempora and geographical generalization or proper
adaptation to previously unseen data[51]. These concepts apply
to both models; similar to the ML models, severity of illness
score requires periodical updates and customizations to reflect
changesin medical care and regional case pathology over time

[6].

Our findings lead to the following recommendations for model
developers:

1. State whether the developed ML models are intended for
clinical practice

2. If modelsareintended for clinical applications, providefull
transparency of the clinical setting from which the dataare
acquired and all the model development steps; validate the
models externally to ensure generalizability

3. If intended for clinical practice, report models' performance
metrics, which include measures of discrimination,
calibration, and classification, and attach explainer models
to facilitate interpretability

Before using ML and/or severity of illness score models as
decision support systems to guide clinical practice, we make
the following recommendations for clinicians:

1. Be cognizant of the similarities or discrepancies between
the cohort used for model development and the local
practice population, the practice setting, the model’s ability
to function prospectively, and the models' lead times

2. Acquire knowledge of the modd’s performance during
testing in the local practice

3. Ensure that the model is periodically updated to changes
in patient characteristics and/or clinical variables and
adjusted to new clinical practices and therapeutics

4. Confirm that the models' data are monitored and validated
and that the model’s performance is periodically updated

5. When both the severity of illness scoreand ML modelsare
available, determine one model’s superiority and clinical
reliability versus the other through randomized controlled
trials
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6.

When ML models guide clinical practice, ensure that the Al developers must search for and clinicians must be cognizant

model makes the correct recommendation for the of the unintended consequences of Al tools; both must
right reasons understand human-Al tool interactions. Healthcare organization
and consult the explainer model administrators must be aware of the safety, privacy, causality,

Identify clinical performance metrics that evaluate the and ethical challenges when adopting Al tools and recognize
impact of the Al tool on the quality of care, efficiency, theFoodand Drug Administration guiding principlesfor AI/ML
productivity, and patient outcomes and account for development [52].

variability in practice
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Abstract

Background: Racial bias is a key concern regarding the development, validation, and implementation of machine learning
(ML) modelsin clinical settings. Despite the potential of bias to propagate health disparities, racial biasin clinica ML has yet
to be thoroughly examined and best practices for bias mitigation remain unclear.

Objective: Our objective wasto perform a scoping review to characterize the methods by which the racial bias of ML has been
assessed and describe strategies that may be used to enhance algorithmic fairnessin clinical ML.

Methods: A scoping review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews and
Meta-analyses (PRISMA) Extension for Scoping Reviews. A literature search using PubMed, Scopus, and Embase databases, as
well as Google Scholar, identified 635 records, of which 12 studies were included.

Results: Applications of ML were varied and involved diagnosis, outcome prediction, and clinical score prediction performed
on data setsincluding images, diagnostic studies, clinical text, and clinical variables. Of the 12 studies, 1 (8%) described a model
inroutine clinical use, 2 (17%) examined prospectively validated clinical models, and the remaining 9 (75%) described internally
validated models. In addition, 8 (67%) studies concluded that racial bias was present, 2 (17%) concluded that it was not, and 2
(17%) assessed the implementation of bias mitigation strategies without comparison to a baseline model. Fairness metrics used
to assess algorithmic racial biaswereinconsistent. The most commonly observed metricswere equal opportunity difference (5/12,
42%), accuracy (4/12, 25%), and disparate impact (2/12, 17%). All 8 (67%) studies that implemented methods for mitigation of
racial bias successfully increased fairness, as measured by the authors' chosen metrics. Preprocessing methods of bias mitigation
were most commonly used across all studies that implemented them.

Conclusions: The broad scope of medical ML applications and potential patient harms demand an increased emphasis on
evaluation and mitigation of racial biasin clinical ML. However, the adoption of agorithmic fairness principles in medicine
remainsinconsistent and islimited by poor dataavailability and ML model reporting. We recommend that researchersand journal
editors emphasize standardized reporting and data availability in medical ML studies to improve transparency and facilitate
evaluation for racial bias.

(IMIR Med Inform 2022;10(5):€36388) doi:10.2196/36388
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Introduction

Background

Inrecent years, artificia intelligence (Al) has drawn significant
attention in medicine as machine learning (ML) techniques
show an increasing promise of clinical impact. Driven by
unprecedented data accessibility and computational capacity,
ML has been reported to reach parity with human cliniciansin
a variety of tasks [1-3]. ML is poised to benefit patients and
physicians by optimizing clinical workflows, enhancing
diagnosis, and supporting personalized health careinterventions
[4-6]. Decision support tools based on ML have aready been
implemented across health systems [7,8], and the continued
proliferation of clinical ML will impact patientsin all fields of
medicine.

However, despite its appeal, significant barriers remain to the
full realization of clinically integrated ML. Key concernsinclude
limited model transparency due to the “black box” of ML,
inadequate reporting standards, and the need for prospective
validation in clinical settings [1,9-12]. Racial bias in clinical
ML is a crucial challenge arising from these limitations and
must be addressed to ensure fairnessin clinical implementation
of ML. As ML is premised on prediction of novel outcomes
based on previously seen examples, unintended discrimination
is a natural conseguence of algorithm development involving
training data that reflect real-world inequities [13].

Equity in health care remains a continual pursuit [14,15]. Bias
and disparities along dimensions of race, age, and gender have
been shown to impact health care access and delivery, evident
invaried settings, such asrace correction in clinical algorithms
or clinical tria enrollment and adverse event monitoring [16,17].
Considering the growing body of literature demonstrating
profound adverse impacts of health care inequities on patient
outcomes, mitigation of the numerous and insidious sources of
potential biasin medicine requires remains acritical challenge
to prevent harm to patients [14,17]. Thus, the potential for
algorithms to perpetuate health disparities must be carefully
weighed when incorporating ML modelsinto clinical practice
[18-20].

Algorithmic fairness is an area of ML research guiding model
development with the aim of preventing discrimination involving
protected groups, which are defined by attributes such as race,
gender, religion, physiologic variability, preexisting conditions,
physical ability, and sexual orientation [13,19]. However,
application of algorithmic fairness principlesin the medical ML
literature remains nascent [20]. Greater awareness of the
potential harms of bias in clinical ML as well as methods to
evaluate and mitigate them is needed to support clinicians and
researchers across the health care and data science disciplines,
who must evaluate and implement clinical ML models with a

https://medinform.jmir.org/2022/5/€36388

Huang et a

critical eye toward algorithmic fairness. The objective of this
study isto characterize the impact and mitigation of racial bias
in clinical ML to date and describe best practices for research
efforts extending a gorithmic fairness to medicine.

Bias and Fairnessin Machine Learning

In the setting of algorithmic fairness, bias is present when an
algorithm systematically favors one outcome over another. Bias
may be introduced into an ML algorithm throughout al steps
of the development process, which involves data collection,
data selection, model training, and model deployment [13].
Examples of these sources of bias are shown in Figure 1, and
their definitions are given in Multimedia Appendix 1. Notably,
historical bias may be present even if al steps of model
development are optimally performed. This is of particular
concern in the evaluation of racia bias in clinica ML, given
the presence of existing and historical health care disparities
[14].

Depending on the context, bias in clinical ML may not be
harmful and can even be used to overcome inequality [13]. In
situationsin which targeting awell-defined subpopul ation above
al others is desirable, an ML agorithm biased toward a
particular group may be used to proactively mitigate existing
disparities. However, bias may arisewhen ML modelsdesigned
to serve the needs of a specific clinical population—such as a
particular community or high-risk demographic—are
inappropriately applied to other populations or when more
genera models are applied to specific populations. Additionally,
ML algorithms tend to overfit to the data on which they are
trained, which entails the learning of spurious relationships
present in the training data set and may result in a lack of
generalizability to other settings. As a result, a model that
appears unbiased in one setting may display bias in another.
Thus, biasin clinical ML must be considered in the light of the
context and particular population of interest.

Biasinan ML model may lead to unfairnessif not appropriately
evauated and accounted for. Fairnessin ML is achieved when
algorithmic decision-making does not favor an individual or
group based on protected attributes. Research efforts have
emphasized group fairness over individual fairness, given the
need for algorithms that consider existing differences between
populations—whether intrinsic or extrinsic—while preventing
discrimination between groups [13,21]. Crucialy, improving
model fairness does not necessarily require compromising
accuracy overall [22]. For instance, an unfair disease-screening
tool might have poor sensitivity for disease detection in one
low-risk population subgroup compared to another with higher
risk; improving the fairness of this tool would entail adjusting
the model to have more similar sensitivities between subgroups.
In thisstudy, we examinetheracial biasof clinical ML interms
of model fairness with respect to race.
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Figure 1. The clinica machine learning development workflow (orange boxes) offers several opportunities (blue boxes) to evaluate and mitigate
potential biasesintroduced by the data set or model. Preprocessing methods seek to adjust the existing data set to preempt biases resulting from inadequate
data representation or labeling. In-processing methods impose fairness constraints as additional metrics optimized by the model during training or
present datain a structured manner to avoid biasesin the sampling process. Postprocessing methods account for model biases by adjusting model outputs

or changing the way they are used.
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Assessing and Achieving Fairnessin MachineL earning
Group fairness is quantified by evaluating the similarity of a
given statistical metric between predictions made for different
groups. Group fairness indicators encountered in this review
are defined in Table 1. Critical examinations of different
methods for evaluating fairness in ML, both in general
application [13,23,24] and in the context of health care [21],
have been previously described, though applicationsin clinical
ML remain limited. It isimportant to note that fairness metrics
may be at odds with one another, depending on the context and
application [25]; thus, evaluation of an appropriate metric, given
the clinical situation of interest, is paramount [26].
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Approaches to bias mitigation fall into 3 major categories
(Figure 1): preprocessing, in which inequities in data are
removed prior to model training; in-processing, in which the
model training process is conducted to actively prevent
discrimination; and postprocessing, in which outputs of atrained
model are adjusted to achieve fairness [13]. Preprocessing can
be performed by resampling existing data, incorporating new
data, or adjusting data labels. In-processing methods use
adversarial techniques, impose constraints and regularization,
or ensure fairness of underlying representations during training.
Finally, postprocessing entails group-specific modification of
decision thresholds or outcomes to ensure fairness in the
application of model predictions. Different approaches may be
optimal depending on the setting and stage of model
development.
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Table 1. Group fairness metrics encountered in this review.
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Term Description

AUROC? Assesses overall classifier performance by measuring the TPRP and FPRC of aclassifier at different thresholds.

Average odds Compares the average of the TPR and FPR for the classification outcome between protected and unprotected groups.
Balanced accuracy A measure of accuracy corrected for dataimbalance, calculated as the average of sensitivity and specificity for agroup.
Calibration Assesses how well the risk score or probability predictions reflect actual outcomes.

Disparate impact Measures deviation from statistical parity, calculated as the ratio of the rate of the positive outcome between protected and

unprotected groups. Ideally, the disparate impact is 1.

Equal opportunity

For classification tasks in which one outcome is preferred over the other, equal opportunity is satisfied when the preferred

outcomeis predi cted with equal accuracy between protected and unprotected groups. Ideally, the TPR or FN RYdi sparity between

Comparestheerror rate of predictions, calculated asthe number of incorrect predictions divided by thetotal number of predictions,

groupsisO.
Equalized odds The TPR and FPR are equal between protected and unprotected groups.
Error rate

between protected and unprotected groups. Ideally, the error rate disparity between groupsis 0.
Statistical parity

and unprotected groups.

Statistical parity (also known as demographic parity) is satisfied when the rate of positive outcomesis equal between protected

8AUROC: area under the receiver operating characteristic curve.
bTPR: true-positive rate.

°FPR: false-positive rate.

9ENR: fal se-negative rate.

Methods

Study Design

We performed a scoping review of racial bias and algorithmic
fairnessin clinical ML modelsin accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-analyses
(PRISMA) 2020 guidelines [27] and PRISMA Extension for
Scoping Reviews [28]. The review protocol was not registered
and is available upon request to the authors. The PubMed
MEDLINE (National Library of Medicine), Scopus (Elsevier),
and Embase (Elsevier) databases were queried by combining
terminology pertaining to ML, race, and bias as keywords.
Additional recordswere identified using Google Scholar search.
The exact search strategy is detailed in Multimedia Appendix
1

Study Selection

After duplicate record removal, studies were initially screened
by title and abstract and then screened for final inclusion by full
text review. All screening was performed independently by 2
reviewers, Studies were selected based on the following
inclusion criteria: peer-reviewed original research, English
language, full text available, development or evaluation of a
clinically relevant ML model, and evaluation of bias of the
model regarding racial or ethnic groups. Studies other than
full-length paperswere excluded. ML was defined asacomputer
algorithm that improves automatically viatraining on data[4].
Per PRISMA guidelines, any disagreements regarding study
inclusion based on these criteriawere reconciled by discussion.

Data Abstraction

Relevant data were abstracted from included papers by 1
reviewer. Data of interest included the clinical objective of ML
models, identification of racial bias, impact of racial bias,

https://medinform.jmir.org/2022/5/€36388

metrics for bias assessment, mitigation of racial bias, methods
for bias mitigation, data set size, data source, ML model
architecture, and availability of computer code used for data
preparation and ML model development. The methodological
quality of included studies was not assessed, given the scoping
nature of thisreview [28].

Results

Study Characteristics

Theliterature search was performed on September 8, 2021, and
identified 635 records (Figure 2). Of these, 26 (4.1%) full-text
paperswerereviewed and 12 (46.2%) wereincluded in thefinal
analysis [29-40].

Characteristics of theincluded studies are summarized in Table
2. Data sets and models used are summarized in Multimedia
Appendix 1. Of the 12 studies, 3 (25%) were publishedin 2019,
5 (42%) in 2020, and 4 (33%) in 2021. In addition, 9 (75%)
studies originated from the United States, 1 (8%) from Canada,
1 (8%) from Sweden, and 1 (8%) from both the United Kingdom
and Nigeria. Applications of ML were varied and involved
diagnosis, outcome prediction, and clinical score prediction
performed on data sets including images, diagnostic studies,
clinical text, and clinical variables. Furthermore, 1 (8%) study
described amodel in routineclinical use[36], 2 (17%) examined
prospectively validated clinical models [35,39], and the
remaining 9 (75%) described internally validated models.

Of the 12 studies, 5 (42%) published code used for analysis, 3
(25%) made model development code available [34,36,39], 2
(17%) published bias analysis code [33,36], 1 (8%) published
code relevant to debiasing [30], and 1 (8%) published data
selection code [33]. In addition, 1 (8%) study used publicly
available code for analysis [31], and code was specified as
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available upon request in 1 (8%) study [35]. Bias of an ML
model was evaluated using an external database in 8 (67%)
studies[30-34,37,38], single-ingtitutional datain 3 (25%) studies
[35,36,40], and data from 2 ingtitutions in 2 (17%) studies
[29,39]. Noingtitutional data setswere published. Convolutional
neural networks (CNNs) were the predominant ML modeling
technique used (5/12, 42%), followed by logistic regression
(3/12, 25%), least absolute shrinkage and selection operator
(LASSO; 2/12, 17%), and extreme gradient boosting (X GBoost;
2/12, 17%). In addition, 3 (25%) studies evaluated models
adapted from existing neural network architectures: ResNet50
in 2 (17%) studies [29,32] and DenseNet in the other [38].

Of the 12 studies, 9 (75%) evaluated a model developed
internally by the same researchers[29-33,35,37,39,40], 2 (17%)
evaluated amodel devel oped externally by separate researchers
[36,38], and 1 (8%) evaluated both internally and externally
developed models[34]. In addition, 8 (67%) studies concluded
that racia biaswas present [29,32-34,36-39], 2 (17%) concluded
that bias was not present [35,40], and 2 (17%) assessed the
implementation of bias mitigation strategies without comparison
to abaseline model [30,31]. A variety of methods were used to
assess the presence of agorithmic racial bias: 3 (25%) studies
used multiple metrics to assess fairness [31,34,37], while the
remaining 9 (75%) used a single metric. The most commonly

Huang et a

used fairness metrics were equal opportunity difference [41],
defined either as the difference in the true-positive rate (TPR)
or the false-negative rate (FNR) between subgroups (5/12, 42%)
[30,31,38,39]; accuracy (4/12, 25%) [29,31,32,34]; and disparate
impact (2/12, 17%) [31,37].

The approaches and efficacy of bias mitigation methods used
inthe studies evaluated are summarized in Table 3. All 8 (67%)
studies that implemented methods for mitigation of racial bias
successfully increased fairness, as measured by the authors
chosen metrics [29-32,34,36,37,39]. Preprocessing bias
mitigation was the most commonly used strategy (7/13, 54%).
In addition, 1 (8%) study removed race information from the
training data, though superior improvementsin disparate impact
and equal opportunity difference were achieved by reweighing
[37]. Furthermore, 2 (17%) studies performed in-processing
bias mitigation using the prejudice remover regularizer [42] or
adversarial debiasing during model training [31,37]. However,
in both studies, in-processing was ineffective in reducing bias
and was outperformed by other bias mitigation methods. Finally,
1 (8%) study evaluated multiple types of ML models for bias
during the development process, concluding that a LASSO
model was preferable to conditional random forest, gradient
boosting, and ensemble models for racially unbiased dementia
ascertainment [34].

Figure2. PRISMA flowchart of study inclusion. ML: machinelearning; PRISMA: Preferred Reporting Itemsfor Systematic Reviews and M eta-analyses.
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Author (year)  Clinical objective How was fairness Wasracial bias  How wasthe Al model  Wasracial bias  Protected class
evauated? identified? biased? mitigated?
Abubakar et al Identification of im-  Accuracy Yes Poor accuracy of models  Yes Dark-skinned pa-
(2020) [29] ages of burnsvs trained on a Caucasian tients, light-
healthy skin data set and validated on skinned patients
an African data set and
vice versa
Allen et al Intensive care unit Equal opportunity dif- n/aAC N/A Yes Non-White pa-
(2020) [30] (ICU) mortality predic-  ference (FN RP gi spar- tients
tion ity)
Briggsand Prediction of future ~ Balanced accuracy, N/A N/A Yes Black patients
Hollmén (2020) health care expendi-  statistical parity, dis-
[31] turesof individual pa- parateimpact, average
tients odds, equal opportuni-
ty
Burlinaet a Diagnosis of diabetic  Accuracy Yes Lower diagnosticaccura-  Yes Dark-skinned pa-
(2021) [32] retinopathy from fun- cy in darker-skinned indi- tients
dus photography viduals compared to
lighter-skinned individu-
as
Chenetad ICU mortality predic- Error rate (O-11oss)  Yes Differencesinerror rates No Non-White pa-
(2019) [33] tion, psychiatric read- in1CU mortality between tients
mission prediction racia groups
Gianattasioeta Dementiastatusclass- Sensitivity, specifici-  Yes Existing algorithms Yes Hispanic, non-His-
(2020) [34] fication ty, accuracy varying in sensitivity and panic Black pa-
specificity between tients
race/ethnicity groups
Noseworthy et Prediction of leftven- A yrocd No N/A No Non-White pa-
a (2020) [35]  tricular gjection frac- tients
tion <35% from the
electrocardiogram
(ECG)
Obermeyereta Prediction of future  Calibration Yes Black patients with a Yes Black patients
(2019) [36] health care expendi- higher burden than White
turesof individua pa- patientsat the samealgo-
tients rithmic risk score
Park et a Prediction of postpar- Disparate impact, Yes Black women with a Yes Black patients
(2021) [37] tum depression and equal opportunity dif- worse health status than
postpartum mental ference (TPR® dispari- White women at the
health service utiliza- ty) same predicted risk level
tion
Seyyed-Kaan- Diagnostic label pre-  Equal opportunity dif- Yes Greater TPR disparity in - No Non-White pa-
tari et al (2021) diction from chest X- ference (TPR dispari- Hispanic patients tients
[38] rays ty)
Thompson et a  Identification of opi-  Equal opportunity dif- Yes Greater FNRintheBlack Yes Black patients
(2021) [39] oid misusefromclini- ference (FNR dispari- subgroup than in the
cal notes ty) White subgroup
Wissel et al Assignment of surgi- Regressionanaysisof No N/A No Non-White pa-
(2019) [40] cal candidacy score  the impact of the race tients

for patients with

epilepsy using clinical
notes

variable on the candi-
dacy score

8A|: artificial intelligence.

bENR: fal se-negative rate.

°N/A: not applicable.

dAUROC: area under the receiver operating characteristic curve.
®TPR: true-positive rate.
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Table 3. Bias mitigation methods among reviewed studies.

Description of strategies used Effectiveness
Preprocessing
Reweighing training data *  Anequal opportunity difference (FNR? difference) of 0.016 (P=.20) was achieved for intensive care

Combining data setsto increase  »
heterogeneity

Generating synthetic minority .
class data

Adjusting label selection .

Removing race information from .
training data

In-processing

Useof aregularizer duringtraining

Adversarial debiasing .
Postprocessing
Calibration .

Reject option-based classification

Varying cut-point selection .

unit (ICU) mortality prediction [33].

The mean fairness measure (average of statistical parity difference, disparate impact measure, average
odds difference, and equal opportunity difference) improved to 0.06 from 0.12 for prediction of health
care costs [34].

Disparate impact improved from 0.31 to 0.79, and the equal opportunity (TPRb) difference improved
from —0.19 to 0.02 for prediction of postpartum depression development; prediction of mental health
service use in pregnant individuals improved from 0.45 to 0.85 and —0.11 to —0.02, respectively [40].

The accuracy of skin burn identification increased to 99.5% using a combined data set compared to
83.4% and 87.5% when trained on an African and evaluated on a Caucasian data set and vice versa[32].

Disparity in diabetic retinopathy diagnostic accuracy improved from 12.5% to 7.5% and 0.5% when
augmenting with retina appearance-optimized images and diabetic retinopathy status-optimized images
created with a generative adversarial network, respectively [35].

Improved congruence in health outcomes between groups after devel oping modelsto predict other |abels
for health status besides financial expenditures[39].

Disparate impact improved from 0.31 to 0.61 and equal opportunity (TPR) difference improved from
—0.19 to —0.05 for prediction of postpartum depression development; respective improvements from
0.4510 0.63 and —0.11 to —0.04 for prediction of mental health service use in pregnant individual s [40].

Disparate impact improved, but accuracy and the equal opportunity (TPR) difference decreased when
implementing the prejudice remover regularizer in prediction of postpartum depression in pregnant in-
dividuals[40].

The mean fairness measure (average of statistical parity difference, disparate impact measure, average
odds difference, and equal opportunity difference) worsened to 0.07 from 0.05 for prediction of health
care costs [34].

The equal opportunity (FNR) difference improved from 0.15 to 0.03 for identification of opioid misuse
[42].

The mean fairness measure (average of statistical parity difference, disparate impact measure, average
odds difference, and equal opportunity difference) improved to 0.09 from 0.15 for prediction of health
care costs [34].

The equal opportunity (FNR) difference improved from 0.15 to 0.04 for identification of opioid misuse
[42].

The congruence in sensitivity and specificity between groups improved without reduction in accuracy
for classification of dementia status [37].

3FNR: false-negative rate.
bTPR: true-positive rate.

Discussion

of racia bias in clinica ML, we identified a variety of bias
mitigation methods, which when applied successfully increase

Principal Findings

fairness and demonstrate the feasibility and importance of racial
bias evaluation in the medical ML devel opment process. Based

Given the pressing issue of equity in health care and the rapid
development of medical ML applications, racial bias must be
thoroughly evaluated in clinical ML modelsin order to protect
patient safety and prevent the algorithmic encoding of inequality.
Algorithmic fairness is a relatively novel field within the
discipline of ML, and its application to medical ML remains
nascent. In our evaluation of theliterature describing mitigation
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on our findings, there is a need for heightened awareness of
algorithmic fairness concepts, increased data availability, and
improved reporting transparency in medical ML development
to ensure fairnessin clinical ML.
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Impact of Racial Biasin Clinical Machine L earning

The broad scope of medical ML applications and potential
patient harmsfollowing deployment across health care systems
demand an increased emphasis on evaluation and mitigation of
racial biasin clinical ML. Screening and outcome prediction
tasks are commonly examined among reviewed studies. Racial
biasin such tasksis particularly concerning as decisions made
from flawed models trained on data, which reflect historical
inequitiesin disease diagnosisand care delivery, may perpetuate
inequalities by shaping clinical decision-making [14,19].
Evaluation and mitigation of potential biases must occur
throughout the model development life cycleto protect patients
from agorithmic unfairness.

Reviewed studies frequently identified racial bias in clinical
ML models. Notably, 1 algorithm in clinical use for prediction
of future health care expenditures was found to discriminate
against Black patients when compared to White patients,
potentially contributing to disparities in health care delivery
[36]. Other ML models that possibly demonstrate racial bias
remain in preclinical states of development. Several studies
have explicitly studied racia bias against Black patients
compared to White patients. For example, 2 studies
demonstrated that ML algorithms predicted similar risk scores
in Black and White patients, though the Black patients were
less healthy [36,37], and another demonstrated that an opioid
misuse classifier had a higher FNR for Black patients [39].
Disparities in mortality prediction and X-ray diagnosis were
identified in other races and ethnic groups [33,34,38], as well
as disparities in burn identification and diabetic retinopathy
identification in dark-skinned versus lighter-skinned patients
[29,32]. Although conclusions cannot be drawn regarding the
prevalence of racial bias among published clinical ML studies,
the broad scope of clinical ML models susceptibletoracia bias
in this review exposes the potential of racial bias encoded in
ML models to negatively impact patients across all aspects of
health care.

Assessment of Racial Bias

Clinical ML models must be carefully evaluated for potential
biases imposed upon patients. Different fairness metrics may
highlight different aspects of fairness relevant to a particular
clinical setting; therefore, evaluation of all appropriate fairness
metrics is needed when evaluating for potential bias. For
example, calibration is particularly important to models
performing risk prediction, while equal opportunity and
disparate impact are relevant to screening and diagnostic
settings. Inconsistent choice of fairness metrics among studies
included in this review shows the need for amore standardized
assessment process of racial biasin clinical ML. Some studies
assessed fairness using metrics such as accuracy, areaunder the
receiver operating characteristic curve (AUROC), and
correlation of outcome with race, which may not sufficiently
evaluate fairness [21]. Moreover, there are inherent trade-offs
to the use of different fairness metrics [25], and static fairness
criteriamay even lead to delayed harmsin the long term [43].

Obermeyer et a [36] present an example of using model
calibration in conjunction with varied outcome labels to
successfully de-bias an algorithm used to manage population
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health, and case studies have examined trade-offs of bias
evaluation metrics in other settings, such as criminal justice
[44], which may also serve as useful frameworks for clinical
ML researchers. Use of “ causal models,” which allow for closely
tailored examination of discriminatory relationshipsin data, is
another opportunity for investigation and mitigation of biased
model behavior [45]. Anincreased focusfrom medical journals
on bias evaluation checklists applicableto clinical ML models,
such as the Prediction Model Risk of Bias Assessment Tool
(PROBAST), is desirable to further emphasize vigilance
regarding biased ML models [46]. Ultimately, more thorough
analysisof fairnesscriteriain clinical ML will allow researchers
to better contextualize and act on potential biases.

Clinical ML researchers should also be aware of potential
barriers to ML fairness when adapting pretrained models and
data representations. For instance, deep neural networks
performing image processing tasks are frequently pretrained on
large data sets and then fine-tuned to adapt to other tasks.
Methods for removal of spurious variations from such models
have been described, such as joint learning and unlearning
algorithms, which account for contributions of undesirable
variations during model development [47]. Language models
trained in an unsupervised manner on vast amounts of text may
learn biases present in training data[48]. Similarly, biases have
been described in word embeddings [49], which are vectorized
word representations used asinputsto ML models. |dentification
of bias in embeddings raises concerns about performance
disparitiesin clinical applications of natural language processing
if the biasis not screened for and appropriately addressed [50].
The lack of interpretability often inherent to ML models
heightens the need for thorough evaluation of their potential
biases.

Creating Fair Models

Preprocessing and postprocessing methods of bias mitigation
were successfully implemented among the publications reviewed
for this study. Postprocessing methods appear to be easier to
implement and may allow tailoring of imperfect modelsto new
settings [51]. However, using preprocessing and in-processing
to create unbiased data sets and algorithms at the outset of model
development is desirable to facilitate the creation of fair,
generalizable models. Continued eval uation of these techniques
in clinical contextsis needed to inform best practices.

Asdata quality is generally the limiting factor to devel opment
of robust ML models, improvementsto datagenerally trandates
directly into  model performance  improvements.
Supplementation of data sets using generative models to
synthesize patient data may be aviable approach to address data
limitations. A study by Burlinaet a [32] illustrated thisfact by
using agenerative adversarial network to synthesize fundoscopy
images while reducing class imbalance. However, though data
limitations may contribute to disparitiesin model performance
across racial groups, algorithmic unfairness may arise from
other underlying biases in data as well [38]. Publications
included in this review demonstrated improved fairnessin ML
models using multisource data sets, which may mitigate biases
in the data collection process of single-source data sets[29,38].
Moreover, care must aso be taken to ensure that
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multi-institutional data setsare appropriately prepared and used
due to evidence that site-specific signatures contribute to bias
in ML models [52]. Finaly, protected attributes should not
simply be ignored during model development, an approach
called “fairness through unawareness,” as models may be able
to infer protected group membership from other data features.
Additionally, omission of protected attributes may cause bias
if a legitimate relationship exists between the attribute and
outcome of interest [19].

Several online resources aggregate examples and code
implementations of published fairness evaluation and bias
mitigation methods. Some examples of these resourcesinclude
Aequitas, Artificial Intelligence Fairness 360 (IBM, Armonk,
NY, United States), and Fairlearn (Microsoft Corporation,
Redmond, WA, United States) [53,54]. Additionaly,
TensorFlow, a popular deep learning framework, includes a
tool for evaluation of fairness indicators. Work by Briggs et a
[31] highlightsthefeasibility and positiveimpact of standardized
methodologies for addressing bias using a variety of
performance indicators and mitigation techniques. Greater
adoption of these and other strategiesin fairness evaluation and
bias mitigation will help set standard benchmarks for fairness
inclinical ML.

The Role of Transparency and Data Availability

ML is often characterized as a black box due to its limited
interpretability, which is particularly problematic when
attempting to address and prevent racia biasesin clinical ML
[55]. Although research in recent years has yielded significant
progressin explainable ML methods[56], publication of model
development code and data sets remains the most
straightforward approach to transparency. Regrettably, medical
ML research fallsfar short of these standards[57,58]. Code and
data availability was inconsistent among the publications
included in this review, and the majority of studies evaluated
racial bias using publicly available data sets, including the
Medical Information Mart for Intensive Care (MIMIC)
[30,33,38], Kaggle EyePACS [32], and Dissecting Bias [31].
Considering the vast number of private, institutional data sets
used to develop clinical ML modéls, thereisacrucial need for
future publications to maximize transparency, ensuring the
ability to evaluate for fairnessin clinical ML.

Increased publication of institutional data sets would facilitate
the interdisciplinary collaboration needed to translate concepts
of fairness in ML into the realm of medicine. Improved
availability of data sets would also enable researchers to more
easily validate existing models and perform fairness eval uations
on different patient populations, translating benefits of ML
across populations. Additionally, collaboration between
institutionsto maintain diverse, broadly representative data sets
would facilitate the development of generalizable models free
of the biases inherent to single-institutional data. However,
ethical and patient confidentiality considerations may limit
publication of clinical data. In contrast, publication of code and
trained models, which are infrequently made available in the
clinical ML literature[1,59], would similarly allow researchers
toassessclinical ML on diverse populationswithout limitations
imposed by patient privacy standards or institutional
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data-sharing regulations. Another possible paradigm to mitigate
bias by training on diversely representative data sets while
maintaining data privacy is federated learning, which involves
piecewise training of an ML model on separate data sets and
removes the need for data sharing during model development
[60].

Moreover, increased emphasison fairnessin clinical ML through
adoption of model development and reporting guidelines is
needed [59,61]. Reporting guidelines for medical ML studies
are inconsistently adopted, due in part to a lack of editorial
policies among medical journals [1]. Moreover, reporting of
demographic information needed to assess biases due to data
setsislacking [62,63]. The proposed Minimum Information for
Medical Al Reporting guideline addresses these concerns by
recommending that clinical ML studies report information
necessary for understanding potential biases, including relevant
demographic information of patient data used for model
development [64]. In conjunction with upcoming reporting
guidelines tailored to clinical ML [61], efforts to improve
reporting quality will contribute to a standardized framework
for fairness evaluation and bias mitigationin clinical ML.

Limitations

Aswith any literature review, there are limitationsto this study.
Given the heterogeneity of terminology used to describe ML
and racial bias, our search may have overlooked relevant
publications. Additionally, we were limited by publication bias
aswe excluded publications other than full-length manuscripts,
and researchers may belesslikely to publish results confirming
the absence of racial biasin aclinical ML model. Finally, the
novelty of ML fairness in medicine and the resulting paucity
of literature on this topic, as well as the breadth of relevant
subjects encompassed, prevented us from obtaining the quantity
and quality of data required to perform a systematic review or
meta-analysis. In particular, the lack of standardized methods
to evaluate and mitigate bias precludes any definitive
conclusions regarding their suitability in clinical ML
applications. However, the scoping review provides a
methodol ogical framework for critical evaluation of apreviously
uncharacterized area of research and draws attention to the lack
of standardization regarding racial bias mitigation in clinical
ML development. We emphasize the need for further work to
build on thisimportant aspect of the medical ML literature.

Conclusion

Algorithmic fairnessin clinical ML isaprimary concernin its
ethical adoption. As medical ML applications continue to
approach widespread adoption across a multitude of clinical
settings, potential racial biases in ML models must be
proactively evaluated and mitigated in order to prevent patient
harm and propagation of inequitiesin health care. The adoption
of algorithmic fairness principlesin medicine remains nascent,
and further research is needed to standardize best practices for
fairness evaluation and bias mitigation. We recommend that
researchers and journal editors emphasize standardized reporting
and dataavailability in ML studiestoimprovetransparency and
facilitate future research. Continued interrogation of biasesin
clinical ML models is needed to ensure fairness and maximize
the benefits of ML in medicine.
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Abstract

Background: Systematic reviews (SRs) are central to evaluating therapies but have high costs in terms of both time and money.
Many software tools exist to assist with SRs, but most tools do not support the full process, and transparency and replicability of
SR depend on performing and presenting evidence according to established best practices.

Objective: This study aimsto provide a basis for comparing and selecting between web-based software tools that support SR,
by conducting a feature-by-feature comparison of SR tools.

Methods: We searched for SR tools by reviewing any such tool listed in the SR Toolbox, previous reviews of SR tools, and
gualitative Google searching. We included al SR tools that were currently functional and required no coding, and excluded
reference managers, desktop applications, and statistical software. The list of features to assess was populated by combining all
features assessed in 4 previous reviews of SR tools; we also added 5 features (manual addition, screening automation, dual
extraction, living review, and public outputs) that were independently noted as best practices or enhancements of transparency
and replicability. Then, 2 reviewers assigned binary present or absent assessmentsto all SR tools with respect to all features, and
athird reviewer adjudicated all disagreements.

Results: Of the 53 SR tools found, 55% (29/53) were excluded, leaving 45% (24/53) for assessment. In total, 30 features were
assessed across 6 classes, and the interobserver agreement was 86.46%. Giotto Compliance (27/30, 90%), DistillerSR (26/30,
87%), and Nested Knowledge (26/30, 87%) support the most features, followed by EPPI-Reviewer Web (25/30, 83%), LitStream
(23/30, 77%), JBI SUMARI (21/30, 70%), and SRDB.PRO (VTS Software) (21/30, 70%). Fewer than half of all the features
assessed are supported by 7 tools: RobotAnalyst (National Centrefor Text Mining), SRDR (Agency for Healthcare Research and
Quality), SyRF (Systematic Review Facility), Data Abstraction Assistant (Center for Evidence Synthesisin Health), SR Accelerator
(Institute for Evidence-Based Healthcare), RobotReviewer (RobotReviewer), and COVID-NMA (COVID-NMA). Notably, of
the 24 tools, only 10 (42%) support direct search, only 7 (29%) offer dual extraction, and only 13 (54%) offer living/updatable
reviews.

Conclusions: DidtillerSR, Nested Knowledge, and EPPI-Reviewer Web each offer a high density of SR-focused web-based
tools. By transparent comparison and discussion regarding SR tool functionality, the medical community can both choose among
existing software offerings and note the areas of growth needed, most notably in the support of living reviews.

(JMIR Med Inform 2022;10(5):€33219) doi:10.2196/33219
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Introduction

Systematic Review Costs and Gaps

According to the Centre for Evidence-Based Medicine,
systematic reviews (SRs) of high-quality primary studies
represent the highest level of evidence for eval uating therapeutic
performance [1]. However, although vital to evidence-based
medical practice, SRs are time-intensive, taking an average of
67.3 weeks to complete [2] and costing leading research
institutions over US $141,000 in labor per published review
[3]. Owing to the high costsin researcher time and complexity,
up-to-date reviews cover only 10% to 17% of primary evidence
in a representative analysis of the lung cancer literature [4].
Although many qualitative and noncomprehensive publications
provide some level of summative evidence, SRs—defined as
reviews of “evidence on a clearly formulated question that use
systematic and explicit methodsto identify, select and critically
appraise relevant primary research, and to extract and analyze
data from the studies that are included” [5]—are distinguished
by both their structured approach to finding, filtering, and
extracting from underlying articles and the resulting
comprehensiveness in answering a concrete medical question.

Software Toolsfor Systematic Review

Software tools that assist with central SR activities—retrieval
(searching or importing records), appraisal (screening of
records), synthesis (content extraction from underlying studies),
and documentation/output (presentation of SR outputs)—have
shown promise in reducing the amount of effort needed in a
given review [6]. Because of the time savings of web-based
software tools, institutions and individual researchers engaged
in evidence synthesis may benefit from using these tools in the
review process[7].

Existing Studies of Software Tools

However, choosing among the existing software tools presents
afurther challenge to researchers; in the SR Toolbox [8], there
are >240 tools indexed, of which 224 support hedth care
reviews. Vitaly, few of these tools can be used for each of the
steps of SR, so comparing the features available through each
tool can assist researchersin selecting an SR tool to use. This
selection can be informed by feature analysis; for example, a
previously published feature analysis compared 15 SR tools[9]
across 21 subfeatures of interest and found that DistillerSR
(Evidence  Partners), EPPI-Reviewer  (EPPI-Centre),
SWIFT-Active Screener (Sciome), and Covidence (Cochrane)
support the greatest number of features as of 2019. Harrison et
al [10], Marshall et a [11], and Kohl et a [12] have completed
similar analyses, but each feature assessment selected adifferent
set of features and used different qualitative feature assessment
methods, and none covered all SR tools currently available.

The SR tool landscape continuesto evolve; as existing toolsare
updated, new software is made available to researchers, and
new feature classes are developed. For instance, despite the
growth of callsfor living SRs, that is, reviews where the outputs
are updated as new primary evidence becomes available, no
feature analysis has yet covered this novel capability.
Furthermore, the leading feature analyses [9-12] have focused

https://medinform.jmir.org/2022/5/€33219
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on the screening phase of review, meaning that no comparison
of data extraction capabilities has yet been published.

Feature Analysis of Systematic Review Tools

The authors, who are also the developers of the Nested
Knowledge platform for SR and meta-analysis (Nested
Knowledge, Inc) [13], have noted the lack of SR feature
comparison among new tools and across all feature classes
(retrieval, appraisal, synthesis, documentation/output,
administration of reviews, and access/support features). To
provide an updated feature analysis comparing SR software
tools, we performed a feature analysis covering the full life
cycle of SR across software tools.

Methods

Search Strategy

We searched the SR tools for assessment in 3 ways: first, we
identified any SR tool that was published in existing reviews
of SR tools (Table S1 in Multimedia Appendix 1). Second, we
reviewed SR Toolbox [8], arepository of indexed softwaretools
that support the SR process. Third, we performed a Google
search for Systematic review software and identified any
software tool that was among the first 5 pages of results.
Furthermore, for any library resource pages that were among
the search results, we included any SR tools mentioned by the
library resource page that met our inclusion criteria. The search
was completed between June and August 2021. Four additional
tools, namely SRDR+ (Agency for Healthcare Research and
Quiality), Systematic Review Assistant-Deduplication Module
(Institute for Evidence-Based Healthcare), Giotto Compliance,
and Robotsearch (Robotsearch), were assessed in December
2021 following reviewer feedback.

Sdlection of Software Tools

The inclusion and exclusion criteria were determined by 3
authors (KK, KH, and KC). Among our search results, we
queued up all software tools that had descriptions meeting our
inclusion criteriafor full examination of the softwarein asecond
round of review. We included any that were functioning
web-based tools that require no coding by the user to install or
operate, so long as they were used to support the SR process
and can be used to review clinical or preclinical literature. The
no coding requirement was established because the target
audience of thisreview ismedical researcherswho are selecting
areview software to use; thus, we aim to review only tools that
this broad audience is likely to be able to adopt. We aso
excluded desktop applications, statistical packages, and tools
built for reviewing software engineering and social sciences
literature, as well as reference managers, to avoid unfairly
casting these tools as incomplete review tools (as they would
each score quite low in features that are not related to reference
management). All softwaretoolswere screened by onereviewer
(KC), andinclusion decisionswerereviewed by asecond (KK).

Selection of Features of | nterest

We built on the previous comparisons of SR tools published by
Van der Mierden et a [9], Harrison et a [10], Marshall et a
[11], and Kohl et a [12], which assign features a level of
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importance and evaluate each feature in reference screening
tools. Asthe studies by Van der Mierden et al [9] and Harrison
et a [10] focus on reference screening, we supplemented the
features with features identified in related reviews of SR tools
(Table S1 in Multimedia Appendix 1). From a study by Kohl
et al [12], we added database search, risk of bias assessment
(critical appraisal), and data visualization. From Marshall et al
[11], we added report writing.

We added 4 more features based on their importance to
software-based SR: manual addition of records, automated
full-text retrieval, dual extraction of studies, risk of bias (critical
appraisal), living SR, and public outputs. Each addition
represents either abest practice in SR [14] or akey feature for

Cowieet d

the accuracy, replicability, and transparency of SR. Thus, in
total, we assessed the presence or absence of 30 features across
6 categories: retrieval, appraisal, synthesis,
documentation/output, administration/project management, and
access/support.

We adopted each feature unlessit was outside of the SR process,
it was required for inclusion in the present review, it duplicated
another feature, it was not adiscrete step for comparison, it was
not necessary for English language reviews, it was not necessary
for aweb-based software, or it related to reference management
(as we excluded reference managers from the present review).
Table 1 shows all features not assessed, with rationale.

Table 1. Featuresfrom systematic reviews not assessed in this review, with rationale.

Features not assessed

Rationale

Functional

Reference allocation
Randomizing order of references
Non-Latin character support
Straightforward system requirements
Installation guide

No coding

Mobile- or tablet-responsive interface
Other stages

Multiple projects

Work allocation

Export of decisions

User setup

Filter references

Search references

Insecure website

Security

Setting up review

Automated analysis

Text analysis

Report validation

Document management

Bibliography

Part of our inclusion criteria

Reference management excluded from this review
Not part of systematic review process

Review focused on English language systematic review software
Part of our inclusion criteria

Not necessary for web-based software

Part of our inclusion criteria

Not necessary for web-based software

Not adiscrete or comparable step

Not part of the systematic review process
Duplicated with “distinct user roles’

Duplicated with export

Duplicated with “distinct user roles’

Duplicated with screening records

Duplicated with “ database search”

Information not available to reviewers
Information not available to reviewers

Not adiscrete or comparable step

Not adiscrete or comparable step

Not part of the systematic review process

Not part of the systematic review process
Reference management excluded from this review

Reference management excluded from this review

Feature Assessment

To minimize bias concerning the subjective assessment of the
necessity or desirability of features or of the relative
performance of features, we used a binary assessment where
each SR tool was scored O if a given feature was not present or

https://medinform.jmir.org/2022/5/€33219

1if afeature was present. Tools were assessed between June
and August 2021. We assessed 30 features, divided into 6 feature
classes. Of the 30 features, 77% (23/30) were identified in
existing literature, and 23% (7/30) were added by the authors
(Table 2).
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Table 2. Thecriteriafor each selected feature, as well astherationale.
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Classification and variable name and coding Feature from Rationale (if added by authors)
Retrieval
Database search Kohl et a [12], Marshall b

Reference importing

Manual addition

Attaching full-text PDFs

Automated full-text re-
trieval

Appraisal

Title/abstract screening

Full-text screening

Dual screening and adju-
dication

Keyword highlighting

Machinelearning/automa-
tion (screening)

Deduplication of refer-
ences

Extraction

Tagging references

Data extraction

Dual extraction

Risk of bias

Documentation/output

Flow diagram creation

1—literature search through API? Integration with a
database; 0—no method for retrieving studies directly
from a database

1—import of references as RIS files or other file types;
O—references have to be entered manually

1—add areference by entering study metadata; 0—no
method for adding individua references and gray litera-
ture

1—ability to import or upload full-text PDFs associated
with each study under review; 0—no method for import-
ing full-text PDFs in the screening process

1—ability to fetch some or al full texts via API or other
nonmanua method; 0—full texts must be uploaded
manually, or full-text upload not supported

1—inclusion and exclusion by title and abstract only;
0—no system for inclusion and exclusion of references
by title and abstract

1—adistinct full-text screening phase; 0—thereis no
full-text screening phase

1—choice for single or double screening and a method
for resolving conflicts; 0—no ability to configure
screening mode or no ability to resolve conflicts

1—abstract keywords are highlighted. Keywords can be

user or Al®-determined; 0—No keyword highlighting is
possible

1—has aform of machine learning or automation of the
screening process, 0—does not support any form of ma-
chine learning or automation of the screening process

1—automatically identifies duplicate references or marks
potential duplicates for manual review; 0—has no mech-
anism for deduplication

1—ability to attach tags that reflect the content of under-
lying studies to specific references; 0—no meansfor at-
taching content-related tags to references

1—facilitates extraction and storage of quantitative data
into aform or template; 0—does not permit extraction
and storage or quantitative data

1—ability for 2 independent reviewersto collect on each
study and for athird person to adjudicate differences;
0—no ability to have independent extraction and adjudi-
cation

1—supports critical appraisal of studies through risk of
bias assessments; 0—no built-in features or templates to
assess risk of bias

1—automated or semiautomated creation of PRISMA
flow diagrams; 0—thetool cannot automatically provide
aflow diagram meeting the PRISMA criteria

etal [11]

Harrison et a [10], Van
der Mierden et a [9]

Added by the authors

Harrison et a [10], Van
der Mierden et al [9]

Added by the authors

Harrison et a [10], Van
der Mierden et al [9]

Harrison et a [10], Van
der Mierden et a [9]

Harrison et a [10], Van
der Mierden et a [9]

Harrison et a [10], Van
der Mierden et al [9]

Added by the authors

Harrison et al [10], Kohl
etal [12]

Van der Mierden et al

[9], Kohl et a [12]

Harrison et a [10], Kohl
eta [12], Marshall et a
[11]

Added by the authors

Kohl et a [12]

Van der Mierden et al [9]

Ability to add expert additions

iscalled for by the PRISMAY
2020 guidelines and checklist
[14]

Full texts are required for con-
tent extraction, and manual up-
load represents amajor time
investment by the user

Automated screening has been
called for by the scientific
community [15]

Dual extraction improves the
accuracy of datagathering [16]

https://medinform.jmir.org/2022/5/€33219 JMIR Med Inform 2022 | vol. 10 | iss. 5 |€33219 | p.59

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Cowieet d

Classification and variable name and coding Feature from Rationale (if added by authors)

Manuscript writing

Citation management

Datavisualizations

Export

Admin

Protocol

Distinct user roles

Activity monitoring

Comments or chat

Training

Customer support

Access and support

Pricing (free to use)

Living/updatable

Public outputs

User collaboration

1—ability to write or edit areport or manuscript; 0—no Marshall et al [11] —
ability to write or edit areport or manuscript

1—ability to insert citations based on stored study meta-  Added by the authors The ability to add and manage
datainto atext editor; 0—no ability to insert citations citations is necessary to docu-
into a document ment the source of review data

1—generation of figures or tablesto assist with datapre- Kohl et a [12] —
sentation; 0—no built-in way to generatefigures or tables

1—supportsexport of references, study metadata, or col- Harrison et a [10], Van —
lected data; 0—has no export feature der Mierden et a [9]

1—supportsprotocol development or fillinginaresearch  Kohl et a [12], Marshall —
guestion template; 0—no protocol development or tem- et a [11]

plates

1—distinct user roles and permissions; 0—no distinct Harisoneta [10], Van —
roles; everybody has the same role and rightsin the der Mierden et a [9],

project Marshall et al [11]

1—software monitors and displays progressthrough the Harrison et al [10], Van —
project; 0—thereisno way to determine overall progress der Mierden et a [9]
of the project (eg, % completed)

1—ability to leave comments or notes on studies; 0—it  Vander Mierdenetal [9] —
is not possible to attach comments to references

1—there are publicly available web-based tutorials, help Harrison et @ [10], Mar- —
pages, training videos, or forums maintained by the soft- shall et a {11]

ware provider; O—there are no accessible tutorials or

training materials maintained by the software provider

1—customer support, such assupport contact information, Vander Mierdenetal [9] —
isprovided on request; 0—customer support isnot clearly
available

l—afreeversionisavailablefor users, 0—thetool must Harrisoneta [10], Van —
be purchased, or free or trial accounts have severelimita- der Mierden et a [9],

tions that can compromise the systematic review Marshall et al [11]

1—new records can be added after a project has been Added by the authors Living systematic review has

completed; 0—new records cannot be added after a been called for as a novel

project has been completed paradigm solving the main
limitation of systematic review
[17]

1—web-based visualizations or writing can be made Added by the authors Web-based availability of sys-

publicly visible; 0—review data and outputs cannot be tematic review outputsisimpor-

made publicly visible tant for transparency and repli-

cability of research [18]

1—multiple users can work simultaneously on 1 review; Harrisoneta [10], Van —
O—itisnot possible for multiple userstowork at thesame der Mierden et al [9],
time on the same project, independently Marshall et al [11]

8API: application programming interface.
bRationale only provided for features added in this review; al other features were drawn from existing feature analyses of Systematic Review Software

Tooals.

CRIS: Research Information System.
9PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

EAl: artificial intelligence.

Evaluation of Tools

training tutorials. For proprietary software, we gathered
information on feature offerings from marketing webpages,

For tools with free versions available, each of the researchers  training materials, and video tutorials. We also contacted all
created an account and tested the program to determinefeature  proprietary software providers to give them the opportunity to
presence. We also referred to user guides, publications, and  comment on feature offerings that may have been left out of
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those materials. Of the 8 proprietary software providers
contacted, 38% (3/8) did not respond, 50% (4/8) provided
feedback on feature offerings, and 13% (1/8) declined to
comment. When providers provided feedback, we re-reviewed
the features in question and atered the assessment as
appropriate. One provider gave feedback after initial puplication,
prompting issuance of a correction.

Feature assessment was completed independently by 2 reviewers
(KCand AR), and all disagreementswere adjudicated by athird
(KK). Interobserver agreement was calculated using standard
methods [19] as applied to binary assessments. First, the 2
independent assessments were compared, and the number of
disagreements was counted per feature, per software. For each
feature, the total number of disagreements was counted and
divided by the number of software tools assessed. Thisprovided
a per-feature variability percentage; these percentages were
averaged across all features to provide a cumulative
interobserver agreement percentage.

Cowieet d

Results

Identification of SR Tools

We reviewed all 240 software tools offered on SR Toolbox and
sent forward al studiesthat, based on the software descriptions,
could meet our inclusion criteria; we then added in all software
toolsfound on Google Scholar. Thisstrategy yiel ded 53 software
tools that were reviewed in full (Figure 1 shows the PRISMA
[Preferred Reporting Items for Systematic Reviews and
Meta-Analyses]-based chart). Of these 53 software tools, 55%
(29/53) were excluded. Of the 29 excluded tools, 17% (5/29)
were built to review software engineering literature, 10% (3/29)
were not functional as of August 2021, 7% (2/29) were citation
managers, and 7% (2/29) were statistical packages. Other
excluded toolsincluded tools not designed for SRs (6/29, 21%),
desktop applications (4/29, 14%), tools requiring usersto code
(3/29, 10%), a search engine (1/29, 3%), and a socia science
literature review tool (1/29, 3%). One tool, Research Screener
[20], was excluded owing to insufficient information available
on supported features. Another tool, the Health Assessment
Workspace Collaborative, was excluded because it is designed
to assess chemical hazards.

Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)-based chart showing the sources of al tools considered
for inclusion, including 2-phase screening and reasons for all exclusions made at the full software review stage. SR: systematic review.
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Overview of SR Tools

We assessed the presence of features in 24 software tools, of
which 71% (17/24) are designed for health care or biomedical
sciences. |n addition, 63% (15/24) of the analyzed tools support

Cowieet d

the full SR process, meaning they enable search, screening,
extraction, and export, as these are the basic capabilities
necessary to complete a review in a single software tool.
Furthermore, 21% (5/34) of thetools support the screening stage
(Table 3).

Table 3. Breakdown of software tools for systematic review by process type (full process, screening, extraction, or visualization; n=24).

Type Tools, n (%) Software tools

Full process 15 (63) Cadima, Covidence, Colandr, DistillerSR, EPPI-Reviewer Web, Giotto Compliance, JBI SUMARI, LitStream,
Nested Knowledge, PICOPortal, Revman Web, SRDB.PRO, SRDR+, SyRF, SysRev

Screening 5(21) Abstrackr, Rayyan, RobotAnalyst, SWIFT-Active Screener, SR Accelerator

Extraction 3(13) Data Abstraction Assistant, RobotReviewer, SRDR

Visualization 1(4) COVID-NMA

Data Gathering

Interobserver agreement between the 2 reviewers gathering data
features was 86.46%, meaning that across al feature
assessments, the 2 reviewers disagreed on <15% of the
applications. Final assessments are summarized in Table 4, and
Table S2 in Multimedia Appendix 2 shows the interobserver
agreement on aper—SR tool and per-feature basis. Interobserver
agreement was =70% for every feature assessed and for all SR

https://medinform.jmir.org/2022/5/€33219

RenderX

tools except 3: LitStream (ICF;, 53.3%), RevMan Web
(Cochrane; 50%), and SR Accelerator (Institute for
Evidence-Based Healthcare; 53.3%); on investigation, these
low rates of agreement were found to be due to name changes
and versioning (LitStream and RevMan Web) and due to the
modular nature of the subsidiary offerings (SR Accelerator).
An interactive, updatable visualization of the features offered
by each tool is available in the Systematic Review
Methodol ogies Qualitative Synthesis.
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Table 4. Feature assessment scores by feature class for each systematic review tool analyzed. The total number of features across all feature classesis
presented in descending order.

Systematic review tool Retrieval (n=5), Appraisal Extraction Output (n=5), Admin (n=6), Access(n=4), Tota (n=30),
n (%) (n=6), n (%) (n=4), n (%) n (%) n (%) n (%) n (%)
Giotto Compliance 5 (100) 6 (100) 4 (100) 3(60) 6 (100) 3(75) 27 (90)
DistillerSR 5 (100) 6 (100) 3(75) 4(80) 6 (100) 2(50) 26 (87)
Nested K nowledge 4(80) 5(83) 2 (50) 5 (100) 6 (100) 4(100) 26 (87)
EPPI-Reviewer Web 4(80) 6 (100) 4 (100) 3(60) 5(83) 3(75) 25(83)
LitStream 2(40) 5(83) 3(75) 3(60) 6 (100) 4(100) 23(77)
JBI SUMARI 3(60) 4 (67) 2 (50) 4(80) 5(83) 3(75) 21 (70)
SRDB.PRO 5 (100) 4(67) 2 (50) 3(60) 6 (100) 1(25) 21(70)
Covidence 3(60) 5(83) 4 (100) 2(40) 5(83) 1(25) 20(67)
SysRev 4(80) 3(50) 2 (50) 2 (40) 5(83) 4(100) 20 (67)
Cadima 2 (40) 5(83) 3(75) 2(40) 4(67) 3(75) 19 (63)
SRDR+ 2 (40) 3 (50) 3(75) 1(20) 6 (100) 4(100) 19 (63)
Colandr 4(80) 6 (100) 1(25) 2(40) 3(50) 2(50) 18 (60)
PICOPortal 2(40) 6 (100) 2 (50) 2 (40) 3(50) 3(75) 18 (60)
Rayyan 3(60) 5(83) 2(50) 2(40) 4 (50) 2(50) 18 (60)
Revman Web 2(40) 1(17) 2 (50) 3(60) 6 (100) 3(75) 17 (57)
SWIFT-Active Screener 3(60) 6 (100) 0(0) 1(20) 5(83) 1(25) 16 (53)
Abstrackr 1(20) 5(83) 1(25) 1(20) 5(83) 2(50) 15 (50)
RobotAnalyst 2 (40) 3(50) 0(0) 2(40) 5(83) 2(50) 14 (47)
SRDR 1(20) 0(0) 2 (50) 2 (40) 5(83) 4(100) 14 (47)
SYRF 1 (20) 4(67) 2 (50) 1(20) 2(33) 2(50) 12 (40)
Data Abstraction Assistant 2 (40) 0(0) 1(25) 0(0) 3(50) 4(100) 10 (33)
SR-Accelerator 2(40) 4(67) 0(0) 0(0) 2(33) 1(25) 9(30)
RobotReviewer 2(40) 0(0) 2 (50) 1(20) 2(33) 1(25) 8(27)
COVID-NMA 0(0) 0(0) 0(0) 2(40) 1(17) 3(75) 6 (20)

Feature Assessment Thetop 16 software tools are ranked by percent of featuresfrom

highest to lowest in Figure 2. Fewer than half of all featuresare
Giotto Compliance (27/30, 90%), DistillerSR (26/30, 87%), supported by 7 tools: RobotAnalyst (National Centre for Text
and Nested Knowledge (26/30, 87%) support the most features,  Mining), SRDR (Agency for Healthcare Research and Quality),

followed by EPPI-Reviewer Web (25/30, 83%), LitStream  SyRF (Systematic Review Facility), Data Abstraction Assistant
(23130, 77%), Bl SUMARI (21/30, 70%), and SRDB.PRO  (Center for Evidence Synthesis in Hedth, Institute for

(VTS Software) (21/30, 70%). Evidence-Based Healthcare), SR-Accel erator, RobotReviewer
(RobotReviewer), and COVID-NMA (COVID-NMA; Table
3).
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Figure 2. Stacked bar chart comparing the percentage of supported features, broken down by their feature class (retrieval, appraisal, extraction, output,
admin, and access), among al analyzed software tools.
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Figure 3. Heat map of features observed in 24 analyzed software tools. Dark blue indicates that a feature is present, and light blue indicates that a
feature is not present.
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Feature Class 1: Retrieval

The ability to search directly within the SR tool was only present
for 42% (10/24) of the softwaretools, meaning that for all other
SR tools, the user is required to search externally and import
records. The only SR tool that did not enable importing of
recordswas COVID-NMA, which supplies studiesdirectly from
the providers of the tool but does not enable the user to do so.

Feature Class 2: Appraisal

Among the 19 tools that have title/abstract screening, al tools
except for RobotAnalyst and SRDR+ enable dual screening and
adjudication. Reference deduplication is |ess widespread, with
58% (14/24) of the tools supporting it. A form of machine
learning/automation during the screening stage is present in
54% (13/24) of the tools.

Feature Class 3: Extraction

Although 75% (18/24) of the tools offer data extraction, only
29% (7/24) offer dual data extraction (Giotto Compliance,
DigtillerSR, SRDR+, Cadima [Cadima], Covidence,
EPPI-Reviewer, and PICOPortal [PICOPortal]). A total of 54%
(13/24) of the tools enable risk of bias assessments.

Feature Class 4: Output

Exporting references or collected data is available in 71%
(17/24) of the tools. Of the 24 tools, 54% (13/24) generate
figures or tables, 42% (10/24) of tools generate PRISMA flow
diagrams, 32% (8/24%) have report writing, and only 13%
(3/34) have in-text citations.

Feature Class 5: Admin

Protocols, customer support, and training materialsare available
in 71% (17/24), 79% (19/24), and 83% (20/24) of the tools,
respectively. Of all administrative features, the least well
developed are progress/activity monitoring, which is offered
67% (16/24) of the tools, and comments, which are available
in 58% (14/24) of the toals.

Feature Class 6: Access

Access features cover both collaboration during the review,
cost, and availability of outputs. Of the 24 software tools, 83%
(20/24) permit collaboration by allowing multiple usersto work
on a project. COVID-NMA, RobotAnalyst, RobotReviewer,
and SR-Accelerator do not allow multiple users. In addition, of
the 24 tools, 71% (17/24) offer a free subscription, whereas
29% (7/24) require paid subscriptions or licenses (Covidence,
DidtillerSR, EPPI-Reviewer Web, Giotto Compliance, JBI
Sumari, SRDB.PRO, and SWIFT-Active Screener). Only 54%
(13/24) of the software tools support living, updatable reviews.

Discussion

Principal Findings

Our review found a wide range of options in the SR software
space; however, among these tools, many lacked features that
areeither crucial to the completion of areview or recommended
as best practices. Only 63% (15/24) of the SR tools covered the
full processfrom search/import through to extraction and export.
Among these 15 tools, only 67% (10/15) had a search

https://medinform.jmir.org/2022/5/€33219
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functionality directly built in, and only 47% (7/15) offered dual
data extraction (which is the gold standard in quality control).
Notable strengths across the field include collaborative
mechanisms (offered by 20/24, 83% tools) and easy, free access
(17/24, 71% of tools are free). Indeed, the top 4 software tools
in terms of number of features offered (Giotto Compliance,
DistillerSR, Nested Knowledge, and EPPI-Reviewer al offered
between 83% and 90% of the features assessed. However, major
remaining gaps include alack of automation of any step other
than screening (automated screening offered by 13/24, 54% of
tools) and underprovision of living, updatable outputs.

Major Gapsin the Provision of SR Tools

Search

Marshall et a [11] have previously noted that “the user should
be able to perform an automated search from within the tool
which should identify duplicate papers and handle them
accordingly” [11]. Lessthan athird of tools (7/24, 29%) support
search, reference import, and manual reference addition.

Study Selection

Screening of references is the most commonly offered feature
and has the strongest offerings across features. All software
toolsthat offer screening aso support dual screening (with the
exception of RobotAnayst and SRDR+). This demonstrates
adherence to SR best practices during the screening stage.

Automation and Machine Learning

Automation in medical SR screening has been growing. Some
form of machine learning or other automation for screening
literature is present in over half (13/24, 54%) of al the tools
analyzed. Machine learning/screening includes reordering
references, topic modeling, and predicting inclusion rates.

Data Extraction

In contrast to screening, extraction is underdevel oped. Although
extraction is offered by 75% (18/24) tools, few tools adhere to
SR best practices of dual extraction. Thisis adeep problemin
the methods of review, as the error rate for manual extraction
without dual extraction is highly variable and has even reached
50% in independent tests [16].

Although single extraction continues to be the only commonly
offered method, the scientific community has noted that
automating extraction would have value in both time savings
and improved accuracy, but thefield isas of yet underdevel oped.
To quote arecent review on the subject of automated extraction,
“[automation] techniques have not been fully utilized to fully
or even partially automate the data extraction step of systematic
review” [21]. The technologiesto automate extraction have not
achieved partial extraction at a sufficiently high accuracy level
to be adopted; therefore, dual extraction is a pressing software
requirement that is unlikely to be surpassed in the near future.

Project Management

Administrative features are well supported by SR software.
However, there is a need for improved monitoring of review
progress. Project monitoring is offered by 67% (16/24) of the
tools, which isamong thelowest of all admin featuresand likely
the feature most closely associated with the quality of the
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outputs. As collaborative access is common and highly prized,
SR software providers should recognize the barriers to
collaboration in medical research; lack of mutual awareness,
inertia in communication, and time management and capacity
congtraints are among the leading reasons for failure in
interinstitutional research [22]. Project monitoring tools could
assist with each of these pain points and improve the
transparency and accountability within the research team.
Living Reviews

The scientific community has made consistent demands for SR
processes to be rendered updatabl e, with the goal of improving
the quality of evidence available to clinicians, hedlth
policymakers, and the medical public [23,24]. Despite these
ongoing calls for change, living, updatable reviews are not yet
standard in SR software tools. Only 54% (13/24) of the tools
support living reviews, largely because living review depends
on providing updatability at each step up through to outputs.
However, until greater provision of living review tools is
achieved, reviews will continue to fall out of date and out of
sync with clinical practice [24].

Study Limitations

In our study design, we elected to use a binary assessment,
which limited the bias induced by the subjective appeal of any
given tool. Therefore, these assessments did not include any
comparison of quality or usability among the SR tools. This
also meant that we did not use the Desmet [25] method, which
ranksfeatures by level of importance. We also excluded certain
assessments that may impact user choices such as language
trand ation features or trangl ated trai ning documentation, which
is supported by some technologies, including DistillerSR. We
completed thereview in August 2021 but added severa software
tools following reviewer feedback; by adding expert additions
without repesting the entire search strategy, we may have missed
SR tools that launched between August and December 2021.
Finally, the authors of this study are the designers of one of the
leading SR tools, Nested Knowledge, which may have led to
tacit bias toward thistool as part of the comparison.

By assessing features offered by web-based SR applications,
we have identified gaps in current technologies and areas in
need of development. Feature count does not equate to value
or usability; it failsto capture benefits of simple platforms, such
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as ease of use, effective user interface, alignment with
established workflows, or relative costs. The authors make no
claim about superiority of software based on feature prevalence.

Future Directions

We invite and encourage independent researchers to assess the
landscape of SR tools and build on this review. We expect the
list of features to be assessed will evolve as research changes.
For example, this review did not include features such as the
ability to search included studies, reuse of extracted data, and
application programming interface calls to read data, which
may grow inimportance. Furthermore, this review assessed the
presence of automation at ahigh level without evaluating details.
A future direction might be characterizing specific types of
automation models used in screening, aswell asin other stages,
for software applicationsthat support SR of biomedical research.

Conclusions

The highest-performing SR tools were DigtillerSR,
EPPI-Reviewer Web, and Nested Knowledge, each of which
offer >80% of features. The most commonly offered and robust
feature class was screening, whereas extraction (especialy
quality-controlled dual extraction) was underprovided. Living
reviews, although strongly advocated for in the scientific
community, were similarly underprovided by the SR tools
reviewed here. This review enables the medical community to
complete transparent and comprehensive comparison of SR
tools and may also be used to identify gaps in technology for
further development by the providers of these or novel SR tools.
Disclaimer

This review of web-based software review software tools
represents an attempt to best captureinformation from software
providers websites, free trials, peer-reviewed publications,
training materials, or software tutorials. The review is based
primarily on publicly available information and may not
accurately reflect feature offerings, asrelevant information was
not always available or clear to interpret. This evaluation does
not represent the views or opinions of any of the software
developers or service providers, except those of the authors.
Thereview was completed in August 2021, and readers should
refer to the respective software providers' websites to obtain
updated information on feature offerings.
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Abstract

Background: Thereisincreasing attention on machinelearning (ML)-based clinical decision support systems (CDSS), but their
added value and pitfalls are very rarely evaluated in clinical practice. We implemented a CDSSto aid general practitioners (GPs)
in treating patients with urinary tract infections (UTIs), which are a significant health burden worldwide.

Objective: This study aims to prospectively assess the impact of this CDSS on treatment success and change in antibiotic
prescription behavior of the physician. In doing so, we hope to identify drivers and obstacles that positively impact the quality
of health care practice with ML.

Methods: The CDSS was developed by Pacmed, Nivel, and Leiden University Medical Center (LUMC). The CDSS presents
the expected outcomes of treatments, using interpretable decision trees as ML classifiers. Treatment success was defined as a
subsequent period of 28 days during which no new antibiotic treatment for UTI was needed. In this prospective observational

study, 36 primary care practices used the software for 4 months. Furthermore, 29 control practiceswereidentified using propensity
score-matching. All analyses were performed using electronic health records from the Nivel Primary Care Database. Patients for
whom the software was used were identified in the Nivel database by sequential matching using CDSS use data. We compared
the proportion of successful treatments before and during the study within the treatment arm. The same analysis was performed
for the control practices and the patient subgroup the software was definitely used for. All analyses, including that of physicians

prescription behavior, were statistically tested using 2-sided z tests with an o level of .05.

Results: In the treatment practices, 4998 observations were included before and 3422 observations (of 2423 unique patients)
were included during the implementation period. In the control practices, 5044 observations were included before and 3360
observations were included during the implementation period. The proportion of successful treatments increased significantly
from 75% to 80% in treatment practices (z=5.47, P<.001). No significant difference was detected in control practices (76% before
and 76% during the pilot, z=0.02; P=.98). Of the 2423 patients, weidentified 734 (30.29%) in the CDSS use database in the Nivel
database. For these patients, the proportion of successful treatments during the study was 83%—a statistically significant difference,
with 75% of successful treatments before the study in the treatment practices (z=4.95; P<.001).

Conclusions: Theintroduction of the CDSS as an intervention in the 36 treatment practices was associated with a statistically
significant improvement in treatment success. We excluded temporal effects and validated the results with the subgroup analysis
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in patients for whom we were certain that the software was used. This study shows important strengths and points of attention
for the development and implementation of an ML-based CDSSin clinical practice.

Trial Registration:

(IMIR Med Inform 2022;10(5):€27795) doi:10.2196/27795

KEYWORDS

Clinical Trials.gov NCT04408976; https://clinicaltrials.gov/ct2/show/NCT04408976

machine learning; ML; artificial intelligence; clinical decision support system; implementation study; information technology;

urinary tract infections

Introduction

Background

The application of machine learning (ML) in health care is
increasing. Previous studies have shown that using data from
electronic health records (EHRs) can inform us about treatment
effectiveness and outcomes in a real patient population,
providing insight into unknown disease correlations in the
process[1-3]. As current medical knowledge is often based on
averageresultsfrom studiesin anisolated clinical setting, these
data could fill important knowledge gaps in practice resulting
from thefact that randomized controlled trial s often use stringent
selection criteriaand therefore do not cover the complexity and
variety of patientsin everyday practice [4-9].

Most algorithms featured in academic research do not reach
clinica practice nor are their performances evaluated
prospectively [10-12]. This makes it challenging to assess the
true added value of ML in health care aswell asto formulate a
scientific and societal vision on the balance between this added
value and its pitfalls and risks. Finally, little research has been
conducted on the interaction of a clinical decision support
system (CDSS) with the end user, which gresatly affects adoption
and clinical results[13-16].

Thetreatment of urinary tract infections (UTIs) in primary care
offers an opportunity to add clinical value to ML. UTIs are
common and represent a significant health burden worldwide
[17,18]. Inthe Netherlands, aUTI isthe most frequent diagnosis
in women consulting general practitioners (GPs), with an
incidence rate of 125 per 1000 patient years and 19.6 per 1000
patient years for men in 2018 [19]. Uncomplicated UTIs often
occur in young, healthy, and nonpregnant women. Certain host
factors predispose to the development of a complicated course,
including abnormalities of the urinary tract, male sex, diabetes
mellitus, immune deficiency, or immune-compromising drugs
[18,20,21]. The treatment guidelines for patients with UTIs
were published by the Dutch College of General Practitioners
(NHG). At the time of this research, guidelines published in
2013 were in place [22]. Most clinical trials on the treatment
of UTls that underpin the evidence in this guideline are
conducted on female patients with uncomplicated infections;
hence, the scientific evidencefor clinically effective treatments
withincreased risk of complicated UTIsislimited [20-22]. GPs
consider the lack of agreement as a problem for al key
recommendations while using UTI guidelines [23].

The development of ML -based algorithms could facilitate better
decison-making through the delivery of individualized
recommendations based on real-world data on al types of

https://medinform.jmir.org/2022/5/€27795

patients, which could be beneficial in determining the optimal
treatment for patients at risk for complicated UTIs[11].

Supporting GPs With ML

Pacmed, a Dutch organization developing and implementing
ML -based decision support in health care, developed, together
with the consortium that conducted this research, a CDSS to
aid GPs with the treatment choice for patients with a UTI. On
the basis of the EHR data from UTI observations in the Nivel
Primary Care Database, M L-based classifiers were constructed
to estimate the probability of success of the 8 antibiotics
commonly used for an individual patient with aUT].

Study Objective

Inthis study, we prospectively assessed theimpact of the CDSS
on the clinical results and prescription behavior of physicians.
For this purpose, we compared the proportion of successful
treatments before and during the implementation of the CDSS
aswell asthe proportion of antibiotics chosen by the physician.
By conducting an implementation study among GPs in 36
practices in the Netherlands, we aim not only to assess the
impact of the software but also to study the interaction and
adoption of the software. In doing so, we hope to identify
general drivers and obstacles that positively impact health care
with ML.

Methods

Study Design

Thisresearch was carried out foll owing aroutine practice-based
prospective observational study design, in which 36 practices
used the software (henceforth, the treatment practices) for a
period of 4 months, starting in November 2017. A period of 4
months was chosen based on a power analysis of the primary
outcome aswell asthe prevalence of patientswith UTI in Dutch
primary care. Treatment practices were mostly recruited at the
care group level. This is a partnership between primary care
practices to collaboratively organize care for chronic diseases.
These groups also often decide to collectively participate in
innovation projects such as this research, without consulting
every individual GP or primary care practice. Physicians from
all participating practices were trained on the responsible use
of the software and were instructed to its intended use as
supportiveto their decisions (Clinical Trials.gov NCT04408976).

Ethics Approval

The study protocol was reviewed and determined to meet the
requirements for exemption from the Ethics Committee (the
Medical Ethical Committee) review under the Dutch Medical
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Research Involving Human Subjects Act (WMO) and to be in
accordance with the Dutch Medical Treatment Act (WGBO)
and the Dutch Data Protection Act (WBP, now AVG).

The Clinical Decision Support Software: ML -Based
Classifiers

The decision support system was developed through iterative
consultation with multiple clinical stakeholders. A complete
description of the model development and evaluation process
is beyond the scope of this study. However, we provide some
background information in the following paragraphs,
highlighting the envisioned interaction with the end user in
practice.

On the basis of the EHR data of patients who had at least one
UTI between 2012 and 2014 and were >12 years, ML classifiers
were constructed to estimate the probability of success for the
8 antibiotics commonly used for an individual patient with a
UTI. Inthe potential absenceof reliable UTI diagnosisdata, we
selected only patients who received antibiotic treatment for a
UTI as reliably diagnosed patients in the data. Successful
treatment was defined as a subsequent period of 28 days in
which no new trestment was needed. Thefinal dataset for CDSS
development contained 122,203 UTIs pertaining to 264
practices.

Owing to the anatomical differences between male and female
patients with UTI, separate models were constructed for each
sex. Fosfomycin was excluded as a treatment option in the
clinical decision support system for male patients as this
treatment isalmost never used for male patients. The prediction
would thus be of limited relevance, and the data set lacked
sufficient data points to train a model. This approach resulted
in 15 models in total: 8 for female patients and 7 for male
patients.

Theinformation presented by the ML classifierswasto be used
in synergy with the existing experience and all other relevant
sources of information. Hence, interpretability, clinical
readability, and clinical relevance were prioritized in the
development of the ML models. Decision trees were chosen as
the classification method to alow for nonlinearitiesin the model
while retaining interpretability. All 67 features that had been
added as features to the classifiers were deemed medically
important by the NHG guidelinesissued at that time or had been
indicated to affect treatment decisions, as discussed with medical
experts [22]. These variables include patient characteristics,
such asthe presence of diabetes, pregnancy, indications of tissue
invasion, dysfunctional urinary tracts, medical UTI history, and
the treatment associated with these episodes. Other predictive
features that were more difficult to interpret medically were
aso excluded. The classifiers were constructed using a
scikit-learn pipeline, including missing valueimputation, feature
scaling, and L1 feature selection [24]. Hyperparameters were
optimized using 10-fold cross-validation, and the model
performance was evaluated using a cross-validated area under
therecelver operator curve. Thisapproach yielded modest model
performancein terms of areaunder the curve (averaging around
0.6 over al models).
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Although the classifiers were not able to predict with high
accuracy which treatments would certainly (not) be successful,
the models allowed for distinguishing patients with arelatively
high risk of unsuccessful outcomes from patients with a low
risk of unsuccessful treatment. More importantly, for a single
patient, the models distinguished between treatments with a
relatively high risk of unsuccessful outcomes and treatments
with a medium or low risk of unsuccessful outcomes. Thus,
although a substantial part of the outcome variation is
unexplained, we expected the use of the model’s predictions
for treatment decisionsto positively affect treatment outcomes.

The medical soundness and relevance of the decision treeswere
confirmed by multiple clinical experts inspecting the features
and resulting models through along list of clinical hypotheses
on the practical performance of treatments for different patient
groups. Moreover, before the implementation study, a (the
Medical Ethical Committee’) passive model validation was
performed. Showing the predictions as well as the support
information of the models for patients with UTI treated less
than amonth ago by their physician, we validated the usability,
relevance, reliability, and interpretability of the information
presented. These rounds of validations with medical experts
convinced usthat the modelswere reliable and could add value
to clinical practice.

TheClinical Decision Support Software: User Interface

The software interface was developed in close collaboration
with several primary care physicians through user tests and
expert groups. The CDSS was not integrated into the EHR of
GPs, so userswere requested to enter patient characteristicsinto
the web-based software. To invite the end user to interpret the
information thoroughly and in an unbiased manner, antibiotics
were always presented in the same order, independent of the
probability of treatment success. Users were provided with a
bar chart showing the estimated outcomes for the relevant
treatment options based on similar patients within the database
(Figure 1).

The algorithms in the CDSS presented the expected outcomes
as well as the necessary support information for the physician
at the time of the treatment decision. Owing to the choice of
decision tree classifiers, we were able to follow the
characteristics of anindividual patient through the decision tree
nodes and share with the physician the characteristics of the
sample which was used to predict the outcome of a treatment.
This information, such as the age range of these patients and
other clinically relevant features, can be retrieved by clicking
on the relevant treatment.

We chose not to display the models themselves because the
large number of features and the different models would have
been confusing. We did not add Cls around the predictionsin
the user interface. Calculating and presenting a Cl around a
probabilistic prediction is not straightforward, and this
complexity could have been confusing or incorrectly interpreted.

In addition to the presentation of the expected outcomes, the
relevant part of the 2013 NHG guidelines was also presented.
All 8 antibiotics from the NHG recommendations for patients
with a UTI are shown, athough for female patients without
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signsof tissueinvasion, after expert consultation, it was decided
not to show antibioticswith high tissue penetration as treatment
options, as other treatments should be considered and tried first
in most instances. Finally, GPs were instructed to use the

Herter et al

software only for patients >12 years and to assess the
information presented together with all other information they
deemed relevant in treating patients with a UTI.

Figure 1. Decision support software: interface to enter patient characteristics (top); presentation of expected outcomes and NHG (Dutch College of

General Practitioners) guidelines (bottom).
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Selection of Control Practices

Control practices were identified from a pool of 129 potential
control practices in the Nivel database through a propensity
score-matched augmented control procedure. As shown in
previous research, these matching methods can be used to
construct an artificial control group for trias by matching
treatment and control units that are similar in terms of their
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observable characteristics [25,26]. As practice characteristics
are most informative in the way patients are being treated,
propensity score-matching was performed at the aggregated
practice level. The total number of patients per practice and
their average age were the characteristics used to construct the
propensity. Matching was performed using a caliper of 0.05.
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Thetreatment practices were matched with 29 control practices.
Data from all patients with a UTI in these practices were
analyzed. Thisresulted in 4998 observations of patients with a
UTI in the treatment practices before the pilot started and 3422
observations during the pilot. The control practices resulted in
5044 observations before and 3360 observations during the
pilot.

Preparation of Study Data

Nivel Primary Care Database

All analyses were performed using the Nivel Primary Care
Database, containing structured EHR datafrom 530 GP practices
in the Netherlands. A selection was made so that the data set
only contained the data of all patients with at least one UTI
during this study.

Thedatarequest was approved by all necessary and appropriate
bodies from the Nivel Governance-Document Nivel Primary
Care Database [27] under number NZR00317.030. The use of
the data for this specific research was in accordance with all
relevant Dutch and European laws and legislations.

The study included all patients who had at |east one indication
of UTI symptoms, indicated by the International Classification
of Primary Care codes U70 (acute pyelonephritis), U71
(cystitis), U72 (nonspecific urethritis), UOL (painful micturition),
or U02 (frequent micturition) and were prescribed antibiotic
treatment for this UTI.

We used data from 2 periods. The first period consisted of the
time before the implementation study (week 16 until week 4),
and the second period consisted of the time during the
implementation period (weeks 0 to 20). Within these 20 weeks,
the software was used for different periods of 16 weeks. Owing
to the defined outcome measure of treatment success that
requires patients not to receive another treatment for UTI within
28 days, an additional 4 weeks were added to ensure that the
treatment outcome of these patients was also captured within
the analysis.

The prescribed treatment for UTI was directly recorded in the
EHR system of the GP. Background information about the
patient and their comorbidities consisted of a combination of
diagnoses and symptom codes and the prescription of other
medications related to these comorbidities.

Pacmed Use Database

Through use of physicians and their assistants, data on patient
characteristics and chosen treatments were generated using
Pacmed software. These data were generated with informed
consent from the treated patients.

The patients present in this database were those for whom we
were certain that the software had been used. Therefore, we
attempted to identify these Pacmed patients in the Nivel
database. However, because all identifiable personal datawere
removed for both the Pacmed software and the Nivel database,
it was not possible to match these 2 databases directly.

Instead, identification took place iteratively using a sequential
matching procedure. A single matching approach failed because
of practical challengesresulting from the nature of the data sets.

https://medinform.jmir.org/2022/5/€27795
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The Nivel database was generated automatically from all the
different information systems used in the participating practices,
resulting in a data set with subtle differences between the
practices. The Pacmed data consist of data directly resulting
from the use of the CDSS. Attempting to match the databases
through a single matching procedure based on practicelocation,
gender, date of birth, and the data of consultation failed, aswe
assessed it as very likely that the Pacmed software had been
used days after the first visit or at a second visit. Therefore,
another approach was used where patient identification was
performed iteratively through a sequential matching procedure,
in such a way that after an initial merge, unique matches that
werefound were removed and the matching with anew variable
constellation for the remaining patients was continued.

First, an effort was made to identify patients from Pacmed in
the raw EHR data provided by Nivel. Thereafter, additional
matching was performed for patients in the processed Nivel
data set. Variables that were matched based on the raw Nivel
data included age, sex, date of birth, and date of consultation.
In addition, age categories, day intervals around the date of
consultation, prescribed medication, and comorbidities were
constructed. All matches included gender and practice postal
codes.

Primary and Secondary Outcomes

The primary outcome of interest was the difference in the
proportion of successful treatments between the periods before
and during the study. Successful treatment was defined as a
period of 28 days after the initial treatment, during which no
new treatment was needed. This outcome definition was
constructed using GP expert groups and a meticulous analysis
of the impact of different definition choices.

The analyses of the primary outcomes were repeated for
subgroups based on sex and age, if the patients had diabetes
and if UTI was complicated. In addition, to directly compare
the differences between the treatment and control arms, the
primary outcome was compared between the groups during the
implementation study.

A total of 2 sensitivity analyses were performed to test the
robustness of primary outcomes. First, to exclude potential
temporal effects, the same test for the primary outcome of
interest was performed for control practices. Second, the
proportion of successful treatments for patients for whom the
software had certainly been used was compared with the
proportion of successful treatmentsfor patientsin the treatment
practices before the implementation study.

Finally, the prescription behavior of the physicianswas anayzed
to determine whether there was a statistically significant
difference in prescribed antibiotics between the treatment and
control practices before and during the implementation study
period. This analysis was repeated for observations for which
we were sure that the software had been used. Specifically, we
wereinterested in the differencein the proportion of high tissue
penetration antibiotics chosen by physicians when presented
with the expected outcomes of treatments.
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Statistical Analysis

Power Analysis

We conducted a power analysis to gauge the required number
of observations of patientswith UTIsto detect small effect sizes
(Cohen effect size of 0.1) of theintervention [28]. Patientswere
clustered within a practice, making them more likely to be
treated or respond similarly within that practice. To account for
this clustering, sample sizes were adjusted using an inflation
factor [25]. Theinflation factor is afunction of the intracluster
correlation coefficient and average cluster sizes per practice.
However, the mean average cluster size (the number of patients
with a UTI) per practice was 72.7, and practices showed large
variations in average cluster sizes (SD 98.3, range 10-325).
Therefore, along with the inflation factor, a cluster variation
coefficient was cal culated for the outcome variables. Thus, the
reported sample size was adjusted, including the intracluster
correlation and cluster variation coefficients. The desired sample
size was calculated to be at least 851 at a power of 0.8 and a
type 1 error rate of 0.05 to detect small effects.

Outcome Statistics

A total of 2 sample z tests with an o level of .05 were used to
test the statistical significance of the primary outcome analysis,

Herter et al

both the sensitivity analyses and the prescription behavior
analyses. To test the significance of the subgroup analyses for
the primary outcome measure, additional z tests were used. To
determine whether the differences were statistically significant
and to avoid theinflation of type 1 errors, Bonferroni corrections
were applied. Differences with a P value <.006 (0.05/9) were
determined to be statistically significant. To further compare
the primary outcomes across different subgroups, the relative
risk ratio was used [29].

Results

Patient Population

The Pacmed use database contained 1689 unique patients, of
which 734 (43.46%) unique individual patients were identified
in the Nivel database through the sequential identification
procedure. Thisis the number of patients for whom we can be
certain that the software was used.

Figure 2 shows the variables used in the sequential matching
procedure and the number of matches found in each iteration.
Table 1 displays the patient characteristics for the cohort in
treatment and control practices during theimplementation study
and specifies the characteristics of the patients identified from
the Pacmed use database.

Figure 2. The number of matches found through the sequential matching procedure.
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Table 1. Patient characteristics of the observations in treatment and control practices during the implementation study.

Characteristic Proportion of patientsin treatment Proportion of patientsidentified in Proportion of patientsin control prac-
practices observations (n=3422) Pacmed Clinical Decision Support tices observations (n=3360)
System observations (n=1121)
Sex (female) 0.88 0.92 0.86
Age (years)
<30 0.17 0.15 0.17
30-50 0.21 0.18 0.20
50-70 0.36 0.39 0.29
>70 0.26 0.28 0.33
Diabetes 0.08 0.09 0.13
UTI2with tissueinvasion® 0.11 0.13 0.12
0.12 0.13 0.13

Complicated UTI®

8UTI: urinary tract infection.

BA UTI with tissue invasion was defined as a UTI with which (acombination of) the International Classification of Primary Care codes associated with
tissue invasion-related symptoms were registered (A02, A03, A04, and A05).

CComplicated UTI isdefined asa UT! with tissueinvasion or asimultaneous pyel onephritis or prostatitis episode, International Classification of Primary

Care codes U70 and Y 93, respectively.

Evaluation Outcomes

Primary Outcome and Sensitivity Analyses

The proportion of successful treatmentsincreased significantly
from 75% to 80% in treatment practices (z=5.47; P<.001). In
the control practices, no significant change in outcomes was
observed during the same period (76% before and 76% during
the pilot, z=0.02; P=.98). The proportion of successful
treatments during the study was 83% for the observations of
which we are certain that the software had been used. Thiswas
a dtatistically significant difference, with 75% of successful

treatments before the study in the treatment practices (z=4.95;
P<.001). The comparison of the primary outcome between the
control practices and the treatment practices during the
implementation study also showed a significant difference (76%
for the treatment practices and 80% for the control practices,
7=4.86; P<.001).

The change in outcome has been specified for subgroups based
on sex, age, comorbidities (diabetes) and whether the UTI was
complicated in Table 2. Inthisanaysis, theincreasein outcomes
was statistically significant for femal e patients and patients>70
years.

Table 2. Test statistics of primary outcome or several patient subgroups in the treatment practices observations before (n=4998) and during (n=3422)

the study.
Subgroup Proportion of successful treatments Proportion of successful treatments Risk ratio P value
before study during study
Sex
Female (n=3008) 0.76 0.81 1.07 <.001
Male (n=414) 0.72 0.78 1.08 .01
Age (years)
<30 (n=580) 0.81 0.86 1.06 .01
30-50 (n=719) 0.80 0.83 1.04 .05
50-70 (n=1227) 0.76 0.79 1.04 .05
>70 (n=896) 0.70 0.76 1.09 <0012
Complicated UTIP€ (n=404) 0.72 0.79 110 03
Diabetes (n=275) 0.71 0.79 111 .03

agjgnificant Bonferroni adjusted P values (.05/9).
byTI: urinary tract infection.

°A complicated UTI is defined as a UTI with tissue invasion or a simultaneous pyelonephritis or prostatitis episode, International Classification of

Primary Codes U70 and Y 93, respectively.
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GP Prescription Behavior

In the treatment practices as well as in the control practices,
there was no significant difference in the proportion of high
tissue penetration antibiotics prescribed between the period
prior and during the implementation study. Table 3 has

https://medinform.jmir.org/2022/5/€27795
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additional information on the choice of treatment before and
during the study period. As it is known that there are sex
differences in prescribed medications owing to differences in
underlying etiology, the same table is shown for both sexes.
Table 4 shows the same information for the observations for
which we were sure that the software was used.
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Table 3. Proportion of medication prescribed before and during implementation study.

Treatment practices Control practices
Before During Delta% Pvdue Before During Deta% Pvaue
All patients n=4998 n=3422 n=5044 n=3360
Antibioticswith low tissue penetration 0.79 0.80 0.01 .37 0.79 0.77 -0.02 .02
Nitrofurantoin 0.59 0.59 -0.01 .56 0.60 0.57 -0.02 .03
Fosfomycin 0.13 0.13 0.00 .70 0.14 0.15 0.01 24
Trimethoprim 0.06 0.06 0.00 .58 0.05 0.04 -0.01 A1
Norfloxacin 0.01 0.02 0.02 .001 0.00 0.00 0.00 .63
Antibioticswith high tissuepenetration 0.21 0.20 -0.01 37 0.21 0.23 0.02 .02
Ciprofloxacin 0.16 0.14 -0.02 .04 0.13 0.15 0.01 .09
Augmentin 0.03 0.03 0.00 44 0.04 0.04 0.00 .59
Sulfamethoxazole and trimethoprim ~ 0.02 0.02 0.00 .65 0.02 0.03 0.01 .005
Amoxicillin 0.01 0.01 0.00 45 0.01 0.01 0.00 .58
Female patients n=4361 n=3008 n=4439 n=2881
Antibioticswith low tissue penetration 0.84 0.84 0.00 .99 0.84 0.83 -0.01 A2
Nitrofurantoin 0.62 0.61 -0.01 .39 0.63 0.62 -0.02 A1
Fosfomycin 0.14 0.14 0.00 75 0.15 0.16 0.01 A2
Trimethoprim 0.06 0.06 0.00 .99 0.05 0.04 -0.01 .09
Norfloxacin 0.01 0.01 0.01 .006 0.00 0.00 0.00 .69
Antibioticswith high tissue penetration 0.16 0.16 0.00 .99 0.16 0.17 0.01 A2
Ciprofloxacin 0.12 0.11 0.00 .66 0.10 0.10 0.00 .61
Augmentin 0.02 0.02 0.00 .55 0.10 0.10 0.00 .61
Sulfamethoxazole and trimethoprim  0.01 0.01 0.00 .98 0.02 0.02 0.01 .01
Amoxicillin 0.01 0.01 0.00 a7 0.01 0.01 0.00 .39
Male patients n=637 n=414 n=605 n=478
Antibioticswith low tissue penetration 0.44 0.49 0.05 14 0.44 0.43 -0.01 a7
Nitrofurantoin 0.36 0.37 0.01 .86 0.33 0.33 -0.01 .84
Fosfomycin 0.03 0.03 0.00 .94 0.06 0.06 -0.00 .92
Trimethoprim 0.03 0.05 0.02 .08 0.04 0.04 0.00 97
Norfloxacin 0.02 0.04 0.02 .09 0.01 0.01 0.00 .70
Antibioticswith high tissue penetration 0.56 0.51 -0.05 14 0.56 0.57 0.01 a7
Ciprofloxacin 0.44 0.35 -0.09 .003 0.39 0.42 0.02 41
Augmentin 0.07 0.08 0.01 52 0.09 0.06 -0.02 13
Sulfamethoxazole and trimethoprim  0.03 0.05 0.01 .37 0.06 0.07 0.01 .36
Amoxicillin 0.01 0.02 0.02 .05 0.02 0.01 -0.01 .50
Patients with complicated UTI2P n=365 n=404 n=369 n=433
Antibioticswith low tissue penetration 0.58 0.62 0.05 19 0.62 0.61 -0.01 74
Nitrofurantoin 0.42 0.43 0.01 .80 0.43 0.36 -0.06 .07
Fosfomycin 0.10 0.10 0.00 91 0.10 0.21 0.12 .92
Trimethoprim 0.05 0.06 0.02 37 0.06 0.03 -0.04 .02
Norfloxacin 0.01 0.03 0.02 .01 0.03 0.00 -0.03 .003
Antibioticswith high tissue penetration 0.42 0.38 -0.05 19 0.38 0.39 0.01 74
Ciprofloxacin 0.30 0.22 -0.08 .01 0.22 0.22 0.00 97
https.//medinform.jmir.org/2022/5/e27795 JIMIR Med Inform 2022 | vol. 10 | iss. 5 [e27795 | p.77

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Herter et &

Treatment practices Control practices
Before During Delta% Pvadue  Before During Delta% Pvalue
Augmentin 0.07 0.08 0.01 a7 0.08 0.10 0.02 .26
Sulfamethoxazole and trimethoprim  0.03 0.05 0.02 A1 0.05 0.05 0.00 .93
Amoxicillin 0.02 0.02 0.00 .76 0.02 0.02 -0.01 .53
Patients with diabetes n=355 n=275 n=359 n=429

Antibiotics with low tissue penetration 0.70 0.72 0.01 74 0.75 0.68 -0.07 .02
Nitrofurantoin 0.47 041 -0.06 14 0.52 043 -0.09 .01
Fosfomycin 0.14 0.14 0.00 .92 0.17 0.18 0.01 .65
Trimethoprim 0.06 0.10 0.04 .10 0.06 0.06 0.01 .67
Norfloxacin 0.03 0.06 0.04 .03 0.01 0.01 0.00 .83

Antibioticswith high tissue penetration 0.30 0.28 -0.01 74 0.25 0.32 0.07 .02
Ciprofloxacin 0.25 0.22 -0.03 43 0.17 0.21 0.04 .16
Augmentin 0.03 0.04 0.00 .86 0.04 0.04 0.00 .88
Sulfamethoxazole and trimethoprim ~ 0.01 0.02 0.00 .69 0.02 0.05 0.03 .03
Amoxicillin 0.00 0.01 0.01 .08 0.01 0.01 0.01 45

Patients with age >70 years n=1599 n=896 n=1721 n=1122

Antibioticswith low tissue penetration 0.70 0.72 0.02 31 0.74 0.70 -0.04 .02
Nitrofurantoin 0.45 0.43 -0.03 .20 0.48 0.45 -0.03 A1
Fosfomycin 0.16 0.17 0.01 48 0.20 0.19 -0.01 74
Trimethoprim 0.07 0.07 0.01 A7 0.06 0.06 -0.01 A7
Norfloxacin 0.02 0.05 0.03 .001 0.00 0.01 0.00 .58

Antibioticswith high tissue penetration 0.30 0.28 -0.02 31 0.26 0.30 0.04 .02
Ciprofloxacin 0.24 0.21 -0.03 .06 0.17 0.20 0.03 .03
Augmentin 0.03 0.04 0.01 .39 0.05 0.03 -0.02 .03
Sulfamethoxazole and trimethoprim  0.02 0.03 0.01 .32 0.02 0.04 0.02 .004
Amoxicillin 0.01 0.01 0.00 .75 0.01 0.02 0.01 .27

8UTI: urinary tract infection.

ba complicated UTI is defined as a UTI with tissue invasion or a simultaneous pyelonephritis or prostatitis episode, International Classification of
Primary Care codes U70 and Y 93, respectively.

Table 4. Proportion of medication prescribed before and during implementation study for all patients, for the observations identified from the Pacmed

use database.
Treatment practices
Before (n=4998)  During (identified; n=1121) Delta% P vaue
Antibiotics with low tissue penetration 0.79 0.81 0.02 15
Nitrofurantoin 0.59 0.53 -0.07 <.001
Fosfomycin 0.13 0.16 0.03 <.001
Trimethoprim 0.06 0.08 0.02 .01
Norfloxacin 0.01 0.04 0.03 <.001
Antibioticswith high tissue penetration 0.21 0.19 -0.02 A5
Ciprofloxacin 0.16 0.13 -0.03 .01
Augmentin 0.03 0.03 0.00 .53
Sulfamethoxazole and trimethoprim 0.02 0.02 0.00 .39
Amoxicillin 0.01 0.01 0.01 .02
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Discussion

Principal Findings

The most important result of this study is that the introduction
of the CDSS as an intervention in the 34 treatment practices
was associated with improved treatment success for patients
with UTI. The percentage of successful treatmentsin the patient
population increased from 75% before implementation of the
CDSS to 80% during the implementation period. Next to a
significant increase in treatment outcome within the treatment
arm, the difference between treatment and control group was
also significant (76% in control practices and 80% in treatment
practices during the study). These control practiceswere selected
through propensity score-matching and were similar at baseline.
This resulted in control practices that, at the time of the study,
had comparable patient populations with UTI.

To assess whether the increase in treatment success was due to
the CDSS presented in this study, we performed 2 sensitivity
analyses. First, the software was not used for all patientsin the
Nivel database. Therefore, we sought to identify patients from
the Pacmed use database in the Nivel database. We had been
abletoidentify more than half of the patientsin the Pacmed use
database in the Nivel database. The association of the increase
in treatment success with the introduction of the intervention
was strengthened by thefact that theincreasein clinical outcome
was even higher and statistically significant (83%) for the
patients for whom we were sure that the software had been used.
The significance of this test must be seen from the perspective
that the populations are not identical, and that thereis a potential
selection bias in the patient population in the CDSS database.
However, Table 1 shows comparable prevalence among the
relevant clinical subgroups.

Second, we assessed whether the increase in treatment success
was due to tempora effects, namely, the spontaneous
improvement of treatment successfor al practices, independent
of the introduction of the CDSS. In the control practices, no
significant increase in the proportion of successful treatments
was observed.

Finally, the increase in treatment success did not seem to have
been caused by an increase in the prescription of high tissue
penetration antibiotics. On an average, for female and male
patients, we did not observe a significant difference in the
proportion of antibiotics with high tissue penetration. We
observed asignificant increase in the prescription of norfloxacin
in female patients.

Behavior Change Within the Treatment Practices

An increase in treatment success was observed for multiple
subgroups. In this analysis, only the results for female patients
and patients aged >70 years were found to be statistically
significant. Other subgroups with a noteworthy increase in
outcomes included male patients, patients with complicated
UTlIs, and patients with diabetes. The reason that the increase
in outcome cannot be deemed significant in this analysis is
presumably partly owing to the sample sizes of these subgroups,
as opposed to lower effect sizes. In particular, most clinical
trials on the treatment of UTIs, supporting the evidence in the
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Dutch GP guidelines at the time, were conducted in female
patients with uncomplicated infections[20-22]. One could then
expect that an ML-based CDSS, aiming to fill knowledge gaps
by learning from more complex patients in practice, would be
most valuable for patient groups that are now understudied.

Within these subgroups, although not statistically significant,
we observed an indication of behavioral changein thetreatment
arm. For al these subgroups (male, patients with diabetes,
patients with a complicated UTI, and patients >70 years), the
proportion of norfloxacin treatments doubled, which was not
observed in the control practices. Norfloxacin was not
recommended as a treatment option for all subgroups in the
NHG guideline.

The NHG guidelines at the time recommended nitrofurantoin
as the first choice for male and diabetic patients, with
trimethoprim as the second choice. Trimethoprim prescriptions
almost doubled for both subgroups only in the treatment
practices. For patients with a complicated UTI, we observed a
decrease in ciprofloxacin treatment only in the treatment
practices, although ciprofloxacin was the first recommended
treatment in the NHG guidelines at the time. Using Bonferroni
adjusted P values, the difference in prescription behavior was
not deemed to be statistically significant, and the effect of this
indicated behavior change on clinical outcome should serve as
a hypothesis for future research. However, it should be noted
that itisunlikely that theincreasein outcomesis(solely) owing
to better guideline adherence. Theanalysisof behavioral changes
for the CDSS patientsidentified in the Nivel database confirms
this insight, with a significant decrease in nitrofurantoin
treatments, which is the first recommended treatment option
for almost al patient groups in the guideline, and a significant
increase in norfloxacin treatments.

However, many other unmeasured factors could have improved
patient outcomes independent of the information presented by
the CDSS. Among other things, knowing to participate in the
trial could have led to a better diagnosis and more conscious
treatment choice, independent of the relevance or value of the
CDsSS.

Strengths

Only by integrating the knowledge in the clinician’s workflow
and eval uating the impact prospectively can wetruly assessthe
potential added value of anew technology suchasML intoday’s
health care system. A strength of this study is the fact that we
developed a CDSSthat, through its accessibility, was often used
by the participating physicians to enable us to analyze the
difference in our chosen outcome on a scale large enough for
the results to be statistically significant. A more in-depth study
on the use and perceived accessibility of physicians is in
preparation.

Inthe design of the software, the transparency of the underlying
technology was key to ensuring its usability. The algorithms
that form the intelligence of the software were deliberately
chosen to be interpretable and understandable models for the
end user as well as for the physicians who were part of the
development. In addition, the resulting predictions of treatment
success presented in the CDSS during the study were
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accompanied by supporting information regarding the patient
characteristics on which the predictionswere based. Finally, by
presenting the rel evant subsection of the active NHG guidelines,
we presented the necessary context information to assess all
sources of information equally, enabling the physician to
combine these sourcestogether with their experience, expertise,
and intuition to make the best decision for the patient.

The execution of sensitivity analyses to assess the robustness
of the association between treatment successand theintervention
of the CDSS is another strength of this study. We had access
to EHR from the Nivel database of treatment practices as well
as from control practices, enabling us to exclude temporal
effects. The fact that we had access to the Pacmed use database
made it possible to specifically analyze the subgroup of patients
for whom we were certain that the tool had been used.

We observed that for patients in whom the tool had been used,
the outcome improvement seemed more pronounced compared
with the rest of the patients in the treatment practices. This
suggests aclear added value of the CDSStoal itself, rather than
the mere fact that more attention was paid to UTI in these
practices. Next, it is noteworthy that we were able to assessthe
adoption rate of the software and relate it to the outcome of
interest. Only by doing so isit possible to eval uate the expected
impact in relation to the (financial) investment needed to
develop, implement, integrate, monitor, and continuously
improve complex technologies such as ML for physicians
[14,15].

Limitations

To assess the impact of the CDSS on treatment success, we
chose several measurements to ensure the robustness and
reliability of our outcome measure. To ensure that the patients
included wereindeed affected by UTI, we selected only patients
on having received antibiotic treatment rather than using only
the diagnosis code as the selection criterion. However, amore
specific diagnosis of a UTI can be made through laboratory
data, which have not been used, as laboratory test results were
not recorded inthe EHR datafor many UTI patients. In addition,
therewas asdlection biasin selecting only patientswho received
antibiotic treatment. However, this selection bias was the same
for the treatment and control practices for this study.

Furthermore, treatment success is indirectly derived from the
information systems of GPs and is used as a proxy for clinical
examination. This method is similar to the algorithms used to
construct disease episodes based on EHR data[30]. A similar
methodology was followed, defining treatment success as a
subsequent period of 28 days, where no new treatment was
needed, indicating areduced risk for treatment failure or relapse.
Possible flaws concerning therapy compliance cannot be
mitigated using these data. Information about the resolution of
complaintsor bacterial clearance, and thus, decisive knowledge
on treatment success, was absent. In addition, it is likely that
unnecessary antibiotic prescriptionswere considered successful
based on our definition of treatment success. However, the
potential flaw in our outcome definition was consistent with
treatment and control practices. Moreover, we have no indication
that the use of the CDSS resulted in more unnecessary
prescriptions (and with that positively influenced the primary

https://medinform.jmir.org/2022/5/€27795
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outcome of this research). In both the treatment and control
practices, thetotal number of antibiotic prescriptions decreased
by almost identical proportions (from 4998 to 3422 in the
treatment practices[-32%] and from 5044 to 3360 in the control
practices [-33%]).

In addition, negative effects, side effects, or impacts on general
resistance to treatments were not investigated in this study.
These are, of course, factors that should impact the evaluation
of a CDSS of this kind in practice. However, we excluded
antibiotics with high tissue penetration in the software as
treatment options, as we were aware of the potential negative
effects of these treatments. This might have contributed to the
fact that we did not observe a significant increase in these
proportions of treatments prescribed during the study.
Furthermore, it can be expected that the side effects of the
treatments were considered by GPsin the treatment and control
arms of the study. GPs were actively advised to choose a
treatment based on all the information they deemed relevant,
not only theinformation presented through the CDSS. Therefore,
aswe expect GPs to include knowledge on the side effects and
negative effects of treatments in their decision-making, we
mitigate the impact of this information being absent in the
CDsSS.

Finaly, we were unable to relate the significant increase in
patient outcomes to significant behavior change by physicians
in treatment practices. The analyses of behavior change could
potentially have been done morethoroughly if we had been able
to match more patients between the Pacmed data and Nivel
database. Out of 1200, only 734 (61.16%) patients could be
matched owing to an underestimated complexity in matching
these databases. In hindsight, apseudonymized patient identifier
would have enabled us to match a significantly higher number
of patientsin the Nivel database, if not al, from the CDSS data.
The most important underestimation of thiscomplexity wasthe
incorrect assumption that participating physicians and assistants
would always use the software during thefirst consultation with
the patients. Asthiswas not the case, it was difficult to identify
patients based on their characteristics as well as the time they
had entered into the software. We strongly recommend extensive
research on the care paths of patients in multiple clinical
institutions to match the implementation study design with these
care paths. Another effort to further understand the behavior
change and thusthe impact of the CDSSwould beto have expert
groups and extensive surveys on how the software impacted
the decision-making of GPsand assistantsat anindividual level.

Relevance and Future Directions

This research brings important knowledge to the research field
of responsibly implemented M L-based decision support systems
with clinical relevance. In particular, most published a gorithms
do not reach the frontline of clinical practice nor are they
validated prospectively [10,11]. To make this technology live
up to its great promises, prospective validation is needed,
resulting in high-quality protocols for the responsible
development and deployment of ML in hedth care
[11,14,31-34].

Unfortunately, there is very little scientific discussion on the
responsible evaluation of the CDSS to assess its impact and
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validity once it has been implemented. Nevertheless, only by
evaluating itsimpact on relevant outcomes, while integrated in
the clinical workflow, the potential and risks can be fully
understood [15,35]. One of the greatest barriers to achieving
impact in practiceis the adoption of the CDSS by the clinician
asan end user [15,33]. Nevertheless, studies often fail to assess
(or report on) the impact of the technology on the users and
their workflow [13,14,16]. Therefore, it is even moreimportant
to have protocols in place to thoroughly analyze the behavior
change, assess its robustness, and compare the outcomes for
groups for which the tool has certainly been used with those
that one is uncertain about.

Conclusions
The introduction of the CDSS as an intervention in the 36

Herter et al

namely, an increase from 75% to 80% successful treatments.
The 2 sensitivity analyses enabled usto present this result with
greater robustness. First, temporal effects were excluded by
evaluating treatment success in the same period for a group of
control practices selected through a propensity score-matching
procedure. Second, analyzing the subgroup for whom we were
certain the software had been used strengthened the association
of an increase in successful treatment with the presentation of
the CDSS in the treatment arm.

This study shows some important strengths and points of
attention in the design and development of clinical decision
support software aswell as athorough evaluation of itsclinical
impact in practice. Further research is needed on theinteraction
of ML-based clinical decision support software with end users

to assessthe potential impact of thistechnology for patients and
physicians, and to devel op concrete and objective guidelinesto
perform this research responsibly.

treatment practices was associated with a statistically significant
improvement in treatment success for patients with a UTI,
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Abstract

Background: Traditional Chinese medicine (TCM) practitioners usually follow a 4-step evaluation process during patient
diagnosis: observation, auscultation, olfaction, inquiry, pulse feeling, and palpation. The information gathered in this process,
along with laboratory test results and other measurements such asvital signs, is recorded in the patient’s electronic health record
(EHR). In fact, al the information needed to make a treatment plan is contained in the EHR; however, only a seasoned TCM
physician could use thisinformation well to make a good treatment plan asthe reasoning processisvery complicated, and it takes
years of practice for amedical graduate to master the reasoning skill. In this digital medicine era, with a deluge of medical data,
ever-increasing computing power, and more advanced artificial neural network models, it is not only desirable but also readily
possible for a computerized system to mimic the decision-making process of a TCM physician.

Objective: Thisstudy aimsto develop an assistivetool that can predict prescriptionsfor inpatientsin ahospital based on patients
clinical EHRs.

Methods: Clinical health records containing medical histories, as well as current symptoms and diagnosis information, were
used to train atransformer-based neural network model using the corresponding physician’s prescriptions as the target. Thiswas
accomplished by extracting relevant information, such as the patient’s current illness, medicines taken, nursing care given, vital
signs, examinations, and laboratory results from the patient’s EHRs. The obtained information was then sorted chronologically
to produce asequence of datafor the patient. Thesetime sequence datawere then used asinput to amodified transformer network,
which was chosen as a prescription prediction model. The output of the model was the prescription for the patient. The ultimate
goal isfor thistool to generate a prescription that matches what an expert TCM physician would prescribe. To alleviate the issue
of overfitting, a generative adversarial network was used to augment the training sample data set by generating noise-added
samples from the original training samples.

Results: Intotal, 21,295 copies of inpatient electronic medical records from Guang’ anmen Hospital were used in this study.

These records were generated between January 2017 and December 2018, covering 6352 types of medicines. These medicines
were sorted into 819 types of first-category medicines based on their class relationships. As shown by the test results, the
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performance of a fully trained transformer model can have an average precision rate of 80.58% and an average recall rate of
68.49%.

Conclusions:  As shown by the preliminary test results, the transformer-based TCM prescription recommendation model
outperformed the existing conventional methods. The extra training samples generated by the generative adversarial network

help to overcome the overfitting issue, leading to further improved recall and precision rates.

(IMIR Med I nform 2022;10(5):€35239) doi:10.2196/35239

KEYWORDS

traditional Chinese medicine; transformer; generative adversary networks; electronic health records; artificial intelligence; natural

language processing; machine learning; word2Vec

Introduction

The widespread use of electronic health record (EHR) systems
has led to the explosive growth of digitized health care data. As
the amount and complexity of data grow, medical analysis and
decision-making becomeincreasingly time-consuming and error
prone. In reality, a human physician cannot fully use al the
available information at his or her disposal in atimely fashion.
Therefore, harnessing the information contained in EHR data,
most of whichisintextual form, iscritical for driving innovation
research, improving health care quality, and reducing costs.
Natural language processing (NLP) isessential for transforming
relevant information sequestered in freestyletextsinto structured
data for further computerized processing. The development of
apredictive model with EHR data was motivated by the desire
to offer a medication-oriented decision support tool to clinical
health care providers. To build such a predictive model, we used
NLP techniques to convert a patient's EHR data into a
representation, which then becomestheinput to adeep learning
model to predict medical events, such as medication orders.

Biomedical NLP has experienced great progressin the past 30
years[1,2] and has become especially activein recent years[3].
Previously, EHR data were analyzed using traditional machine
learning and statistical techniques such as logistic regression,
support vector machine, and random forest [4]. However, in
recent years, as reviewed in the studies by Shickel et a [5],
Sheikhalishahi et a [6], and Miotto et & [7], many research
efforts have been devoted to the application of deep learning
techniques to EHR data for clinica informatics tasks.
Autoencoders have been used by researchers [8] to predict a
specific set of diagnoses. A long short-term memory (LSTM)
seguence model [9] was trained to provide patient-specific and
time-specific predictions of medication ordersfor patientswho
are hospitalized [10]. A convolutiona neural network (CNN)
model was used to predict discharge medications using the
information available at admission [11]. Numerous articleswere
surveyed in the study by Goldstein et a [12] regarding the
development of a risk prediction model using EHR data. A
comprehensive study on applying deep learning techniques to
EHR datafor avariety of prediction problems was reported in
the study by Rajkomar et al [13]. Recurrent neural networks
were successfully trained using EHR data to detect medical
events[14-16].

The research on applying artificial intelligence in traditional
Chinese medicine (TCM) has been very activein the past decade
[17,18]. Data mining techniques have been used for TCM

https://medinform.jmir.org/2022/5/€35239/

syndrome modeling and prescription recommendation for
diabetes [19]. The PageRank algorithm [20] was modified and
applied to TCM prescription recommendations [21]. In our
previouswork [17], a CNN was used to predict TCM diseases,
and XGBoost, along with other neural networks, was used to
predict TCM syndromes. Following the sequence-to-sequence
paradigm, researchersfrom Peking University used bidirectional
gated recurrent neural networksto generate TCM prescriptions
from symptom descriptions [22]. They proposed a coverage
mechanism along with a soft loss function as a remedy for the
repetition problem they encountered. However, the requirement
of curated descriptions of symptoms as inputs hinders the
practicality of thisapproach. Ideally, the model generates TCM
prescriptions directly from raw EHR data, similar to how a
human TCM physician conducts deductive reasoning.

Generating prescriptionsfrom raw EHR datatypically comprises
2 parts. The first part uses biomedical NLP [3] techniques to
extract relevant information used by ahuman physicianto form
afeaturerepresentation [23]. The second part usesdeep learning
techniques [7] to map this feature representation into a
prescription order.

The primary task of biomedical NLP is to extract relevant
information from clinical narratives written in free-form text
and store the gathered information as structured data. Numerous
deep learning techniques [24-26], such as bidirectional LSTM
(BiLSTM), have been used in the biomedical NLP field. Both
BiLSTM conditional random field (CRF) and transformer CRF
have been used for named entity recognition (NER) of EHR
notes written in Chinese [27,28]. The recognized entities are
then formed into distinct tokens. Then, the feature representation
of a patient's EHR data becomes a sequence of tokens. The
tokens are then converted into real-valued multidimensional
vectors using word embedding techniques [29].

The purpose of this study was to develop an assistive tool that
can prescribe TCM prescriptions for inpatients in a hospital
based on the patient’s clinical EHRs. The predictive model for
TCM prescription generation i s based on asequence-transducing
model called the transformer [30]. Thismodel isentirely based
on attention, replacing the recurrent layers most commonly used
in encoder-decoder architectures with multihead self-attention.
The training used in this predictive model was supervised
training with human-authored prescriptions contained in the
EHR data set as the training targets. Furthermore, a generative
adversarial network (GAN) [31] model was designed to augment
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the training set to further enhance the overall system
performance by reducing the effects of overfitting.

Methods

This section is arranged as follows: the overall system
architecture is briefly described; then, each constituent
subsystem, which may comprise some functional blocks, is
introduced; finally, the training process is described in the
Training subsection, where a GAN model was used to generate
noise-added samples from the original samples.

System Overview

Hospitals and medical institutes in China are rapidly moving
toward standardizing their EHRs to conform to the regulations
and specifications issued by the Ministry of Health of the
People’s Republic of China[32-34]. A standard EHR document
for a patient may contain up to 53 parts, depending on the
patient’s situation. These may include the following:

« A first page record containing the patient’s basic personal
information, such as sex, age, occupation, and marital status

« An admission record containing the description of a
patient’s illness upon admission to the hospital, including
chief complaints, medical history, and family medical
history

«  Alaboratory testsrecord containing the list of testsand the
corresponding results

Zhang et a

- A nursing record containing nurse notes of the patient’s
condition, treatments taken and nursing care taken, body
temperatures and vital signs taken, and physician’s orders

- A treatment procedure record containing the entire
in-hospital diagnosisand treatment processand any changes
to the patient’s illness or illnesses

A high-level block diagram of the proposed system is shown
in Figure 1. The system comprises 4 subsystems: the NLP
subsystem, the feature extraction subsystem, the vectorization
subsystem, and the prescription prediction subsystem. The NLP
subsystem processesthe EHR file and produces structured data,
whichinturn are processed by the feature extraction subsystem
to extract relevant clinical information for prescription
prediction. The vectorization subsystem maps the sequence of
tokens written in Chinese characters to digital numbers,
presented as a vector in a multidimensional space. The
prescription prediction subsystem, which isatransformer-based
deep learning model, automatically generates a prescription
based on input vector data. Together, the first 3 subsystems
accomplish the task of extracting relevant information from an
EHR file to form input variables for the prediction model.
Similar representation learning operations were described in
our previous paper [17].

In short, NLP normalizesthe raw EHR data, the feature extractor
converts the normalized data into a sequence of tokens, the
vectorization subsystem maps the tokens into vectors of real
numbers, and the predictive model performs the reasoning
process to produce a prescription.

Figure 1. Block diagram of the prescription generation system. EHR: electronic health record; NLP: natural language processing.

———— NLP Featun.'e Vectorizing Transformer | ———
extraction
Structured Sequence of Vectorized Recommended
EHR data tokens data prescription
Only a small part of the EHR document is in a fixed format,
The NLP Subsystem y P

This subsystem is responsible for generating structured data
from origina EHR documents. The internal block diagram of
the subsystem is shown in Figure 2. There are 3 functional
blocksin this subsystem: the preprocessing block, NER block,
and British Medical Journal block.

The preprocessing block cleans the raw EHR document by
removing pictures and unusable components. This ensures the
completeness and accuracy of the electronic medical records.
Electronic medical records with incomplete or inconsistent
information are discarded.

After the initial cleaning, the content of the EHR file is then
divided into distinct sections. For example, the admission record
is divided into sections of chief complaints, medical history,
and others. Then, al the resultant sections are sorted, formatted,
and subsequently fed to the NER block.

https://medinform.jmir.org/2022/5/€35239/

and the remainder is in unstructured freestyle narratives. For
fixed-format texts, a script is used to extract named entities to
form structured data.

For freestyle narratives, a functional block called entity
recognition is used to extract named entities to form structured
data entries. The NER block isimplemented using a BiLSTM
network with CRF (BiLSTM-CRF) [24].

Then, the extracted named entities such as symptoms, illness,
medicine, examinations, and tests are further standardized
according to a Chinese version of the British Medical Journal
Best Practice knowledge base.

Figure 3 shows an example of the processing result, where the
admission record of araw EHR noteis converted into structured
data, with the marked words being named entities.
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Figure2. Block diagram of the named entity recognition subsystem. BiL STM: bidirectional long short-term memory; EMR: electronic medical record,;
BiLSTM-CREF: Bidirectional long short term memory — conditional random fields; BMJ: British Medical Journal.

BiLSTM-CRF BM)J
~——<»| | Preprocess B | shortermmamory. | [k | (ot 7
EunditiunTcl‘Il]andom : lournal)
Fields

W

Sorted &
formatted

data

Standardized
Structured
ata structured
data

Figure 3. Example of converting a freestyle narrative into structured data. EHR: electronic health record.
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The Feature Extraction Subsystem

To effectively mimic the reasoning process conducted by a
human physician, accurate and relevant input variables must be
chosen properly. These variables should represent the complete
set of factors that a human physician should take into
consideration when making treatment decisions. Textbox 1

https://medinform.jmir.org/2022/5/€35239/
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summarizesthe predominant factorsthat TCM experts consider
when making treatment decisions.

The feature extraction subsystem extracts the aforementioned
key features from the standardized structured data to form a
seguence of tokens. Figure 4 shows an example of this feature
extraction, in which a sequence of tokens is generated from
structured data.
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Textbox 1. Text type and the content to extract.
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Demography
o Sex, age, height, weight, and BMI

Chief complaints

e  Symptomsand signs

Recent medical history

«  Symptoms, signs, and general information

Past medical history

o Pastillness and medicines taken

Present illness

«  Tongue coating and pulses

Body check
. Vita signs

Treatment processrecords

e Current illness situation and treatment plan

Physician’sorders

«  Prescriptions

Nursing notes

« Vital signs and medication records

Examination reports

«  Examination items and findings

Laboratory reports
. Itemstested and quaitative and quantitative test results

Figure 4. Example of converting structured datainto a sequence of tokens.
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The Vectorization Subsystem

Overview

Until this point, all medical information needed to make a
treatment decision was encapsulated in textual data expressed
in Chinese characters. To be used by the deep learning
network—the Transformer—the information must be mapped
into adigital variable. In this vectorization process, a Chinese
word or phrase is represented as a real-valued vector in
multidimensional feature space. This section explains how
tokenized features are further processed through word
embedding.

Training the Word Embedding Model

The corpus was a collection of 102,596 electronic medical
records from Guang’ anmen Hospital and other hospitals. The
Jieba tokenizer was used to perform tokenization. The
open-source modeling tool Gensim was used to train the
word2vec [29] model with the following major parameters:
min_count=2, vector_size=100, window=5, sg=1, hs=1, and
epochs=50.

Zhang et a

The Skip-Gram model was used, asindicated by the parameters.
Each word was represented by a real-valued vector of 100
dimensions.

Vectorization

Once the word embedding model is trained, each token is
represented by a 100-dimension vector. For each word in the
input sequence, a unique identifier is assigned using a
numerical-type value expressed as a name-value-unit before
another unique identifier is assigned. Once all tokens are
converted into vectors, the vectors are then concatenated to form
a single vector variable, which then serves as the input to the
transformer.

The NLP, feature extraction, and vectorization subsystems
together accomplish the task of feature learning by converting
an EHR document into a multidimensional real-valued vector.
Figure 5 shows an example of mapping from EHR text to word
vectors.

Figure5. Illustration of converting electronic health record text to word vectors.
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The Transformer Subsystem

The transformer subsystem is responsible for recommending a
prescription for every given input embedding, as shown in
Figure 6. The subsystem is described in the following
paragraphs.

Input embedding is avector of max_num tokensx vector_size
dimensions. For example, max num tokens=759 and
vector_size=100. Zero padding is used if the number of tokens
in a sequence is smaller than max_num_tokens. Conversely, if
the number of tokens in a sequence is larger than
max_num tokens, the number of tokens is capped at
max_num_tokens by dropping off tokens corresponding to the
oldest time stamp with respect to the current prescription
generation time. The input embedding sample isfirst added to

https://medinform.jmir.org/2022/5/€35239/

RenderX

the position vector of the same size, becoming the input to the
first encoder.

Themain body of the subsystem comprises 2 identical cascaded
transformer encoders. Unlike the encoder of the original
transformer [30], which comprises6 identical layers, the encoder
used inthisresearch had only 1 layer with 4 sublayers. Thefirst
was a multihead self-attention layer with Multi_heads=4 and
head dim=8. The second was aresidual layer of 100 neurons
with normalization. Thethird wasasimple, position-wise, fully
connected feedforward network of 2048 neurons. The fourth
was aresidual layer of 100 neurons with normalization.

The second encoder was followed by a linear layer, a
feedforward layer of 2048 neurons, ahidden layer, and an output
layer, as shown in Figure 6. The output layer comprised 819
neurons with a sigmoid activation function. Each of the 819
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neurons corresponded to an herbal ingredient. The hidden layer
comprised 128 neurons with a dropout mechanism and
normalization. The dropout rate was set to 0.4740. The purpose
of this hidden layer was to prevent overfitting.

Figure 6. The transformer subsystem.
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Training the Transformer

Training of the transformer is a supervised learning process.
The input is a real-valued vector representation of a patient’s
EHR, and the output is the prescription. The learning goal is
for amachine-generated prescription to match the medical order
prescribed by a human physician.

Augmenting the Training Data

To alleviate the overfitting effect of the proposed prediction
model, a GAN [31] network was used to augment the training
data set. Following the fundamental idea of the GAN network,
the generative model G is trained to represent the distribution
of the original training data set, and the discriminative model
D is trained to detect whether the sample originates from the
original sample set or from the output of the generative model.

During the training phase, the entire system looks like that
shown in Figure 7. For every original training sample, thereis
a noise-added sample. The use of a GAN in this system
effectively doubled the number of training samples.

The internal structure of our GAN network was designed as
shown in Figure 8. Generator G comprises 2 identical LSTM
layers, each with asize of 279. Each LSTM layer is followed
by a normalization layer with aresidual connection. The input
to the discriminator G could be either an origina word
embedding sample or a noise-added sample generated by the
generator G. The discriminator D comprises an LSTM layer
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Thefinal result from the output layer was alist of probabilities
for the 819 drug ingredients, valued between O and 1. The
recommended prescription was then obtained by setting a
threshold for these probabilities.

Output probabilities
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with a size of 279, aresidua and normalization layer with a
size of 100, and a full connection layer with a size of 256.
Finally, the discriminator D outputs a binary value using a
sigmoid function.

We followed a typical GAN network training procedure [31]
to train the GAN subsystem, simultaneously training the
discriminator and generator. The discriminator and generator
aternatein their training until a Nash equilibrium is reached.

The generator first produces a batch_size noise-added EHR,
embedding samples with randomly initialized coefficients of
the generator network. These samples are concatenated with
the original noise-free EHR embedding samples to form
(2xbatch_size) embedding samples, each  with
max_num_tokensxvector_sizereal values. For example, wecan
have batch_size=500, max_num_tokens=560, vector size=100.
These (2xbatch_size) samples were used as inputs to the
discriminator. For every input sample, an output label indicates
whether the sampleisfrom thetrue original embedding or from
the generator. The discriminator network was trained using a
backpropagation agorithm with the objective of minimizing
the prediction error. The training of the discriminator is halted
when the binary cross-entropy loss function stops decreasing.
The discriminator training is then temporarily halted to yield
to the generator training.

To train the generator, al network coefficients of the
discriminator must be frozen. The discriminator now worksin
tandem with the generator during generator training. The
generator produces batch_size noise-added embedding samples,
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and for every sample, the discriminator outputs a prediction.
The generator updates its parameters using a backpropagation
algorithm based on the discriminator output. Thetraining of the
generator is halted when the binary cross-entropy loss function
stops increasing. The generator training is then temporarily
halted to yield the discriminator training.

Zhang et a

The aforementioned discriminator and generator training
processes together form 1 training epoch. The entire GAN
network training is accomplished through severa epochs. The
training stops when a Nash equilibrium is reached.

The entire training process is illustrated using the Python
pseudocode included in Multimedia Appendix 1.

Figure 7. Block diagram of the predictive modeling system during the training phase. EHR: electronic health record; GAN: generative adversarial

network; NLP: natural language processing.
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Results

Data Set

EHRs generated in Guang’ anmen Hospital between January 1,
2017, and December 31, 2018, were used as the data set in this
study. Initially, there were 27,846 copies of EHR notes, out of
which 6551 (23.53%) copieswere discarded because of quality
control. An EHR note should be discarded if it satisfies one of
the following conditions:

« Thenoteisincomplete for missing certain basic pages.
«  The note contains inconsistent information.
«  The note does not use standard descriptions.

https://medinform.jmir.org/2022/5/€35239/

RenderX

Qriginal sample

« The note contains special EHR circumstances such as
chemotherapy, after an operation, and removal of fracture
settings.

Evaluation Metrics

The data set contained 6352 drug varieties. A complete TCM
prescription includes drug ingredients, dosages, and decoction
preparation instructions. It is still very chalenging, if not
impossible, for a machine to generate such a complete TCM
prescription. At our current stage of research, we focusonly on
the drug ingredients of a prescription.

Judging whether the 2 TCM prescriptions are the sameis often
not straightforward, given the distinctive nature of TCM [35].
Often, 2 different herbs may have the same medical effect. When
aTCM physician prescribes amedication order, he or she often
has multiple choices at hand for herbal ingredients. Asaresult,
the 2 TCM physicians may prescribe different herbs for the
same patient with the same diagnosed condition. Therefore, it
is necessary to have a unified method of evaluating
machine-generated prescriptions. To thisend, we need ahigher
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level of abstraction. Figure 9 shows an example of the
organization of TCM drugs. In this example, 2 TCM drugs
(antiphlogistic powder and Jingfang decoction) have different
herbal ingredients but belong to the same parent drug category
and have the same medical treatment effect. |n our research, we
concluded that the recommended drug should be considered a
correct recommendation as long as the recommended drug
belongs to the same parent category as that of the
human-authored prescription.

To quantitatively evaluate the performance of the
transformer-based deep learning model, we compared the
prescription generated by the machine with that prescribed by

Figure 9. Classification of herbal drugs.

Zhang et a

ahuman physician. Here, we used the metrics of precision rate
and recall rate, which we based on 3 variables. True positive
(TP) is defined as the number of drugs that exist in the
physician’s prescription and also exist in the machine's
prescription. False positive (FP) is the number of drugsthat do
not exist in the physician’s prescription but exist in the
machine’s prescription. False negative (FN) is defined as the
number of drugs that exist in the physician’s prescription but
not in the machine's prescription. With these definitions, we
defined the precision and recall rates as follows:

Precisionrate=TP/ (TP + FP) (1)
Recdll rate=TP/ (TP + FN) (2)
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Hyperparameter Tuning With GridSearchCV

The data set was divided into training and test sets, with the
training set comprising 90% of the data set and the test set
comprising the rest. The model was trained using a 10-fold
cross-validation method; that is, the training set was randomly
splitinto 10 folds, with the model being trained 10 times. During
each of the 10 training times, the hyperparameters were tuned
using the GridSearchCV method. Each training resulted in aset
of hyperparameters, with the ultimate hyperparameters being
the average of these 10 sets of parameters.

The values of the hyperparameters of the transformer network
model have agreat influence on the accuracy of the model. The
optimal values of these parameters were determined through
iterations using the grid search method. The sparse characters
of each type were embedded into a d-dimensional embedding
layer. Then, all vectors were combined using a new method:

https://medinform.jmir.org/2022/5/€35239/
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vectors of the same type and time were averaged using the
weights of self-learning.

The model was optimized using a minimal log loss. Many
regularization methods were used, such as the vector loss rate
and the embedded layer loss rate. In addition, small-scale L2
weight punishment was used, which increased the punishment
for large weights. The training batch size was chosen as 128,
placing sentences with similar sizes into the same batch. Each
batch contained approximately 12,000 words. Finally, the
multilabel task was processed using an Adam function. For
multilabel tasks, the input with the last time stamp was
multiplied with the special end of sequence embedding. The
training was executed using the Kears framework on a server
with 8 NVIDIA P100 graphics processing unit. The fine-tuned
hyperparameters along with their respective ranges are shown
in Table 1.
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Table 1. Some hyperparameters of the model.

Zhang et a

Hyperparameters Values Parameter range
Gradient 0.1245 (0.1,05,1.0,1.1)
Attention heads 4 (4,8)

Vector loss rate 0.4410 (0.25,0.35, 0.5)
Hidden layer loss rate 0.4740 (0.25,0.35,0.5)
Learning rate 0.4375 0, 1)

L2 punishment rate 0.000001566 (0,0.01)

Experimental Results

To intuitively explain our experimental results, we start with a
concrete example that illustrates how EHR notes lead to
prescription orders. An example of thisis shown in Figure 10.
The left side shows a snapshot of the patient’s EHR. On the
right sideisatable showing a side-by-side comparison between
a human-authored order and the prescription generated by our
model. The physician’s order contains 12 ingredients, whereas
the model’s order has 11. The first 5 ingredients are identical
on both sides. The sixth ingredient from each side is the same,
although they have different Chinese names. This is because
the physician used a nickname for the herb. The remaining
ingredients differ not only in name but also in substance.
However, these 2 orders are still considered equivalent so far
asthe medical treatment effect is concerned. Thisis becausein
TCM terminology, a diagnosis must conclude with the name
of the disease (illness) and a list of syndromes [17]. In this
particular case, the diagnosed diseaseis emaciation-thirst, with
the primary syndrome being kidney and liver deficiency and the
secondary syndrome being dampness and stasis. The first 6
herbal ingredientstarget the primary syndrome. The remaining
ingredients in each prescription are for the treatment of the
secondary syndrome called dampness and stasis. As these 2
ordersareonly dightly different in their ingredientsfor treating
secondary syndrome, they are treated as the same prescription
in our research.

To further explain this prescription comparison, we present
another picture, as shown in Figure 11. The physician’s order
is called Qiju Dihuang pill, and the model’s order is called
Liuwei Dihuang pill. They are category Il prescriptions that
belong to the same parent category TCM prescription called
nourishing liver and kidney. They differ only in how to dispel
dampness and resolve phlegm to address only the secondary
syndrome.

To evaluate the performance of the transformer-based predictive
model, wefirst conducted model training using only the original
samples, purposefully excluding the noise-added samples. The
results are described in the following paragraphs.

https://medinform.jmir.org/2022/5/€35239/

On the basis of the time sequences, the system produced
prescription recommendations at admission, 24 hours after
admission, 48 hours after admission, 3 days after admission,
and 1 week after admission. Thetest results are shown in Table
2.

From Table 2, wefirst observe that the precision and recall rates
obtained from the training data set are higher than their
respective counterparts from the test data set. This is
understandable as the model has seen the samples from the
training data set before but not from the test data set. The second
observation is that as time progresses, both the precision and
recall rates improve. After admission, at each subsequent
medication order time, more relevant information is collected,
and the predi ction becomes more accurate. Although the number
of feature tokens was <260 for 98% of the patients at the time
of admission, this number increased to 296 in 24 hours, 333 in
48 hours, 366in 72 hours, and 759 in 7 days. In our experiment,
we set max_num_tokens=759. This meansthat when the number
of feature tokenswas <759, zero padding was used, and clipping
was used when there were >759 feature tokens. Selecting the
proper value for max_num tokens is important for balancing
the trade-off between overall system performance and
computational efficiency. If the valueistoo large, training and
inferencing will consume too much computation horsepower.
If the valueistoo small, then somecritical information gathered
at admission will belost because of clipping, leading to reduced
precision and recall rates for prescription predictions at atime
that isfar from the admission time (eg, 2 weeks after admission).

The second set of experimental results was obtained using more
training samples to train the predictive model. The size of the
training data set was doubled, as for every training sample, a
noise-added sample was generated by the GAN network. The
precision and recall rates are listed in Table 3.

As can be seen in Table 3, both the precision and recall rates
consistently improved by a noticeable margin. The results
convincingly prove that inserting noise-added training samples
generated by the GAN module can effectively overcome the
overfitting issue, leading to better prediction performance.
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Figure 10. Side-by-side comparison of physician’s order versus model’s order.
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Figure 11. Prescription comparison: physician’s order versus model’s order.
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Table 2. The precision rates and recall rates with transformer only.
Time Training set Test set
Precision rate (%) Recall rate (%) Precision rate (%) Precision rate (%)
Admission 81.58 69.49 73.82 61.25
In 24 hours 83.37 71.88 74.56 62.69
In 48 hours 83.92 71.26 74.81 63.04
In 3 days 85.16 73.89 76.24 65.38
In 1 week 87.02 75.17 77.94 67.15
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Table 3. The precision rates and recall rates with transformer+generative adversarial network.

Time Training set Test set
Precision rate (%) Recall rate (%) Precision rate (%) Recall rate (%)
Admission 82.22 70.65 80.58 68.49
In 24 hours 84.15 72.18 82.37 70.8
In 48 hours 84.32 72.56 82.92 70.26
In 3 days 87.04 75.10 85.04 74.38
In 1 week 88.91 76.79 86.82 76.23

Comparison Study

To compare the performance of our proposed model with that
of existing prescription generation models, we implemented 3
other models. The CNN-based model [11] comprises a word
embedding layer, a convolution layer that contains 3 filters of
different sizes, apooling layer, and afull connection layer. The
output layer contains 819 neurons, equal to the number of
prescribed herb varieties. The seq2seq [36] model comprises a
CNN encoder and an LSTM decoder. The MedAR [37] model
comprises a word embedding layer, followed by an attention

Table 4. Performance comparison for different models.

layer, and finally, a RethinkNet layer to compl ete the multilabel
classification. Thelearning rate was 0.001, the dropout rate was
0.8, and the optimization function was Adam. The final output
layer used the sigmoid function, where all other layers used the
non-linear activation function ReL U, which outputs an input x
as zero if X isnegative, and outputs x itself if x islarger than or
equal to zero. Table 4 shows the respective precision and recall
rates at admission for al 4 models in discussion. The results
suggest that the proposed model has superior performance in
terms of precision and recall rates.

Model

Precision rate (%) Recall rate (%)

Convolutional neural network

Seq2seq?
MedARP

Transformer+generative adversarial network

47.54 31.00
64.02 48.74
71.46 53.08
80.58 68.49

85e02seq; sequence to sequence model.
PMedAR: Medical data attention Rethink Net.

Discussion

Principal Findings
The following tasks have been finished in this research:

1. Deep learning NLP techniques were used to convert raw
Chinese EHR textsinto feature representations.

2. The mgjor contribution of this study is the proposal of a
transformer-based predictive modeling scheme for
medication order generation from a feature representation
of EHR data

3. Thesecondary contribution of this study isthe use of GAN
to augment the training data set, leading to a noticeable
performance improvement of the predictive model. Using
the GAN, noise-added samples were generated to double
the number of original training samples. This helped
alleviate the overfitting problem, making the model more
robust in terms of generalization.

Limitations

Despite the efforts made in many aspects of the diagnosis and
treatment scheme recommendations, there is still much room
for improvement. The training data set is still relatively small,

https://medinform.jmir.org/2022/5/€35239/

and there may be some frequently used medicines that are not
included in the training data set. The TCM prescription
knowledge baseis till incomplete. Some medicines do not have
standard names, and no corresponding parent medicine name
exists in the database. Therefore, the recommended medicine
names are still the original hospital medicine names. For a
multilabel prediction task, an increased number of labels will
increase the difficulty of the model prediction and lower the
prediction accuracy. Therefore, as amore complete knowledge
baseisdevel oped, thelabel set will befurther optimized, leading
to agreater prediction accuracy of the model.

Future Work

This paper reportsthe preliminary research results of automated
medication order generation from EHR textsfor TCM inpatients
who are hospitalized. The recommended medicines include
Western and Chinese medicines. For Chinese medicines, only
the medicine names are recommended. Inthefuture, the dosage
of the herbal ingredients, as well as the medicine preparation
instructions, will be included in the recommendations.
Improving the model prediction accuracy tothelevel of category
Il isalso adirection for future work. Future work could expand
the training data set to optimize the model.
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Abstract

Background: Many of the benefits of electronic health records (EHRS) have not been achieved at expected levels because of
a variety of unintended negative consequences such as documentation burden. Previous studies have characterized EHR use
during and outside work hours, with many reporting that physicians spend considerable time on documentation-related tasks.
These studies characterized EHR use during and outside work hours using clock time versus actual physician clinic schedulesto
define the outside work time.

Objective: This study aimed to characterize EHR work outside scheduled clinic hours among primary care pediatricians using
aretrospective descriptive task analysis of EHR access log data and actual physician clinic schedules to define work time.

Methods: We conducted a retrospective, exploratory, descriptive task analysis of EHR access log data from primary care
pediatricians in September 2019 at alarge Midwestern pediatric health center to quantify and identify actions completed outside
scheduled clinic hours. Mixed-effects statistical modeling was used to investigate the effects of age, sex, clinica full-time
equivalent status, and EHR work during scheduled clinic hours on the use of EHRs outside scheduled clinic hours.

Results: Primary care pediatricians (n=56) in this study generated 1,523,872 access log data points (across 1069 physician
workdays) and spent an average of 4.4 (SD 2.0) hoursand 0.8 (SD 0.8) hours per physician per workday engaged in EHRs during
and outside scheduled clinic hours, respectively. Approximately three-quarters of the time working in EHR during or outside
scheduled clinic hours was spent reviewing data and reports. Mixed-effects regression revealed no associations of age, sex, or
clinical full-time equivalent status with EHR use during or outside scheduled clinic hours.

Conclusions: For every hour primary care pediatricians spent engaged with the EHR during scheduled clinic hours, they spent
approximately 10 minutes interacting with the EHR outside scheduled clinic hours. Most of their time (during and outside
scheduled clinic hours) was spent reviewing data, records, and other information in EHR.
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Introduction

Current research suggests that the proliferation of electronic
health records (EHRS) has contributed to the increased time
physicians spend interacting with computers, often at the
expense of direct patient care [1-6]. Prior research has shown
that physiciansin the United States spend 1 to 2 additional hours
completing EHR-related tasks for every hour they spend with
patients[7]. Other research on thistopic suggeststhat physicians
spend approximately half their workdays on EHRs [8]. This
EHR documentation burden was predicted in a systematic
review published in 2005 by Canadian researchers, warning
that the goal of decreased documentation time with the adoption
of EHRs will likely not be realized, particularly among
physicians[9].

Theincreased workload associated with EHR tasks has resulted
in many physicians completing their EHR-related tasks during
nonwork hours (eg, at night, on weekends, and during vacation
time) [7,10,11]. Prior research suggests that physicians spend
90 minutes each day on EHRs outside their normal work hours.
A study reported that even among physicians reporting EHR
proficiency, more than half (56%) reported time spent at home
on EHR-related work was excessive or moderately high, with
lessthan one-quarter reporting sufficient time for documentation
during work hours [12]. In another study, more than one-third
of physicians self-reported working outside work hours, with
approximately 60% of that time spent using EHRs[5]. A third
study reported that of the 6 hoursthat clinicians spent on EHRs
per weekday, 24% of this time was outside work hours[8].

Previous studies have quantified EHR work during and outside
work hours[1,4-6,8,13-18] using predetermined times as their
definition of work hours. Using the same approach, others have
assessed the types of actions completed in EHR during these
periods and the time allocated to these actions [8,15]. For
instance, clerical and administrative actions (eg, documentation,
order entry, billing and coding, and system security) accounted
for amost half of the EHR actions (44%), and inbox
management accounted for another one-quarter (24%) of that
time[8].

The aim of our study is to characterize EHR work outside
scheduled clinic hours among primary care pediatricians. The
study design, using a retrospective descriptive task analysis of
EHR accesslog data, extends the prior literature by identifying
specific actions that are frequently completed outside work
hours using physician schedules rather than fixed clock times
to define outside work hours. Focusing on schedules instead of
clock time allows usto produce more accurate estimates of time

https://medinform.jmir.org/2022/5/€34787

spent on the EHR outside of the actual scheduled clinic hours,
as physician work schedules can be variable and include
evenings and weekends. To our knowledge, no study thus far
has used individual physician schedules to classify time spent
into work and nonwork hours, whichisacritical addition to the
dialog and research on EHR-related documentation burden.

Methods

Setting

This study used aretrospective analysis of EHR accesslog data
from primary care pediatricians at the Nationwide Children’s
Hospital (NCH), a large, free-standing US children’s hospital
that uses the Epic EHR (Epic Systems Corporation). All
physicians who, in September 2019, generated primary care
relative value units (RVUS), a measure of billable service
volume and complexity, were included in the study. The use of
EHR audit log data collected over a 1-month time frame is
recommended because of the amount of work required to collect
and clean alarger data set and the potential for shorter periods
to better expose anomalies because of events such as vacations
and changes in dtaffing [19]. Pediatricians generating
non—primary care RVUs such as in inpatient or urgent care
settings were omitted. All the access log data of pediatricians
who met the inclusion and exclusion criteria were included in
the study.

Ethics Approval

This study was approved by the institutional review boards of
the NCH (protocol number IRB1800261) and Ohio State
University (rotocol number 2019N0042).

Data Acquisition and Preparation

Clinical, billing, scheduling, and EHR use data were extracted
from the local Epic EHR and other administrative sources into
a separate database for analysis (Figure 1). The data included
pediatricians' planned clinic hours, patient appointments,
demographic information (eg, age and sex), employment
information (length of hospital service, physicians total
workload or full-time equivalent [FTE] status, and physicians
clinical workload or clinical FTE [cFTE] status), and EHR
access log entries. The EHR access log captures discrete
time-stamped actions associated with provider navigation and
use of the EHR [15,20]. It captures providers' direct interactions
with the EHR system, such as log-in, logout, chart review
activity, clinical documentation, and ordering actions [15,20].
Log files also record information such as the user, the time of
access, the device from which the EHR was accessed, and the
portion of the EHR system that was accessed [15].
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Figure 1. Flow chart of data acquisition and data preparation. EHR: electronic health record; RVU: relative value unit.
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The primary variables for our analysis were the EHR actions
and access time extracted from the EHR access log files. EHR
actions refer to events or movements recorded in the EHR
system through mouse clicks and scrolling. These actionswere
grouped into 6 meaningful action categories (4 clinical and 2
general categories) using an iterative process in which the
primary researcher (SA) worked with a clinical informatics
physician fellow under the supervision of the NCH Chief
Medical Information Officer (JH) to review various actions and
associated categories. This process resulted in the identification
of four clinical action categories (reviewing data and reports,
creating and authenticating documentation, entering and
authenticating orders, and completing inbox and communication
tasks) and two general action categories (log-in and logout
activities).

EHR accesstime (ie, duration or elapsed time) refersto thetime
spent in the EHR or the time spent completing actions in the
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EHR. Access time was estimated using a previously validated
algorithm used by Arndt et al [8]. Access time was defined as
the time between each activity log entry and the next log entry
for a given user. The total access time was calculated for all
EHR actions for each physician and then decomposed into two
mutually exclusive time segments: (1) during scheduled clinic
hours and (2) outside scheduled clinic hours.

EHR work during scheduled clinic hours was defined as EHR
work that occurred during the period 30 minutes before to 30
minutes after scheduled patient visits for each physician each
day. Similarly, EHR work outside of scheduled clinic hourswas
defined as work completed outside of the work hours period.
A margin of 30 minutes was added to each physician’s
scheduled clinic hoursto capture preparatory actionsor closing
actions for a set of consecutive patient visits. Finaly, we
identified and examined high users of EHR outside scheduled
clinic hours to determine unique patterns of use.
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Data Analysis

Descriptive task analysis was used to quantify and identify
patterns of EHR work completed outside the scheduled clinic
hours. All actions spanning >15 minutes were removed to omit
occurrences of idle time. This cutoff was determined after
careful examination of the data, sensitivity analyses, discussions
with the Chief Medical Information Officer (JH), and the
acknowledgment that, in practice, asingleactioninthe EHR is
typicaly not >15 minutes. Descriptive statistics (using
demographic data) were calculated for the overal physician
group. Categorical variables are reported as frequencies and
percentages of the total. Continuous variables are summarized
as mean and SD. The overall EHR access time for each
physician was determined by averaging the amount of time
spent during and outside the scheduled clinic hours each day
across the study month. The overall time and the proportion of
time spent on the actions completed in the EHR were examined
by calculating the time spent per physician per workday.
Administrative time (ie, time allotted within clinical schedules
to complete clinica notes, inbox messages, and other
administrative dutiesrelated to patient care) was cal culated and
reported by dividing the total number of hours of administrative
time by the total number of physician workdays. The total
number of administrative hours was estimated to be
approximately 11% of the nominal clinical hours during the
4-week study period. The frequency (or number) and duration
of EHR actionswere examined to determine which actionswere
consistently completed outside scheduled clinic hours and
whether any patterns emerged.

Regression analyses were also conducted to determine
relationships between certain explanatory variables and
variations in EHR use. For these analyses, the main outcome

Table 1. Descriptive statistics (N=56).

Attipoe et al

variableswere the duration of EHR use both during and outside
scheduled clinic hours and total EHR use. Mixed-effects
statistical modeling was performed using daily and weekly
aggregated datato assessthe fixed effects of physician age, sex,
and clinical FTE statuson EHR use and estimate the magnitude
of random effects because of variations among providers and
temporal differences affecting all providers daily and weekly.
The distributions of the outcome variables were analyzed to
assess the normality assumption and determine whether a
transformation was needed. All datawere managed and analyzed
using Microsoft Excel (version 16.0.4266) and R (version 3.5.2;
R Foundation for Statistical Computing).

Results

User Statistics

There were 62 (n=14, 23% mae and n=48, 77% female)
pediatricians identified as working in the Division of Primary
Care Pediatrics who generated primary care RVUs during
September 2019, of whom 4 (6%) were excluded because they
were employed on a contingency status, 1 (2%) was excluded
because she had zero cFTE status, and 1 (2%) was excluded
because she did not see patients during the study period. The
56 pediatricians included in the study (n=12, 21% male and
n=44, 79% female) generated 1,523,872 EHR access log data
points (across 1069 physician workdays). Of the 56
pediatricians, 49 (86%) used EHR outside the scheduled clinic
hours. The descriptive statistics are presented in Table 1. The
sample group comprised pediatricians aged 30 to 69 (mean 45.6,
SD 9.9) years, with an average length of hospital service of 10.1
(SD 7.6) years (range 4 months to 33 years). The average FTE
and cFTE statuses were 0.8 (SD 0.2) and 0.5 (SD 0.2),
respectively.

Characteristics

Values, mean (SD; range)

Age (years)

Length of hospital service (years)
Full-time equivalent status
Clinical full-time equivalent status

EHR?work during scheduled clinic hours (hours per physician per workday)
EHR work outside scheduled clinic hours (hours per physician per workday)

45.6 (9.9; 30-69)
10.1 (7.6; 0.3-46)
0.8(0.2;05-1.0)
05(0.2;05:0.9)
4.4(2.0;0.7-82)

0.8(0.8; 0-3.2)

3EHR: electronic health record.

EHR AccessTime

The pediatricians in this study had an average of 6 hours of
scheduled work time, excluding administrative time. They spent
approximately 4.4 (median 4.3) hours per workday interacting
with the EHR during scheduled clinic hours and approximately
0.8 (median 0.4) hours per workday outside scheduled clinic
hours. On average, the available administrative time was 0.5

https://medinform.jmir.org/2022/5/€34787

hours per workday. EHR use ranged between 0.7 and 8.2 hours
during scheduled clinic hours and between 0 and 3.2 hours
outside of scheduled clinic hours. When physicians used the
EHR outside of scheduled clinic hours, they typically did soin
the evenings and on weekends. Figure 2 presents a histogram
of the average time spent in the EHR by each physician outside
the scheduled clinic hours.
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Figure 2. Histogram of average time spent in the electronic health record (EHR) by each physician outside scheduled clinic hours.
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EHR Action Categories

Overview

A total of 290 unique EHR actions were identified, and each
action was classified into an EHR action category. Of the 290
EHR actions, 161 (55.5%) were classified as reviewing patient
charts, 64 (22.1%) as creating and authenticating documentation,
34 (11.7%) as completing inbox and communication tasks, 19
(6.6%) as entering and authenticating orders, and 12 (4.1%) as
completing log-in and logout activities.

Table 2. Time spent per physician per workday by action category.

Action Frequencies and Duration by EHR Action
Categories

Table 2 presents an overview of the time spent on EHRs per
physician per workday grouped by the EHR action category.
Pediatricians spent approximately 73% (3.72/5.12) of their time
reviewing data and reports, 7% (0.33/5.12) creating and
authenticating documentation, 12% (0.60/5.12) completing
inbox and communication tasks, 3% (0.13/5.12) entering and
authenticating orders, and 6% (0.33/5.12) engaging in log-in
and logout activities. For order entry, only 8% (0.01/0.13) of
thework was completed outside scheduled clinic hours, whereas
for the other 3 clinical categories, 13% (0.08/0.60) to 16%
(0.59/3.72) of thework was completed outside scheduled clinic
hours.

Hours spent per physician per workday, n (%)

During scheduled clinic hours Outside scheduled clinic hours Total

Reviewing data and reports 3.13(72) 0.59 (78) 3.72(73)
Creating and authenticating documentation 0.28 (7) 0.05 (7) 0.33(7)
Completing inbox and communication tasks 0.52 (12) 0.08 (11) 0.60 (12)
Entering and authenticating orders 0.12 (3) 0.01 (2) 0.13(3)
Log-in actions 0.03 (1) 0.01 () 0.04 (1)
Logout actions 0.28 (6) 0.02 (2) 0.29 (6)
Total 4.35 (100) 0.76 (100) 5.12 (100)

Top 3 Most Frequent Actions by EHR Action Category

Approximately 93.1% (270/290) of EHR actionswere compl eted
outside the scheduled clinic hours per physician per workday.
Of these 270 actions, the 3 most frequent specific actions
completed outside scheduled clinic hours within the 4 clinical
action categories accounted for 74 (27.4%) actions and 25
minutes per physician per workday (Table 3). For chart review,
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the most frequent EHR action outside scheduled clinic hours
was viewing patient data, which occurred 28 times and over 13
minutes per physician per workday. This trend was similar for
EHR use during scheduled clinic hours. For documentation, the
2 most frequent activities outside scheduled clinic hours were
the use of visit documentation templates (occurring 15 times
over 1 minute per physician per workday) and the signing of
clinical notes (occurring 2 times over 0.4 minutes per physician
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per workday). During scheduled clinic hours, the use of visit
documentation templates was the most frequent activity;
however, the second most frequent activity was the modification
of clinical diagnoses. For inbox and communication, viewing
inbox messages was the most frequent EHR action outside the
scheduled clinic hours. This action occurred approximately 8
times over 2 minutes per physician per workday. However,

Attipoe et al

during scheduled clinic hours, the most frequent EHR actionin
this category was the creation of inbox messages. For order
entry, the most frequent EHR action outside scheduled clinic
hours was the use of outpatient order sets, which occurred 3
times over 0.2 minutes per physician per workday. This trend
was similar during the scheduled clinic hours.

Table 3. Top 3 most frequent actions completed outside scheduled clinic hoursin the EHR? per physician per workday by EHR action category.

Frequency per physician per workday

Total minutes spent per physician per workday

Reviewing data and reports

Patient data viewed 28
Encounter data viewed 4
Clinical notes viewed 4

Creating and authenticating documentation

Visit documentation template used 15
Clinical note signed 2
Encounter diagnoses entered 2

Completing inbox and communication tasks

Inbox message viewed 8
Inbox message created 3
Inbox folder |oaded 3

Entering and authenticating orders

Outpatient order sets used 3

Order list changed 1

Length of stay entered 1
Total 74

12.7
35
3.2

11
0.4
0.3

22
0.7
0.7

0.2
0.2
0.2
254

3EHR: electronic health record.

High Outside Scheduled Clinic Hours EHR Users

EHR use by physicians who spent >1.5 hours per workday
outside scheduled clinic hours (10/56, 18%) was further
examined to determine if there were additional insights that
could be gained from pediatricians who use the EHR more
outside scheduled clinic hours. Together, these physicians
generated atotal of 212 physician workdays, spent an average
of 2.2 hours per physician per workday in the EHR outside

https://medinform.jmir.org/2022/5/€34787

scheduled clinic hours, and exhibited similar trends (in terms
of the most frequent activities completed in the EHR) to those
of the entire group.

Factors Associated With EHR Use

Mixed-effects models revealed no significant associations of
age, sex, and cFTE status with EHR use during or outside
scheduled clinic hours (Table 4).
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Table 4. Mixed regression models.

Attipoe et al

Models EHR®work during scheduled clinic hours  EHR work outside scheduled clinic hours ~ Total EHR use
Fixed effects, coefficients (SE)

EHR work during scheduled clinic /AP -0.18 (0.02) N/A

hours (minutes)

Age (years) -0.06 (0.02) -0.004 (0.01) -0.05 (0.02)

Gender 0.86 (0.50) -0.80 (0.29) -0.14 (0.43)

CETES status 3.63(0.92) 0.67 (0.54) 3.63(0.79)

Constant 3.00 (1.34) 2.23(0.76) 4.67 (1.18)
Random effects, variance (SD)

Day 3.45 (1.86) 0.06 (0.24) 3.74 (1.93)

Provider 1.91(1.38) 0.63 (0.80) 1.35(1.61)
Model fitness (R? %)

Fixed effects 100 9.9 7.8

Random effects 414 53.4 41.5

Total 514 63.7 49.3

3EHR: electronic health record.
BNI/A: not applicable.
CcFTE: clinical full-time equivalent.

Discussion

Principal Findings

In this study, we quantified and characterized EHR work outside
scheduled clinic hours and found that pediatricians spent
approximately 0.8 hours per physician per workday completing
work in the EHR outside of scheduled clinic hours. The time
spent using the EHR outside scheduled clinic hours accounted
for approximately 15% of thetotal daily EHR time (ie, 5 hours
per physician per workday). Specificaly, outside scheduled
clinic hours (ie, 0.76 hours per physician per workday),
pediatricians spent 78% of their time (ie, 0.59 hours per
physician per workday) reviewing data and reports, 11% (ie,
0.08 hours per physician per workday) completing inbox and
communication tasks, 8% (ie, 0.06 hours per physician per
workday) documenting and completing orders, and 3% (ie, 0.03
hours per physician per workday) engaging inlog-in and logout
activities. Thisdistribution across action categorieswas similar
to the distribution of actions during scheduled clinic hours.

Comparison With Prior Work

The proportion of total time spent in the EHR outside work
hoursinthisstudy (0.76/5.12, 15%) was |ower than that reported
by Arndt et a (24%) [8], Rotenstein et a (25% and 26%)
[14,18], and Holmgren et a (30%) [13] and higher than that
reported by Overhage and Johnson (12%) [21] and Holmgren
et a (13%) [17]. Each of these dternative estimates
characterized EHR use outside work hours using a predefined
clock time, whereas this study used actual physician schedules.
The methodology used in this study isarguably superior because
of the granular level of detail used to classify time as during or
outside work hours. We used scheduled patient visits (and
physician schedules by extension) to define the EHR work
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outside work hours for each physician. We aso included 30
minutes before and after each scheduled clinic time to capture
preparatory and closing actions. Thus, we are confident that our
time segment classifications truly reflect whether a physician
was actively seeing patients or completing related tasks. Using
clock time to define work versus after-work time might not
always capture exactly when a physician starts and ends their
actual workday.

The daily time spent in the EHR reported in this study (ie, 5
hours) is comparable with current estimates in the literature,
which range from 1.5 to 5 hours [1,6,8,13,15,18,22]. With
respect to the time spent per action category, most of the
pediatricians' time was spent reviewing data and reports both
during and outside scheduled clinic hours. Only asmall fraction
of their time was spent completing documentation and order
entry actions. Thisfinding differs from reportsin the literature
and anecdotal evidence that indicate physicians spend most of
their time completing documentation-related activities,
particularly outside work hours [1-6,8,13,15,23,24]. For
instance, the study by Overhage and Johnson [21] found that
among their sample of pediatricians practicing in US-based
ambulatory practices, documentation accounted for 31% of
EHR use time, and chart review accounted for another 31% of
EHR use time. The study by Arndt et al [8] found that
nonteaching ambulatory physicians spent 44% of thetotal EHR
use time engaged in clerical and administrative tasks (eg,
documentation, order entry, billing and coding, and system
security). Another study by Tai-Seale et a [15] found that
primary care physicians spent 51% of their time completing
EHR work, and 34% of this portion was spent on progress notes.
A more recent study by Holmgren et a [13] found that
ambulatory clinicians in the United States spent 67% of their
EHR use time completing notes and orders.
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One of the reasons why documentation time estimates in this
study were lower than those commonly reported in the literature
may be the differencesin the categorization of EHR actions. In
the abovementioned studies, the time spent viewing patient data
during the process of writing a progress note may not have been
distinguished from the total time spent on the note (ie, from the
time the note was opened until it was finally signed). In this
study, raw access log data were used to categorize each EHR
action into one of the EHR action categories. No meaningswere
inferred—all viewing actionswere categorized under reviewing
data and reports, whereas al dataentry actionswere categorized
asdocumentation. Thelevel of granularity and objectivity used
in this study ensures the robustness of our categorization and
estimates. Another reason for therelatively lower documentation
time estimates may be attributed to the extensive use of
documentation templates with quick selection options and
prepopulated data, as well as the extensive use of outpatient
order setsfor good childcare and common presenting complaints
at this hospital. These practices may contribute to the reduced
time spent on the EHR on documentation activities.

In addition, we found that pediatricians spend approximately
10% of their time completing inbox and communication actions
both during and outside scheduled clinic hours. This estimate
is lower than that reported in prior studies. The study by
Holmgren et al [13] found that inbox activities accounted for
approximately 14% of EHR work, whereas Arndt et al [8] and
Tai-Seadle et a [15] reported 24% and 22%, respectively.
Interestingly, in this study, the loading and viewing of inbox
messages were the most frequent and longest EHR actions
outside of scheduled clinic hoursin the communication category;
however, during scheduled clinic hours, the most frequent and
longest EHR action was the creation of messages. Perhaps
physicians spend time checking their messages outside
scheduled clinic hoursto stay abreast with current patient needs
but wait to respond to these messages during their scheduled
clinic hours. A second study by Tai-Seale et a [25] found that
receiving an excessive amount of system-generated inbox
messages was associated with a higher probability of burnout
and intention to reduce clinical work time, suggesting that this
aspect of EHR work can have considerable effects on a
physician’s well-being. On the other hand, a more recent study
by Melnick et al [26] suggested that EHR inbox management
was associated with physician departure—less time spent on
EHRs was associated with physician departure. Although their
finding was counterintuitive, they proposed that tracking EHR
metrics could potentially identify physicians at a high risk of
departure [26].

Factors Associated With EHR Use

This study found no association of age, sex, or cFTE with EHR
use. This finding is in contrast to previous findings from this
research group [27]. In our previouswork, we found that female
physicians spend more time than male physicians using the
EHR during work hours but not outside work hours.
Provider-to-provider variation was the largest and most
dominant source of variation in EHR use outside work hours,
accounting for 52% of thetotal variance. However, in that study,

https://medinform.jmir.org/2022/5/€34787

Attipoe et al

EHR work outside work hours was defined using clock time,
whereas our approach in this study of using actual physician
schedules may have produced more accurate estimations, which
could have eliminated bias in our prior models that accounted
for the observed differences.

EHR Access Log Data Use in Research

The use of EHR accesslogsisvalid for assessing EHR actions
asthereis consistency between the direct observation findings,
physician self-reported EHR work outside work hours, and EHR
system event log data [8,28]. Although EHR access log data
are highly complex, often uncharacterized, and require powerful
statistical software and technical skills for processing and
analysis, understanding and using raw EHR data could serve
asan external validation of EHR vendor—supplied metrics. This
validation is important as many researchers and hospital
administrators use vendor-supplied data to explore research
questions because of their ready availability and ease of use.
However, the proprietary algorithms used by EHR vendors (eg,
Epic’'s Signal and Cerner's LightsOn) use a black box
methodol ogy, wherein the actual composition of each metricis
unknown. This study remedies this limitation by exposing and
using raw access log data to produce more meaningful metrics
and analyses.

At present, there are no agreed-upon standards for categorizing
EHR actions. A standard categorization schemefor EHR actions
will help provide acommon language to facilitate and promote
clear communication in this nascent research space. Upon close
review of action categoriesused in the abovementioned studies,
other studies in the scientific literature, and this study, the
following conceptual categorization scheme of clinical EHR
actions seems adequate as a foundation on which to further
build: data review, data entry, data transmission, and other
(Table 5). Rather than creating new action categories with each
new research study, we propose building on the aforementioned
categories, as this classification scheme is both clear and
clinically meaningful. As it relates to this study, the proposed
conceptual classification schemealignswell with the categories
used in thisstudy inthat datareview alignswith reviewing data
and records, data entry aligns with creating and authenticating
documentation and entering and authenticating orders, data
transmission aligns with completing inbox and communication
tasks, and other aligns with log-in and logout activities.

The set of EHR action categories used by Zheng et a [29] (ie,
reading, entering, printing, processing, log-in, and logout) is
arguably one of the clearest among the avail abl e classifications
used in the literature as it objectively categorizes the action
without assigning any meaning—for instance, reading versus
chart review. Perhaps, this strength isal so the reason researchers
refrain fromusing it; that is, the categorieslack clinical meaning.
The action categories used by Arndt et al [8] (ie, medical care,
clerical, and inbox) have the opposite issue: they have clinical
meaning but are somewhat ambiguous. For instance, some of
the actions in the category of medical care could also be seen
as clerical tasks. The categories used by Holmgren et a [13]
closely aign with those used in this study, are clear, and have
clinical meaning.
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Table 5. Proposed conceptual EHR? action categorization scheme.

Attipoe et al

Conceptual EHR action categoriza-
tion scheme

Action categories used in this study

Action categories used
by Holmgren et al [13]

Action categories
used by Arndt et a [8]

Action categories used
by Zheng et al [29]

Datareviewv—information review,
retrieval, or gathering activities

Reviewing data and reports

Data entry—information entry or
recording activities

Creating and authenti cating documen-
tation; entering and authenticating
orders

Datatransmission—information  Inbox and communication tasks

transmission activities

Other—other nonclinical activities Log-in and logout activities

Clinical review Medical care Reading
Notes; orders Clerical Entering
In-basket messages Inbox Printing
N/AP N/A Log-in, logout, and

processing

3EHR: electronic health record.
BN/A: not applicable.

Strengths and Limitations

A magjor strength of this study is the level of objectivity and
granularity used to define time segments and action categories.
Time segments were defined using actual scheduled patient
visits to construct the physician workday schedules. These
schedules were validated against the planned physician
schedules. To the best of our knowledge, no study has used
actual schedules to define EHR outside of work hours. In
addition, action categories were defined using clear and
objective criteria. Such a concise categorization of EHR work
outside work hours and EHR action categories facilitates more
accurate estimations. However, there are a few limitations to
this study.

First, we were unable to parse chart review actions associated
with other action categories. Several chart review actions are
associated with other action categories. For instance,
documentation-related actions are usually associated with chart
review actions, and the methodology used in this study did not
capture these nuanced associations. For example, if aphysician
viewed previous clinical notes while writing their own clinical
note for that encounter, this action was classified as reviewing
data and reports; however, to the physician, thisviewing action
might be more cognitively associated with documentation. This
may explain why our estimates for the reviewing data and
reports category were relatively high. This explanation also
addresseswhy we found that physiciansin this study spent only
a small fraction of their time completing documentation and
order entry actions, which was lower than the estimates in the
literature and anecdotal evidence. The current scientific literature
suggests that physicians spend a considerable amount of time
outside work hours completing documentation-rel ated activities
[8], athough the EHR is purported to contribute to more
efficient use of physicians' time.

In addition, this study did not have (and therefore did not
include) work RVU (WRVU) as a factor in the regression
analysis. WRVU is a key factor for understanding EHR work.
Typically, wRV U indicates the volume and intensity of medical
services provided; thus, the higher the wRV U, the more likely
it is for a physician to spend time with the EHR. The absence
of wRV U in the regression models may be the reason they did
not generate statistically significant associations. However, the
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findings areimportant asthey provideageneral characterization
of EHR use by pediatricians at this institution.

Finally, the study sample size was limited to 1 calendar month
of EHR activity data for a single practice, setting, type of
provider, and commercial EHR system (ie, academic primary
care pediatricians at NCH using the Epic system), thuslimiting
the generalizability of the study findings. For instance, our study
findings may not be generalizableto other specialties, including
primary care speciaties for adults, nor are they likely
generdizableto subspecialty academic practices—they are most
relevant to the academic pediatric practice. Furthermore, EHR
interfaces are often modified according to the needs of each
provider system [22]. Thus, the reported EHR use statistics may
not be generalizable to other institutions and provider groups.
On the other hand, Epic’'s EHR is the most widely used EHR
in the United States and includes use metrics [30], making our
findings widely comparablewith other institutions and provider
groups. Furthermore, the pediatric population is an important
one, and the sample group (ie, primary care physicians) helps
reduce the technical complexity of studying work during and
outside work hours.

Implications and Future Research

Primary care pediatricians care for many children during
half-day sessions (often simultaneously), work with nurses and
other support staff, and interact with patients at multiple points
intheir daily workflow [28]. In addition, they spend considerable
time on EHRs during and outside work hours to document and
provide care. Thus, there is a need to improve
physician-computer interactionsby streamlining EHR workflows
[22]. Theseimprovementswill likely need to be customized so
that they are relevant to the specific type of practice: genera
pediatrics, subspecialty pediatrics, and many variations of adult
practices. To identify interventionsto improve EHR design and
use, physicians' EHR actions must be properly characterized
to better understand their various activities and use patterns
[22]. By identifying specific EHR actions that consistently
dominate computer use across multiple providers, moretargeted,
data-driven approaches could be developed to improve
physician-computer interactions[22]. Thisimplication reinforces
theneed to validate proprietary algorithms and metrics generated
by EHR vendors, as many researchers and hospital
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administrators rely on these metrics (vs computing them from
raw EHR log data) for clinical, research, and policy purposes.
This is understandable, given the tremendous complexity and
resource requirements for working with and processing raw
EHR accesslog data.

Contrary to prior research and anecdotal evidence, our analysis
found that pediatricians spend a moderate amount of time on
EHRs outside of scheduled clinic hoursand relatively lesstime
completing documentation-related tasks. As described
previously, this hospital uses documentation templates
extensively, which potentially hel ps reduce documentation time
in the EHR. Other medical facilities may consider adopting
such usabhility features to reduce the documentation burden
among providers. With theissue of EHR documentation burden
being prevalent among physicians and contributing to burnout
among this group [31-35], opportunities to reduce the burden
may help enhance physician well-being.

There are many opportunities for future research in this area,
including standardizing vendor-derived EHR data descriptions
inaway that isclinically relevant and important [26], validating
the use of EHR access log data across different settings,
exploring the relationship between EHR action frequency and
EHR action duration, examining the contribution of EHR use
outside work hours to physician well-being, determining
overestimation and underestimation margins of estimates, and

Attipoe et al

developing a taxonomy of EHR use to further promote
consistency and valid comparisons across organizations and
research studies. Such research will help provide additional
insightsinto EHR workflow issues and the effect of EHR work
on physician well-being. Furthermore, researchersin thisfield
should strive to set standards [36,37], as we have proposed
above. Accepted standards, for instance, on how to calculate
work outside work hours and categorize EHR actions, will help
facilitate research in this space.

Conclusions

In this study, we used EHR access log data to identify actions
typicaly completed outside scheduled clinic hours and the
pattern of thisEHR work. Thisstudy fillsagap in theliterature
by quantifying the use of EHR outside of scheduled clinic hours
using actual scheduled patient visits rather than planned
physician schedules or predefined clock times as a proxy. The
findings from this study suggest that primary care pediatricians
spend more than one-tenth of their EHR use time outside of
scheduled clinic hours and that approximately three-quarters of
thistimeis spent reviewing dataand reports, whereas negligible
time is spent completing orders. Further studies are needed to
explore EHR use patterns by physicians and the reasons for
these patterns to help improve EHR work and workflow.
Qualitative and mixed methods research studies will be
instrumental in gaining insights into these patterns.
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Abstract

Background: Health information exchange and multiplatform health record viewers support more informed medical decisions,
improve quality of care, and reduce therisk of adverse outcomes due to fragmentation and discontinuity in care during transition
of care. An example of a multiplatform health record viewer is the VA/DoD Joint Longitudinal Viewer (JLV), which supports
the Department of Veterans Affairs (VA) and Department of Defense (DoD) health care providerswith read-only accessto patient
medical records integrated from multiple sources. JLV isintended to support more informed medical decisions such as reducing
duplicate medical imaging when previous image study results may meet current clinical needs.

Objective: We estimated the impact of provider usage of JLV on duplicate imaging for service members transitioning from the
DoD to the VA health care system.

Methods: We conducted aretrospective cross-sectional study in fiscal year 2018 to examine the relationship between providers
use of JLV and the likelihood of ordering duplicate images. Our sample included recently separated service members who had
a VA primary care visit in fiscal year 2018 within 90 days of a DoD imaging study. Patients who received at least one imaging
study at VA within 90 days of a DoD imaging study of the same imaging mode and on the same body part are considered to have
received potentially duplicate imaging studies. We use alogistic regression model with “JLV provider” (providerswith 1 or more
JLV audits in the prior 6 months) as the independent variable to estimate the relationship between JLV use and ordering of
duplicateimages. Control variablesincluded provider image ordering ratesin the prior 6 months, provider type, patient demographics
(age, race, gender), and clinical characteristics (Elixhauser comorbidity score).

Results:  Providers known to utilize JLV in the prior 6 months order fewer duplicate images relative to providers not utilizing
JLV for similar visits over time (odds ratio 0.44, 95% CI 0.24-0.78; P=.005). This effect is robust across multiple specifications
of linear and logistic regression models. The provider’s practice pattern of ordering image studies and the patient’s health status
are powerful confounders.

Conclusions: This study provides evidence that adoption of a longitudinal viewer of health records from multiple electronic
health record systems is associated with a reduced likelihood of ordering duplicate images. Investments in health information
exchange systems may be effective ways to improve the quality of care and reduce adverse outcomes for patients experiencing
fragmentation and discontinuity of care.

(JMIR Med Inform 2022;10(5):€32168) doi:10.2196/32168
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Introduction

Health information exchange (HIE) allows health care providers
and patients to access and share patient-level electronic health
information between different health care settings [1-3]. When
health information such asradiol ogy reports, |aboratory results,
and drug allergy history is shared, HIE helps ensure the safety
of patients and improve clinic efficiency [4]. Adoption of HIE
has the potential to address the Institute of Medicine's quality
aims [5] and produce substantial financial value [6]. Previous
research linked the use of electronic health record viewers or
HIE participation to improved health care quality measures such
ashigher patient satisfaction or lower readmission and duplicate
diagnostic imaging study rates. A recent study by Legler et al
[7] demonstrated that providers' early adoption of alongitudinal
health record viewer wasrelated to patients more likely reporting
that providers were knowledgeable of their medical history. In
another recent work, Chen et al [8] found that hospitals
participation in HIE was associated with areduction in 30-day
readmission rates in Florida. Bailey et al [9] found that use of
HIE was associated with a decreased probability of ordering
repeated diagnostic imaging in the emergency evaluation of
back pain. For patients transitioning between health care
systems, fragmentation and discontinuity in care increase the
risk of adverse health outcomes [10]. Providers access to
patient-level medical recordsfrom multiple health care settings
may support moreinformed medical decisions, improve quality
of care, enhance care coordination, and reduce risks of adverse
outcomes due to fragmentation.

Minimizing orders for unnecessary duplicate medical image
studies is important for improving health care efficiency,
reducing unnecessary time burdens on patients, and attenuating
adverse health outcomes caused by excessive medical radiation,
such asincreased risk of cancer [10-13]. However, thereislittle
evidence regarding the impact of HIE on duplicate imaging.
Vest et al [14] found that the use of an HIE system to access
previous patient information was associated with a reduction
in repeated medical imaging, but the study was limited by its
setting in 11 counties in New York and was unable to adjust
for potential confounders at the provider level. In this paper,
we estimate the impact of provider usage of integrated health
record viewers on the ordering of duplicateimaging for patients
receiving health care in multiple settings.

An example of integrated health record viewers is the Joint
Longitudina Viewer (JLV), formerly known asthe Joint L egacy
Viewer (version 2.2). As aweb-based graphical user interface,
JLV supports the Department of Veterans Affairs (VA) and
Department of Defense (DoD) health care providers with an
integrated, read-only view of health datafrom the VA and DoD
systems as well as VA community partners [7]. Released on
October 1, 2014, JLV has been used by an increasing number
of providers to view noncomputable patient-level health
information such as vital signs, physician notes, medications,
allergy, immunization, and radiology records [15]. The

https://medinform.jmir.org/2022/5/€32168

integrated viewer alows providers to access a complete set of
the patient’s previous medical images and therefore has the
potential to reduce the frequency of duplicate medical image
studies.

Methods

Study Design

We conducted a retrospective cross-sectional study in fiscal
year 2018 to examine the relationship between provider use of
JLV and the ordering of potentially duplicate image studies.
Theanalysiscompared duplicateimaging ordered by JLV-using
and non-JLV-using providers of VA outpatient primary care
visitsinfiscal year 2018 for recently separated service members.
We conducted the study for VA quality improvement and
program evaluation purposes, and therefore, the study was
exempt from Institutional Review Board review.

Participants and Setting

Recently separated service members who had at least one VA
primary care visit in fiscal year 2018 within 90 days of an
imaging study conducted at DoD were €eligible to be included
in the sample. We excluded VA primary care visits that were
compensation and pension examsor not provided by physicians,
physician assistants, or nurse practitioners. We also excluded
DoD imaging studies if the primary diagnosis was cancer
because duplicate diagnostic imageswerelikely to beclinically
appropriate and recommended by providers for patients with
cancer. Patients who received at least one imaging study at VA
within 90 days of aDoD imaging study using the sameimaging
mode and on the same body part were considered to have
received potentially duplicate imaging studies [11].

M easures

VA clinic stop codes (322, 323, and 350) were used to identify
outpatient primary carevisits. Compensation and Pension exams
were identified using the secondary stop code (450) and the
appointment type (Compensation and Pension) and were
excluded from the VA primary care visits. Audit logs acquired
from the JLV system were assessed to determine a provider’'s
JLV utilization during a specific VA primary care visit and the
provider's JLV utilization history over the 6 months prior to the
visit.

The independent variable “JLV encounter” indicated whether
aJLV audit was linked to the patient on the primary care visit
date. The independent variable “JLV provider” indicated
whether the provider had 1 or more JLV auditsin the 6 months
prior to the visit date. Endogeneity islikely to be aproblemin
the estimation of the association between “JLV encounter” and
duplicate imaging because unobserved confounders such as
patient complexity are related to both JLV use and ordering
duplicate image studies during the primary care visit. We
estimated the direct (proxy) relationship between “ JLV provider”
and duplicate imaging to deal with the potential endogeneity
problem. We also used a 2-stage statistical model by using JLV
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providers as an instrumental variable to estimate the causal
relationship between JLV encounter and duplicateimaging. The
categorization of JLV providers was based on the provider's
prior interactionswith other patients and indicated the provider’'s
propensity to view heath records through JLV. Thus, this
variable was independent of the observed and unobserved
characteristics of the patient under study. Thisisespecialy true
in the VA setting where patients are arbitrarily assigned to
primary care providers. Current Procedural Terminology codes
indicating imaging procedures were categorized by mode and
body part to compare VA and DoD imaging records and identify
potential duplicate images. Following Vest et a [14], the
dependent variable was coded as “duplicate image” if an
imaging study ordered during the VA primary care visit was of
the same mode and the same body part asaDoD imaging study
for the patient within 90 days prior to the VA visit date.
Covariates included the provider's rate of ordering images
during previous primary care visits with other patients over the
6 months prior to the VA visit date, provider type (physicians
and physician assistantsnurse practitioners), patient
demographics (age, gender, and race), clinical characteristics
(Elixhauser comorbidity score), and fiscal month (October 2017
to September 2018).

Statistical Analyses

Descriptive statistics were calcul ated to explore the distributions
of duplicate image ordering, the provider's rate of ordering
images in the prior 6 months, the patient's Elixhauser
comorbidity score, and other covariates. In our primary
statistical model, we used a logistic regression to estimate the
relationship between the provider's JLV use in the prior 6
months (yes/no) and duplicateimaging (yes/no). Inan aternative
specification, we used instrumental variables to focus on JLV
use in the actua primary care visit. To deal with the potential
endogeneity problem that unobserved patient characteristics
might confound that relationship, we used a 2-stage residual
inclusion (2SRI) logistic regression model to estimate the
relationship between the provider’'s JLV use during the primary
carevisit (yes/no) and the ordering of duplicateimaging studies
(yes/no) with JLV provider as the instrumental variable.

More formally, we wished to estimate the rel ationship between
duplicateimaging and use of JLV during the primary care visit,
controlling for potential confounders, including provider
imaging rate in the prior 6 months, provider type (physician or
physician assistant/nurse practitioner), patient age, gender,
Elixhauser comorbidity risk score, time (month), and facility
(VA Medica Center) (equation 1). This model could produce
biased estimates because the decision to use JLV during the
visit could be smultaneously determined with the decision to
order aduplicateimaging study dueto unobserved confounding
factors such as patient complexity. To address this problem, we
estimated the first stage model, which related JLV use during
the visit to the provider’'s JLV use history (the JLV provider
variable). Then, we estimated the second stage model, which
related duplicateimaging to JLV useduring thevisit. Anscombe
residuals (X,,¢) calculated from the first stage were included in
the second stage model because 2SRl models with Anscombe
residuals generate less biased estimates for rare outcomes
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compared to 2SRl models with other forms of residuals [16].
Bootstrapping was used to improve the estimation of standard
errors.

2SRI logistic regression model: Y = f(XBe + XoBo)
+XB,+e(1)
Y: Provider ordering duplicate imaging
Xe: JLV encounter, endogenous
Xo: Provider imaging rate in prior 6 months, provider type
(physician or physician assistant/nurse practitioner), patient age,

gender, Elixhauser comorbidity risk score, time (month), and
facility (VA Medical Center)

X, Unobserved confounding factor such as patient complexity
€. Residud
First stage: X, =Wa + X, 3,(2)

W: The instrument of JLV provider and observed exogenous
variables

Second stage: Y = f(XBe + XoB, + X By) + € (3)

X,e Anscombe residual calculated from the first stage model
estimates

We tested the robustness of the result by using different model
specifications, including ordinary least squares models on the
relationship between JLV provider and duplicate imaging and
linear 2-stage least squares models on the rel ationship between
JLV encounter and duplicate imaging using JLV provider asan
instrumental variable. We used Stata 15.1 (StataCorp LLC) to
conduct the statistical analysis.

Results

Overall, JLV use has increased since fiscal year 2015. Rapid
growth of monthly JLV auditswas observed in fiscal year 2018
(Figure1). Table 1 showsthat the duplicateimaging rate among
non-JLV encounters was 7.8% (34/435) and the duplicate
imaging rate among JLV encounters was 7.9% (36/457).
However, a direct comparison of these rates may be a biased
estimate of the effect of JLV use owing to the endogeneity
problem discussed above. The duplicate imaging rates were
11.2% (34/305) and 6.1% (36/587) among the non—-JLV provider
and JLV provider groups, respectively. Unlike the first
comparison, this one should not be biased by uncontrolled
differences in patient characteristics. Of the 892 unique
patient-provider encountersin our analytic sample, 588 (65.9%)
were males and the average age was 34.3 years, 512 (57.4%)
patients were White, 228 (25.6%) were Black, and 152 (17%)
were of other races. On average, patients had an Elixhauser
comorbidity score of 1.2. Among the providers of these
encounters, 336 (37.7%) were physicians and 556 (62.3%) were
physician assistants/nurse practitioners. Providershad an average
image ordering rate of 17.5% in the prior 6 months. Average
patient and provider characteristics were not significantly
different between the JLV encounter and non—-JLV encounter
groups or between the JLV provider and non=JLV provider
groups (Table 1).
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Figure 1. Joint Longitudina Viewer use growth. JLV: Joint Longitudinal Viewer.
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Table 1. Characteristics of the recently separated service members receiving Veterans Affairs primary care in fiscal year 2018 and characteristics of
the related primary care providers (by Joint Longitudinal Viewer Encounter and Joint Longitudinal Viewer Provider).

Non-JLV?en- JLV encounter Non-JLV provider JLV provider Overal
Characteristics counter (n=435) (n=457) (n=305) (n=587) (N=892)
Patient characteristics
Gender (male), n (%) 298 (68.5) 290 (63.5) 208 (68.2) 380 (64.7) 588 (65.9)
Age (years), mean 34.2 34.3 345 34.1 34.3
Race, n (%)
White 243 (55.9) 269 (58.9) 164 (53.8) 348 (59.3) 512 (57.4)
Black or African American 114 (26.2) 114 (24.9) 85 (27.9) 143 (24.4) 228 (25.6)
Other 78 (17.9) 74(16.2) 56 (18.4) 96 (16.4) 152 (17)
Elixhauser comorbidity score (mean) 1.16 1.28 121 123 122
Provider characteristics
Provider history rate of ordering imaging 17.8 17.2 18 17.3 175
studies (mean)
Provider type, n (%)
Physician 169 (38.9) 167 (36.5) 138 (45.3) 198 (33.7) 336 (37.7)
Physician assistant/Nurse 266 (61.1) 290 (63.5) 167 (54.8) 389 (66.3) 556 (62.3)
practitioner

3JLV: Joint Longitudinal Viewer.

In our primary analysiswith provider history of JLV utilization
as the independent variable, after controlling for patient and
provider characteristics, provider JLV use was significantly
associated with areduced likelihood (oddsratio [OR] 0.44, 95%
Cl 0.24-0.78; P=.005; average incremental effect=—0.05) of
ordering duplicate image studies. Provider history of ordering
images and patient Elixhauser comorbidity scores were strong
confounders of the relationship between JLV use and duplicate
imaging. Providers with high rates of ordering images in the
prior 6 months were more likely to order duplicate images (OR
4.15, 95% Cl 1.86-9.25; P=.001). Petient Elixhauser comorbidity
scores of 3 or more were significantly associated with areduced
likelihood of receiving duplicate imaging services (OR 0.15,
95% CI 0.04-0.52; P=.003) (Table 2). In alogistic regression
model, the average incremental effect is a nonlinear function
of the coefficients and values of other explanatory variables
[17]. Although the average incremental effect is easier to
interpret than the OR, the statistical significance of the average
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incremental effect does not necessarily correspond to the
significance of the coefficient or OR. As a result, the
significance of the average incremental effect is not reported
above.

In the 2SRI analysis, the results of our first stage model (Table
3) indicated that past use of JLV was strongly predictive of use
of JLV by the provider during the primary care encounter (OR
1.43, 95% CI 1.05-1.81; P<.001). In atest of the coefficient on
the instrument, a Cragg-Donald Wald F statistic greater than
10indicatesthat theinstrument is strong enough [17]. In alinear
version of the first stage model, the strength of the instrument
was tested (Cragg-Donald Wald F=43.68; P<.001). The
Cragg-Donald Wald F statistic of 43.68 is greater than 10 and
suggests that provider past use of JLV was a strong instrument.
This is a necessary condition for JLV provider to serve as an
instrumental variable for JLV encounter in our 2-stage
specifications.
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Inthe analysis assessing the rel ationship between JLV encounter
and duplicate imaging with JLV provider as an instrumental
variable, provider use of JLV was significantly associated with
a reduction (OR 0.08, 95% CI 0.01-0.81; P=.03; average
incremental effect=—0.16) in thelikelihood of ordering duplicate
images, controlling for patient and provider characteristics, time
effects, and facility random effects (Table 4). Provider history
of ordering images and patient Elixhauser comorbidity scores
were strong confounders of the relationship between JLV use
and duplicate imaging. Providers with high rates of ordering
image studies in the prior 6 months were more likely to order

Yuan et d

duplicate images (OR 3.93, 95% Cl 1.42-10.94; P=.009)
compared to providerswith low rates of ordering medical image
studies. Patient Elixhauser comorbidity scores of 3 or more
were significantly associated with a reduced likelihood of
receiving duplicate imaging procedures (OR 0.16, 95% ClI
0.04-0.57; P=.005) (Table 4).

Our main finding that JLV use had a significant effect on
reducing duplicate imaging was robust using different model
specifications, including 2-stage least squares model s estimating
the association between JLV encounter and duplicate imaging
(see Table S2 in Multimedia Appendix 1).

Table2. Theimpact of provider use of Joint Longitudinal Viewer inthe prior 6 months of outpatient primary carevisitson provider ordering of duplicate

images.
Characteristics Odds ratio (95% Cl)? P value
Provider characteristics
Joint Longitudina Viewer provider 0.44 (0.24-0.78) .005
Provider history of ordering imaging studies (quartiles)
1 Ref® Ref
2 0.87 (0.33-2.32) 78
3 2.73 (1.23-6.06) 01
4 4.15 (1.86-9.25) .001
Provider type
Physician Ref Ref
Physician assistant/Nurse practitioner 1.32 (0.75-2.32) .34
Patient characteristics
Gender
Female Ref Ref
Male 1.68 (0.89-3.17) A1
Age (years)
<30 Ref Ref
30-39 219(1.17-4.11) .01
40-49 0.78 (0.35-1.73) 54
=50 1.27 (0.46-3.56) .65
Race
White Ref Ref
Black or African American 1.09 (0.56-2.13) .80
Other 1.63 (0.82-3.21) 16
Elixhauser comor bidity score
0 Ref Ref
1 0.44 (0.23-0.83) 01
2 0.40 (0.18-0.90) .03
3 and above 0.15 (0.04-0.52) .003

#The odds ratio and 95% Cls are estimated from the logistic regression model controlling for all variables shown in the table aswell asfacility (random

effects) and fiscal month.
bRef indicates baseline in the analysis.
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Table 3. Theimpact of provider use of Joint Longitudinal Viewer during outpatient primary care visits on provider ordering of duplicate images (stage

1 full output).2

Yuan et d

Joint Longitudinal Viewer encounter (first stage) Odds ratio (95% Cl) P value
Joint Longitudinal Viewer provider 1.43 (1.05t01.81) <.001
Provider characteristics
Provider history of ordering imaging studies (quartiles)
1 Ref® Ref
2 -0.18 (-0.63 10 0.28) 45
3 0.30 (-0.17 10 0.78) 21
4 -0.19 (-0.67 t0 0.30) 46
Provider type
Physician Ref Ref
Physician assistant/Nurse practitioner —0.06 (-0.42t0 0.30) 75
Patient characteristics
Gender
Female Ref Ref
Male -0.20 (-0.56 t0 0.16) 28
Age (years)
<30 Ref Ref
30-39 0.03 (-0.38t0 0.43) .90
40-49 0.10 (-0.34 t0 0.55) 64
=50 0.37 (-0.30t0 1.03) .28
Race
White Ref Ref
Black or African American -0.30(-0.70t0 0.11) 15
Other -0.29 (-0.7510 0.18) 22
Elixhauser comor bidity score
0 Ref Ref
1 -0.01 (-0.40 to 0.39) .98
2 0.29 (-0.19t0 0.77) 23
3 and above 0.13 (-0.37t0 0.64) .61
Fiscal month
1 Ref Ref
2 0.15 (-0.59 to 0.90) .69
3 -0.47 (-1.26 10 0.31) 24
4 -0.63 (-1.42 10 0.17) 12
5 -0.14 (-0.97 t0 0.68) 73
6 -0.49 (-1.27 t0 0.29) 22
7 0.62 (-0.15 to 1.39) 12
8 0.61 (-0.10t0 1.33) .09
9 0.65 (-0.07 to 1.37) .08
10 0.59 (-0.16 t0 1.35) 12
11 0.68 (-0.10 to 1.46) .09
12 0.77 (-0.09 to 1.63) .08
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Joint Longitudinal Viewer encounter (first stage) Oddsrratio (95% Cl) P value
Cons® -1.11 (-1.88t0 -0.33) .005

8Average incremental effects are estimated from the 2-stage residual inclusion logistic regression controlling for all variables shown in the table.
bRef indicates baseline in the analysis.
Cons: Constant term in the regression.
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Table4. Theimpact of provider use of Joint Longitudinal Viewer during outpatient primary care visits on provider ordering of duplicate images (Stage

2 full output).?

Yuan et d

Duplicate imaging (second stage) Odds ratio (95% Cl) P value
Joint Longitudinal Viewer encounter 0.08 (0.01-0.81) .03
Anscombe residua 3.16 (1.29-7.79) .01
Provider characteristics
Provider history of ordering imaging studies (quartiles)
1 Ref? Ref
2 0.83 (0.23-3.07) .78
3 3.11(1.18-8.22) 02
4 3.93 (1.42-10.94) .009
Provider type
Physician Ref Ref
Physician assistant/Nurse practitioner 1.24 (0.61-2.51) .56
Patient characteristics
Gender
Female Ref Ref
Mae 1.49 (0.72-3.08) .28
Age (years)
<30 Ref Ref
30-39 2.28(0.98-5.34) .06
40-49 0.87(0.32-2.42) .79
=50 1.50 (0.38-5.93) 57
Race
White Ref Ref
Black or African American 1.03 (0.48-2.18) .95
Other 1.57 (0.65-3.80) 32
Elixhauser comor bidity score
0 Ref Ref
1 0.43 (0.20-0.91) .03
2 0.43(0.15-1.21) A1
3 and above 0.16 (0.04-0.57) .005
Fiscal month
1 Ref Ref
2 1.41 (0.00-602.30) 91
3 1.31 (0.00-542.59) .93
4 1.43 (0.00-639.45) 91
5 0.75 (0.00-290.28) .93
6 1.10 (0.00-523.39) .98
7 3.15(0.01-1539.80) 72
8 1.77 (0.01-819.76) 86
9 4.11 (0.01-1699.58) .65
10 4.41 (0.01-2011.70) 64
11 1.96 (0.01-762.17) .83
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Duplicate imaging (second stage) Odds ratio (95% CI) P value
12 5.02 (0.01-2177.41) .60
Cons® 0.05 (0.00-22.75) .34

8Average incremental effects are estimated from the 2-stage residual inclusion logistic regression controlling for all variables shown in the table.

bRef indicates baseline in the analysis.
Cons: Constant term in the regression.

Discussion

This study using national data from VA and DoD found that
providers who viewed integrated patient health records from
multiple settings were less likely to order potentially duplicate
imaging studies for patients who had prior imaging studies
conducted within 90 days. Based on results from our primary
analysis, providers with a history of using JV were 5
percentage points less likely to order duplicate images during
aVA primary carevisit for recently separated service members
compared to providers who did not have ahistory of using JLV.
Using the JLV provider as an independent variable, we were
able to reduce potential endogeneity due to unobserved
confounders that were associated with both JLV use during the
primary care visit and ordering of duplicate images.

Our results were consistent with previous findings that use of
HIE systems was associated with areduction in repeat imaging
studies [14] and that a longitudinal viewer of patient records
from multiple sources was related to more positive patient
experiences of care [7]. Our analysis had the added advantage
of including provider-level variables, primarily a provider
history of ordering images, which appeared to be a strong
confounder. Access to nationa-level VA and DoD data also
enabled the study to focus on images ordered for recently
separated service members, who were transitioning between
health care delivery systems and may be particularly likely to
benefit from investments in integrated health information
viewers or HIE systems.

Our study has severa limitations. First, we focused on VA
primary care visits and images within the 90-day follow-up
period of a DoD image and therefore were unable to capture
duplicate images in other settings such as community-based
clinics. Further research could examine duplicateimage studies
ordered during different types of outpatient and inpatient
encountersto improve the generaizability of the results. Second,
limited by the administrative data source, we could not
determine whether the identified duplicate imaging procedures
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were unnecessary. In some cases, providers may need to
examine repeat image studiesfor serial changesin disease status
or order follow-up imaging studies based on recommendations
in the patient’s previous imaging reports. Thus, some of the
duplicateimage studieswe identified might have been clinically
appropriate. We mitigated this limitation by excluding patients
with cancer diagnoses and ensuring the consistency of the
definition of duplicate imaging studies among the providers
who used and did not use JLV. Third, restricted by data access,
we could not adjust for HIE through another widely used health
information viewer, VistaWeb, which was recently
decommissioned. We tried to overcome this limitation by
focusing on VA primary care visits in fiscal year 2018—the
year when we observed rapid growth in JLV utilization after
the VA's transition from VistaWeb to JLV. Fourth, our result
was not robust when we changed the definition of JLV provider
to providers with 10 or more JLV audits in the 6 months prior
to the VA primary care visit, suggesting the heterogeneity of
JLV benefits by frequency of use.

Organizational fragmentation and discontinuity of care have
been linked to increased costs and adverse outcomesin VA and
other health care settings [6]. Our findings suggest that the use
of a longitudinal viewer of health records from multiple
electronic health record sources has the potential to alleviate
patient time burden, reduce adverse health effects of radiation,
and decrease costs resulting from unnecessary duplicateimaging
procedures. Health systems outside the VA could also consider
investments in health information viewers or HIE technology
to reduce the del eterious effects of fragmentation.

In conclusion, this study provides evidence that adoption of a
longitudinal viewer of health records from multiple electronic
health record systems is associated with a reduced likelihood
of ordering duplicate image studies. In future studies, the
association between health information viewersand other types
of duplicate medical tests and care coordination metrics such
as follow-up of suspicious lung nodules could be investigated
to more fully illustrate the impact of HIE on quality and
efficiency of care.
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Abstract

Background: An essential step in any medical research project after identifying the research question is to determine if there
are sufficient patients available for a study and where to find them. Pursuing digital feasibility queries on available patient data
registries has proven to be an excellent way of reusing existing real-world data sources. To support multicentric research, these
feasibility queries should be designed and implemented to run across multiple sites and securely accesslocal data. Working across
hospitals usually involves working with different data formats and vocabularies. Recently, the Fast Healthcare Interoperability
Resources (FHIR) standard was devel oped by Health Level Seven to addressthis concern and describe patient datain astandardized
format. The Medical Informatics Initiative in Germany has committed to this standard and created dataintegration centers, which
convert existing datainto the FHIR format at each hospital. Thispartially solvesthe interoperability problem; however, adistributed
feasibility query platform for the FHIR standard is still missing.

Objective: Thisstudy described the design and implementation of the componentsinvolved in creating a cross-hospital feasibility
query platform for researchers based on FHIR resources. This effort was part of alarge COVID-19 data exchange platform and
was designed to be scalable for a broad range of patient data.

Methods: We analyzed and designed the abstract components necessary for a distributed feasibility query. Thisincluded a user
interface for creating the query, backend with an ontology and terminology service, middleware for query distribution, and FHIR
feasibility query execution service.

Results: Weimplemented the components described in the Methods section. The resulting sol ution was distributed to 33 German

university hospitals. The functionality of the comprehensive network infrastructure was demonstrated using a test data set based
on the German Corona Consensus Data Set. A performancetest using specifically created synthetic datareveal ed the applicability
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of our solution to data sets containing millions of FHIR resources. The solution can be easily deployed across hospitals and
supportsfeasibility queries, combining multipleinclusion and exclusion criteriausing standard Health Level Seven query languages
such asClinical Quality Language and FHIR Search. Devel oping a platform based on multiple microservices allowed usto create
an extendabl e platform and support multiple Health Level Seven query languages and middleware componentsto allow integration
with future directions of the Medical Informatics Initiative.

Conclusions: We designed and implemented a feasibility platform for distributed feasibility queries, which works directly on
FHIR-formatted data and distributed it across 33 university hospitals in Germany. We showed that developing a feasibility

platform directly on the FHIR standard is feasible.

(IMIR Med I nform 2022;10(5):€36709) doi:10.2196/36709

KEYWORDS

federated feasibility queries; FHIR; distributed analysis; feasibility study; HL7 FHIR; FHIR Search; CQL ; COVID-19; pandemic;
health data; query; patient data; consensus data set; medical informatics; Fast Healthcare Interoperability Resources

Introduction

Context

The COVID-19 pandemic has highlighted the critical need for
all countries to strengthen their health data and information
systems. Timely, credible, reliable, and actionable data ensure
that political decisions are data-driven and facilitate
understanding, monitoring, and forecasting [1]. Khan et al [2]
have pointed out the need to strengthen national preparedness
and the requirement that national public health institutes
overcome practical challenges that affect timely access to and
use of data. Their analysis identified that the availability of
robust information systems that allow relevant data to be
collected, shared, and analyzed sufficiently rapidly is needed
to provide atimely local responseto infectious disease outbreaks
in the future[2].

In Germany, the nationally funded Medical InformaticsInitiative
(MII;  funded by the Ministry of Education and
Research—Bundesministerium fir Bildung und Forschung)
through 4 funded consortia (Data Integration for Future
Medicine [DIFUTURE] [3], Heidelberg-Gottingen-Hanover
Medical Informatics [HiGHmed] [4], Medical Informatics in
Research and Care in University Medicine [MIRACUM] [5],
and Smart Medical Information Technology for Healthcare
[SMITH] [6]) has, in recent years, led to the establishment of
data integration centers (DICs) in amost al 34 German
university hospitals. These university hospitals created data
sharing networks within their respective consortia. However,
no overarching cross-consortia research data and feasibility
portal existed as of spring 2020.

Need and Task

To tackle the COVID-19 challenges, the Bundesministerium
fur Bildung und Forschung has initiated the network of
university medicine hospitals, which has launched 13 different
projects, for example, to coordinate action plansand diagnostic
and therapeutic strategies and to provide a comprehensive
COVID-19 data exchange (CODEX) platform [7,8].
Decentralized data collection within the CODEX project was
based on the German Corona Consensus Data Set (GECCO), a
data set specifically designed to collect data on patients with
COVID-19 for research [9].

https://medinform.jmir.org/2022/5/€36709

To make real hospital GECCO data available, university
hospitals used Fast Healthcare Interoperability Resources
(FHIR) repositorieswithin their M11 DIC. To support feasibility
studies as part of the German Portal for Medical Research Data
(Deutsches Forschungsdatenportal fir Gesundheit [FDPG]) and
to identify the size of decentral available data sets based on
dedicated cohort characterizations (eg, described by Doods et
al [10], Soto-Rey et a [11], and Laaksonen et a [12]), we
developed a central feasibility portal, securely connected to all
German university hospital GECCO FHIR data repositories.
For timely design and devel opment, owing to the pandemic, it
was imperative to build on tools and experiences from previous
projects and align the design for later strategic integration of
this feasibility portal into FDPG of the MIl [13].

Background

First, the FDPG shall provide the central access point for
researchers (Figure 1) to retrieve information about the
availability of routine care data and biosamplesin the network
of all German university hospitals based on a central feasibility
portal (whichwas, however, not yet developed in 2020). Second,
it will provide functionality to electronically apply for dataand
biosample use in future projects. The latter functionality will
manage all incoming research project applications, distribute
these electronically to the DICs of al German university
hospitals, and keep track of al application status replies from
those decentral centers.

To alow studies to query and select patient data from a large,
distributed pool of health care ingtitutions, data need to be
consolidated across these institutions. In contrast, the hospital
landscape is very diverse, with each hospital using different
systems and data formats. Although the 4 MII consortia have
defined concepts for data harmonization within their consortia
DIC (eg, openEHR in HiGHmed [14], the Informatics for
Integrating Biology and the Bedside [i2b2] data model [5] in
MIRACUM and DIFUTURE, Intersystems HealthShare in
SMITH, and the Observational Medical Outcomes Partnership
[OMOP] Common Data Model [15,16] in MIRACUM) within
the MII, an agreement on a cross-consortia standardized data
model was required. Thus, the emerging open standard FHIR
[17], developed by Health Level Seven, isapromising candidate
for addressing interoperability needs. Health care organizations
widely adopt it to achieveinteroperability, anditisincreasingly
supported by major electronic health record vendors. Therapidly
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increasing availability of data in the FHIR format makes it a
natural choice to collect real-world data, while alowing the
possibility of trandating it to other more specific formatsin a
relatively simple manner [18]. Thus, the M11 working group for
interoperability proposed the definition of the M11 core data set
[19] model based on FHIR. Consistent with this effort, the Ml

Gruendner €t al

as a whole has agreed on FHIR as the de facto standard for
interconsortia communication [20]. Therefore, every DIC in
Germany has committed to make its data accessible via the
FHIR standard application programming interface (API), making
FHIR the only common format supported across all consortia.

Figure 1. Central German Portal for Medical Research Data and connection to all consortia and data integration centers (DICs; Medical Informatics

Initiative).

T ? Researcher
v

.....

T
@
=
-3
)‘"\_

11|
i

Objectives

The objective of this study was to deduce and illustrate the
conceptual design decisions for a distributed feasibility query
portal directly based on FHIR data, including the underlying
guery transformation and execution tools and the middleware
components implemented for secure network connections. We
also aimed to describe the status of itsimplementation and use
and provide an outlook on its future strategic integration in the
German national MII infrastructure.

Methods

Abstract Architecture of a Distributed Feasibility
Platform

A magjor chalenge for the CODEX project was that any
architecture should leverage the power of the German university
hospital’s DIC and be compatible with the agreed MII data
sharing concepts. Thus, the CODEX project’s feasibility portal
was designed to serve asageneric basisfor future developments
in complementary MII projects. It was further conceived to be
extendable to query the MII core data sets.

A feasibility query aimsto identify suitable patientsfor astudy.
For feasibility, patient privacy can be guaranteed through
anonymization by aggregation of the results, while till
providing valuable information about the feasibility of a study,
as only the number of patients is needed. The task of a
distributed feasibility platform is to provide a user with the
ability to specify a set of inclusion and exclusion criteria at a
central location, send the query to participating sites, trandate
this query into a search query that can be executed inside a

https://medinform.jmir.org/2022/5/€36709
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hospital’s research data repository, and return the number of
patients matching the criteria combination.
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To achieve this, we had to create (1) a user interface (Ul;
feasibility Ul) for creating and managing feasibility queries;
(2) a backend service, which trandates the user input into a
standardized format (Structured Query) using an ontology
service; (3) amiddleware to securely transport the query; and
(4) an execution service, which can process the standardized
format, convert it to queries for an FHIR server, and execute
the queries. Then, this service should return the number of
patients identified.

Requirement Analysisand Architectural Design

Thefirst step toward developing our tool was to define alist of
capabilities (requirements) our platform should support. Building
on previous studies on usability [21], query platforms [22],
feasibility queries [23], and expert interviews, we curated and
prioritized our requirements using Atlassian Confluence as
collaboration platform [24]. The prioritization of the features
was based on the added value of a feature and the potential
estimated implementation cost. Theidentified features and their
prioritization are presented in Multimedia Appendix 1.

The Structured Query as the central part of our feasibility
process was devel oped across multiple meetings with the whole
team, including experts on ontology, FHIR, FHIR Search,
Clinical Quality Language (CQL), research data repositories,
and medical dataanalysis. From the beginning, it was designed
to provide a framework for feasibility queries, which, on the
one hand, allowed to create feasibility queries across multiple
grouped inclusion and exclusion criteriaand, on the other hand,
restricted the possible options in a way that makes it easy to
trandateit into existing FHIR query languages (CQL and FHIR
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Search). The experts included expertise with existing query
toolssuch asi2b2, OMOP, and Sample L ocator [25], previously
developed in other projects. This ensured that it would allow
for capabilitiessimilar to the existing query tools. The Structured
Query, asevidenced by its specification [26], closely resembles
the structure of the Ul information, while providing sufficient
abstraction to separate it from the Ul by uniquely identifying
single criteria based on their place within a given medical
vocabulary. Building on the Structured Query and Ul
specifications, we worked closely with thewhol e team to define
the necessary Ul ontology (Ul profiles) and a mapping file for
guery trandation, which wasto be used during query trandation
to enrich the basic definition of a criterion of the Structured
Query with query language—specific parameters required for
query trandation. Critically, by analyzing the CQL language,
wefound that it has capabilities beyond the requirements of our
feasibility specification, and therefore, we would have to specify
asubset of CQL for query trandlation, leading to an incomplete
tranglation, making it more fragile. Therefore, trandation from
asimpler (specifically restricted) format such asthe Structured
Query was considered to be easier and allowed us to control
further development and separate the representation of the
criteria from an implementation-specific system such as CQL
and FHIR Search. Furthermore, the Structured Query, although
independent of the Ul, was designed to resemble it closely,
making its generation by the Ul easier, asthe appropriate query
object can be already built by the Ul in JavaScript objects, which
directly trandate to the Structured Query in JSON format.
Working across multiple institutions, we also had to consider
how the queries and query results are securely exchanged
between the different nodes of the network. This was achieved
by using middleware components responsible for query
transportation. To align the strategy with the other parts of the

Gruendner €t al

CODEX project and MIl, we evaluated 4 middleware
components as part of our project, which had been used
previously to transport feasibility queries or used in other parts
of the CODEX project to streamlinefurther development. These
included the AKTIN broker [27], datasharing framework (DSF)
[28], connector component federated search [29], and German
Biobank Node Client-Broker [30,31]. We then used the 2
middleware that had the highest scores as a base for further
development. To cal culate the score, 6 software developersfrom
5 institutions rated the existing solutions for code quality,
documentation, complexity, and suitability for our requirements,
on ascaeof 1 (very good) to 5 (very bad).

Finally, based on experience from previous studies [22,32] and
prototypes for data selection on FHIR servers, we knew that
although CQL can support queries involving multiple criteria
across different FHIR resources, the capability of FHIR Search
is limited. Therefore, if FHIR Search was to be used for more
complex queries, a software component was needed to execute
and combine single FHIR Search queries to answer more
sophisticated feasibility queries.

Aspart of our project, we performed a usability analysis based
on our prototype implementation of the Ul, the results of which
werefed back into our development processto improve the user
experience. This evaluation is described in more detail in a
separate publication [33].

Figure 2 shows the abstract software components involved in
the feasibility process. From left to right, it further illustrates
how the representation of the query changes from user input,
via a structured representation of the input (Structured Query)
to an FHIR query language (FHIR Search [32,34,35] or CQL
[16,36-40]) as it moves through the system.

Figure 2. Abstract software components of a distributed feasibility platform. CQL: Clinical Quality Language; ETL: extract-transform-load; FHIR:
Fast Healthcare Interoperability Resources, GUI: graphical user interface; Ul: user interface.
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Performance Analysis

Performance of query execution depends on multiple factors
including data set size, type of query execution (CQL vs FHIR

https://medinform.jmir.org/2022/5/€36709

Search), query composition (ie, number of criteria within a
query), and number of resources processed as part of the query
execution.
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On the basis of these factors, we created 3 data sets (Table 1)
with synthetic FHIR resources that would simulate different
server |oads and provide data sets, which would return aresult
for specific queries leading to query-specific data loads from
1, 10, 100, and 1000 thousands of patients. In addition, we
augmented 2 of the data sets with background data, which
consisted of 413,375 conditions (across 8593 unique condition
codes), 270,505 procedures (across 6429 unique procedure
codes), and 4,907,600 observations (across 1798 unique
observation codes) to represent a typical distribution of data
found across a hospital, based on the distributions of a German
university hospital. This background data provide data within
the server, which are not queried for, but might have an impact
on index sizes and query execution speeds.

Furthermore, we created queries that included 4 criteria, each
of which would be found exactly 1, 10, 100, or 1000 thousand

Table 1. Performance test data sets.

Gruendner €t al

times. The queries were designed to look for only 1 condition
criterion (eg, ICD10-C50.1) or an AND combination of a
patient, condition, procedure, and observation criterion (eg,
female, ICD10 C50.1, OPS 5-787.ex, and LOINC 55782-7).
The combination was always chosen to provide a specific load
and has no clinical relevance. They were further chosen to
demonstrate aworst-case scenario, where every part would have
to be evaluated (AND rather than OR) to provide the answer,
as every part would be true for this exact number of patients,
implying that the program cannot terminate the search
prematurely. We created CQL and Structured Queries for each
guery and, then, ran all CQL and Structured Queries on the
same server 10 times consecutively after 1 warm-up run to
ensure the same caching across each query. The host server had
8 cores, 16 GB RAM, and 320 GB solid state drive disk space.
The repository for the performance test is available elsewhere
[41].

Data set Patients, n Conditions, n Procedures, n Observations, n Overdl, n
Small 111,000 111,000 111,000 111,000 444,000
bg-smal 111,000 524,375 381,505 5,018,600 6,035,480
bg-large 1,111,000 1,524,375 1,381,505 6,018,600 10,035,480

8hg: background.

Results

Overview and I mplementation

While implementing the abstract concept of a feasibility
platform explained previously, reusing existing proven software
artifacts from previous projects was a major requisite. The
proposed architecture ensures strict modularity to achieve
flexibility for future extensions and strategic alignments with
other developments, for example, in MI1. Findly, to fit into the
existing architecture designs of the different MIl consortia,
partial duplication of modules and communication pathways

(providing the university hospitalswith optional implementation
choices) for our development was accepted, when existing
modular components could easily be integrated into a coherent
framework. The detailed resulting architecture isillustrated in
Figure 3.

The system’s Ul (feasibility Ul) allows researchers to choose
multiple criteriafrom an ontology tree (Figure 4) and combine
them into a set of inclusion and exclusion criteria (Figure 5)
using Boolean logic. The inclusion criteria are combined in a
conjunctive normal form and the exclusion criteria in a
disunctive normal form.

Figure 3. Detailed architecture of the distributed feasibility platform. CQL: Clinical Quality Language; DSF: data sharing framework; ETL:
extract-transform-load; FDPG: Deutsches Forschungsdatenportal fiir Gesundheit; FHIR: Fast Healthcare | nteroperability Resources, FLARE: Feasibility

Analysis Request Executor; Ul: user interface.
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Figure 4. Example user interface representation of an ontology tree.
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The ontology (ie, hierarchically structured concepts) for the Ul
is generated in JSON format based on the underlying FHIR
profiles and a terminology service. A detailed description of
how the ontology and mapping files are generated is described
in a separate publication [42].

The process that generates the Ul ontology also generates 2
configuration files (terminology tree and FHIR mapping). These
files are required by the central feasibility backend and the
decentral FHIR feasibility executor to process the input from
the Ul and trandate it into FHIR-compatible search queries.

Figure5. Example feasibility query in the user interface.
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Once aresearcher has created afeasibility query inthe Ul, it is
converted into our Structured Query format. The Structured
Query isaformal representation of the feasibility query, which
structures the user input to allow easy translation into different
guery languages and closely resembles the user input structure.
Currently, we support translation into 2 query languages used
by FHIR servers: FHIR Search and CQL. Multimedia A ppendix
2 illustrates the processing of the Structured Query example
shown in Figure 5 from the Ul to CQL and FHIR Search.

eser | sweaueny | seo |
Exclusion criteria

enter code or display

Weight
<70kg
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FHIR Search is part of the FHIR standard and implemented by
most FHIR servers. However, currently, complex feasibility
gueries with intercriterion dependencies are not supported by
FHIR Search. A way to overcome this limitation is to break a
feasibility query into multiple smaller parts, each of which can
be written as a single FHIR Search query. The parts (FHIR
Search queries) arethen sent to the FHIR server separately. The
results are eval uated and combined using set algebrato calculate
the final answer for afeasibility query.

For this purpose, we used the software library, Feasibility
Analysis Request Executor (FLARE), initially developed for a
research  project by the University  Hospita
Rheini sch-Westfélische Technische Hochschule Aachen [43].
For our project, we contributed to the development of FLARE,
by extending the software to support the Structured Query.

CQL isahigh-level domain-specific query language, which is
similar to Structured Query Language, built specifically with
medical data in mind [39,40]. It supports, among many other
use cases, the definition of cohort characterizations and counting
of the respective cohort size, which are needed for feasibility
gueries. CQL is more powerful than FHIR Search; however, it
isnot aswidely supported by current implementations of FHIR
servers. Currently, the popularity of CQL is growing in the
FHIR community and has recently been added to the HAPI
project [37], a popular open-source FHIR reference
implementation. Furthermore, it is supported by the Blaze FHIR
server, devel oped within the German Biobank Alliance project
[25], aimed at high-throughput performance. Blaze and the CQL
language were chosen as an implementation option in the
CODEX project after acomprehensive FHIR server benchmark.
CQL has an advantage over FHIR Search in that even complex
search queries can be written in a single query, which leads to
faster query execution. Therefore, in CODEX, we support both
CQL and FHIR Search.

To trandate Structured Query to CQL and FHIR Search, we
created trandation components, which use an FHIR mapping
JSON file to map each criterion to its respective FHIR query
representation based on its coding (equivalent to FHIR coding
type). Theinformation provided by this mapping describes how
the criterion is to be searched for inside the FHIR server. This
includes the FHIR Search parameters to be used and the type
of FHIR resource (eg, observation).

We use aterminology tree JSON file to find all the children of
a criterion for inclusion in the respective search. This is
necessary asresearchers can select groups of criteriaby selecting
aparent criterion in aterminology hierarchy toincludeall child
elements within the query. An example is the search for the
diagnosis Diabetes mellitus, Type 2. If a researcher adds the
diagnosis Diabetes mellitus, Type 2 as a criterion (ICD10
code=E11) our tool expands the search to al subtypes of
Diabetes mellitus, Type 2 (including, for example,
E11.0—Diabetes mellitus, Type 2: with coma). Theinformation
necessary to identify all subtypes of type 2 diabetesis provided
in the terminology tree file.

A usability analysis of our prototype revealed that it is simple
and intuitive. It also showed 26 problems, 8 of which wererated
as “critical” [33]. However, usability problems were focused
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on the presentation of the Ul or the ontology and will have no
impact on the architectural decisions made. Specifically, our
architecturewill allow usto resolve these problemsindependent
of the rest of the system for query trandlation, transportation,
and execution.

Supporting Multiple Query Paths

CQL and FHIR Search have dlightly different requirements
regarding query execution. We generate multiple representations
of the same feasibility query in the central feasibility backend
and send all of them to each decentral DIC. ThisallowstheDIC
to configure which query representation to use without changing
the centra implementation. All feasibility queries can be
generated as a single CQL query. Therefore, we generate the
CQL query centrally and send this query to the DICs and their
FHIR servers, which can execute them directly. As, in most
cases, the FHIR Search representation of a Structured Query
cannot be generated as a single query, we send the Structured
Query to the DIC. Each DIC that prefers to use FHIR Search
for the query execution will usethe FLARE component locally.
It translates each Structured Query into FHIR Search queries
inside the respective DIC using the mapping and terminology
tree files and executes them against the FHIR server.

Supporting Multiple Middleware

In our architecture, a middleware has the task to securely
transport the query into a DIC and transport the answer to a
query back to the central platform. In our case, the query isan
object that containsthe serialized version of our different query
representations—Structured Query and CQL. To secure the
connection between our central middleware components and
local middleware clients, without requiring the university
hospitals to open their firewall for outside requests, we chose
apull transport mechanism instead of a push process from the
outside. Within CODEX, we evaluated multiple middleware
components aready developed by various M| partner sitesand
chose 2 that are aready widely used in different consortia and
fulfill the requirements mentioned previously: AKTIN broker
[27,44] and HIiGHmMed DSF [28]. Both were extended to fully
comply with the CODEX requirements, leading to anew client
releasefor AKTIN [45] and the creation of afeasibility process
for the DSF [46], similar to that created by Wettstein et al [47].

Privacy Through Anonymization by Aggregation and
Access Restriction

The system we present here allows for querying patient data
across multiple ingtitutions from a central location, and
information about patients is leaving the respective institution.
Thisinformation, asany information about patients, is sensitive
and needs to be anonymous when leaving an ingtitution. The
nature of feasibility queriesis such that only an integer number
leaves each participating hospital. However, a potential
reconstruction of a patient profile by the central location would
be possibleif the exact number was returned. To avoid this, we
aggregate each result by rounding it to the nearest 10 patients.
A result of zero is returned as zero. We further restrict access
to the platform to registered users and track all the created
feasibility queries.
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Containerization and Deployment Across Hospitals

The system described here is composed of many connected
pieces of software, which must be installed across many
institutionsto create afeasibility query network of participating
institutions. To ensure easy distribution of the software and
streamlinetheinstallation process, we ensured that each software
component created is distributed asaDocker image. We further
tested our implementation for Kubernetesand installed aversion
of it in the Kubernetes cluster of the DIC of the university
hospital in Erlangen, Germany. For easy installation across the
institutions, we created an install ation package, which provides
an easy-to-install package based on multiple docker-compose
files. In this first installation, the sites used only the AKTIN
middleware, asthe DSF was still in devel opment and the set-up
of the DSF proved to be more complex; for example, specific
client certificatesissued by an official certificate authority were
required for its use. During the installation process, we found
that the sites had very stringent firewalls and needed the option
to support aproxy server between the client inside the hospital
and the central broker. After adding proxy support, al the
participating institutions could install the software and join the
feasibility network.

First Ontology Generation and Test Across Hospitals

We implemented the architecture described previously and
generated an ontology, a terminology tree, and a mapping file

Gruendner €t al

based on the GECCO FHIR profiles. We then distributed our
implementation acrossthe 33 participating institutions and asked
them to load synthetic test data into their respective FHIR
servers. We deployed the central feasibility tool and sent queries
acrosstheingtitutions. The test data set was generated based on
synthetic data and converted to the M1l FHIR format. We then
used our Ul to generate multiple test queries and found that we
could create and execute them on our chosen FHIR servers. We
further created a synthetic test patient data set in FHIR format
[48] using the electronic data capture tool, REDCap (Research
Electronic Data Capture; Vanderbilt University) [49], used by
many participating institutions to capture COVID-19 data. The
data set contains each type of criterion available in our Ul. We
verified our implementation using this data set.

Performance and Query Execution Speed

By running the performancetests (Table 2), we found that CQL
was faster than FLARE as the number of resources processed
increased. We also found that query execution time increased
with the number of resources processed for a search and the
amount of background data. For querieswhere small result sets
had to be processed (<100,000 resources) and large amount of
background datawere loaded into the server, FLARE wasfaster
than CQL. CQL processed al requestsin <30 seconds. FLARE
did not perform well with very large data sets and querieswhere
>1,000,000 resources had to be processed, leading to execution
times >47 seconds.

Table 2. Query response times across data set, query, and query execution type (CQL#and FLAREb).

Query Criteria Patients Resources  Response time by query execution and data set type (seconds), mean (SD) of 10 consec-
search for found, n processed, n  utive runs
cql-small flare-small  cql- flare-bg- cgl-bg-large  flare-bg-

bgC-small small large
0 4 0 0 0.22(0.01) 003(0.0) 03(0.01) 004(00) 156(0.04) 0.04(0.0)
1000-1 1 1000 1000 0.57(0.09) 0.11(0.0) 0.85(0.19) 0.11(0.01) 552(0.54) 0.13(0.01)
1000-all 4 1000 4000 0.25(0.03) 023(0.06) 035(0.05) 024(0.06) 182(0.06) 0.37(0.26)
10000-1 1 10,000 10,000 0.56 (0.08) 0.5(0.01) 0.89(0.08) 0.49(0.01) 549(0.21) 0.67(0.07)
10000-al 4 10,000 40,000 0.35(0.04) 099(0.08) 0.68(0.07) 1.0(0.1) 21(008)  1.94(1.37)
100000-1 1 100,000 100,000 0.85(0.11) 4.34(0.07) 113(0.09) 516(0.21) 6.07(0.26) 5.37(1.18)
100000-al 4 100,000 400,000 148(0.12) 825(0.41) 2.65(0.23) 9.65(0.24) 4.16(0.18) 10.8(0.09)
1000000-1 1 1,000,000  1,000000  pyad N/A N/A N/A 10.49 (1.26) 47.53(1.35)
1000000-al 4 1,000,000 4,000,000 N/A N/A N/A N/A 29.05 (2.38) (119.6)4

4.51

8CQL: Clinical Quality Language.

bFLARE: Feas bility Analysis Request Executor.
Cbg: background.

dN/A: not applicable.

Discussion

Principal Findings

We presented the concept and implementation of a distributed
feasibility query platform, which works directly with
FHIR-formatted hospital data. Thisdemonstratesthat the FHIR

https://medinform.jmir.org/2022/5/€36709

standard is suitable to build a feasibility platform on. FHIR
Search does not support feasibility queries across multiple
criteriadirectly. However, we built an FHIR feasibility executor,
which combines single queries to answer these feasibility
queries. This executor needs to load and combine the results of
the different subqueries and, therefore, will be a performance
bottleneck if single queriesreturn large data sets. Therefore, we
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also offer the fast but less widely available CQL query option.
Furthermore, separating the concerns and supporting multiple
guery languages for query executions allows us to adjust to
individual ingtitutions' needs. Similarly, wefound it to be useful
to support multiple middleware components by providing clear
interfaces. This supports more organizations and strategic
directions and allows focusing on one middleware (AKTIN),
while the other (DSF) is still being developed and deployed.
Comparing the 2 middleware, the AKTIN implementation has
the advantage of being smple, which is easy to maintain and
extend for the purpose of transporting feasibility queries. It is
agnostic to the query transported, so that the process extension
necessary for the AKTIN implementation was easy and fast to
achieve. Furthermore, the AKTIN middleware has been used
successfully for several yearsin other projects. The DSF isan
FHIR-based middleware and focuses on providing a platform
for defining processes, which can be run across institutions.
This enforces more structure than the AKTIN middleware, in
the hope that this leads to improved interoperability. The DSF
allows peer-to-peer communication if required. However,
peer-to-peer communication isnot relevant for feasibility queries
from a central location. The biggest disadvantage of the DSF
isthat, with its large feature set, structure, and interoperability,
it also introduces a high complexity to the system. Furthermore,
the DSF is still in development and is yet to be used in a
production environment. We chose to support both middleware
in this project, as both have advantages and disadvantages, and
the use of either within our future architecture largely depends
on their respective use and acceptance within the Ml 1.

Centering around the newly defined Structured Query format,
which formally describes a feasibility query, allows the
separation of the Ul ontology from the trandation into
FHIR-compatible query languages. Therefore, the platform is
built in amodular fashion and highly extendable. For example,
one could imagine that an entirely different Ul could be
developed and integrated into the platform to satisfy future
requirements, aslong asit creates a Structured Query. Similarly,
it allows the ontology, mapping, and what query execution
languagesthe Structured Query istrandated into, to be changed,
to work with future query languages (eg, if the scope of the
underlying data set changes). This allows the ontology for the
front end to be created completely independent of the mapping
and does not require aspecific format for an ontology, allowing
for quicker ontology generation compared with approachesthat
extend existing research platforms such as i2b2 [35]. The
Structured Query can be considered as a new internal format
for feasibility queries, and it could be argued that the
representation as a Structured Query is not as interoperable as
an FHIR representation. However, given the need to translate
the query into multiple languages before being sent across
institutions and that the Structured Query closely resemblesthe
user input, the conversion from user input to Structured Query
is much simpler than generating an analogous FHIR
representation, which would then be converted again to FHIR
Search and CQL. Furthermore, currently, no FHIR specification
for feasibility queries exists, which would match the compl exity
of our Structured Query [32].
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In the proposed architecture, the ontology and mapping to FHIR
are added using the generated files. Thus, the used ontology
and mapping to FHIR can be easily changed. This allows the
feasibility platform to extend beyond our project and national
boundaries. It is important to consider that any ontology used
must be agreed by theinstitutions participating in adata sharing
network and either be applicable directly or mapped at the
decentral location according to the rules set by the institution.
The FHIR standards wide applicability, its wealth of
complexity, and medical dataentitiesit can support makesthis
a feasibility tool that can work with very diverse data, from
laboratory data to conditions or biological specimen data. The
translation and mapping we created is not restricted to a few
FHIR resources, and the platform alows for the extension of
the ontology and mapping to any FHIR resource. The fact that
we generate mapping files, which can be distributed with our
software, meant that the participating sites do not have to open
an extra connection to a central terminology server or provide
a terminology server themselves. This increases security and
ease of installation.

Related Work

The FHIR standard has become more popular in recent years.
Morerecently, it has been investigated not only for the exchange
of patient data but also as atool for data selection, extraction,
and analysis [22,35]. With the popularity of the standard and
the MII deciding to use FHIR as its main format for data
exchange [19], the task was to build tools directly on the FHIR
standard, rather than transforming data further to be analyzed
with other software such as OMOP and i2b2 and tools built on
their data models, such as Shared Health Research Information
Network [50]. In this study, we designed and implemented a
feasibility tool, which clearly separates the concerns of the
different components and defines clear interfaces. This makes
it easy to extend the platform and exchange componentsat each
step of the process from user input to query execution and data
storage. Similar to Paris et a [35], we present a feasibility
platform, which works directly with the FHIR standard. Unlike
Paris et a [35] we present adistributed system, which not only
supports the trand ation of a query to FHIR Search but also the
more powerful CQL query language. Hereby, we pave the way
for trand ating standardized feasibility queriesinto other query
languages based on structured input query, mapping, and
term-code tree to resolve ontology hierarchies. Our
implementation has the distinct advantage of allowing us to
map user input to FHIR directly, rather than mapping user input
to i2b2 objects and, then, to FHIR, thus reducing the overall
complexity. Finaly, as the usability of the existing feasibility
Uls of i2b2 and OMOP can still be improved [21], the current
architecture included and implemented a new and modern Ul,
which was found in our usability analysis to be intuitive and
easy to use. Furthermore, the Sample Locator [25], previously
developed as part of the German Biobank Alliance (originating
from previous work in the German Cancer Consortium [51])
had the following limitations. (1) It did not include a generic
terminology-based ontology tree, which allows researchers to
select concepts easily. The current selection criteria were
hard-coded, thus hindering the flexible extension of the Ul. This
is especially important, as the scope of the project will grow
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over time. (2) It did not allow for more complex queries, such
asgrouping different criteriain OR groupswithin AND groups.
Therefore, conjunctive (inclusion criteria) and digunctive
(exclusion criteria) normal form was chosen for the new U,
which supports more complex queries. (3) It allowed for direct
not exclusion of criteria, which is currently not supported for
all FHIR Search queries and would have introduced more
complexity into the query trandation process and had
implicationsfor performance (an FHIR Search for: not condition
C50.1 would have returned a set of all other conditions). (4) It
did not support time restrictions across all criteria.

The system’s modular design supports different software
components and final architecture decisions within the various
MII university hospitals, depending on their local architecture
design aready existing within their DICs. Modularity with
clearly defined APIs meansthat the comprehensive architecture
framework can be adjusted easily, with locally preferred
microservice components, if they fulfill the same functionality,
thus supporting varying local requirements.

Beyond the analysis of the systems, as part of this study, there
are many competing infrastructures for standardizing and
distributing queriesin a privacy-preserving manner. Specificaly,
for distributed analysis, multiple frameworks such as the
Personal Health Train (PHT) [52,53] and DataSHIEL D [54,55]
exist. However, here, the focus is on a distributed feasibility
platform for standardized feasibility queries that preserves
privacy by aggregation at each site. This makes infrastructures
such asthe PHT and DataSHIELD, which focus on interactive
and custom analyses, less well suited for our purpose. PHT
specifically focuses on distributing custom analyses
(algorithm+query) using containers to move the algorithms to
the data. This is a great strength of the PHT, but it is not
applicable for a structured feasibility query, which can be
executed in the exact same manner (by the same algorithm)
every time. Currently, the feasibility platform does not provide
a mechanism for multiparty computing, allowing for exact
responses to privacy-preserving feasibility queries across sites.
This might be potentially relevant for rare diseases, where low
numbers of patients would otherwise be returned to each site,
thus making more accurate numbers essential. Previous work
such as the PHT or DSF could be extended to provide a
multiparty computing approach to return exact feasibility
answers aggregated across multiple ingtitutions. In the system
described here, only the middleware would have to be replaced
or extended, as the Ul, query generation, and query execution
at the siteswould beidentical.

Limitations

A feasibility platform across institutions works only if the
institutions agree on the same ontology and map their data to
the same terminologies or provide a mapping from the given
input to their terminologies. In our project, we built on the
German DIC data harmonization efforts. This ensures the
compatibility of our queries with the datain each participating
institution, as all DICs convert the data according to the same
FHIR profiles and implementation guides of the M1 core data
set [56] and the GECCO [9] data set. Not al countries have
these DICs, which means that extra data harmonization efforts
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would be required, which can be expensive and time-consuming.
Furthermore, many electronic health record providers now
support FHIR, but this does not necessarily mean that they
provide the consented profiles or terminologies necessary for
adistributed query. Creating agood ontology that is easy to use
and provides the researcher with the right criteriais a difficult
task. Many ingtitutions generate ontologies manually, which
means that they are carefully curated, but thisis expensive and
time-consuming. We successfully generated an ontology and
mapping in an automatic process based on FHIR profiles and
an ontology server. Whether thisisapplicableto arbitrary FHIR
profiles still needs to be investigated.

The way we implemented the FHIR Search query path for
multicriteria grouped feasibility queries means that the result
sets of the sub-FHIR Search queries must be downloaded,
patient IDs must be extracted, and the resulting sets must be
combined. This download process may not be feasible for
guerieswhere partsreturn many results. To addressthisproblem,
currently, we also support CQL, which is a better option for
large data sets. Our performance test demonstrated that CQL
answers queries processing multiple millions of resourceswithin
30 seconds. FL ARE answered queries where 400,000 resources
had to be processed in <12 seconds. Specifically, for COVID-19
data sets, we currently do not expect 1 site to return millions of
patients, which means that the current implementation will
answer queries on patients who are specific to COVID-19 in
seconds rather than minutes. Furthermore, the finding that the
number of resources processed is the main predictor of query
execution time paves the way for future improvements. The
current performance test, as well as being repeatable, alows
oneto draw conclusions on feasible data set sizes. However, a
more comprehensive investigation with data sets of 200 or 500
million resources and different server sizes and better
understanding of what large real-world data sets look like are
still missing. This is especially relevant within the MII if the
current feasibility portal is extended beyond the COVID-19
data set to analyze multiple years of real-world hospital data.

Future Directions and Conclusions

We presented the design and implementation of a feasibility
platform for distributed feasibility queries, which worksdirectly
on FHIR-formatted data. The platform was deployed across 33
university hospitals and the viability of the approach was
demonstrated using a set of synthetic test datain the appropriate
format. Supporting FHIR Search directly requires a feasibility
executor (FLARE) to answer feasibility queriesacross multiple
criteria. The advantage of the FLARE approach is that it did
not only overcome current FHIR Search limitations but will
also provide a solution to further limitations in the future. An
example of this is the implementation of time-dependent
intercriterion relationships (eg, aspecific laboratory valuewithin
3 days of a medication), which we plan to implement in the
future. Thisispossibleasfull FHIR resources can be processed,
including the appropriate time stamp field for each resource,
which can then be compared for the specified interresourcetime
constraintsfor each patient. Our performance analysisrevealed
that our implemented feasibility platform can answer queries
for large data sets (multiple millions of resources) within
seconds and that CQL is significantly faster than FLARE. The
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performance depends heavily on the number of patientsfor CQL
and, for FLARE, the number of hits for each single criterion
searched for. Consistent with this, we are planning to improve
the performance of our implementation by using heuristics on
the FHIR server to optimize FLARE and CQL query execution.
Thismeansidentifying the criterion with the statistically lowest
number of occurrencesfirst, and then, querying further criteria
with the reduced patient set. This is possible for FLARE and
CQL and will be investigated by our team in the future. The
implementation and design described here focused on the
GECCO COVID-19 data set. The platform presented here is
very generalizable and can be applied to any FHIR-formatted
data or even to different query languages currently supported
by different FHIR servers. One of the next stepsisto integrate
more data from different sources. In this pursuit, partners from
the MI1 and German Biobank Alliance [57] have joined forces
in 2021 to bring together previously independent initiatives for
dataand biosample sharing, by aligning information technology
infrastructures and the respective regulatory and governance
frameworks established in Germany within the biobanking
community on one side and the medical informatics community
on the other. The resulting Aligning Biobanks and DIC
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Abstract

Background: Electronic health records (EHRs) have been implemented in many low-resource settings but lack strong evidence
for usability, use, user confidence, scalability, and sustainability.

Objective: Thisstudy aimed to evaluate staff use and perceptions of an EHR widely used for HIV carein >300 health facilities
in Rwanda, providing evidence on factors influencing current performance, scalability, and sustainability.

Methods: A randomized, cross-sectional, structured interview survey of health center staff was designed to assess functionality,
use, and attitudes toward the EHR and clinical aerts. This study used the associated randomized clinical trial study sample
(56/112, 50% sites received an enhanced EHR), pulling 27 (50%) sites from each group. Free-text comments were analyzed
thematically using inductive coding.

Results: Of the 100 participants, 90 (90% response rate) were interviewed at 54 health centers: 44 (49%) participants were
clinical and 46 (51%) weretechnical. The EHR top uses were to access client data easily or quickly (62/90, 69%), update patient
records (56/89, 63%), create new patient records (49/88, 56%), generate various reports (38/85, 45%), and review previous records
(43/89, 48%). In addition, >90% (81/90) of respondents agreed that the EHR made it easier to make informed decisions, was
worth using, and has improved patient information quality. Regarding availability, (66/88) 75% said they could always or almost
always count on the EHR being available, whereas (6/88) 7% said never/almost never. Inintervention sites, staff were significantly
more likely to update existing records (P=.04), generate summaries before (P<.001) or during visits (P=.01), and agree that “the
EHR provides useful alerts, and reminders’ (P<.01).

Conclusions: Most users perceived the EHR aswell accepted, appropriate, and effective for usein low-resource settings despite
infrastructure limitation in 25% (22/88) of the sites. The implementation of EHR enhancements can improve the perceived
usefulness and use of key functions. Successful scale-up and use of EHRs in small health facilities could improve clinical
documentation, care, reporting, and disease surveillance in low- and middle-income countries.

(JMIR Med Inform 2022;10(5):€32305) doi:10.2196/32305
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Introduction

Background

Effective and high-quality health care requires high-quality,
timely health information—"Information is care” [1]. Scaling
up effective care for millions of patients with HIV in
resource-limited settings such as sub-Saharan Africa required
the development of new paradigms for the collection, storage,
viewing, and analysis of clinical data and health information
[2]. Most health centerstreating HIV started with only structured
paper records. Asthe volume of patient datagrew and in-country
digital capacity improved, electronic tools were introduced.
Many early electronic health records (EHRS) in resource-limited
settings have been developed for HIV care, including those in
Maawi [3], Kenya [4], and Haiti [5]. These projects
demonstrated the feasibility of deploying health information
systems, improvements in reporting to ministries of health
(MoHSs) and donors, and the ability to monitor the continuum
of care. Furthermore, this initial evidence also suggested that
the use of EHR systems for HIV, tuberculosis (TB) and
multidrug-resistant TB treatment could improve the quality of
care [2]. A critical challenge to improving the quality of care
in low-income settings is the ability to achieve long-term,
consistent EHR use at alarge scale. To better understand the
perceptions and clinical uses of EHR systems that support
improved use and care in Rwanda, we conducted a quantitative
user survey supplemented by free-text questions. For the
purposes of this study, the terms electronic health record and
electronic medical record are used interchangeably.

HIV Carein Rwanda

Rwandaisan East Central African country bordering Tanzania,
Uganda, Burundi, and the Demaocratic Republic of the Congo.
Rwanda had a per capitaincome of US $773 in 2018, up from
US $241in 2004 [6], and has made great progressin rebuilding
its health care systems after the genocide against Tutsi in 1994.
A maor health challenge Rwanda has faced, along with

Textbox 1. The OpenMRS electronic health record system.
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neighboring countries in Africa, isthe HIV epidemic. A 2018
to 2019 survey indicated that HIV prevalence among adults
aged 15to 49 yearswas 2.6% [ 7]. Great strides have been made
in the treatment of patients who are HIV positive, including
improvementsin the prevention of mother-to-child transmission
uptake, and reduction in the rate of lossto follow-up for patients
receiving antiretroviral therapy (ART) in Rwanda. This is
demonstrated by the near achievement in 2019 of the 2020 Joint
United Nations Programme on HIV/AIDS 90-90-90 goal, with
84% of adults who were HIV positive knowing their status,
98% of those knowing their status on ART, and 90% of those
on ART having asuppressed viral load [7]. From the beginning
of the HIV treatment scale-up, the Government of Rwanda has
emphasized careand preventionin rural areasaswell asin urban
settings; recruitment, training, and supervision of community
health workers; and the use of health information systems. These
information systemsincluded national-level surveillance systems
for HIV care[8,9], mobile health systems to support antenatal
and primary care, and patient information or EHR systems
mainly for supporting HIV carein health centers and hospitals.
The 3 main EHR systems used have been OpenMRS (OpenM RS
Inc) in health centers and 36 district hospitals offering HIV
services, 1Qcare (International Quality Care, Paladium Inc)
[10] in some health centers (now replaced by OpenMRS), and
OpenClinic (OpenClinic GA) [11] in some hospitals. Since
2009, the MoH has moved to using OpenMRSfor al HIV health
centers and most hospitals in the country.

OpenMRS

OpenMRS is an open-source software platform for building
EHRs, with a focus on hedth care needs in low- and
middle-income countries (LMICs). Founded in 2004, the
OpenMRS community set goals to create a public software
platform to assist health care organizations worldwide in
developing EHR systems that were adaptable to local needs,
owned by local organizations, and programmed by local
developers as much as possible [12] (Textbox 1).

OpenMRS has an unusual modular architecture allowing modules from the core development team to be mixed with modules from other developers
to create flexible and updatable systems, with typical implementations using 35 to 45 modules. This ensures the core OpenMRS code is common to
nearly all OpenMRS installations. Data are stored using a concept dictionary allowing flexibility in data capture and translation to other languages
[12]. This approach also supports arange of standards for data storage and exchange with mappings available for arange of coding standards such as
the International Classification of Diseases, 10th Revision, and L ogical Observation |dentifiers Names and Codesin the master Columbialnternational
eHealth Laboratory concept dictionary.

Adapting OpenMRSto new usestypically requirestechnical expertiseincluding Javaprogramming if new modules arerequired. There were limitations
to the older user interface used in this project (which has now been superseded), requiring carein developing clinical workflows. OpenM RS has been
adapted to support awide range of care including HIV, multidrug-resistant tuberculosis, primary care, emergency care, heart disease, oncology, and
surgery. A Server Monitoring Tool module was developed to track system uptime and downtime, daily data entry rates, and completeness of key
variables. The Server Monitoring Tool was used as part of the larger evaluation study in Rwanda.

OpenMRS was developed by a collaboration among the Academic Model Providing Access to Healthcare project in Kenya with the Regenstrief
Institute in Indiana, United States; the Partners In Health Informatics team in Rwanda and Boston, Massachusetts, United States (HSF); and the
informatics lead of the South African Medical Research Council (now CEO of Jembi Health Systems, Cape Town, South Africa—CS). Ongoing
maintenance of the core OpenM RS platform isaccomplished through the OpenM RS community—aworl dwide network of volunteerswith technol ogy,
health care, and international development expertise.

Initially, OpenMRS was used for HIV and TB treatment in  Fund for AIDS, Tuberculosis, and Malaria. Currently, it covers
outpatient settings, supporting projects funded by the US awiderange of clinical areas. Partners In Health implemented
President’s Emergency Plan for AIDS Relief and the Global and currently supports OpenMRS in 46 health centers and 3
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hospitals in Rwanda covering HIV care, pediatrics, primary
care, cardiology, and oncology.

Between 2009 and 2013, the Rwanda M oH deployed OpenM RS
to >300 health centers providing HIV care throughout the
country [13]. Before and during deployment, OpenM RS had to
be customized to support the Rwanda MoH requirements. A
dedicated 9-month courseled by Partners In Health/Inshuti Mu
Buzima trained programmers in enterprise Java and health
information system design [14]. Severa graduates were hired
by the MoH and created custom OpenMRS modules for HIV
and primary care using OpenMRS version 1.6 core code. This
is the version of OpenMRS used in the control sites for this
study. Unstable internet connectivity in rural Rwanda (similar
to many low-income countries) required each siteto runitsown
instance on a local server, requiring stable power and local
technical support.

Impact of EHR Systemsin Resour ce-Limited Countries

Over thelast two decades, EHR systems have been implemented
in a wide range of countries, including those with the lowest
incomelevels. The scale-up of HIV care and transition from an
emergency outbreak response to a lifelong chronic care model
was a mgjor driver for the expansion of EHR system use and
the development of common, shared information system tools.
Countries, including Rwanda, Kenya, Uganda, Mozambique,
and Nigeria, have scaled up the use of OpenMRS EHR systems
for HIV care to hundreds of their clinical sites. Other EHRS,
including 1Qcare, have been widely used in countries such as
Kenya[15].

The OpenM RS community has prioritized support for effective
and safe clinical care as well as reporting and research.
Smaller-scal e studies have eval uated theimpact of EHR system
improvements on the aspects of clinical care, the systems
efficacy. Were et a [16] studied the addition of alertsto printed
patient summaries generated by OpenMRS on arange of clinical
actions for the care of children who were HIV positive in
Eldoret, Kenya. In a randomized controlled trial (RCT), they
showed that health care workers receiving the summaries with
alerts were 4 times more likely to carry out actions such as
ordering CD4 counts (a T lymphocytes test) and polymerase
chain reaction tests for HIV antigen. In alarger study, Oluoch
et al [17] studied theimpact of improved decision support tools
implemented in an EHR in Kenya on the quality of HIV care.
Inacluster RCT of 13 health centers and 41,062 patients, they
showed that sites with the decision support tools were quicker
and more effectivein responding to HIV treatment failure [17].
Critical questions remain regarding the key factors that
determine individual EHR use, facilitate scaling up to tens or
hundreds of smaller health facilities, support long-term use, and
influence the clinical impact of these systems in routine
care—the effectiveness of EHRsin LMICs[18].

https://medinform.jmir.org/2022/5/€32305
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Methods

Overview

The aims of this study are to evaluate the following questions
in a large number of health centers in Rwanda: (1) staff and
stakeholder expectations and perceptions of health information
system performance; (2) staff and stakeholder expectationsand
perceptions around effort expended to use health information
systems; (3) infrastructural, organizational, and individual
conditions that are barriers and facilitators to using such tools
(including training and technical support); (4) staff perceptions
of technology fatigue; and (5) any differencesin the experiences
of staff in intervention and control sites and between clinical
and technical users.

The EHR Implementation Science Study

The focus of this manuscript is the electronic medical record
(EMR) user survey component of a process evaluation, which
is part of alarger, 3-part implementation science study on the
use of an enhanced EHR to support HIV care in 56 randomly
allocated health centers that commenced in July 2018. It
included the evaluation of (1) EHR use, performance, and data
quality; (2) the clinical impact in an RCT; and (3) the cost of
development and implementation of the enhanced EHR
functionality.

For enrollment in the overall study, first, the enhanced EHR
package (Textbox 2) was piloted in 2 health centers in Kigali
(Kicukiro Health Centre and Kagugu Heath Centre), and
improvements were made in response to the user experience
and comments. Next, the following selection criteria were
applied: (1) the presence of =3 computers, 1 printer, and alocal
areanetwork; (2) active HIV case numbers between 50 and 700;
and (3) successful installation of the Server Monitoring Tool
(Textbox 1) and evidence of regular data entry by staff. Using
these criteria, atotal of 112 sites were selected to participatein
the clustered RCT. These sites were a mix of urban and rural
health centers and some district hospitals. Of the 112 sites, 56
(50%) were randomized into the intervention sites, which had
the enhanced EHR installed on the servers between June 25 and
July 5, 2018. All 56 sites had the alerts for delayed patient
enrollment, 28 sitesalso had alertsfor delayed viral |oad testing,
and 14 had the alerts for evidence of treatment failure. For the
analysis of the survey, sites with at least the top-level alerts
(delayed HIV care registration) were classed as intervention.
Health facility staff, including clinicians, data managers, local
information technology (IT) staff, local clinic managers, and
district IT specialists, in all 112 study sites were trained on
genera EHR use and data management. Additional training
was provided for staff in the intervention sites on the enhanced
EHR and equivalent training on the control EHR.
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Textbox 2. The enhanced electronic health record (EHR) package.
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The enhanced EHR package enhancements

«  Upgraded OpenMRS software version (to v.1.11) and additions to the concept dictionary

«  Improved workflow for registering and managing patients with HIV

« Improved ordering of laboratory analyses (HIV tests, CD4 counts, and viral loads)
« Upgraded clinician summaries of patients showing key clinical dataand alerts and reminders designed to improve care
«  Custom automatic reportsto identify patients not receiving optimal care, implementing the same aerts and reminders

« Alerts and reports designed to identify patients with care delivery issues. These were chosen to reflect the needs identified by the Rwandan
Ministry of Health and based on the 2016 World Health Organization guidelines for HIV care (WHO Consolidated Guidelines HIV 2016 [19])

and included the following:

«  Newly diagnosed patients with HIVV who have not been enrolled in antiretroviral therapy within 2 weeks of diagnosis

«  Patientswith 8 months of antiretroviral therapy who do not have aviral load test result in the EHR (6 months of care + 2 months for result

to return and be entered in the EHR)

«  Patientswho have an abnormal (elevated) viral load result and require assessment and management for treatment failure

Study Environment

Theuser survey was conducted at primary health carefacilities,
referred to here as heath centers, offering HIV treatment
services, located throughout Rwanda, approximately 5 months
after the installation of the enhanced EHR.

Study Design

This study used a cross-sectional, key informant structured
interview design within control and intervention sites. The data
were collected through structured interviews to ensure high
response rates and avoid technical limitations that may have
impacted a web-based survey and biased results toward
better-supported sites and users. The goal is to gain insights
into the adoption, functionality, use, and perceptions of EHRs
by clinical staff (nurses, physicians, and social workers) and
technical staff (IT staff, data entry staff, and data managers) in
health centers. Care of patients in smaller health facilities in
East Africa, including those with HIV, is mostly carried out by

https://medinform.jmir.org/2022/5/€32305

nurses or junior clinician grades and rarely by physicians. The
study questions were as follows: (1) whether the actions and
perceptions of staff using the enhanced EHR intervention would
be different from those using the control EHR and (2) whether
clinicians have different experiences with the EHR than
technical staff.

Sampling and Sample Size

This study drew from the sample frame of the clustered RCT
implementation study. The RCT enrolled 112 health centers
from >300 that use the OpenMRS EHR for HIV care. Of the
112 sites, 54 (48.2%) were randomly selected, including 27
(50%) from the enhanced EHR sites (intervention) and 27 (50%)
control sites (Figure 1). Randomization was performed with R.

A total of 100 participants were approached for the structured
interview, with the goal of 1 clinician (nurse or physician) and
1 datamanager at each health center. If not available, other EHR
users were recruited if possible.
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Figurel. Sampledesign (total electronic medical record sitesinclude those managed by Partners In Health/Inshuti Mu Buzima; there were >300 active
ministry of health-run sites). EHR: electronic health record; RCT: randomized controlled trial.
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Data Collection Tool

The structured interview and observation (survey) tool included
sections on demographics, experience with IT, EHR training
received, frequency of EHR usefor different tasks, overall ease
of use, usefulnessfor specific tasks, technical and user support,
and system stability and infrastructure issues. The survey tool
included 5-point Likert scale quantitative close-ended questions
and qualitative open-ended questions. It was adapted from a
form originally used by Médecins Sans Frontieres, piloted in
20 clinicsin Rwandain 2012 [13], and trandlated from English
into Kinyarwanda.

Data Collection

The survey was conducted by 10 trained data collectors from
the Rwanda School of Public Health. Survey responses were
documented and recorded in a preprogrammed Android tabl et
using ODK [20]. Free-text comments were documented in
Kinyarwanda, translated into English, and reviewed by bilingual
research team members before analysis. Written informed
consent was obtained, and participants confidentiality was
assured using a private interview room at each health center
surveyed.

Data Analysis

Descriptive statistics were carried out using Excel (Microsoft
Corp). IMP Statistical Software (SAS|nstitute) and Excel were
used for the chi-square tests for the 5-point Likert scale
responses. For the comparison of cliniciansand technical users,
all Likert scale questions were tested for significance. For the

https://medinform.jmir.org/2022/5/€32305
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comparison of the intervention and control sites, the 2 groups
of questions (12 and 18) most directly related to the technical
improvementsin the enhanced EHR weretested. P valueswere
adjusted for multiple comparisons using the Benjamini and
Hochberg method and R p.adjust [21]. Analyses were designed
and carried out with assistance from a statistician and a data
scientist at Brown University (see Acknowledgments).

Free-text comments, which were all short statements, were
analyzed thematically using inductive coding by one author
(HSF) and recoding by a second author (MM), with
discrepancies resolved by discussion. Common concepts were
described and rated based on the number of user responses
matching each code.

Ethical Consider ations

This study was approved by the following investigational review
boards:. Rwanda National Ethics Committee, Kigali
(#913/RNAC/2016) and the University of Leeds School of
M edicine Research Ethics Committee, Leeds, United Kingdom
(MREC16-176). This study was reviewed in accordance with
the US Centers for Disease Control and Prevention human
research protection procedures (approva #CGH HSR
2014-270a) and determined to be research. However,
investigators of the Centersfor Disease Control and Prevention
did not interact with human participants or have access to
identifiable data during this research.
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Results

Participant Characteristics

A total of 100 participants were approached for interview and
consented to participate. Of these 100 participants, 90 (90%
response rate) were available at the time of the visit by study
staff, with 44 (49%) from the intervention sites. The participants
had amean age of 35.9 (SD 6.2; range 23-58) years, a mean of
7.5 (SD 2.0; range 0-38) years working at the health centers,
and 47% (42/90) werefemale. Their educational attainment was
reported as some secondary schooling (8/90, 9%), completed
secondary schooling (18/90 20%), and postsecondary schooling
(64/90, 71%). Their occupations were nurse (41/90, 46%),
physician (1/90, 1%), socia worker (2/90, 2%), data manager
(42/90, 47%), IT officer (1/90, 1%), and data entry staff (3/90,
3%). Respondents had a mean of 3.3 (SD 2.0) years of
experience with the EHR and amean of 1.9 (SD 1.4) trainings
and 9.7 (SD 7.9) training days.

General Use of Technology

A large majority of respondents used mobile phones, with 82%
(74/90) using them “about half the time,” “most of the time”
or “al of the time” for texting, and 82% (74/90) similarly for
mobile data. Computer use outside of work was reported by
31% (28/90) and internet use by 49% (44/90). Clinicians
(physicians, nurses, and social workers) reported significantly
less use than technical staff (IT officers, data managers, and
data entry staff; P=.009 and P=.04, respectively).

Fraser et a

Trainingon EHR

Respondents agreed or strongly agreed that their training on the
EHR was effective (82/84, 98%), and they were confident in
using the EHR (81/87, 93%). However, 77% (66/86) of
respondents disagreed or strongly disagreed with the statement
“1 am generally not concerned making errors in EHR.” There
were no statistically significant differences in responses on
training between clinicians and technical staff. However, in
free-text comments, 81% (73/90) of respondents requested more
training. These requests included refreshers, training on new
modules or updates, and more practical hands-on training. There
were aso requests for training in reports and data analysis.
Mentorship, supportive supervision, or more technical backup
were regquested by many respondents.

Use of EHR Functions

Tables 1-7 show and summarize the results for the following
question: “Please indicate how often you use the EMR to assist
you with the following tasks.” Combining the categories most
of the occasions and always/almost always, the percentages for
common tasks were 56% (49/88) for creating new patient
records, 63% (56/89) for updating existing patient records, 40%
(36/89) for generating patient summaries before visits, 48%
(43/89) for reviewing previous patient encounters, 30% (21/69)
for ordering laboratory analyses, 43% (36/83) for viewing
laboratory results, 33% (25/75) for following test results over
time, 45% (38/85) for generating automatic reports, 45% (38/85)
for generating ad hoc reports (eg, quarterly or TracNET reports),
and 49% (41/84) for referring patientsto another health facility.
The results were 22% (18/82) for generating consult sheetsand
16% (14/85) for generating clinician summaries.

Table 1. Freguency of survey responses for Likert scale data: question 6 (n=90).

Question 6. How oftendoyoudo 1—never/amost 2—seldom,n(%) 3—abouthalfthe 4—most of the  5—aways/aimost Top 2 groups,

the following activities? never, n (%) occasions, n (%) occasions, n (%) aways, n (%) n (%)

Use amobile phoneto send text 5 (6) 3(3) 8(9) 40 (44) 34 (38) 74 (82)

messages

Use a mobile phone to access 5 (6) 2(2) 9(10) 44 (49) 30 (33) 74 (82)

email, internet, WhatsApp, or

Facebook

Use acomputer outside of work 28 (31) 5(6) 29 (32) 16 (18) 12 (13) 28 (31)

Access the internet to check 13(14) 13 (14) 20 (22) 27 (30) 17 (19) 44 (49)

email, go to websites, or any

other internet activities

Table 2. Frequency of survey responses for Likert scale data: question 10.

Question 10. Training Strongly diss Disagree, n (%) Neutral, n (%) Agree n(%) Strongly Top 2 groups,
agree, n (%) agree,n (%) n (%)

Thetraining | received relating to the EMR?was 1 (1) 1) 0(0) 21(25) 61(73) 82(98)

effective (n=84)

In general | am not concerned about making errors 36 (42) 30(35) 33 13 (15) 4(5) 17 (20)

inthe EMR (n=86)

| am confident using the EMR (n=87) 1(1) 4(5) 1(1) 42 (48) 39 (45) 81 (93)

3EMR: electronic medical record.
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Table 3. Freguency of survey responses for Likert scale data: questions 12 to 14.

Question Never/al- Seldom, Abouthalf  Mostof theoc- Alwaysal- Top2
most never, n (%) of theocca- casions, n (%) mostalways, groups,
n (%) sions, n (%) n (%) n (%)

12. Please indicate how often you use the electronic medical record to assist you with the following tasks.

Creating new patient records (n=88) 2(2 14 (16) 23 (26) 17 (19) 32(36) 49 (56)
Updating existing patient records (n=89) 3(3) 10 (11) 20(22) 26 (29) 30 (34) 56 (63)
Generating patient summaries before visits (n=89) 11 (12) 14(16)  28(31) 21 (24) 15(17) 36 (40)
Reviewing previous patient encounters (n=89) 6 (7) 13 (15) 27 (30) 21 (24) 22 (25) 43 (48)
Ordering laboratory analyses (n=69) 32 (46) 5(7) 11 (16) 12 (17) 9(13) 21 (30)
Viewing laboratory results (n=83) 22 (27) 7(8) 18 (22) 19 (23) 17 (20) 36 (43)
Following test results over time (n=75) 32 (43) 4(5) 14 (19) 15 (20) 10 (13) 25(33)
Ordering medicine (n=65) 50 (77) 35 5(8) 2(3) 5(8) 7(11)
Generating pharmacy reports (n=79) 54 (68) 4(5) 709 709 709 14 (18)
Generating automatic reports (n=85) 31 (36) 8(9) 8(9) 14 (16) 24 (28) 38 (45)
Generating ad hoc reports (n=85) 34 (40) 2(2 11 (13) 13(15) 25 (29) 38 (45)
Generating consult sheets (n=82) 47 (57) 5(6) 12 (15) 12 (15) 6 (7) 18 (22)
Generating clinician summaries (n=85) 48 (56) 8(9) 15 (18) 8(9) 6(7) 14 (16)
Referring patients to another health center (n=84) 20 (24) 6 (7) 17 (20) 14 (17) 27 (32) 41 (49)

13. All considered, how often do you usetheelectronicmedical 13 (15) 10(11) 29(33) 38 (40) 1(1) 37 (42)

record as an information source in your clinical work? (n=89)

14. All considered, how often do you use paper-based medical  4(4) 4(4) 13 (15) 61 (69) 7(8) 68 (76)

records as an information source in your clinical work? (n=89)

Table 4. Frequency of survey responses for Likert scale data: question 16.

Question 16. Please tell usthe degreeto which you agreeor dis-  Strongly dis- Disagree, Neutral, Agree, n(%) Strongly Top 2 groups,

agree with the following statements about the EMR®. agree, n (%)  n (%) n (%) agree, n (%) n (%)

| am able to find where to document care (n=84) 6 (7) 34 4(5) 49 (58) 22 (26) 71 (85)
In general it is easy to correct errorsin EMR (n=89) 4(4) 19 (21) 2(2 44 (49) 20(22) 64 (72)
In general the screen display is easy to read (n=89) 1(2) 22 1(1) 38 (43) 47 (53) 85 (96)
The content is laid out in an understandable way (n=89) 1(1) 6(7) 5(6) 53 (60) 24.(27) 77 (87)
It is easy to retrieve patient recordsin the EMR (n=89) 1(2) 4(4) 1(1) 44 (49) 39 (44) 83(93)

3EMR: electronic medical record.

Table 5. Frequency of survey responses for Likert scale data: question 18.

Question 18. Please tell us the degree to which you agree or Never/al- Seldom, Abouthaf  Mostoftheoc- Always/a-  Top2

disagree with the following statements about the EMR?. most never,  n (%) of theocca-  casions, n(%)  mostalways, groups,
n (%) sions, n (%) n (%) n (%)

The EMR provides useful alerts, reminders (n=82) 5(6) 7(9) 6(7) 36 (44) 28 (34) 64 (78)
The EMR makes it easier to manage patients (n=90) 0(0) 2(2) 1(1) 37 (41) 50 (56) 87 (97)
The EMR easier to make informed decisions (n=90) 1(1) 33 1(1) 40 (44) 45 (50) 85 (94)
The EMR makes it easier exchange patient information with 0 (0) 21 (23) 5(6) 34 (38) 30(33) 64 (71)
other health care providers (n=90)

The EMR isworth the time and energy to use (n=90) 0(0) 1(1) 0(0) 44 (49) 45 (50) 89 (99)
Thequality of information hasimproved duetothe EMR (n=90) 0 (0) 33 4(4) 50 (56) 33(37) 83 (92

3EMR: electronic medical record.
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Table 6. Frequency of survey responses for Likert scale data: question 20.
Question 20. Please tell usthe degreeto which you agreeor dis-  Strongly dis- Disagree, Neutral, Agree, n(%) Strongly Top 2 groups,
agree with the following statements about the EMR®. agree, n (%)  n (%) n (%) agree, n (%) n (%)
It is easy to report problems with the EMR (n=89) 7(8) 17 (19) 22 45 (51) 18 (20) 63 (71)
| get feedback when | report errors or problems withtheEMR 7 (8) 23 (26) 6(7) 45 (51) 8(9) 53 (60)
(n=89)
Effective help is available when | experience problemswith the 9 (10) 28 (31) 33 40 (45) 9(10) 49 (55)
EMR (n=89)
| use the EMR because of the proportion of coworkerswhouse 11 (13) 37 (43) 33 27 (31 8(9) 35(41)
it (n=86)
My supervisor is very supportive of use of the EMR for my job 7 (8) 9(10) 6(7) 39 (44) 28 (31) 67 (75)
(n=89)
In general, the Ministry of Health has supported the use of the 1 (1) 2(2 33 49 (54) 35(39) 84 (93)
EMR (n=90)
3EMR: electronic medical record.
Table 7. Frequency of survey responses for Likert scale data: question 22.
Question 22. Indicate how often you experience thefollowing: Never/al- Seldom, Abouthaf Mostoftheoc- Always/a-  Top2
most never, n (%) of theocca- casions, n (%) mostalways, groups,
n (%) sions, n (%) n (%) n (%)
How often can you count on EMR?to be up and available? 2 (2) 4(5) 16 (18) 29 (33) 37(42) 66 (75)
(n=88)
How often is grid electricity present? (n=90) 3(3) 33 10 (11) 38 (42) 36 (40) 74 (82)
How often is the backup generator available? (n=88) 52 (59) 3(3) 3(3) 4(5) 26 (30) 30 (34)
How often is there internet? (n=89) 12 (13) 2(2) 19(21) 20 (22) 36 (40) 56 (63)
How often is there cellular network coverage? (n=85) 27 (32 6(7) 11 (13) 13(15) 28 (33) 41 (48)
How often is acomputer available when you needto usethe 4 (4) 2(2) 6 (7) 12 (13) 65 (73) 77 (87)
EHR®? (n=89)
How often isthe EHR very slow? (reverse scale; n=88) 31(35) 15 (17) 29 (33) 9(10) 4(5) 13 (15)

3EMR: electronic medical record.
PEHR: dlectronic health record.

Staff in intervention sites were significantly more likely to use
the EHR for “Updating existing patient records’ (P=.04),
“Generating patient summaries before visits’ (P<.001),
“Viewing laboratory results’ (P=.04), and “ Generating clinician
summaries’ (ie, on-screen summaries, P=.01). Clinician
responses indicated that they carried out the following tasks
significantly lessfrequently than technical staff: “ Creating new
patient records’ (P=.02) and “ Updating existing patient records”
(P=.04).

A total of 42% (37/89) of respondents stated that they used the
EHR aways/almost always or most of the time, as opposed to
76% (68/89) for the paper records. They agreed or strongly
agreed >85% (71/84) of thetime (Tables 1-7) with thefollowing
statements about the EMR: “I can find whereto document care,”
“The screen displays are easy to read,” “Content lay out is
understandable,” and “It is easy to retrieve records in EHR.”
For the statement “It is easy to correct errors in EHR/
agreement was 72% (64/89).

Respondents agreed or strongly agreed >90% (81/90) of the
timethat “the EHR makesit easier to manage patients medical
fileand patient’s medical follow up,” “the EHR makes it easier

https://medinform.jmir.org/2022/5/€32305

to make informed decisions,” “the EHR is worth the time and
energy to use,” and “quality of information has improved due
to the EHR.” For the statement “the EHR makes it easier to
exchange patient information with other health care providers,”
agreement was 71% (64/90). For the statement “the EHR
provides useful alerts and reminders,” agreement was 78%
(64/82) with significantly stronger agreement in theintervention
sites (P=.01).

Answers to questions on technical and user support received
mixed responses. Respondents agreed or strongly agreed with
these questions with the following scores: “It is easy to report
problems with the EHR,” 71% (63/89); “1 get feedback when |
report errors or problems,” 60% (53/89); “Effective help is
available with the EHR,” 55% (49/89); “| use EHR because of
the proportion of coworkers who use it,” 41% (35/86); “My
supervisor is very supportive of EHR use on the job,” 75%
(67/89); and “In general, the MOH supported the use of EHR,”
93% (84/90).
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Infrastructure

Infrastructure problems were a significant issue (Tables 1-7).
Thefollowing were stated to be available always/almost always
or most of the occasions. a computer when you need the EHR
(77/89, 87%), grid power (74/90, 82%), wired internet
connectivity (56/89, 63%), cellular internet (41/85, 48%), and
abackup generator (30/88, 34%). For the question “How often
can you count on EHR to be up and available?” response was
75% (66/88), with 18% (16/88) saying it was available about
half the time and 7% (6/88) almost never.

Table 8 shows the analysis of free-text comments. The most
frequent responses to the question “What are three functions

https://medinform.jmir.org/2022/5/€32305
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you like about the electronic medical record?’ were “to get
client data easily and/or quickly” (62/90, 69%), “it helps to
generatereliablereportsin ashort time” (39/90, 43%), “it stores
client information safely and/or securely” (31/90, 34%), and “it
helps to monitor clients on a daily basis’ (20/90, 22%). In
response to the question “What are three functions you do not
like about the electronic medical record?” most fregquent
commentswere " often unstable or blocked” (20/90, 22%), “hard
to correct errorsor unsubscribe patients” (11/90, 12%), “ cannot
work with OpenMRS outside the health facility/not online”
(9/90, 10%), and “poor internet” (6/90, 7%).
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Table 8. Responses to free-text questions on user likes and dislikes (n=90).

Fraser et a

Question, themes, and example comments

Value, n (%)

What are 3 functions you like about the electronic medical record?
Supports accessible and safe patient record keeping
Helps users to get client data easily and/or quickly

Stores client information safely and/or securely

62 (69)
31(34)

Supports patient care by providing needed infor mation on the patient

Provides derts
Makes managing patient data easier
“Simplifies my daily work”
Helpsto generatereports
Support generation of reports reliably and in a short time

Example comments

“It provides an alert regarding viral loads, CD4.” (intervention site)

“When it is well manipulated can reduce workload in the service”

“It indicates missing information in the client’sfile.”
“To identify client that do not respect their appointment.”

“Number of lost follow up.”

6(6)

14 (16)

39 (43)

N/A?
N/A
N/A
N/A
N/A

What are 3 functionsyou do not like about the electronic medical record?

System stability or unavailability
Often unstable or blocked
Lack of technical support
Poor internet connection
Lack of updatesfor key functionality or metadata
Lack of drugs listed in formulary
Lack of connectivity beyond individual health facilities

Cannot work with OpenM RS outside the health facility/not on the internet

Unable to track patient transfers
Error correction/editing
Hard to correct errors
Cannot unsubscribe patients
Example comments
“There are few nurses that use OpenMRS efficiently.”

“You cannot use OpenMRS out of working site”

“1 like OpenM RS but this new version there some information that cannot provide.”

“1 like OpenM RS but this new version there some information that cannot provide.”

“Blockage of OpenMRS affects my daily performance.”

20 (22)
7(8)
6(7)

3(3)

9 (10)
4(4)

7(9)
209

N/A
N/A
N/A
N/A
N/A

8N/A: not applicable.

Discussion

Principal Findings
Overdll, the results suggest that most users of OpenMRS at

Rwanda MoH health centers perceive the EHR as a valuable
tool for patient care and reporting activities. The responses

https://medinform.jmir.org/2022/5/€32305
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showed a high level of EHR use and acceptability across most
health centers despite the challenges of implementing EHR
systems in these environments. This finding provides
foundational evidenceto implementerswho have an urgent need
to understand how well EHRS can be scaled up to hundreds or
thousands of health facilities (addressing objectives on
performance and scalability). An unusual feature of the Rwanda
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OpenMRSimplementationisthelong interval sincethe original
deployment. Some MoH health centers have used the EHR
continuously for 8 or 9 years, with no major upgradesin control
sites for >5 years. Therefore, this study allows assessment of
the long-term performance of the EHR by typical users
(objective on sustainability). Such data are not available from
any existing studies that we are aware of, which have mostly
focused on larger hospitals in more controlled settings with
better infrastructure [11,22] or small numbers of test sites.

Responses to the 2 groups of questions most relevant to the
features of the enhanced EHR package showed, in the
intervention sites, more frequent use of core clinical tools,
including updating records, using patient summaries, and
viewing laboratory results. Significantly more respondents in
theintervention sites agreed that “ The el ectronic medical record
provides useful alerts and reminders,” indicating support for
more advanced EHR features added in the enhanced EHR.

There were some differences in the level of EHR use between
clinicians and technical staff, including core clinical activities
such as creating and updating records. Clinicians, as expected,
had less technical experience and were significantly lesslikely
to use computers outside work or accessthe internet for arange
of applications. These findings indicate the need for further
improvements in usability and workflow and in both IT and
EHR training for clinicians.

It isimportant to note that recent versions of OpenMRS have
greatly improved user interfaces and general functionality
[23,24] and are expected to have significantly higher scoresfor
usability and overall satisfaction. An up-to-date version of
OpenMRS was implemented in Rwandan district hospitals in
2020/2021.

Limitations

This survey was conducted through structured interviews with
al participants. The less confidential nature of interviews
compared with a web-based survey may have increased
desirability bias as staff were aware that the study was endorsed
by the MoH. There was a strong positive response on the
question of MoH support and on statements that the effort to
enter dataand use the EHR was worthwhile. However, on other
guestions such as infrastructure, including power and internet
connectivity, and availability of technical support, participants
were more mixed in their responses, and for the question “I am
generally not concerned making errors in EHR” they were
clearly prepared to admit that there were problems. Many made
clear that they had challengeswith using the EHR, and clinicians
would appear to rely on datamanagers and other technical staff
to assist with many activities. Free-text comments provided
critical insights into the actual experiences of staff, along with
many other issues related to usability, use, and the need for
training. The lack of significant differences in the experiences
of the clinicians and technical staff regarding many questions

https://medinform.jmir.org/2022/5/€32305
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may be partly due to the survey not being powered to show
small differences between these groups. Another limitation was
that the 112 sites selected for the broader study had better
hardware and evidence of more consistent data entry than the
others; therefore, EMR implementations described here may
perform better than the full set of EMR sitesin Rwanda.

Comparison With Previous Work

Previous studies of EHR usersin LMICshaveidentified arange
of experiences. Ojo [25] used the Delone McLean Information
Success Model in astudy of EHR usersin hospitalsin Nigeria
and showed that system quality and use were the most important
in determining EHR success [25]. Tilahun and Fritz [26]
conducted a similar study on the experience of users with an
EHR in hospitalsin Ethiopia. Compared with the survey in this
study, they showed high levels of dissatisfaction with the EHR
and low use levels owing to poor service quality (power
infrastructure, user support, training, and lack of computersin
the wards) and the need for double entry of data into the EHR
and paper records (also a problem in Rwanda) [26]. A survey
of the OpenClinic EHR users at the Kigali University Teaching
Hospital in Rwanda showed strongly positive user comments
on satisfaction and perception of data quality and usability
compared with paper records [11].

Conclusions

This survey provides evidence that EHR systems have become
an accepted component of HIV care delivery in Rwanda. Staff
were generally supportive of the system, although most wanted
further training, technical support, and better power and network
infrastructure. Staff at intervention sitesweremorelikely to use
or have positive experiences of key functionality that was
improved in the enhanced EHR. Asthissurvey ispart of alarger
evaluation study, the responses will be compared with results
from key informant interviews, the costing and data quality
studies, monitoring of server performance and use, and clinical
impact in the cluster RCT. Further surveysare planned for other
large-scale rollouts of OpenMRS in low-income settings,
building on the survey form and findings in this study. The
results are likely to be generalized to similar EHR systemsin
low-income settingsif they arewell tailored to the clinical needs
and workflow. They are also highly relevant to the critical need
for systemsto support accurate, timely, and analyzable primary
care data on patients in remote and very underserved clinicsin
low-income countries, replacing basic tools such as paper
registers. This should improve the clinical documentation, care,
reporting, and tracking of disease outbreaks, including
COVID-19.

Data Availability

The dataunderlying this paper cannot be shared publicly because
of the need for privacy of the individuals who participated in
the study. The datawill be shared upon reasonabl e request with
the corresponding author.
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Abstract

Background: Multiple chronic diseases in patients are a major burden on the health service system. Currently, diseases are
mostly treated separately without paying sufficient attention to their relationships, which resultsin the fragmentation of the care
process. The better integration of services can lead to the more effective organization of the overall health care system.

Objective: Thisstudy aimed to analyze the connections between diseases based on their co-occurrencesto support decision-makers
in better organizing health care services.

Methods: We performed a cluster analysis of diagnoses by using data from the Finnish Health Care Registers for primary and
specidized health care visits and inpatient care. The target population of this study comprised those 3.8 million individuals
(3,835,531/5,487,308, 69.90% of the whole population) aged =18 years who used health care services from the years 2015 to
2018. They had atotal of 58 million visits. Clustering was performed based on the co-occurrence of diagnoses. The more the
same pair of diagnoses appeared in the records of the same patients, the more the diagnoses correlated with each other. On the
basis of the co-occurrences, we calculated therelative risk of each pair of diagnoses and clustered the data by using agraph-based
clustering algorithm called the M-algorithm—a variant of k-means.

Results: The results revealed multimorbidity clusters, of which some were expected (eg, one representing hypertensive and
cardiovascular diseases). Other clusters were more unexpected, such asthe cluster containing lower respiratory tract diseases and
systemic connective tissue disorders. The annual cost of all clusterswas€10.0 billion, and the costliest cluster was cardiovascular
and metabolic problems, costing €2.3 hillion.

Conclusions: The method and the achieved results provide new insights into identifying key multimorbidity groups, especially
those resulting in burden and costs in health care services.

(IMIR Med Inform 2022;10(5):€35422) doi:10.2196/35422

KEYWORDS

multimorbidity; cluster analysis; disease co-occurrence; multimorbidity network; health care data analysis; graph clustering;
k-means; data analysis; cluster; machine learning; comorbidity; register; big data; Finland; Europe; health record

: In many service systems, diseases are mostly treated separately
Introduction without paying sufficient attention to their relationships, which
M ultimor bidity _results .i n the frggmentation of the care process. .Be'Fter

integration of services can lead to amore effective organization
of the overall health care system. To support this, we analyzed

Multiple chronic diseases in patients are amajor burden to the
health service system in terms of both service use and costs[1].
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the connections between diseases based on their co-occurrence
and performed a clustering analysis to identify multimorbidity
patterns.

Multimorbidity is often defined asthe coexistence of =2 chronic
conditions within a patient [2,3]; however, the number of
medical conditions included in this definition ranges widely
[4]. Systematic reviews have shown that multimorbidity reduces
self-rated health, quality of life, and functional ability and
increases the risk of premature death, hospitalization, and use
of health services, causing a substantial economic burden for
societies and health care systems [5]. Wang et al [6] reported
that multimorbidity cases, defined as patients with >2 chronic
conditions, have 2 to 16 times higher costs than
nonmultimorbidity cases. Brettschneider et a [7] analyzed the
impact of 45 conditions on health-related quality of life. The
authors measured multimorbidity using aweighted count score
and assessed its association with decreasesin the health-rel ated
quality of life. The strongest impact was observed in Parkinson
disease, depression, and obesity.

An active research area is the measurement of the severity of
multimorbidity. Stirland et a [8] reviewed 35 multimorbidity
measures. Most measures (25 of 35) intheir review were based
on simple (weighted or unweighted) counts of diseases; some
measures (4 of 35) used drug counts, and some (5 of 35) were
based on expert-generated grouping of diagnoses, mainly based
on frequencies. Such measures have been used to assess
mortality, health care use, cost, and quality of life.

Diagnosis Groups

Thenumber of possible multimorbiditiesistoo largefor human
analysts to examine them individually. In the case of only 205
diagnoses, there are 20,910 different pairs of diagnoses. It is
easier to analyzetheir connectionsby first dividing the diagnoses
into smaller groups that contain related diagnoses and then
examining only the connections between diagnoseswithin each
group. This effectively removes less relevant multimorbidities
from the data and alows us to show the connections in small
groups that are easy to anayze.

Diagnosis groups can also predict future costs for a patient.
Farley [9] discovered that simply counting the number of
diagnosis clustersto which a patient belongsisagood predictor
of high costsin the future. When combined with other measures
such as the number of prescriptions, it outperformed more
complex comorbidity indices such as the Charlson, Elixhauser,
and RxRisk-V indices[9].

Diagnosis groups were previously created manually by experts
by joining diagnoses of clinical similarity. Travers et a [10]
studied how well the 4 groupings covered emergency medicine.
Theauthors discovered that the Agency for Healthcare Research
and Quality grouping for inpatient care provides the best
coverage (99%), whereas the National Center for Hedlth
Statistics vital statistics grouping covers only 88%. They also
criticized that most clusters (76%) were small, and there were
large clusters containing dissimilar conditions. Open questions
include how to evaluate a cluster system and determine its
clinical relevance. Travers et a [10] further argued that a good
clustering system should collapse the individual International
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Classification of Diseases, Ninth Revision, Clinical Modification
(ICD-9-CM) codesinto clinically meaningful clusters.

The number of groups was also problematic. Schneeweiss et a
[11] argued that 367 clusters are too many for comparative
analysis, whereas 17 clusters are too broad for this purpose. The
authors reduced the number of International Classification of
Diseases (ICD) categories to 110 diagnosis clusters by
cross-tabulation between the ICD-9-CM and International
Classification of Health Problems in Primary Care-2
classifications, covering approximately 90% of al diagnoses
of their records made by family physicians.

Clustering to Detect Multimorbidity Patterns

An alternative to the manual grouping of diagnoses is the use
of computer algorithms to create groups. A cluster is a group
of objects that are similar to each other, whereas objects in
different clusters are expected to be far from each other or at
least less similar than those in the same cluster [12]. Clustering
can be used to detect multimorbidity patterns by grouping either
patients or diseases [13]. If we group the diagnoses, one
diagnosis belongs to only one cluster, whereas a patient can
belong to several clusters. If we group the patients, the reverse
is true: one diagnosis can belong to several groups, but one
patient can belong to only one cluster. This study focused on
grouping diagnoses.

The data used in clustering can be either numerical values or
text. Here, we follow the study by Hidalgo et a [14] and
represent the diagnoses as nodes and their relationships aslinks
in anetwork. We refer to this as the multimor bidity network. In
this network, the weight of the links between 2 diagnoses
measures how strongly they correlate in a patient record
database.

Although clustering algorithms have been widely used el sewhere
in health care, the existing literature lacks reliable, automatic,
and computer-generated clusters. Estiri et a [15] used clustering
to detect anomalies in hedth records by combining
agglomerative clustering with a k-means agorithm. The idea
was to detect small clusters and flag them as anomalies. The
authorsreported asignificantly smaller number of false positive
cases than simple anomaly detection based on the SD and
Mahalanobis distance.

Huang et a [16] clustered patientsinto 5 clinically meaningful
groups based on the similarity of their diagnoses and the
geographical locations of the hospitals. Their motivation was
to build machine learning models trained for each group
separately to provide a better prediction of mortality and
intensive care unit stay time.

Kalgotra et a [17] used co-occurrence statistics to build a
multimorbidity network to study the disparity of gender. The
statisticswere extracted from the treatment data.of >22.1 million
patients. They created networks separately for men and women
and compared the structures of the 2 networks. The networks
of female patients had more connections with mental health.

Folino et a [18] clustered patients based on a multimorbidity
network built using co-occurrence statistics. They used the
k-means clustering algorithm with Jaccard distance. A
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representative of each cluster was chosen as the set of all
diseases whose relative frequency in the cluster exceeded a
user-defined threshold (eg, 0.8). Clustering was used to predict
future diseases and was tested using the records of 1462 patients
from asmall town in South Italy.

In the study by Folino and Pizzuti [19], the same prediction
system was revised using common neighbors in the network.
Records of 2541 patients from 2000 to 2009 were used to build
a network from ICD-9-CM codes. The resulting network
contained 492 nodes and 21,676 connections. A total of 2
separate subnetworks were created. The first included only
connections with a relative risk (RR) value of >20 (2330
connections), and the other included those with a Pearson
correlation value of <0.06 (7242 connections). Future patient
diseases were predicted by calculating the number of common
neighbors shared by the 2 diseases.

Ding et a [20] extended the previous prediction model using
ICD, 10th Revision (ICD-10) and demographic data. On the
basis of data collected between 2007 and 2014 in an (unnamed)
provincial capital in China, they reported that 71% of acute
diseases and 82% of chronic diseases were predictable.

John et al [21] applied clustering to 1039 American Indians
using datafrom an interview-based questionnaire. Cornell et al
[20] used ICD-9 codes from data obtained from administrative
databases of primary care clinics. Marengoni et a [22] used
electronic medical records of the acute carewards of 38 internal
medicine and geriatric wardsin Italy in 2008.

Marengoni et al [22] calculated clusters of diseases to detect
groups of patients at risk of in-hospital death. Their data
comprised 1332 older people hospitalized in acute care wards.
This small data set had 19 diagnoses, which were grouped into
8 clusters using a correlation matrix and average linkage
agglomerative clustering. The results included 4 clusters
comprising a disease and its possible consequences. For
example, diabetes is clustered with cerebrovascular diseases
and coronary heart diseases, thyroid dysfunction with anxiety,
and chronic renal failure with anemia. The combination of
chronic renal failure and anemia had the highest likelihood of
in-hospital death, with an odds ratio of 6.1.

Most existing studies on clustering are based on hierarchical
agglomerative methods using heuristic criteria, either average
or complete linkage [13]. Wartelle et a [23] extended
hierarchical agglomerative clustering by directly optimizing
clustering using RR. By default, thisis a more solid approach
than any linkage criterion (single, average, or complete). They
applied the method to data collected from the emergency
department (ED) of Troyes Hospital in Eastern France during
a2-year period between 2017 and 2019. A network comprising
151 ICD-10 blocks was created using 114,391 hospital visits
of 72,666 patients.

Proposed M ethodology

In this study, instead of agglomerative clustering, we applied a
k-means—based algorithm. Previously, k-means clustering was
used for clustering patients [24]. We applied the algorithm for
clustering diseases using data comprising 45 million health care
visits covering al public health service use (both primary and
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secondary care) of the population aged =18 yearsin the entire
of Finland from 2015 to 2018. This data set is significantly
larger than that used in any of the previous studies.

We constructed a multimorbidity network comprising diseases
represented as blocks of the ICD-10 codes. Correlated diseases
were in the network. The strength of the links between the
diseases was measured using RR, which estimates how much
higher the observed prevalence is in relation to the expected
prevalence. Clustering was used to find multimorbidity patterns
by dividing the network into subgroups with high RR values
within. These groups can contain previously unknown
multimorbidity patterns.

Similar to the study by Wartelle et al [23], our study was also
based on RR. However, there were 2 main differences. First,
the agglomerative clustering algorithm in the study by Wartelle
et a [23] needs to access the original data after each merge to
recalculate the RR values, which is very time consuming with
large data. We constructed the network only once, without any
need to accessthe original data after that. This approach scales
better as the network is remarkably smaller than the original
data (205 nodes vs 58 million patients). K-means itself may
require multiple runs[25] to create accurate clustering; howeve,
we avoided this by using a more robust derivation called the
M-algorithm [26].

The second difference is that the results of [23] were obtained
from emergency visits. Although the resulting clusters could
be valid in this context, the generated clusters were different
from those obtained from all general health care visits.

The main contributions of our paper can be summarized as
follows:

«  We use a k-means-based algorithm called M-algorithm,
which has been shown to provide highly accurate clustering
with controlled validation data sets and scaling up to
large-scale data [26].

«  Weuseinverse internal weight (11W) in the network as a
cost function asit has been shown to provide more balanced
cluster sizes than other alternatives [26].

«  We apply the algorithm to large-scale data comprising 58
million health care visits in all of Finland from 2015 to
2018.

«  We make the data publicly available on the University of
Eastern Finland website [27], including the multimorbidity
network and the clusters.

These contributions directly support several of the goas
described by Whitty and Watt [28]. These objectives include
strengthening statistical methods to detect clusters, applying
them to large data sets, and treating clusters of diseases more
effectively. In this paper, we describe the content of the
generated clusters and their relationships with nearby clusters.
We report the most significant observations and their effects
on both service use and costs in the health care system. The
study follows the TRIPOD (Transparent Reporting of a
multivariable prediction model for Individual Prognosis or
Diagnosis) guidelines [29] for all relevant items except those
related to prediction.
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Methods

Overview

Graph clustering has been used in physics [30,31], engineering
[32], image processing [33], and medical [34] and socid
sciences [35]. The technique has several names, including
network community detection [36-42], graph clustering [43] or
graph partitioning [33,44,45]. These methods can be directly
applied to diseases by considering the co-occurrence matrix of
diseases as a graph.

By grouping data into meaningful clusters and finding
co-occurring diagnoses, it is possible to plan the treatment
processes of multimorbid patients and the resources needed in
service provision. Itisknown that diseases often cluster because

Table 1. Summary of the patient database.

Franti et al

of a common risk factor; however, only a small number of
possible clusters and the connections between the clusters are
well known [28].

Data

A summary of the patient record database is presented in Table
1. The data were extracted from the National Administrative
Care Register for Heath Care, covering al inpatient and
outpatient primary and specialized care between 2015 and 2018.
Finnish health care registers include data on the patient’s age,
gender, and the municipality of residence, aswell asinformation
concerning the service event, such asthe type of contact (visit,
phone call, or inpatient admission) and reason for the visit,
treatment, and procedures. Reasons for visits were recorded
using ICD-10 or International Classification of Primary Care,
second edition codes.

Data Values
Entire database
All patients, n (%) 4,280,985 (100)
Patients with 1CD-10% codes 3,987,382 (93.14)
Timerange 2015 to 2018
Total visits, n (%) 311,721,962 (100)
Visits with ICD-10 codes 69,306,854 (22.23)
Number of diagnoses per visit, mean 16
Total cost of all visits per year (€°) 9685 million
Included in clustering
Visits, n (%) 58,391,604 (18.73)
Costs per year (€) 6596 million
Cost of patient per year (€), mean (SD) 2538 (6478)
Patients, n (%) 3,835,531 (89.59)
Patients per year, mean (SD) 2,536,944 (37,494)
Gender, n (%)
Women 2,062,110 (54)
Men 1,773,419 (46)
Age (years), median 54
Patients aged >70 years, n (%) 943,717 (25)

8 CD-10: International Classification of Diseases, 10th Revision.
ba currency exchange rate of €1=US $1.09 is applicable.

The entire patient record database contains information on 4.3
million patients aged >18 years. For the cluster anaysis, we
only included patients with a medical diagnosis (excluding
external cause diagnoses), which totaled 3.8 million. The full
database included approximately 312 million contacts with
health services. The visits were divided into 272,090,337
contacts with primary care services and 39,631,625 contacts
with special care services. Primary care contacts included
142,874,297 home visits, 71,658,708 visits to a health center,
26,849,249 phone calls, and 30,708,083 other types of contacts.

https://medinform.jmir.org/2022/5/€35422
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For the clustering analysis, from all the visits (311,721,962),
we included only those having ICD-10 diagnoses recorded
(n=69,306,854 [22.23%)]). We excluded all the symptom codes
(RO0-R99); external causes for injuries, diseases, and deaths
(V01-Y92); and health factors and contacts to the service
providers (Z00-ZZB), as they do not represent any disease
themselves, aswell as specia diagnosiscodes (U00-U99). After
filtering these out, the remaining data included 18.73%
(58,391,604/311,721,962) of visits.
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The costs for each diagnosis were calculated using the
computational standard cost [46,47] using patient grouping
methods and standard unit costs calcul ated from national-level
cost accounting projects. Hospitalizations and hospital outpatient
visitswere grouped using the Nordic Diagnosis-Related Groups
grouper. The Nordic Diagnosis-Related Groups cost weights
for hospitalizations and outpatient visits were based on
individual-level cost accounting datafrom several hospitalsand
were used in the national price lists by the Finnish Institute for
Health and Welfare [48]. The unit cost estimates for each type
of primary care contact were obtained from the national standard
price list for primary care encounters. The unit cost estimates
for social care encounters and community care bed-days were
derived from the national price list for the unit costs of health
care servicesin Finland.

Thetotal annual health service cost in Finland during the period
2015t0 2018 was€9685 million for atotal of 311 millionvisits.

Table 2. Ways of measuring disease connectivity.

Franti et al

A currency exchange rate of €1=US $1.09 is applicable. The
cost estimation for the data used in the cluster analysistotalsto
€6596 million per year. The annual cost of each year had an
increasing trend between 2015 and 2017 but decreased in 2018:
€6579 million (2015), €6626 million (2016), €6723 million
(2017), and €6455 million (2018). Some changes may have
originated from changes in recording practices. In addition,
patients who were hospitalized for longer periods (weeks or
months) were not included in the 2018 data if they were not
discharged by the end of 2018.

Measuring RR

There are several possibilities for measuring the strength of the
relationship between 2 diseases (Table 2). These include ¢
correlation (Pearson correlation) [14,34], co-occurrence
correlation [49], Jaccard coefficient [50], Yule Q [21,22], Salton
cosine index [17], and multiple variants of RR [18,19,26]. For
agood review, refer to the study by Srinivasan et al [49].

[14,18,34] (slight variation [52])

Name Formula® References
Relativerisk 1 E [14,51]
Relativerisk 2 E [18]
Relativerisk 3 = (52]
Co-occurrence correlation E [49]

B

@-correlation

3N: number of patients; Py: number of patients with diagnosis x (prevalence); Pyy: number of patients with both diagnosis x and y (prevalence); E[xy]:
expected frequency of xy; p(x)=Px/N: probability of arandom patient having a diagnosis x; p(xy)=Px,/N: probability of a random patient having both

diagnosisx and y.

Several authors[17,23,49] have noted that the existing measures
contain biases. For example, RR overemphasizesthe connection
between infrequent diseases. The Pearson correlation
underestimatesthe relationship between common and infrequent
diseases. Owing to these problems, Srinivasan et a [49] ended
up proposing their own method, called co-occurrence
correlation.

We used RR (variant 1 in Table 2) as this measure has been
widely used in the literature, and its values are clear to
understand. It has been used previously by several authors
[14,18,23] to study the relationship between diagnoses. It can
also be used for other purposes; for example, to study market
baskets [51].

https://medinform.jmir.org/2022/5/€35422

RR is defined based on the diagnoses’ prevalence, as follows:

@

Here, p(x) (P/N) and p(y) (P,/N) are the probabilities that a
randomly chosen patient has diseases x and y, respectively, and
P(xy) (Py/N) is the probability that a randomly chosen patient
has both diseases. E[xy] isthe expected frequency of xy. Figure
1 demonstratesthe detailed calculation of the RR valuesin cases
of asthmaand sleep disorders. An RR value >1.0 indicates that
the 2 diseases are related.
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Figure 1. Example of measuring comorbidity by relative risk. Here, asthmaand sleep disorders are highly correlated. If they were independent of each
other, the probability of a person having both should be p(A) x p(B) = 0.18%, whereas their observed co-occurrence would be 0.49%. Therefore, the

relative risk to have both is 2.7 times higher than by random chance.

Asthma

Total patients: 3,987,382

199,770
A= —~ — 50
p( ) 3,987,382 5/0
144,793
S)= —— = 3.69
p( ) 3,987,382 %
Observed=19,836 Sleep
Expected=0.18%:3,987,382=7254 disorders
Expected (E) = p(A)-p(S) =5%"-3.6% =0.18%
Observed (0) = p(AS) =19,836/3,987,382 =0.49%
Relativerisk (RR) = O/E = 0.49/0.18 =[2.7

Most RR values are between 0.5 and 5.0; however, they can
also be>100. These outlier valueswould dominate the clustering
cost function optimization, and for this reason, we normalized
them to the range of (0,1) by using the following variant of the
generalized symmetrical sigmoid function [53]:

@

Multimor bidity Networ k

A multimorbidity network isformed by connecting all pairs of
diagnosesthat arerelated (Figure 2). Each nodein this network
corresponds to a medical diagnosis, and the strength of the
connections can be measured using RR, correlation, or other
methods. We used the name multimorbidity network following
the choice of Aguado et a [54]. This network has also been
called adisease co-occurrence network [48], phenotypic disease
network [14], comorbidity network [17], and disease
comorbidities network [34].

Figure 2. Multimorbidity network formed by finding related diagnoses for al diagnoses in the data set.

Two connected

diagnoses many others
Major depressive
disorder, single F43
episode

F19
F32
F33 F4
F32
F90
Attention-deficit F90

hyperactivity
disorders

Several previous studies used multimorbidity networks
[14,17,18,34,49,54]. In addition, Klimek et al [55] and Moni
and Lio [52] studied comorbidity associations, athough they
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did not explore much of the network analysis. Moni and Li0
[52] created R language software called comoR for disease
comorbidity risk analysis. Divo et a [34] studied chronic
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obstructive pulmonary disease for disease screening and
management. Folino et al [18] predicted future diseases based
on past medical history. Srinivasan et a [49] used a
multimorbidity network to extract featuresfor ahigh-cost patient
prediction. Hidalgo et al [14] aso published multimorbidity
network data (based on 13 million patients) [56].

We constructed a multimorbidity network (Figure 3 [57]) by
calculating the RR value for al pairs of diagnoses, including

Franti et al

those with an RR value >1.0 and at least 10 patients with both
diagnoses. The accuracy used for diagnoses was the subgroup
of the ICD-10 classification (eg, 120-125). We also filtered out
the diagnoses that indicated symptoms and external causes
(those starting with Z, W, Y, and R). After filtering, we obtained
205 disease subgroups in the graph (see Multimedia Appendix
1 for the full list).

Figure 3. The full network was overwhelming to analyze, with 205 disease subgroups and 14,254 connections overall. Here, we show only the 8895
connections with arelative risk of >1.5. Connections with relative risk >3.0 are drawn in bold. ICD-10 (International Classification of Diseases, 10th
revision) subgroups are represented by the first diagnosis of the group (Multimedia Appendix 1). The image was created by using the Gephi software
[56]. Only very tight groups such as pregnancy-rel ated diagnoses and tumors can be recognized from the network.

Tumors
(C codes)

P80

Clustering

Overview

The main motivation for clustering is that the multimorbidity
network is too large (205 nodes and 14,254 connections) for
detailed analysis. For thisreason, we clustered the graph to form
more compact entities of related diseases. The goal wasto assign
strongly related diseases to the same cluster but keep
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uncorrelated diseasesin different clusters. To achievethisgoal,
an evaluation criterion was necessary to measure the
effectiveness of clustering.

Cost Function

Instead of using heuristic criteria such as average or complete
linkage, it is better to define an exact cost function that the
clustering agorithm optimizes directly. When clustering
numerical data, atypical goa isto measure the compactness of
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the clusters. For example, both the Ward method and k-means
minimizethe sum of squared distances between the data objects
to the cluster mean (centroid). However, calculating the mean
of a subgraph is not possible directly but would require an
indirect solution such as vectorizing the nodes by graph
embedding [58]. Moreover, calculating the distance between 2
nodes is not possible if they are not connected. Therefore,
graph-specific cost functions have been devel oped to overcome
these issues.

Three cost functions were evaluated in the study by Sieranoja
and Franti [26] with controlled data—conductance, mean
internal weight, and I1W. The last function produced the most
accurate clustering result with balanced cluster sizes and was
therefore chosen in this study aswell. When k is the number of
clusters, W, isthe internal weight of cluster i, and M isthe total
weight (mass) of the entire graph, the cost is calculated as
follows:

Franti et al

@

In multimorbidity network analysis, it is desirable to have
clustersof approximately the same size. Thiscould be controlled
by specifying the number of clusters. As the cost function
induces balanced cluster sizes, we aimed to group N nodesinto
k clusters of size N/k=n. In our case, we had N=205 diseases
and k=15 clusters with 205/15=13.7 diseases, on average. This
sizewas sufficiently small to allow usto investigate the clusters
manually.

Clustering Algorithm

We used the recently developed M-algorithm in [26], which
combines a k-means type of iterative optimization with an
additional merge and split strategy to escape from local minima
(Figures 4-5). The I1W was the recommended cost function.

Figure 4. The M-algorithm merges 2 random clusters, splits 1 random cluster, and fine-tunes the result by using the K-algorithm. The network in this

example is the k-nearest neighbors graph of the presented 2D data set.

Repeat

K-means uses two optimization steps. assignment and centroid
steps. Inthe assignment step, every point isplaced inthe cluster
whose mean (centroid) is closest. However, the assignment of
points is not independent of the assignment of other points.
Their joint effect may cause the cost value to fluctuate so that
thetota valueincreases even if the single assignment decreases.
To avoid this problem, we used the sequentiad variant of
k-means, where every assignment has an immediate effect on
the centroids. This technique prevents fluctuations.
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Thek-meansvariant applied to graphsis called the K-algorithm,
which is similar to the original k-means algorithm but without
centroids. The distance calculations were replaced by directly
evaluating the effect of the assignment on the cost function.
Most cost functions are based on maximizing the weightsinside
the cluster or minimizing external weights. Therefore, the effect
of anodejoining acluster can be calculated using only itsedges
and the size of the cluster.

The K-algorithm iteratively improves the initial solution by
sequentially processing the nodes in random order. For each

JMIR Med Inform 2022 | vol. 10 | iss. 5 [€35422 | p.157
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

node, the method considers all clusters and checks whether
changing the partition of the node improves the cost function.
If it does, the cluster assignment is changed. After all the nodes
have been processed, the algorithm starts another iteration. The
iterations continue until no changes occur.

The M-algorithm differsfrom the K-algorithm in the additional
merge and split step. The M-algorithm first merges 2 random

Figure5. Pseudocode for the M-algorithm.
MergeAndSplit (graph,k,R)
INPUT:

graph (with N nodes)

k = number of clusters

R = number of repeats
1 cluster =
2 FOR i=1:R

K algo (graph, NULL, k)

Franti et al

clustersand then splits 1 random cluster. The clustering solution
isfine-tuned using the K-algorithm. If the new solution improves
the cost function value, it is kept as the current solution;
otherwise, the process continues from the previous solution.
The merge and split process is repeated depending on the
amount of computation time required. The pseudocode for the
algorithm is presented in Figure 5.

3 newClu = cluster

+ |(@,B) = choose randomly Merge clusters A and B

5 newClu = MERGE (newClu, A,B)

6

7 // Perform a split

8 cluId = RAND(1,k) $

S unbalanceFactor = RAND(0.05,0.85) Spllt CIUSter
10 growSize = unbalanceFactor*SIZE (cluld)
11 seedId = random node from cluster cluid
12 newClu = GrowCluster (graph,newClu,cluld, seedId,growSize)
13
14 newClu = K algo(graph,newClu, k)
15 IF cost (graph,newClu) > cost(graph,cluster) // improvement
16 cluster = newClu

17 RETURN cluster

As the network itself is quite small (205 diagnoses), the
clustering algorithm takes only alittletime. Thetime complexity
of the M-algorithm is O(RIN[ k+ |E|/N]), where Ris the number
of repeats, N isthe number of diagnoses (nodes), kisthe number
of clusters, |E|/N isthe average number of connectionsfor each
node (diagnosis), and | is a small number that reflects the
number of iterations to converge. We ran the M-algorithm for
20,000 repeats, which took 27 minutes (single thread) on an
Intel Xeon(R) W-2255 CPU at 3.70 GHz. The bottleneck was
the O(N,) network construction, which needed to process al

N,~=58 million patient visits and took 52 minutes.

The number of clusters, k, must be fixed by the researcher
beforehand. A small nhumber is likely to generate large mixed
clusters of many diseases, thereby |osing the capability to make
meaningful observations. A large number of clusters tend to
mainly cluster diseases from the same |CD group, which might
lose the chance to detect relevant multimorbidity patterns. We
tried clustering with several different k values and chose k=15
as it produced clusters of convenient size for analysis in the
form of similarity matrices.

It is also possible for the algorithm to recommend the number
of clusters using a suitable cluster validity index that measures

https://medinform.jmir.org/2022/5/€35422

RenderX
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the ratio of within-cluster and between-clusters similarities, as
inthe study by Zhao and Franti [59]. Wartelle et a [23] derived
a validity index from RR and obtained k=16 clusters in their
data. We used the silhouette coefficient [60] for our data, and
intherange of 5 to 25, it obtained k=17 clusters. They are both
close to our choice of k=15.

Ethics Approval

Permissionto usethe register datawas obtained from the Finnish
Institute for Health and Welfare. All methods were carried out
in accordance with relevant guidelines and regulations or
declaration of Helsinki. The Finnish legidation (Act 552/2019)
do not require informed consent for register-based research
when study is solely based on registers and the study is
considered to be of public health importance.

Results

RR M easurements

Table 3 showsthe 10 pairs of disease subgroupswith the highest
RR values. They are diagnoses with the highest probability of
appearing jointly relative to the expected probability with the
independent assumption. Some connections are obvious, often
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representing the same or closely related conditions (C40-C41
and C45-C49). Some have known explanations in medical
science (F70-F79 and Q90-Q99) or aclear causal relationship
(D80-D89 and NOO-NO08). There are also connections with
smaller RR valuesthat are not so obvious at first sight; however,

Table 3. The 10 disease pairs with the highest relative risk (RR) valuea.

Franti et al

they are clinically meaningful (126-128 and M30-M36). In
addition to using the ICD-10 subgroups, we calculated the RR
valuesfor diagnoseswith 3-character precision. Some RR values
<1.0werealsofound for diagnoses such asE10 and E11, which
are exclusive to each other.

DiagnosisA Diagnosis B RR Count
(n=3987,
382%), %
Code Description Code Description
A80-A89 Virad infectionsof the central nervoussystem GO00-G09 Inflammatory diseases of the central ner-  170.1 484 (0.01)
VOous system
A15-A19  Tuberculosis B90-B94 Sequelae of infectiousand parasiticdiseases  110.7 132 (0.00)
C40-C41  Malignant neoplasms of bone and articular ~ C45-C49 Malignant neoplasms of mesothelial and ~ 98.3 107 (0.00)
cartilage soft tissue
T20-T25  Burnsand corrosions of external body sur-  T29-T32 Burnsand corrosionsof multipleand unspec-  91.0 893 (0.02)
face, specified by site ified body regions
F70-F79 Mental retardation Q90-Q99 Chromosomal abnormdlities, not elsewhere  79.7 945 (0.02)
classified
G35-G37  Demyelinating diseases of the central nervous H46-H48 Disorders of optic nerve and visual path-  50.7 811 (0.02)
system ways
D80-D89  Certain disorders involving the immune NO0O0-NO8 Glomerular diseases 47.2 2386 (0.06)
mechanism
J85-J86 Suppurative and necrotic conditionsof lower  J90-J94 Other diseases of pleura 45.7 866 (0.02)
respiratory tract
N25-N29  Other disorders of kidney and ureter Q60-Q64 Congenital malformations of theurinary ~ 45.3 328 (0.01)
system
F70-F79 Mental retardation Q00-Q07 Congenital malformations of the nervous ~ 42.0 238(0.01)
system

3Full list is available on the University of Eastern Finland website [27].

Clustering Results

Theoveral clustering resultsare visualized asagraphin Figure
6. The graph shows connections within the clusters; however,
all connections between clusters have been eliminated for clarity.
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Figure 6. Clusters obtained from the multimorbidity network. Subjective labels of 6 clusters are also shown. This figure shows all 205 diagnoses and
only those 1144 connectionswith relativerisk 21.5. Caseswith arelativerisk of 23 are shown with thicker lines. International Classification of Diseases,
10th Revision, blocks are represented by the first diagnosis of the block (eg, F10-F19 by F10).

Pregnancy

We fixed the number of clustersto 15 for the M-algorithm [26].
Thisroughly matchesthe number 16 used in astudy by Wartelle
et al [23]. The main characteristics of the resulting clusters are
summarized in Tables 4 and 5. The strength of the associations
between the diagnosis subgroups inside the 2 example clusters

https://medinform.jmir.org/2022/5/€35422
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and the connections between the 2 clusters can be observed in
Figure 7. The number of patientsin each cluster, the number of
visits to health services, total costs, cost per visit, and cost per
patient are reported in Table 6.
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Table 4. Content of the 15 clusters (ICD-10a blocks) and their strengths as the mean RRb values of diagnoses within the cluster.

Cluster RR, mean ICD-10 codes

Cluster 1 11.3 085-092; 0O30-048; 020-029; 010-016; 0O60-0O75; 094-099; O80-084; P05-P08; PO0-P04; O00-
008; P35-P39; P90-P96; Q50-Q56; P70-P74; P50-P61

Cluster 2 8.1 B50-B64; NOO-N08; D70-D77; C81-C96; D55-D59; D80-D89; D65-D69; B99-B99; A15-A19; N17-
N19; B20-B24; K70-K77; K90-K93

Cluster 3 7.8 F70-F79; Q90-Q99; F80-F89; Q00-Q07; Q35-Q37; Q80-Q89; Q65-Q79; F90-F98; Q20-Q28; Q10-Q18;
H65-H75; H60-H62; KO0-K 14

Cluster 4 7.6 C40-C41; C45-C49; C76-C80; C30-C39; D37-D48; C69-C72; C00-C14; C51-C58; C64-C68; C73-C75;
C50-C50; C43-C44; D10-D36

Cluster 5 57 J95-J99; J85-J86; J90-J94; J30-J84; Q30-Q34; 126-128; J40-J47; BO95-B98; M30-M 36; J20-J22; E65-
E68; E20-E35; 180-189

Cluster 6 54 T36-T50; B15-B19; F60-F69; F10-F19; FO9-F99; T51-T65; F20-F29; F30-F39; T33-T35; T26-T28;
F40-F48; T20-T25; F50-F59; P10-P15

Cluster 7 4.8 E40-E46; E50-E64; D60-D64; 195-199; D50-D53; L55-L59; D00-D09; E15-E16; G60-G64; 170-179;
L10-L14; C60-C63; N40-N51

Cluster 8 4.6 G80-G83; G10-G14; J60-J70; G90-G99; FOO-F09; G70-G73; G30-G32; N10-N16; B90-B94; S70-S79;
M80-M85; G20-G26V G35-G37

Cluster 9 4.5 Q60-Q64; N25-N29; K65-K67; Q38-Q45; C15-C26; K80-K87; K55-K64; K40-K46; N20-N23; K20-
K31; K50-K52; AO0-A09; K35-K38

Cluster 10 4.3 GO00-G09; A80-A89; A90-A99; AB5-A69; MOO-M03; A30-A49; B25-B34; A20-A28; M05-M 14; BOO-
B09; LOO-L08; L40-L45; B35-B49; G40-G47; A75-A79

Cluster 11 3.8 H53-H54; H46-H48; H55-H59; H49-H52; H43-H45; H30-H36; H15-H22; H40-H42; H25-H28; HOO-
HO06; H10-H13; H90-H95; H80-H83

Cluster 12 3.0 TOO-TO7; T90-T98; T79-T79; S10-S19; S30-S39; S20-S29; T08-T14; T29-T32; S50-S59; S40-49;
S80-S89; S60-S69; S00-S09; T15-T19

Cluster 13 29 M95-M99; M40-M43; M45-M49; M86-M90; T80-T88; G50-G59; M15-M19; M20-M25; M50-M54;
M91-M94; M65-M68; M70-M79; N99-N99; M60-M63

Cluster 14 29 A50-A64; A70-A74; B85-B89; N70-N77; B65-B83; T66-T78; L50-L54; L20-L30; N80-N98; L60-L75;
J30-J39; N60-N64; J00-J06; S90-S99

Cluster 15 2.1 130-152; 120-125; 160-169; 110-115; L80-L99; 105-109; J09-J18; E70-E90; N30-N39; E10-E14; E00-EOQ7,

100-102; P20-P29; C97-C97; P80-P83

3 CD-10: International Classification of Diseases, 10th Revision.

bRR: relative risk.
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Table 5. Summarization of the cluster content with their age and gender distributions.

Franti et al

Cluster Dominant gender

Gender

Age (years),
median

Values, n
(%)

Age=70
years, %

Description

Cluster 1: pregnancy Women

Cluster 2: immune system  Men
and blood-forming organs

Cluster 3: mixed cluster; in-  Women
cludes mental disorders,
malformations, and ear and

oral cavity diseases

Women

Cluster 4: tumors

Cluster 5: lower respiratory  \Women
system

Cluster 6: mental and behav- Women
ioral disorders

Cluster 7: nutritional Men

Cluster 8: diseasesrelatedto  Women
aging

219,566 33
(99.68)

110,157 69
(50.79)

1,062,480 49
(55.13)

317,372 66
(62.64)

437,591 64
(59.13)

369,203 46
(58.30)

314,390 72
(66.98)

242,017 76
(59.83)

50

17

42

38

15

58

Pregnancy, childbirth and the puerperium (O codes), certain
conditions and disorders originating in perinatal period
(PO5-P08, POO-P04, P35-P39, P90-P96, P70-P74, and P50-
P61), and congenital malformations of genital organs (Q50-
56)

Infectious diseases strongly affecting the immune system
(B50-B64, B20-24, B99-B99, and A15-19); malignant
neoplasms of lymphoid, hematopoietic, and related tissue
(C81-96); diseases of thekidneys (N0O0-N08 and N17-N19),
liver (K70-77), blood, and blood-forming organs and disor-
ders of theimmune mechanism (D70-D77, D55-D59, D80-
D89, and D65-D69 [except nutritional and aplastic and
other anemias]); and other diseases of the digestive system
(K90-K93)

Mental retardation (F70-79) and disorders of psychological
development or unspecified disorder (F80-F89, F99-F99)
and congenital malformations (Q codes except for codes
for congenital malformations of the respiratory system,
digestive system, genital organs, and urinary system); dis-
eases of the ear (H65-H75 and H60-H62); and di seases of
the oral cavity, salivary glands, and jaws (K00-K 14)

Malignant neoplasms (all C codes, except codesfor malig-
nant neoplasms in digestive organs; male genital organs;
lymphoid, hematopoietic, and related tissue; multipleinde-
pendent sites) and benign neoplasms (D10-D36)

Lower respiratory tract diseases and related inflammatory
conditions (J95-J99, J85-J86, J90-J94, J80-J84, J40-J47,
and J20-J22); congenital malformations of the respiratory
system (Q30-Q36), pulmonary heart disease and diseases
of pulmonary circulation (126-128); bacterial, viral, and
other infectious agents (B95-B98); systemic connective
tissue disorders (M30-M 36), obesity (E65-E68) and disor-
ders of other endocrine glands (E20-E35); and diseases of
veins, lymphatic vessels, and lymph nodes not classified
elsewhere (180-189)

Mental and behavioral disorders and substance abuse
problems (F60-F69, F10-F19, F20-F29, F30-F39, F40-F48,
F50-F59, and F99); poisonings (T36-T50 and T51-T65)
and certain viral infections (B15-B19); and related burns
(T20-T25 and T26-T28), frostbite injuries (T33-T35), and
birth trauma (P10-P15)

Malnutrition (E40-E46) and nutritional deficiencies (E50-
64); anemias (D50-D53 and D60-D64); other and unspeci-
fied disorders of the circulatory system (195-199); certain
skin diseases (L55-L59 and L10-L 14); in situ neoplasms
(D00-D09); other disorders of glucose regulation and pan-
creatic internal secretion (E15-E16); polyneuropathies
(G60-G64); diseases of arteries, arterioles, and capillaries
(170-179); and diseases and malignant neoplasms of male
genital organs (C60-C63 and N40-N51)

Cerebral palsy, memory disorders, other diseases of the
central nervous system or neurodegenerative diseases (in-
cluded G-codes), lung diseases because of external agents
(J60-J70), organic mental disorders (FOO-F09), renal tubu-
lointertitial diseases (N10-N16), changesin bone structure
(M80-85) and injuries (hip and thigh S70-S79), and other
infections (B90-B94)
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Cluster

Gender

Dominant gender

Age (years), Age=70
median years, %

Values, n
(%)

Description

Cluster 9: mixed cluster; in-  \Women
cludes organ malformations

and digestive system disor-

ders

Cluster 10: infections and
inflammation

Women

Cluster 11: eye and ear Women

Cluster 12: injuries Men

Cluster 13: musculoskeletal  \Women
system

Cluster 14: mixed cluster;
includes sexually transmit-
ted, parasitic, and urinary
tract diseases

Women

Cluster 15: cardiovascular ~ Women

and metabolic

387,222 63 37
(54.07)

483,595 61 33
(53.55)

491,892 67 45
(58.89)

516,849 55 26
(51.27)

855,218 60 31
(58.69)

844,339 48 19
(65.79)

867,133 68 47
(56.22)

Congenital malformations of the urinary system and diges-
tive system (Q60-Q64 and Q38-Q45), some disorders of
thekidney and ureter (N25-N29) and genitourinary system
(N20-N23), diseases of the digestive system (all K codes,
except diseases of the oral cavity, salivary glands and jaw,
and diseases of theliver), malignant neoplasms of digestive
organs (C15-C26), and intestinal infectious diseases (A 00-
A09)

Inflammatory diseases (G00-G09)/viral infections (A80-
AB89) of the central nervous system, hemorrhagic fevers
(A90-A99), certain other infectious and parasitic diseases
(AB5-A69, A30-A49, A20-A28, A75-A79, BOO-B09, and
B35-B49), infectious arthropathies/inflammatory pol-
yarthropathies (M00-M03 and M05-M 14), infections of
the skin and subcutaneoustissue or papul osquamous disor-
ders (L0O0-L08 and L40-L45), and episodic and paroxysmal
disorders (G40-G47)

Diseases of the eye and adnexa (all H codes) and diseases
of the inner ear (H80-H83) and other disorders of the ear
(H90-H90)

Injuriesin different parts of the body (all S codes, except
injuries to the hip and thigh) and in multiple body regions
(TOO-TQ7) or unspecified parts (T08-T14 and T29-T32),
effects of foreign bodies entering through a natural orifice
(T15-T19), and some of their consequences (T79-T79 and
T90-T98)

Diseases of the musculoskeletal system and connective
tissue (all M codes, except infectious and inflammatory
arthropathies or poly arthropathies, systemic connective
tissue disorders, and disorders of bone density and struc-
ture); complications of surgical and medical care (T80-
T88); nerve, nerve root, and plexus disorders (G50-G59);
and other disorders of the genitourinary system (N99-N99)

Sexually transmitted diseases (A50-A64 and A70-A74),
parasitic diseases (B85-B89 and B65-B83), unspecified
effects of external causes (T66-T78), inflammatory diseases
of female pelvic organs (N70-N77), disorders of the breast
(N60-N64), noninflammatory disorders of the female gen-
ital tract (N80-N98), some diseases of the skin (L50-L54,
L 20-L 30, and L 60-L 75), acute and some other upper respi-
ratory infections (J30-J39 and JOO-J06), and injuriesto the
ankle and foot (S90-S99)

Diseases of the circulatory system (all | codes, except pul-
monary heart disease and diseases of pulmonary circulation
[126-128] and diseases of arteries and veins[170-179, | 80-
189, and 195-199]), other disorders of the skin and subcuta-
neous tissue (L80-L99), influenza and pneumonia (J09-
J18), metabolic disorders (E70-E90), disorders of the thy-
roid gland (EOO-EQ7), diabetes mellitus (E10-E14), other
diseases of urinary system (N30-N39), respiratory and
cardiovascular disorders specific to the perinatal period
(P20-P29), malignant neoplasms of independent (primary)
multiple sites (C97-C97), and conditions involving thein-
tegument and temperature regul ation of fetusand newborn
(P80-P83)
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Figure 7. Two example clusters and their connectionsin between. The numbers are relative risk values. High values and the red color signify stronger
relationships. The blocks are represented by the first diagnosis code (eg, T36 represents block T36-T50).

Cluster 6

T36 B15 F60 F10 F99 T51 F20 F30 T33 T26 F40 T20 F50 P10

T36 ----- 9.2 (8.1 104 3.7 59 3.7 51 T36-T50 Poisoning by drugs, medicaments and biological substances
BisEEll 1288 6.4 91 7.7 3.2 106 3.2 3.7 38 34 B15-B19 Viral hepatitis

Feo {8l 12.9 82 [127 3.7 |82 110 2.8 2.3 8.1 2.2 53 55 F60-F69 Disorders of adult personality and behaviour

F10 i8IS 1812 8.2 65 6.0 56 44 76 23 34 28 3.5 4.1 F10-F19 Mental and behavioural disorders due to psychoactive substance use
Fo9 {42 6.4 127 65 42 108 78 46 28 66 2.1 50 F99-F99 Unspecified mental disorder

751 [l 91 3.7 6.0 42 24 21 79[l 19 40 19 T51-T65 Toxic effects of substances chiefly nonmedicinal as to source

F20 92 7.7 82 56 . 24 38 45 16 29 14 25 3.0 F20-F29 Schizophrenia, schizotypal and delusional disorders

F30 81 3.2 [110 44 78 2.1 38 23 14 56 1.6 4.6 2.8 F30-F39 Mood [affective] disorders

T33 1041055 2.8 76 46 7.9 45 23 18 41 20  T33-T35 Frostbite

T26 3.7 32 23 23 28 [ 16 14 1.7l 15 T26-T28 Burns and corrosions confined to eye and internal organs

F40 59 3.7 81 34 66 19 29 56 18 1.7 16 4.2 2.4 F40-F48 Neurotic, stress-related and somatoform disorders

T20 37 3.8 22 28 21 40 14 16 4.1 |88 1.6 1L/ T20-T25 Burns and corrosions of external body surface, specified by site

F50 51 34 53 35 50 19 25 46 20 15 42 17 F50-F59 Behavioural syndromes associated with physiological disturbances ...
P10 55 4.1 30 28 24 P10-P15 Birth trauma

Cluster 12

TOO T90 T79 S10 S30 S20 T08 T29 S50 S40 S80 S60 S00 T15

ToO

T90 5.7
T79 6.7 56

$10 6.2 8.8 3.0
$30 59 4.0 3.2
$20 52 36 3.5
T08 5.7 3.6 5.7
T29 3.3 5.8 49
§50 36 3.8 3.5
S40 34 31 28
$80 29 3.0 4.7
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$00 3.3 2.8 2.1
T1517 14 23
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1.7 T00-TO7 Injuries involving multiple body regions

1.4 T90-T98 Sequelae of injuries, of poisoning and of other consequences of ext...

2.3 T79-T79 Certain early complications of trauma

1.8 S10-S19 Injuries to the neck

1.4 330-S39 Injuries to the abdomen, lower back, lumbar spine and pelvis

1.6 S20-S29 Injuries to the thorax

1.7 T08-T14 Injuries to unspecified part of trunk, limb or body region

2.3 T29-T32 Burns and corrosions of multiple and unspecified body regions
S50-S59 Injuries to the elbow and forearm

1.4 S40-S49 Injuries to the shoulder and upper arm

1.3 $80-S89 Injuries to the knee and lower leg

2.1 S60-S69 Injuries to the wrist and hand

1.3 S00-S09 Injuries to the head
T15-T19 Effects of foreign body entering through natural orifice

Between clusters 6 and 12

T36 B15 F60 F10 F99 T51 F20 F30 T33 T26 F40 T20 F50 P10
T007.256.163.774.852.743962.34248 - - 240 250 236 -
T90 4.59 5.75 3.14 4.04 2.86 2.61 1.66 2.28 6.02 2.14 2.01 321 2.00 -
T797.308213764482484.41208201989 - 168 403 1.96 -
$104.273.532.652.792.462.78 1.30 1.98 4.39 1.91 2.12 220 191 -
$303623.131.832661.79235162164249 - 144 1.90 1.79 -
$20 3.613.411.653.23 1.84 248 1.31 1.573.15 1.73 1.39 2.17 1.82 -
T084.323632.392752.14302148163 - - 157 228 1.86 -
T296.045593084.072645411.79206 - [ 1c4 191 -
$503.272521.982271.721811.411.41211 - 129 154 153 -
$402.40 1.831.37 2.351.291.94 1.231.26 2.40 1.51 1.15 1.66 1.52 -
$802.332.00 1.591.94 1.351.76 1.14 1.34 1.95 1.29 1.27 1.60 1.46 -
$602.802.411.822.001.61200 - 140223 1.94 1.44 2.10 1.491.98
S002.512.26 1.492.70 1.40 1.91 1.31 1.36 2.20 1.93 1.29 1.48 1.421.57
T151.501.501.191.221.281.620.88 - 230 538 - 244 1.11 -
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TOO0-TO7 Injuries involving multiple body regions

T90-T98 Sequelae of injuries, of poisoning and of other consequenc...
T79-T79 Certain early complications of trauma

S$10-S19 Injuries to the neck

S30-S39 Injuries to the abdomen, lower back, lumbar spine and pelvis
S20-S29 Injuries to the thorax

T08-T14 Injuries to unspecified part of trunk, limb or body region
T29-T32 Burns and corrosions of multiple and unspecified body regi...
S50-S59 Injuries to the elbow and forearm

S40-549 Injuries to the shoulder and upper arm

S80-S89 Injuries to the knee and lower leg

S60-S69 Injuries to the wrist and hand

S00-S09 Injuries to the head

T15-T19 Effects of foreign body entering through natural orifice
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Table 6. Estimated (annual) costs of each clustera.

Franti et al

Cluster  Description Patients® (n=2,536,944), Visits® (n=14,597,901), n  Total cost® (€5, Costper  Cost per pa-
n (%) (%) millions) visit® () tient® (€)

1 Pregnancy 78,159 (3.08) 255,902 (1.75) 207 810 2648

2 Immune system and blood- 95,865 (3.78) 653,500 (4.48) 521 798 5435
forming organs

3 Mental disorders, malforma- 838,208 (33.04) 1,899,209 (13.01) 324 171 387
tions, ear and mouth

4 Tumors 210,272 (8.29) 1,046,147 (7.17) 704 673 3348

5 Lower respiratory system 299,482 (11.80) 953,199 (6.53) 620 651 2070

6 Mental and behavioral disor- 280,450 (11.05) 2,094,496 (14.35) 908 434 3238
ders

7 Nutritiona 194,250 (7.66) 708,930 (4.86) 525 741 2703

8 Diseases related to aging 172,194 (6.79) 1,105,325 (7.57) 730 661 4239

9 Organmaformationsanddiges- 262,362 (10.34) 867,971 (5.95) 720 829 2744
tive system

10 Infections and inflammation 359,738 (14.18) 1,110,728 (7.61) 627 564 1743

11 Eye and ear 320,947 (12.65) 827,680 (5.67) 208 359 929

12 Injuries 324,191 (12.78) 720,282 (4.93) 417 579 1286

13 Muscul oskeletal system 616,550 (24.30) 1,704,486 (11.68) 836 490 1356

14 Sexually transmitted, parasitic, 474,604 (18.71) 955,465 (6.55) 290 303 611
urinary tract

15 Cardiovascular and metabolic 773,406 (30.49) 3,326,018 (22.78) 2258 679 2920

@A patient and a visit can belong to multiple clusters. Visits and costsinclude only visits and related costs for diagnosesin a cluster. The cost per visit
is calculated as an average for the whole 4-year period; al other values are annual .

BNumber of patients: mean 353,378; number of visits: mean 1,215,289; cost: mean €666 million; cost per visit: mean €583; cost per patient: mean

€2377.
CA currency exchange rate of €1=US $1.09 is applicable.

Most clusters were dominated by records of female patients.
Cluster 1 (219,566/220,280, 100%) included only women, as
it comprised pregnancy-related diagnoses. Other clusters with
>60% of records of women were cluster 14 (844,339/1,283,478,
65.7%) of mixed diseases (sexual and urinary) and cluster 4
(317,372/506,660, 62.6%) of malignant tumors. Theonly cluster
with a significantly higher proportion of diagnoses from men
was cluster 7 (314,390/469,378, 66.9%), which comprised
diagnoses mainly related to nutrition. In most other clusters,
the proportions of men and women were approximately equal.

The main reasons for female dominance were that the full
database included 1,999,325 men and 2,253,669 women and
that women had an average of 6.6 diagnoses, whereas men had
only 5.4 diagnoses. A possible reason is that there is a lower
threshold for women to seek help from health services than for
men. For example, the study by Corrigan [61] suggested that
social factors discourage men from seeking mental health care,
which can lead to the absence of mental heath—related
multimorbidities among men.

Asall diagnoses were forced to belong to a cluster, there were
several mixed clusters. For example, the largest cluster (cluster
3) comprised 33.04% (838,208/2,536,944) of patients, including
those with dental health problems (K00-K 14). If this subgroup
of diagnoses were removed, the number of patients would

https://medinform.jmir.org/2022/5/€35422

decrease to only 87,634 and would mainly comprise diagnoses
related to mental retardation, congenital malformations, and
chromosomal abnormalities. However, it is quite logical that
dental health—related diagnoses are clustered with mental
retardation; congenital malformations; and abnormalities, such
as patients with malformations in the oral cavity, jaws, and
teeth, which isapatient group treated in the public health service
system.

The second-largest cluster (cluster 15), comprising 30.49%
(773,406/2,536,944) of patients, included cardiovascular,
endocrine, and metabolic diseases. It also had the highest
number of visits to health care (3.3 million annual visits). The
third-largest cluster (cluster 13) had 24.30% (616,550/2,536,944)
of patients but was more focused on diagnoses related to
diseases of the muscul oskeletal system and connective tissues.
Other more clearly focused clusters included tumors (cluster
4), mental disorders (cluster 6), injuries (cluster 12), diseases
related to nutrition (cluster 7), and pregnancy (cluster 1). These
clusters can be easily explained based on morbidity and
mortality datain Finland. Cardiovascular diseases are still the
major cause of death [62], and mental disorders are the main
cause of disability pensions, followed by musculoskeletal
disorders[63].
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These clusters also had clear age profiles. The average age of
most clusterswasrather high, being =60 yearsin the case of 10
clusters. The exceptionswere cluster 6 (mental; mean 46 years),
cluster 12 (injuries; mean 55 years), mixed clusters 3 (mental,
ear, and oral cavity; mean 49 years) and 14 (sexual and urinary;
mean 48 years), and cluster 1 (pregnancy; mean 33 years).

Although clustering captures many connections between
diseases, it does not capture al information. In fact, many

Franti et al

interesting connections can be found by analyzing how strongly
the clusters are connected to each other (Figure 8). Cluster 7
(nutritional problems) wasthe most central cluster, with astrong
connection to 10 other clusters. Cluster 1 (pregnancy) was aso
connected to cluster 6 (mental and behavioral disorders). For
example, pregnancy with abortive outcomes (O00-O08) had 5
connections with RR >2 to cluster 6 (mental and behavioral
disorders), including neurotic, stress related, mood disorders,
and drug poisoning (T36-T50).

Figure 8. Connections between clusters. Each cluster is represented in the rows with the number and description and in the columns with the number.
Valuesin the table represent the number of links with arelative risk of >2.0 between the clusters. Higher values signify a stronger connection and are
emphasized by the red color. Three clusters with the highest values for each row are highlighted with bold font.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 Pregnancy w4392t 0| 1|36 1|1]4]63]10
2 Immune system and blood-forming organs 16| - | 9 |86 [122] 20 [129| 97 |100| 89 | 41 | 31| 40 | 13 | 83
3 Mental disorders, malformations, ear and mouth 149 -110023]|35] 9 |30|15]|25(32| 8 [22(22] 10
4 Tumors 318610 75| 3|98 |63 54 [26[23| 231|668
5 Lower respiratory system 9 |122| 23| 75| - | 15|115] 93 [ 85 [ 71| 34| 36|62 | 11 | 96
6 Mental and behavioral disorders 21120 |35 3|15 -[30]36| 6 [22] 7 |89 16|54]| 4
7 Nutritional 0 [129] 9 [ 98| 115[ 30| - |132| 98 | 64 | 64 | 56 | 66 | 14 | 123
8 Diseases related to aging 1 (97 [30] 63|93 |36|132| - | 58|53|46[72|57| 1 [100
9 Organ malformations and digestive system 131100f 15| 54| 85| 6 [98 |58 | - [28)| 14| 8 [ 39| 9 | 58
10 Infections and inflammation 6|89 (252671 (22|64 |53 |28 | - | 2621413844
11 Eye and ear 1| 41[32(23]|34| 7|64 |46 |14 |26 7130|1945
12 Injuries 1|31 8| 2|36|89|56|72| 8 [21| 7| - [48]27] 18
13 Musculoskeletal system 4140 [ 22|31 62 (16|66 | 57 | 39 41| 30| 48 14 | 46
14 Sexually transmitted, parasitic, urinary track 63| 13|22 6| 11 |54 14| 1 | 9 [38]19]27] 14 8
15 Cardiovascular and metabolic 108 [ 10[68[96| 4 [123[100]| 58 | 44| 45]| 18| 46| 8
Sum: 162 876 264 548 847 358 998 839 S85 554 389 424 516 299 713

Cluster 12 (injuries) had strong connections with clusters 6, 7,
and 8. For example, the connection to the nutritional problems
cluster had 56 links, with an RR >2. Of theselinks, 9 camefrom
connectionsto other and unspecified disorders of the circulatory
system (195-199).

Figure 7 shows the connections between clusters 6 and 12 in
more detail. Cluster 6 comprised mental health (eg, F30-F39
and F60-F69) and substance abuse—related (T36-T50 and
F10-F19) diagnoses. Cluster 12 comprised fractures and other
injuries. These clusters had a strong connection. A possible
explanation isthat mental health and substance abuse problems
often lead to painful, fracture-causing accidents.

Cost Effect

The costs of all visits, ward stays, and other contacts of patients
belonging to the cluster were calculated for those contacts in
serviceswith adiagnosis bel onging to the cluster. The estimated
costs for each cluster are presented in Table 5. The costsarein
euro currency (€).

In general, the cost depends on the number of patientsand visits.
The largest cluster (cardiovascular and metabolic cluster 15)
had 3.3 million visits and €2.3 hillion in total costs. However,
the cost per patient (€2920) was not the highest, and the cost
per visit (€679) was only dightly above average. The diseases
in the cluster, such as cardiovascular and metabolic disorders,
arelargely treated in primary health care, and thus, the average
visit cost remains relatively low.

https://medinform.jmir.org/2022/5/€35422
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For each patient, the highest costs were in cluster 2 (€5435),
including infectious diseases strongly affecting the immune
system, diseases of the blood and blood-forming organs, and
other disorders involving the immune mechanism. These
diseases are likely to need frequent contact with specialized
care. Per-patient costs were also high in cluster 8 (diseases
related to aging), including diagnoses of neurodegenerative
diseases and memory disorders requiring frequent health care
contacts and intensive care. The cheapest clusters per patient
were cluster 3 (mental disorders, malformations, and ear and
mouth; €387) and cluster 14 (sexually transmitted, parasitic,
and urinary tract diseases, €611). However, if dental diagnoses
were removed, the cost for cluster 3 would be €1144.

The highest cost per visit (€829) was in cluster 9, including
organ malformations and diseases of the digestive system. The
second-highest cost per visit was observed in cluster 1
(pregnancy), where the cost per visit was €810. Thisis likely
because of delivery-related hospital stays, operations, and other
specialized care. Regular maternity care visits are not usually
recorded using the ICD-10 codes. Clusters with the lowest cost
per visit were the same asthose with the lowest cost per patient.

Table 7 shows how the costs of some clusters have devel oped
during the years relative to the total cost of all clustersin the
same year. Only clusters with a visible trend (increasing or
decreasing) are shown. Clusters that included tumors, lower
respiratory system, and eye and ear steadily increased their
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proportion of al costs from 2015 to 2018, aswell asthe cluster
that included inflammatory diseases and infections, among a
few others. The diseasesincluded in these clustersincrease with

Franti et al

age, and thus, the increasein costsis most likely because of the
aging of the population.

Table 7. Trends of the annual costs (relative to al costs) of selected clusters from 2015 to 2018.

Trend and cluster 2015 2016 2017 2018
Increasing trend, %
Tumors 7 7.1 7.2 74
Mixed cluster 10 6.1 6.3 6.4 6.6
Lower respiratory system 6.1 6.2 6.4 6.4
Eye and ear 29 3 31 32
Decreasing trend, %
Mental and behavioral disorders 9.5 9 9 8.8
Mixed cluster 8 6.9 6.7 6.7 6.3
Injuries 4.4 4.2 4.2 4
Pregnancy 24 2.2 2 2

Therelative costs of mental and behavioral disorders decreased
the most (from 9.5% to 8.8%), whereasinjuries (4.4% to 4.0%)
and pregnancy-related diseases (2.4% to 2.0%) also showed a
clear decrease. There are several explanations for the observed
decline in the costs of care related to mental and behavioral
disorders, including the current tendency to prefer outpatient
services and difficulties in appropriate service provision. The
absolute cost values for pregnancy-related issues were €219
million, €213 million, €202 million, and 194 million from 2015
to 2018. Therefore, the decrease is real, which could be
explained by the decrease in the birth rate from 1.65 to 1.41
during the same period (1.65, 1.57, 1.49, and 1.41) [64].

Discussion

Principal Findings

We analyzed the data by clustering the diagnoses into 15
clusters. All clusters were consistent with expert knowledge of
the domain. Some of these clusterswere expected. For example,
mental and behaviora disorderswere so closely associated with
substance abuse problems that they formed one cluster. Some
clusters also showed interesting and unexpected connections,
such as a cluster that included lower respiratory tract diseases
and systemic connective tissue disorders. Although some
connections are easily justified by the close relation of the
diagnoses, they are not necessarily considered when planning
the current service processes and resources. For example,
understanding the strong connections between many disorders
related to aging could improve the treatment processes of ol der
patients who are multimorbid.

Analysis of the connections between clusters also provided
interesting details. For example, themental health and substance
abuse cluster was very closely connected to the cluster
comprising fractures and other injuries. A possible explanation
is that mental health and substance abuse problems often lead
to painful, fracture-causing accidents. The nutritional problems
cluster wasthe most central inthe data, with astrong connection
to 10 other clusters. Thisisan interesting finding that addresses

https://medinform.jmir.org/2022/5/€35422

the connection between nutritional status and various health
disorders.

For each patient, the highest costs were in cluster 2 (€5435),
which included infectious diseases that strongly affect the
immune system, diseases of the blood and blood-forming organs,
and other disorders involving the immune mechanism. These
diseases are likely to need frequent contact with specialized
care.

Clusters associated with an aging population increased their
proportion of all costs from 2015 to 2018. These clusters
included diseases related to tumors, lower respiratory system,
and eye and ear. The relative costs of mental and behavioral
disorders decreased the most (from 9.5% to 8.8%), which might
be partly explained by the current tendency to prefer outpatient
services.

Limitations

The underlying datareflect how patients use health servicesand
are diagnosed during health care contacts, which may not always
accurately reflect the true relationship between diseases. For
example, a person who visits health services only for caries
treatment may not be as easily diagnosed with alcohol-related
disorders (F10) or problemsrel ated to metabolic disorders (E66)
as a person who visits because of mental health issues or
maternity issues.

The clustering methodology itself has a few limitations.
Although the chosen clustering algorithm and cost function
were shown to have good clustering accuracy with validation
data, it forces every diagnosis to belong to a cluster, even if it
does not have any connections to other diagnoses. A possible
improvement could be the application of outlier detection as a
preprocessing step to remove such cases.

Another limitation is that every diagnosis can belong to only
one cluster, although it can be connected to diseasesin several
clusters. For example, dental health diagnoses were clustered
with menta retardation and malformations but are clearly very
relevant comorbidities for other chronic conditions such as
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diabetes. In addition, many infectious disease subgroups are
likely to have significant connections with many chronic
conditions that decrease the immune response, such as tumors.

The datamight a so be biased by domestic characteristicswithin
the Finnish population and traditions in recording diagnoses.
For example, some conditions such as substance abuse disorders
are still highly stigmatized and thus underdiagnosed. The
research goal wasto find relevant multimorbidity diseases that
have a high cost effect on the Finnish health care system.
Although some bias might exist, we expect most multimorbidity
patternsto appear in other high-income countries, and therefore,
the main results might be globally generalizable. This finding
was partly confirmed by similar studies in the United States
[65] and France [23].

Comparison with other clustering resultsin earlier studies was
challenging mainly because there are many variations in the
definition and measures of multimorbidity, as well as the data
sources, such asregisters, health records, and self-reports, which
have been used to obtain information on comorbidities. These
differences make comparison difficult but till possibleto some
degree, as shown in the studies by Prados-Torres et a [13] and
Wartelle et al [23].

Comparison With Prior Work

Comparison of Clusters

Wartelle et al [23] obtained 16 clusters (vs 15in our case). Some
of these were similar to ours. For example, cluster 5 contained
diagnoses related to menta disorders, substance abuse, and
fractures. In our results, substance abuse and mental problems
also formed a cluster, which was closely connected to another
cluster with different types of fractures. Their dataalso included
one women-specific cluster with pregnancy-related diagnoses.
However, most of the clusters were very different from ours.

Their clusters were more unbalanced in size; 5 of the clusters
contained only 1 diagnosis, and the largest cluster had 13
diagnoses. In our case, the smallest cluster was size 13, and the
largest size was 15. This is partly because of our choice of a
clustering cost function that favors more balanced clusters and
also because the choice of ED data in [23] was expected to
generate larger clusters for trauma diagnoses.

Most of the differences originated from the data. Our data are
from everyday health care visits, whereas the data studied by
Wartelle et a [23] came from ED visits. They had a smaller
number of diagnoses (162 vs 205). These included symptom
codes (R0O0-R99) and factors influencing health status
(Z200-299), which we removed aswe found them to confusethe
analysis. These data-related factors produced several clear
differences in the results, which we report in the following
sections.

Thefirst difference from the study by Wartelle et al [23] isthat
our data had a female mgjority (2,062,110/3,835,531, 53.7%).
We had only 3 clusters with more male than female patients
(nutritional 314,390/469,378, 66.9%; injuries
516,849/1,008,118, 51.2%; immune system and blood-forming
organs 110,157/216,898, 50.7%). The ED data had 10 clusters
with amale mgjority (52%-64%). A likely explanation is that
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these clusterswere either directly or indirectly related to trauma
commonly treated in EDs, whereas our data represent the
servicesused in primary health care, which has only one cluster
(cluster 12) related to injuries.

Patients in the ED data were also much younger than those in
our data (mean age 40 yearsvs 51 years). Therewere 3 clusters
in which the average age of patients exceeded 50 years. One of
the clusters (approximately 50%) mostly comprised children
aged <5 years. Our data were restricted to adult patients. ED
dataalso lacked aclear pregnancy cluster, and pregnancy-related
diagnoses were merged with digestive- and menstruation-related
diagnoses.

Busija et a [66] conducted a meta-analysis investigating 51
different articles on multimorbidity profiles. They constructed
asimilarity matrix of health conditions by counting the number
of times each pair of diseases appeared within the same group.
The similarity matrix was then projected onto a 2D surface
using multidimensional scaling (SPSS/PROXSCAL). Thiswas
performed separately for 4 different types of studies grouped
by methodology: exploratory factor analysis, cluster analysis
of diseases, latent classanalysis, and cluster analysis of people.

Overall, their datahad fewer diagnoses and clusters. Thelargest
case (factor analysis) included only 70 diagnoses, and they
manually distinguished 5 clusters (with agroup of mental health
problems as one axis) from the 2D projection. They reported
clustering of vision, hearing impairment, and fracturesin 2 of
the 4 cases. In our data, vision and hearing problems were in
one cluster, and fractures were in another. These were also
weakly connected. A mental health group was visible in all 4
cases and was closely associated with addictions. This is
consistent with our results, where mental health and substance
abuse problems formed 1 cluster.

Comparison of Costs

We compared the cost of our data with that reported by the
Milken Ingtitutein the United Statesin 2016 [65]. The costliest
(both direct and indirect costs) chronic disease in the United
States is diabetes type 2, with direct costs of US $185 hillion.
When indirect costs are included, the four most costly diseases
were hypertension (US $1042 billion), diabetestype 2 (US $526
billion), chronic back pain (US $440 billion), and osteoarthritis
(US $430 hillion).

The costliest diseases (hypertension and type 2 diabetes) arein
accordance with our results, where the costliest is cluster 15
(cardiovascular and metabolic), which includes hypertension
and diabetes-related diagnoses (110-115 and E10-E14), as well
asother related cardiovascular diseases common in the Finnish
population. The costs of the cluster become high as the size of
the patient population increases, aswell asthe need for frequent
contact with health care, although costs per visit are close to
average.

Conclusions

To the best of our knowledge, this is the first clustering study
with such a rich data set, including all health care visits of
Finnish adults aged =18 years, covering both primary- and
secondary-level care. Good coverage is important, as the
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tendency in the development of health service systemsisto seek
better integration of services, including the integration of
primary health care, specialized care, and social services.

| dentifying multimorbidity clusters, related characteristics, and
especialy the burden they cause for service use and costs is
helpful in estimating the resources needed in the service system,
including the specialties and other knowledge profiles of
professionals. Such information could also be applied to estimate
future needs when, for example, the projections of population
aging and other demographics are known.

To the best of our knowledge, this is the first study to use
k-means—based clustering of diseases. Although the standard
k-means agorithm can be unstable, we used a recent

Franti et al

modification called the M-algorithm, which was shown to be
accurate on controlled validation data sets. This directly
optimizes a cost function for a network that has RR values as
weights. Existing studies rely mainly on agglomerative
clustering, using either aheuristic cost function such asaverage
or complete linkage or a slow calculation of the RR. The
methodology used was accurate and scalable for large-scale
data

In a future study, we will consider clustering patients and
comparing whether the same diagnoses can be grouped together.
Another ideaisto study geographical differenceswithin Finland.
Thedataarelarge, and asthey are publicly available, they have
a high potential for others to find more interesting results by
data mining.
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Abstract

Background: Machine learning (ML) achieves better predictions of postoperative mortality than previous prediction tools.
Free-text descriptions of the preoperative diagnosis and the planned procedure are available preoperatively. Because reading
these descriptions hel ps anesthesiol ogists eval uate the risk of the surgery, we hypothesized that deep learning (DL) models with
unstructured text could improve postoperative mortality prediction. However, it is chalenging to extract meaningful concept
embeddings from this unstructured clinical text.

Objective: Thisstudy aimsto develop afusion DL model containing structured and unstructured features to predict the in-hospital
30-day postoperative mortality before surgery. ML models for predicting postoperative mortality using preoperative data with
or without free clinical text were assessed.

Methods: We retrospectively collected preoperative anesthesia assessments, surgical information, and discharge summaries of
patients undergoing general and neuraxial anesthesiafrom electronic health records (EHRs) from 2016 to 2020. Wefirst compared
the deep neural network (DNN) with other model s using the same input features to demonstrate eff ectiveness. Then, we combined
the DNN model with bidirectional encoder representations from transformers (BERT) to extract information from clinical texts.
The effects of adding text information on the model performance were compared using the area under the receiver operating
characteristic curve (AUROC) and the area under the precision-recall curve (AUPRC). Statistical significance was evaluated
using P<.05.

Results: Thefinal cohort contained 121,313 patients who underwent surgeries. A total of 1562 (1.29%) patients died within 30
days of surgery. Our BERT-DNN model achieved the highest AUROC (0.964, 95% Cl 0.961-0.967) and AUPRC (0.336, 95%
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Cl 0.276-0.402). The AUROC of the BERT-DNN was significantly higher compared to logistic regression (AUROC=0.952,
95% CI 0.949-0.955) and the American Society of Anesthesiologist Physical Status (ASAPS AUROC=0.892, 95% CI 0.887-0.896)
but not significantly higher compared to the DNN (AUROC=0.959, 95% CI 0.956-0.962) and the random forest (AUROC=0.961,
95% CI 0.958-0.964). The AUPRC of the BERT-DNN was significantly higher compared to the DNN (AUPRC=0.319, 95% ClI
0.260-0.384), the random forest (AUPRC=0.296, 95% CI 0.239-0.360), logistic regression (AUPRC=0.276, 95% CI 0.220-0.339),
and the ASAPS (AUPRC=0.149, 95% CI 0.107-0.203).

Conclusions: Our BERT-DNN model has an AUPRC significantly higher compared to previously proposed models using no
text and an AUROC significantly higher compared to logistic regression and the ASAPS. This technique helps identify patients

with higher risk from the surgical description text in EHRs.

(JMIR Med I nform 2022;10(5):€38241) doi:10.2196/38241

KEYWORDS

bidirectional encoder representations from transformers; deep neural network; natural language processing; postoperative mortality
prediction; unstructured text; machine learning; preoperative medicine; anesthesia; prediction model; anesthesiologist; deep

learning model; electronic health record; neural network

Introduction

The prevalence of postoperative mortality is 0.5%-2.8 % in
patients undergoing elective surgery [1]. The risks are
attributable to the patient’s condition and can be modulated
with adequate evaluation and planning during surgery and
anesthesia. Several tools have been developed to predict
postoperative mortality, including the American College of
Surgeons' (ACS) National Surgical Quality Improvement
Program (NSQIP) risk calculator, the American Society of
Anesthesiologist Physical  Status (ASAPS), the risk
guantification index, the risk dratification index, and the
preoperative score [2-5]. Although these classification systems
consider the patient’s general condition and surgery category,
preoperative vital signsand laboratory data—which are critical
in predicting postoperative mortality—are not typically included
[6]. Moreover, a patient’s surgical information is commonly
written as text in the medical record. Although reading this
information helps anesthesiologists evaluate the risk of the
surgery, itisdifficult to includeit in aclassification tool. These
deficiencies make it challenging to identify the small groups of
patients with higher risks. Better tools for predicting
postoperative mortality remain under investigation.

Machinelearning (ML) iswidely applied to medical problems,
including for predicting postoperative mortality [6-11]. ML
models can automatically predict postoperative mortality using
electronic hedlth records (EHRS) before surgery, and they
achieve a superior area under the recelver operating
characteristic curve (AUROC) than previous methods [6]. To
stratify surgery types, previous studies have used the Current
Procedural Terminology (CPT) codes or International
Classification of Diseases (ICD) codesfor surgical information
[2,6,7,9,12]. These methods are not widely applicable, because
the CPT is not implemented worldwide and ICD codes are
seldom recorded before surgery. In addition, because this
surgical information iswritten in the medical record by surgeons
before surgery, using this text in models may improve the
prediction of postoperative mortality.

Compared to structured EHRs, unstructured clinical text requires
meaningful concept embeddings to be extracted before model
training, making it more challenging [13]. However, including

https://medinform.jmir.org/2022/5/€38241

this unstructured text improves the advanced prediction of
unfavorable clinical outcomes [14-16]. Bidirectional encoder
representations from transformers (BERT) is a contextualized
embedding method that preserves the distance of meaningswith
multihead attention [17]. After pretrained on therelevant corpora
and proper architecture modification, BERT extracts meaningful
embeddings from clinical text [18,19].

This study aims to develop a model to predict 30-day
postoperative mortality before surgery that performs better than
state-of-the-art models. Our contribution is including free (ie,
unstructured) text in postoperative mortality prediction by
proposing a deep neural network (DNN) model with BERT.
We investigate the effectiveness of unstructured clinical texts
(eg, preoperative diagnosis and proposed procedures) in
predicting postoperative mortality.

Methods

Data Extraction

This study aims to predict in-hospital 30-day postoperative
mortality using preoperative anesthesia assessments. Datawere
collected from the electronic health system of the Far Eastern
Memorial Hospital, alarge academic medical center in Taiwan.
Preoperative anesthesia assessment records and discharge
summaries were included. Overall, 5 years worth of
retrospective data were collected from January 1, 2016, to
December 30, 2020. The last version of the anesthesia
assessment was included for each surgery. Patients over 18
years of age who underwent at least 1 surgical procedure under
general or neuraxial anesthesia were included. Cases with an
ASAPS of 6 were excluded. Records lacking entry time, exit
time, preoperative diagnosis, or proposed procedure text were
excluded. The in-hospital 30-day postoperative mortality was
defined by a discharged route of “expired” and “critical
against-advice discharge” (when the patient wants to die at
home) without future admission. Discharges within 30 days
after surgery were identified and labeled as “true’; those
occurring outside thiswindow were marked as“false” Theend
date of the testing set was November 30, 2020, 30 days before
the end of the collected data, to ensure complete 30-day
mortality detection (Figure 1).
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Figurel. Flow diagram. ASAPS: American Society of Anesthesiologist Physical Status.

Patients aged over 18 years undergoing general or neuraxial
anesthesia were included (n=123,718)

Exclusion:

time, and no exit time (n=3)

* No exit time (n=139)
* ASAPS=6 (n=60)

« No preoperative diagnosis, no proposed procedure text, no entry

* No preoperative diagnosis and no proposed procedure text (n=1)

4

| Final cohort (1=123,515) |

b

For complete detection of in-hospital 30-day mortality,
removal of surgeries after November 1, 2020 (n=2202)

v

| Cohort before spliting (n=121,313) |

Surgeries between January 1, 2020, and
November 30, 2020, are held out as testing

cohort l

Split by 4:1 ratio

|

Training cohort
(n=79,324)

Ethical Approval

The Institutional Review Board of the Far Eastern Memorial
Hospital approved this retrospective study and waived the
requirement of informed consent (#109129-F and #110028-F).

Validating cohort
(n=19,832)

Data Description

We collected 123,718 surgery results for patients aged over 18
years. After applying the exclusion criteria, acohort of 123,515
(99.8%) patients who underwent surgeries remained. A final
cohort of 121,313 (98.2%) patients was used after removing
those who underwent surgeries after November 30, 2020 (Figure
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RenderX

Testing cohort
(n=22,157)

Removal of patients appeared in
training or validating cohort (n=5890)

Final testing cohort
(n=16,267)

1). Thetraining, validation, and testing cohortsfinally contained
79,324 (68.7%), 19,832 (17.2%), and 16,267 (14.1%) of 115,423
patients. Patient characteristics of the training, validation, and
testing cohorts are listed in Table 1. In the overall cohort, most
patients had an ASAPS of 2 or 3. Overal, 107,176 (88.5%) of
patients were under general anesthesia. The most prevalent
comorbidities were hypertension (n=43,391, 35.8%), followed
by diabetes (n=24,314, 20.0%). A total of 1562 (1.3%), 997
(1.3%), 249 (1.3%), and 215 (1.3%) patients died within 30
days of surgery in the overal, training, validation, and testing
cohorts, respectively. Multimedia Appendix 1 present a
summary of the laboratory data and preoperative vital signs.
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Table 1. Characteristics of the cohort. Categorical variables are represented as frequency (%). Continuous variables are represented as the median
(25th, 75th percentile). The testing cohort was split by time between the training and validation cohorts, and those cases arising from the training and
validation cohorts were removed to prevent data leakage (n=5890, 4.9%).

Feature Training cohort Validation cohort Testing cohort Overall cohort (N=121,313)
(N=79,324) (N=19,832) (N=16,267)

Age (years), median (25th, 75th percentile) 54 (40, 66) 54 (40, 66) 53 (39, 65) 55 (41, 66)

Male sex, n (%) 40,444 (51.0) 9922 (50.0) 8101 (49.8) 61,485 (50.7)

Height (cm), median (25th, 75th percentile) 162 (157, 168) 162 (156, 168) 162 (157,169) 162 (157, 168)

Weight (kg), median (25th, 75th percentile) 64 (56, 74) 64 (56, 74) 65 (56, 75) 64 (56, 74)

BMI, median (25th, 75th percentile) 24 (22, 27) 24 (22, 27) 24(22,27) 24 (22, 27)

ASAPS? n (%)

1 2925 (3.7) 739 (3.7) 660 (4.1) 4404 (3.6)

2 54,056 (68.15) 13,549 (68.3) 11,508 (70.7) 82,588 (68.1)

3 20,842 (26.3) 5155 (26.0) ,654 (22.5) 31,878 (26.3)

4 1345 (1.70) 355 (1.8) 397 (2.4) 2204 (1.8)

5 156 (0.2) 34(0.2) 48(0.3) 239(0.2)
ASAP emergency, n (%) 6379 (8.0) 1615 (8.1) 1678 (10.3) 9942 (8.2)
Anesthesia type, n (%)

General 69,898 (88.3) 17,497 (88.4) 14,486 (89.2) 107,176 (88.5)

Neuraxial 9297 (11.7) 2303 (11.6) 1748 (10.8) 13,929 (11.5)
Emergency level of surgery, n (%)

Elective 62,226 (78.5) 15,455 (77.9) 12,000 (73.8) 94,816 (78.2)

Urgent 13,800 (17.4) 3,567 (18.0) 3,356 (20.6) 21,342 (17.6)

Emergency 2849 (3.6) 708 (3.6) 801 (4.9) 4484 (3.7)

Immediate 449 (0.57) 102 (0.51) 110 (0.7) 671 (0.6)
Preoperative location, n (%)

Ward 47,187 (59.5) 11,788 (59.4) 9824 (60.4) 72,045 (59.4)

Outpatient 18,386 (23.2) 4463 (22.5) 2995 (18.4) 27,830 (22.9)

Emergency department 10,083 (12.7) 2592 (13.1) 2283 (14.0) 15,247 (12.6)

Intensive care unit 3668 (4.6) 989 (5.0) 1165 (7.2) 6191 (5.1)
Surgery department, n (%)

Urology 14,760 (18.6) 3630 (18.3) 2665 (16.4) 22,471 (18.5)

General 11,416 (14.4) 2926 (14.8) 2457 (15.1) 17,608 (14.5)

Orthopedics 10,976 (13.8) 2748 (13.9) 2338 (14.4) 16,772 (13.8)

Gynecology® 10,206 (12.9) 2,578 (13.0) 2,302 (14.2) 15,679 (12.9)

Cardiovascular 8692 (11.0) 2086 (10.5) 1491 (9.2) 13,049 (10.8)

Otolaryngology 6193 (7.8) 1505 (7.6) 1223 (7.5) 9427 (7.8)

Plastic surgery 5116 (6.5) 1294 (6.5) 1077 (6.6) 7821 (6.4)

Neurosurgery 3233 (4.1) 833 (4.2) 727 (4.5) 4955 (4.1)

Traumatol ogy 2808 (3.5) 740 (3.7) 722 (4.4) 4357 (3.6)

Thoracic surgery 2006 (2.5) 514 (2.6) 430 (2.6) 3104 (2.6)

Colorectal surgery 1679 (2.1) 423 (2.1) 331 (2.0) 2574 (2.1)

Others 2239 (2.8) 555 (2.8) 504 (3.1) 3496 (2.9)
Comorbidity, n (%)
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Feature Training cohort Validation cohort Testing cohort Overall cohort (N=121,313)
(N=79,324) (N=19,832) (N=16,267)

Diabetes mellitus 15,906 (20.1) 3863 (19.5) 2812 (17.3) 24,314 (20.0)
Hyperlipidemia 8704 (11.0) 2119 (10.7) 1740 (10.7) 13,678 (11.3)
Hypertension 28,462 (35.9) 7055 (35.6) 4999 (30.7) 43,391 (35.8)
Prior cerebrovascular accident 4355 (5.5) 1028 (5.2) 717 (4.4) 6564 (5.4)
Cardiac disease 13,215 (16.7) 3254 (16.4) 2227 (13.7) 20,156 (16.6)
Chronic obstructive pulmonary disease 1549 (2.0) 380 (1.9 286 (1.8) 2428 (2.0)
Asthma 3024 (3.8) 762 (3.8) 592 (3.6) 4626 (3.8)
Hepatic disease 9118 (11.5) 2299 (11.6) 1664 (10.2) 13,887 (11.4)
Renal disease 12,471 (15.7) 3095 (15.6) 1466 (9.0) 18,874 (15.6)
Bleeding disorder 11,243 (14.2) 2684 (13.5) 2122 (13.0) 17,543 (14.5)
Prior major operations 54,356 (68.5) 13,592 (68.5) 10,040 (61.7) 83,490 (68.8)
Smoking 20,235 (25.5) 5008 (25.7) 3719 (22.9) 30,433 (25.1)
Drug allergy 11,662 (14.7) 2950 (14.9) 2190 (13.5) 18,092 (14.9)
Consciousness 69,858 (88.1) 17,461 (88.0) 15,107 (92.9) 107,906 (88.9)

30-day mortality, n (%) 997 (1.3) 249 (1.3) 215 (1.3) 1562 (1.3)

8ASAPS: American Society of Anesthesiologist Physical Status.
BASA: American Soci ety of Anesthesiologists.
“The gynecology department consists of gynecology and obstetrics.

Data Preparation

Theinput featuresincluded patient characteristics (age, height,
weight, BMI, sex, ASAPS, ASA emergency status, department,
preoperative location, and anesthesia type), surgery
characteristics (emergency level, preoperative diagnosis, and
proposed procedure), comorbidities (diabetes maéllitus,
hyperlipidemia, hypertension, cerebrovascular accident, cardiac
disease, chronic obstructive pulmonary disease, asthma, hepatic
disease, rena disease, bleeding disorder, major operations,
smoking, and drug alergy), preoperative laboratory data
(hemoglobin, platelet, international normalized ratio,
prothrombin time, activated partial thromboplastin time,
creatinine, aspartate transaminase, alanine transaminase, blood
sugar, serum sodium, and serum potassium), and preoperative
vital signs (body temperature, oxygen saturation, heart rate,
respiratory rate, systolic and diastolic blood pressure, and
consciousness status); see Table 2.

Continuous features (eg, age, height, weight, latest laboratory
data before surgery, and preoperative vital signs) were
standardized by subtracting the mean and scaling to variance.
Outliers were regarded as input errors and treated as missing
data. Multimedia A ppendix 2 liststhe definitions of the outliers.

https://medinform.jmir.org/2022/5/€38241

Missing values were imputed with the median val ue of the data
set for continuous features.

Categorical featureswith only 2 classes (eg, sex, comorbidities,
ASA emergency status, and consciousness status) were
converted into binary encoding. All other categorical features
(eg, ASAPS [5 classes], department [22 classes|, emergency
level [4 classes], preoperative location [4 classes], and anesthesia
type [4 classes]) were transformed into one-hot encodings.
Missing data were imputed with the majority category of the
training data set. The preoperative diagnoses and proposed
procedures were expressed as free text. Characters other than
alphabetical and numerical ones were removed (eg, Chinese
characters[typically notesfor colleagues only] and punctuation).
English stop words providing no helpful information to the
model (eg, “a,” “in,” and“the") were removed using the Natural
Language Toolkit [20].

We used the previous 4 years' surgery resultsto predict the last
year results. Patients who underwent surgeries between January
1, 2016, and December 31, 2019, were selected and split into
training and validation setsin a4:1 ratio; those who underwent
surgeries between January 1, 2020, and November 30, 2020,
were selected asthetesting set (Figure 1). Patientsin thetraining
or validation set were removed from the testing set to prevent
information leakage [6].
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Table 2. Feature groups included in the models.

Chenet a

Feature type Feature classes®

Patient characteristics
Continuous Age, height, weight, BMI
Categorical

Surgery characteristics
Categorical Emergency level (4)
Freetext

Comorbid conditions

Categorical

Preoperative diagnosis, proposed procedure

Sex (2), ASAPS? (5), ASAC emergency (2), department (22), preoperative location (4), anesthesia type (4)

Diabetes mellitus (2), hyperlipidemia (2), hypertension (2), cerebrovascular accident (2), cardiac disease (2), chronic

obstructive pulmonary disease (2), asthma (2), hepatic disease (2), renal disease (2), bleeding disorder (2), major op-

erations (2), smoking (2), drug alergy (2)

Preoper ative laboratory values

Continuous

Hemoglobin, platelet, international normalized ratio, prothrombin time, activated partial thromboplastintime, creatinine,

aspartate transaminase, alanine transaminase, blood sugar, serum sodium, serum potassium

Preoperative vital signs
Continuous

Categorical Consciousness status (2)

Body temperature, oxygen saturation, heart rate, respiratory rate, systolic and diastolic blood pressure

#The number of classes is shown in parentheses.
BASAPS; American Soci ety of Anesthesiologist Physical Status.
CASA: American Society of Anesthesiologists.

Study Design

Our results were compared with state-of-the-art models, using
patient preoperative vital signs and laboratory data to predict
in-hospital 30-day mortality [6]. Meanwhile, to demonstrate
the effect of adding preoperative diagnoses and proposed
procedures to the prediction model, we added text features and
compared the performances of the highest-performing models.

First, we compared the state-of -the-art model s using patient and
surgery  characteristics  (without text), comorbidities,
preoperative vital signs, and laboratory data to predict the
in-hospital 30-day mortality. Figure 2B shows our proposed
DNN model with 4 fully connected (FC) layers and a Softmax
layer output function. We compared our DNN model with other

https://medinform.jmir.org/2022/5/€38241

ML models, including a random forest classifier (with 2000
estimators and Gini impurity as the splitting criterion) [21],
extreme gradient boosting (XGBoost, with a learning rate of
0.3 and a maximum depth of 6) [22], and logistic regression
(with an L2 penalty); see Figure 2A. To balance the datawhile
training the ML models, oversampling by 78 times was
performed on the training set via the synthetic minority
oversampling technique; this produced synthetic samplesalong
astraight line between randomly selected samplesin thefeature
space [23]. While training our DNN model, we adjusted the
weight to compensate for theimbal anced classes. We added the
text of preoperative diagnoses and proposed procedures to the
DNN model architecture (denoted as BERT-DNN; see Figure
2C) and compared its performance with those of other models.
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Figure 2. Architectures of models. BERT: bidirectional encoder representations from transformers: DNN: deep neural network; FC: fully connected,;
ML: machine learning; ReL U: rectified linear unit; XGBoost: extreme gradient boosting.
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L anguage Model and BERT-DNN Model Design

The language model extracted features from the preprocessed
text. Figure 2C shows the architecture of the language model.
The preprocessed texts were tokenized using the BERT
tokenizer, which transformed each word fragment into aunique
token designed for use in BERT's pretraining process [17].
Then, these tokens were embedded by Bio+Clinical BERT, a
variant of BERT pretrained on text from PubMed and Medical
Information Mart for Intensive Care IlIl [24]. The text
information was transformed into a 768-dimension vector (the
“word embeddings’) at the pooler output layer [17,24]. These
word embeddings were input into 2 FC layers before
concatenation with other structured features. The concatenated

https://medinform.jmir.org/2022/5/€38241
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vectorswere input into 3 FC layers and a Softmax layer output
function. Figure 2C shows the architecture of the BERT-DNN
model.

Cross-entropy was used as the loss function. Class weight
imbalances were compensated for by setting the weights asthe
inverses of the different classes frequencies (~1:78). Further,
the training data were split into training and validating setsin
a 4:1 ratio to train the deep learning (DL) model. We used
AdamW from the PyTorch package as the optimizer, setting a
learning rate of 0.00002 for both DL models. We trained our
BERT-DNN and DNN models with batch sizes of 64 and 512,
respectively, until the 100th epoch. The DL model with the
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smallest validation loss was selected for performance
comparison.

M odel Evaluation

The models were evaluated using the AUROC, the area under
the precision-recall curve (AUPRC), sensitivity (also referred
to as recall), specificity, precision (also called the positive
predictivevalue), and the F1 score. The F1 score was aharmonic
mean of recall and precision and was calculated as 2/[(1/recall)
+ (1/precision)]. Because postoperative mortalities accounted
for 1.3% (1562/121,313) of our data set, classeswere extremely
imbalanced between the positive and negative groups. Here,
the AUPRC (which cal cul ated the average precision) was better
than the AUROC for evaluating the discrimination of models
[25,26]. For comparison of AUROCs, we applied a
nonparametric approach proposed by DelLong et a [27] to
calculate the SE of the areaand the P value. P<.05 wasregarded
statistically significant. We calculated exact binomial 95% Cls
for the AUROC. For comparison of AUPRCs, we performed
bootstrapping 1000 times in the testing set to calculate the
difference in areas and the 95% CI [28]. If the 95% CI for the
difference in areas does not include 0, it can be concluded that
these 2 areas are significantly different (P<.05). We performed
bootstrapping 1000 timesin the testing set to calculate the 95%
Cl for other metrics [6]. The predicted probabilities were
calibrated using the histogram bins technique, using the same
observed mortality in each bin of the validation set [8]. After
calibration, the mean observed incidences of mortality were
plotted against the mean predicted probabilities within groups
in the testing set.

Visualization of Word Embeddings

To show the correlation between increased prediction
probabilitiesand text inputs, thet distributed stochastic neighbor
embedding (SNE) was implemented by reducing the 768
dimensions of the language model’s pool output to 2 into aplane
[29,30]. Thus, we showed the clustering of word embeddings

https://medinform.jmir.org/2022/5/€38241
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using assorted colors for different predicted probabilities and
different iconsfor observed mortalities. We randomly resampled
10,000 and 5000 patients who underwent surgeries in the
training and testing sets, respectively, to construct this
visualization. The language-model -predicted probabilities and
observed mortalities for randomly selected text inputs were
calculated and listed.

The study wasimplemented using Python 3.9, Scikit-learn 0.24
[31], imbalanced-learn 0.8.0 [23], PyTorch 1.8 [32], and
transformers 4.9 (Hugging Face) [24]. Our modelsweretrained
and validated onthe NVIDIA TeslaP100-PCIE-16GB graphics
processing unit (GPU). The statistical significancesof AUROCs
and AUPRCswere cal culated using MedCal ¢ software (Ostend,
Belgium).

Results

Comparison of Machine Learning Models

The BERT-DNN had the highest AUROC of 0.964 (95% ClI
0.961-0.967) and the highest AUPRC of 0.336 (95% CI
0.276-0.402); see Table 3 and Figure 3. The random forest
achieved the second-highest AUROC of 0.961 (95% ClI
0.958-0.964), and the DNN achieved the second-highest AUPRC
of 0.319 (95% CI 0.260-0.384). The BERT-DNN model had
the highest F1 score of 0.347 (95% CI 0.305-0.388).

The BERT-DNN had a significantly higher AUROC compared
to XGBoost, logistic regression, and ASAPS but not a
significantly higher AUROC compared to the DNN and the
random forest (Table 4). The BERT-DNN aso had a
significantly higher AUPRC compared to the DNN, random
forest, XGBoost, logistic regression, and ASAPS (Table 5).

In the BERT-DNN model, when the predicted probability of
mortality increased from 0.2% to 39.4%, the observed incidence
increased from 0.2% to 42.7% (Figure 4).
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Table 3. Prediction performances of ML? models and ASAPS on the testi ng cohort with 95% Cls.

Model AUROC® (95%  AUPRCY (95% Accuracy® (95%  Sensitivity® Spexificity®(95% Precision®(95% F1 score® (95%
cl) cl) cl) (95% Cl) cl) cl) cl)
BERT.DNNG 0964 (0.961-  0.336(0.276- 0.955(0.952-  0.749(0.689- 0958(0.955-  0.193(0.166-  0.307 (0.269-
0.967) 0.402) 0.958) 0.805) 0.961) 0.219) 0.342)
DNN 0959 (0.956-  0.319(0.260- 0.913(0.909-  0.885(0.841- 0913(0.909-  0.120(0.104-  0.212(0.187-
0.962) 0.384) 0.917) 0.926) 0.918) 0.136) 0.236)
Random forest  0.961(0.958-  0.296(0.239-  0.986(0.984-  0.167(0.122-  0.997 (0.996-  0.445(0.341-  0.242 (0.182-
0.964) 0.360) 0.988) 0.222) 0.998) 0.557) 0.314)
XGBoogt" 0.950(0.946-  0281(0.225 0.986(0.984-  0195(0.144- 0.996(0.995 0409 (0.312-  0.263(0.201-
0.953) 0.345) 0.987) 0.249) 0.997) 0.500) 0.326)
Logisticregres- 0.952 (0.949-  0.276(0.220-  0.904 (0.900-  0.833(0.780-  0.905(0.901-  0.105(0.091-  0.187 (0.164-
sion 0.955) 0.339) 0.909) 0.882) 0.910) 0.119) 0.210)
ASAPS 0.892(0.887-  0.149(0.107- 0.970(0.968- 0409 (0.342- 0.978(0.975  0.197(0.160-  0.266 (0.220-
0.896) 0.203) 0.973) 0.478) 0.980) 0.235) 0.310)

3\IL: machine learning.

bASAPS: American Soci ety of Anesthesiologist Physical Status.

CAUROC: area under the receiver operating characteristic.

dAUPRC: area under the precision-recall curve.

®These metrics were cal culated without adjusting the threshold (using 0.5 as the cut-off).
BERT: bidirectional encoder representations from transformers.

9DNN: deep neural network.

P GBoost: extreme gradient boosting.
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Figure 3. Comparison of discrimination of different models. (A) AUROC. (B) AUPRC. ASAPS: American Society of Anesthesiologist Physical Status;
AUPRC: areaunder the precision-recall curve; AUROC: areaunder thereceiver operating characteristic curve; BERT: bidirectional encoder representations
from transformers;, DNN: deep neural network; XGBoost: extreme gradient boosting.
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Table 4. Statistical significances of AUROCS? of different models. Values are P values. We applied a nonparametric approach proposed by Del ong

et al [27] to caculate the SE of the area and the P value.

BERTP-DNNS DNN Random forest XGBoogt? Logistic regression
ASAPS® <0.0001 <0.0001 <0.0001 <0.0001' <0.0001
Logistic regression 0.0005f 0.0711 0.0351f 0.6451 N/AY
XGBoost 0.0025 0.0939 0.0262' N/A N/A
Random forest 0.3816 0.5972 N/A N/A N/A
DNN 0.0944 N/A N/A N/A N/A

8AUROC: area under the receiver operating characteristic.
PBERT: bidirectional encoder representations from transformers.
°DNN: deep neural network.

dx GBoost: extreme gradient boosting.

CASAPS: American Society of Anesthesiologist Physical Status.
"The difference in areas achieved statistical significance (P<.05).
9N/A: not applicable.

Table 5. Statistical significances of AUPRCs? of different models. Values are differences in areas with 95% Cls calculated by bootstrapping 1000
times [28]. If the 95% CI for the difference in areas does not include 0, it can be concluded that these 2 areas are significantly different (P<.05).

BERTb-DNNC, differ- DNN, differencein
encein areas (95% Cl) areas (95% Cl)

Random forest, differ-
encein areas (95% CI)

XGBoostd, difference Lodisticregression, differ-
in areas (95% Cl) encein areas (95% CI)

ASAPS® 0.188 (0.159-0.221)'  0.170(0.137-0.201)

Logisticregression 061 (0.051-0.073)  0.043(0.021-0.056)"

XGBoost 0.055 (0.044-0.068)"  0.038(0.024-0.046)"
Random forest 0.040 (0.030-0.054)"  0.023(0.010-0.032)'
DNN 0.018 (0.008-0.037)f  N/A

0.147 (0.122-0.177)f

0.020 (0.006-0.031)f

0.015 (0.005-0.022)f
N/A

N/A

0.133(0.107-0.162)"  0.127 (0.101-0.154)"

0.006 (~0.006 to N/AY
0.014)

N/A N/A
N/A N/A
N/A N/A

8AUPRC: area under the precision-recall curve.

PBERT: bidirectional encoder representations from transformers.
“DNN: deep neural network.

dx GBoost: extreme gradient boosting.

EASAPS: American Society of Anesthesiologist Physical Status.
The difference in areas achieved statistical significance (P<.05).
IN/A: not applicable.
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Figure 4. Cdlibration plot. The observed incidence of mortality was plotted against the calibrated predicted probability of mortality among patientsin
the test cohort (n=16,267, 14.1%). Predicted probabilities were calibrated by applying the histogram binning technique in the validation cohort using
5 bins. Mean predicted probabilities of in-hospital 30-day mortality were calculated within each group.
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Figure5. Word embeddings visualized by t distributed stochastic neighbor embedding. (A) Word embeddings of the training set. (B) Word embeddings
of the testing set. “Probs’ indicates probabilities predicated by the BERT-DNN model. The intensity of color increased with the probability. “Labels’
indicates mortalities by “x” and survivors by “”. ards. acute respiratory distress syndrome; atfl: anterior talofibular ligament; avg: arteriovenous graft;
avp: aortic valvuloplasty; BERT: bidirectional encoder representations from transformers; bct: breast-conserving therapy; bil: bilateral; bph: benign
prostate hypertrophy; bx: biopsy; chr: chronic hypertrophic rhinitis; cps: chronic paranasal sinusitis; dbj: double J stent; DNN: deep neural network;
ecmo: extracorporeal membrane oxygenation; emh: endometrial hemorrhage; esrd: end-stage renal disease; fess: functional endoscopic sinus surgery;
itc: intertrochanter; ivg: intravenous general anesthesia; lih: left inguinal hernia; mvr: mitral valve replacement; nsd: nasal septum deviation; p: post;
penl: percutaneous nephrolithotomy; perm cath: permanent catheter; psa: prostate-specific antigen; r: rule out; r't: right; rirs: retrograde intrarenal
surgery; rv: right ventricle; sind: sentinel lymph node dissection; SNE: stochastic neighbor embedding; t colon: transverse colon; tee: transesophageal
echocardiography; tep: total extraperitoneal approach; trus: transrectal ultrasound; turp: transurethral resection of the prostate; urs: ureteroscopy; vats:
video-assisted thoracic surgery; vhd: valvular heart disease. Higher-resolution version of this figure available in Multimedia Appendix 3.
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Table 6. Textsand their predicted probabilities by language model. Values are probabilities or mortalities.

Predicted probability

Observed mortality (1=mortality; 0=no Origina freetext combining preoperative diagnosis and proposed procedures

mortality)

0.951 1 IHCA® p° CPR® ECMOY ACS® AR' full sternotomy CABGY AVR"

0.948 0 AMI' cardiogenic shock p ECMO remove ECMO TEE

0.940 1 hollow organ perforation r PPU' related LPPU™ possible EXP LAP"

0.936 1 intra-abdominal bleeding EXP LAP

0.932 1 ischemic bowel Iaparoscopic diagnosis possible EXP LAP

0.927 0 acute pulmonary embolism IHCA p ECMO angiography TEE

0.925 1 duodenal ulcer perforation p duodenorrhaphy leakage bleeding EXP LAP

0.912 0 respiratory failure tracheostomy

0.880 0 hallow organ perforation r PPU LPPU

0.815 0 acute kidney failure perm cath® insertion

0.760 0 post UPPPP wound bleeding check bleeding

0.680 0 ESRDY HD' viaright perm cath® qw2 4 6 perm cath dysfunction perm cath
insertion change perm cath right neck

0.527 0 ESRD left AVG' occlusion left AVG thrombectomy

0.415 0 left lower leg soft tissue infection suspect necrotizing fasciitis debridement

0.353 0 ESRD right AVF dysfunction upper arm angiography PTAY

0.250 0 RLL" lung tumor r lung cancer vats RLL lobectomy wedge first send frozen
exam

0.186 0 left lower extremity NFX open BKY

0.114 0 |left anterior mediastinal tumor multiple lung nodules rectal cancer p CCRT?
VATS? mediastinal tumor excision LAR®

0.042 0 right ACL® MCL® injury arthroscopy ACL reconstruction

0.041 0 1 C45 6 spondylosis 2 right carpal tunnel 1 ACDF® C4 5 6 2 right median
nerve decompression

0.031 0 bil® ov® teratoma laparoscopy adnexectomy

0.030 0 left ureter stone URSL" laser left

0.029 0 uterine myoma robotic myomectomy

0.029 0 acute appendicitis |aparoscopic appendectomy

0.029 0 hemorrhoids hemorrhoidectomy

0.029 0 nontoxic goiter thyroidectomy

0.027 0 infertility TVOR?

0.027 0 endometrial polyp TCR¥

0.027 0 GA 38 weeks breech caesarean section

0.025 0 rt? breast lesion MRI2™ guided biopsy

0.025 0

right inguinal hernia TEP™ right

3 HCA: intrahospital cardiac arrest.

bp: post.

CCPR: cardiopulmonary resuscitation.

decmo: extracorporeal membrane oxygenation.

€ACS: acute coronary syndrome.
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fAR: aortic regurgitation.

9CABG: coronary artery bypass graft.
PAVR: aortic valve replacement.

IAMI: acute myocardial infarction.

ITEE: transesophageal echocardiography.
Kr: rule out.

'PPU: perforated peptic ulcer.

M|_PPU: |aparoscopic perforated peptic ulcer surgery.
"EXP LAP: exploratory laparotomy.
Ocath: catheter.

PUPPP: uvulopal atopharyngopl asty.
9ESRD, end-stage renal disease.

'HD: hemodialysis.

Sperm cath: permanent catheter.

AV G: arteriovenous graft.

YAV F: arteriovenous fistula

VPTA: percutaneous transluminal angioplasty.
WRLL: right lower lobe.

XNF: necrotizing fasciitis.

YBK: below-knee amputation.

ZCCRT: concurrent chemoradiotherapy.
3\ATS: video-assisted thoracic surgery.
L AR: low anterior resection.

ACL: anterior cruciate ligament.
a\1CL: media collateral ligament.

% ACDF: anterior cervical discectomy and fusion.
il bilateral.

ov: ovarian.

AYRsL: ureteroscopic lithotomy.
ATVOR: transvaginal oocyte retrieval.
4TCR: transcervical resectoscope.

KGA: gestational age.

ar: right.

aMMRI: magnetic resonance imaging.
@'TEP: total extraperitoneal approach.

Discussion

Principal Findings

The DNN-BERT model predicted the in-hospital 30-day
mortality with the highest AUROC of 0.964 (95% CI
0.961-0.967) and an AUPRC of 0.336 (95% Cl 0.276-0.402);
see Table 3 and Figure 3. The BERT-DNN had an AUROC
significantly higher compared to XGBoost, logistic regression,
and ASAPS but not the DNN or random forest. The BERT-DNN
also had an AUPRC significantly higher compared to the DNN,
random forest, XGBoost, logistic regression, and ASAPS.

Hill et al [6] proposed an ML model that outperformed previous
tools (eg, preoperative score to predict postoperative mortality,
Charlson comorbidity, and ASAPS) and could be used
independently by clinicians. Our BERT-DNN model
outperformed Hill et al’s[6] model, obtaining ahigher AUROC,
sensitivity, and F1 score than their results (0.964, 95% ClI
0.961-0.967 vs 0.932, 95% CI 0.910-0.951; 0.650, 95% CI
0.587-0.719 vs 0.239, 95% CI 0.127-0.379; and 0.347, 95% ClI
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0.305-0.388 vs 0.302, 95% CI 0.172-0.449, respectively); see
Table 3. The preoperative diagnosis text features and proposed
procedure information might contribute to our BERT-DNN
model and enhance its sensitivity and F1 score. Unlike Hill et
al [6], who focused on patients undergoing general anesthesia,
we trained and tested our model on both general and neuraxial
anesthesia. The DL model with clinical text predicted
postoperative mortality significantly more discriminatively than
logistic regression and ASAPS (Table 4).

DL methods predict postoperative mortality using preoperative
and intraoperative features [7-9]. Using a summary of
intraoperative features alongside the ASAPS, Lee et a [7]
presented aDNN model that achieved an AUROC of 0.91 (95%
Cl 0.88-0.93). Our DNN model obtained ahigher AUROC than
their model because we included key features such as
preoperative location and surgical department, the importance
of which was also verified in previous studies[6]. Fritz et a [8]
proposed a multipath convolutional neural network model to
predict postoperative mortality using intraoperative time-series
data and preoperative features. Their model achieved an
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AUROC of 0.910 (95% CI 0.897-0.924) and an AUPRC of
0.325 (95% CI 0.280-0.372) [33]. In contrast, our model can
be used preoperatively and achieve a higher AUROC and
AUPRC (Table 3).

Previous studies used |CD and CPT codes as categorical features
to stratify surgery risk [2,6,7,9,12]. Thisinput feature has many
classes, which resulted in a sparse input matrix; this made it
difficult for the model to learn helpful information. However,
because ICD codes were typically recorded after surgery,
including them in the preoperative model was impractical.
Furthermore, the CPT code was not used globally. For this
reason, we could not compare a model including word
embeddingswith oneincluding CPT codes. However, our results
exhibited excellent discrimination with a high AUROC and
AUPRC. The AUPRC is significantly higher than models
without text. The calibration plot also strongly correlated the
predicted probabilities and observed mortalities (Figure 4).
Word embedding visualizations showed that the increased
predicted probabilities were concordant with high-risk surgery
and an increased mortality rate (Figure 5 and Table 6). We
showed that word embeddings for surgery information could
be used in DL modelsto predict postoperative mortality before
surgery without requiring CPT or ICD codes.

Thefusion of neural networks, combining diversetypes of data
(eg, image [34] and time-series [8] data) with 1D data (eg,
categorical, and continuous data), improved the model’'s
performance. Including unstructured clinical text via natural
language procession can improve intensive care unit (ICU)
mortality predictions [14,16]. The DL model that combined
unstructured and structured data outperformed models using
either type of data alone [15]. Moreover, the performance of
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theclinical pretrained DL language model could be maintained
between different institutions [35].

Limitations

Our study has several limitations. First, postoperative mortality
accounted for 1.3% (1562/121,313) of our cohort, and the
classes were highly imbalanced. The model training and
performance metric evaluations were difficult to apply with
these sparse positive labels. To compensate for the class
imbal ance viaan algorithmic method, we applied cost-sensitive
learning by balancing the weights of the loss function to
emphasize the minority group [36]. We evaluated the
discrimination of our model with the AUPRC, which is more
informative than the AUROC for imbalanced data [8,25,26].
Second, our model predicted mortality using EHRs. The errors
in the records and missing values affected the prediction results.
Typos of text interfered with the word-embedding process.
Outliers were detected and input using the defined rules
(Multimedia Appendix 2). Third, al records were collected
from a single large medical center. Although the pipeline we
created ensured that the DL model could be reproduced in other
institutes, the model weights might vary for adifferent data set.
The generalizability of our results must be examined in future
studies.

Conclusion

In conclusion, descriptive surgical text was essential for
predicting postoperative mortality. The word embeddings of
preoperative diagnoses and proposed procedures, via the
contextualized language model BERT, were combined in DL
models to predict postoperative mortality. This predictive
capacity can help identify patients with higher risk from
structure data and text of EHRs.
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Summary of laboratory values and vital sign values.
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Multimedia Appendix 2
Continuous feature limits to define outliers.
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Multimedia Appendix 3

Higher resolution of Figure 5. Word embeddings visualized by t distributed stochastic neighbor embedding. (A) Word embeddings
of the training set. (B) Word embeddings of the testing set. “Probs’ indicates probabilities predicated by the BERT-DNN model.
The intensity of color increased with the probability. “Labels’ indicates mortalities by “x” and survivors by “¢”. ards: acute
respiratory distress syndrome; atfl: anterior talofibular ligament; avg: arteriovenous graft; avp: aortic valvuloplasty; BERT:
bidirectional encoder representations from transformers; bct: breast-conserving therapy; bil: bilateral; bph: benign prostate
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hypertrophy; bx: biopsy; chr: chronic hypertrophic rhinitis; cps: chronic paranasal sinusitis; dbj: double Jstent; DNN: deep neural
network; ecmo: extracorporeal membrane oxygenation; emh: endometrial hemorrhage; esrd: end-stage renal disease; fess:
functional endoscopic sinus surgery; itc: intertrochanter; ivg: intravenous general anesthesia; lih: left inguinal hernia; mvr: mitral
valve replacement; nsd: nasal septum deviation; p: post; pcnl: percutaneous nephrolithotomy; perm cath: permanent catheter;
psa: prostate-specific antigen; r: rule out; r’t: right; rirs: retrograde intrarenal surgery; rv: right ventricle; sind: sentinel lymph
node dissection; SNE: stochastic neighbor embedding; t colon: transverse colon; tee: transesophageal echocardiography; tep:
total extraperitoneal approach; trus: transrectal ultrasound; turp: transurethral resection of the prostate; urs: ureteroscopy; vats:
video-assisted thoracic surgery; vhd: valvular heart disease.
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Abstract

Background: Although thereisagrowing interest in prediction models based on electronic medical records (EMRS) to identify
patients at risk of adverse cardiac events following invasive coronary treatment, robust models fully utilizing EMR data are
limited.

Objective: We aimed to develop and validate machine learning (ML) models by using diverse fields of EMR to predict the risk
of 30-day adverse cardiac events after percutaneous intervention or bypass surgery.

Methods: EMR data of 5,184,565 records of 16,793 patients at a quaternary hospital between 2006 and 2016 were categorized
into static basic (eg, demographics), dynamic time-series (eg, laboratory values), and cardiac-specific data (eg, coronary
angiography). The data were randomly split into training, tuning, and testing setsin aratio of 3:1:1. Each model was evaluated
with 5-fold cross-validation and with an external EMR-based cohort at atertiary hospital. Logistic regression (LR), random forest
(RF), gradient boosting machine (GBM), and feedforward neural network (FNN) algorithms were applied. The primary outcome
was 30-day mortality following invasive treatment.

Results: GBM showed the best performance with area under the receiver operating characteristic curve (AUROC) of 0.99; RF
had a similar AUROC of 0.98. AUROCs of FNN and LR were 0.96 and 0.93, respectively. GBM had the highest area under the
precision-recall curve (AUPRC) of 0.80, and the AUPRCs of RF, LR, and FNN were 0.73, 0.68, and 0.63, respectively. All
models showed low Brier scores of <0.1 aswell as highly fitted calibration plots, indicating a good fit of the ML-based models.
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On external validation, the GBM model demonstrated maximal performance with an AUROC of 0.90, while FNN had an AUROC
of 0.85. The AUROC:s of LR and RF were dlightly lower at 0.80 and 0.79, respectively. The AUPRCs of GBM, LR, and FNN
were similar at 0.47, 0.43, and 0.41, respectively, while that of RF was lower at 0.33. Among the categoriesin the GBM model,

time-series dynamic data demonstrated a high AUROC of >0.95,
Conclusions: Exploiting the diverse fields of the EMR data set,

contributing majorly to the excellent results.
the ML -based 30-day adverse cardiac event prediction models

demonstrated outstanding results, and the applied framework could be generalized for various health care prediction models.

(IMIR Med I nform 2022;10(5):€26801) doi:10.2196/26801

KEYWORDS
big data; electronic medical record; machine learning; mortality;

Introduction

Cardiovascular disease is the leading cause of mortality
throughout the world and is associated with various morbidities
[1]. Invasive treatment, including percutaneous coronary
intervention (PCI) and coronary artery bypass grafting (CABG)
surgery, is commonly required in patients with acute coronary
syndrome and stable angina. Owing to the potential risk
associated with inevitable invasiveness and the individual
comorbidities, risk stratification and identification of high-risk
patientsiswarranted [2,3]. Accordingly, several risk prediction
models for adverse events after invasive coronary treatment
have been proposed [4-7]. However, their useis limited owing
to inadequate predictive ability, low generaizability, and lack
of individualized risk assessment, as they have been devel oped
using limited number of variablesin select cohorts.

In recent times, with an increase in the availability of large
volume of electronic medical record (EMR) data, there hasbeen
agradual interest in using data-driven approaches to construct
efficient tools for risk prediction [8,9]. In addition, machine
learning (ML) algorithmsare gaining popularity asan alternative
approach for risk prediction to deal with complex EMR data
and to overcomethe limitations of previous models[10]. Recent
work on models based on EMR data for predicting adverse
events suggests that incorporation of ML might alow more
accurate risk prediction [11-14]. However, validated robust
modelsaretill limited, asthe previous model s used prespecified
variables based on traditional risk factors mainly comprising
structural data or lacked proper externa validation. Thus, this
study aimed to develop ML models by utilizing diverse fields
of both structured and unstructured EMR data to predict the
risk of 30-day major adverse cardiac events (MACE), including
mortality, after PCl or CABG and to validate the model in a
different cohort.

Methods

Database

Development and Internal Validation Set

Thedatafor thisstudy were obtained from Asan Medical Center,
which provides quaternary medical care for people in South
Korea. It has 55 departments—approximately 2700 beds—and
>8000 employess; it sees approximately 3,000,000 outpatient
clinic visits and 900,000 admissions per year. The Asan
biomedical research environment isthe data warehouse system

https://medinform.jmir.org/2022/5/€26801

adverse cardiac event; coronary artery disease; prediction

of Asan Medical Center, which has deidentified information of
4 million patients and is updated every 3 days [15]. The Asan
heart registry was constructed from diverse fields of structured
or unstructured EMR data extracted from the Asan biomedical
research environment database by using structured query
language. The registry comprised 571,157 patients, and the
inclusion criteriawere inpatient admissions or outpatient visits
in the cardiology, cardiac surgery, or emergency department
for established or suspected heart diseases between January 1,
2000 and November 30, 2016.

External Validation Set

For external validation, we used data obtained from the EMRs
of Ulsan University Hospital, which is a tertiary hospital with
approximately 900 beds that caters to a metropolitan city and
its surrounding suburban area in the southern region of South
Korea. The patients demographics, medical practice, and
operating systems differ between the 2 hospital's, which would
allow evaluation of the model in a different population.

Data Processing

The overall process for building the EMR-based database is
presented in Figure S1 of Multimedia Appendix 1. Briefly, first,
we collected the anonymized records of 748,474 patients who
had visited the Asan Medical Center or Ulsan University
Hospital because of cardiovascular diseases. Second, we set
clinically plausible criteria to remove errors and duplications.
Third, we integrated unstructured data such as readings of
medical examinationswith structured data sourced from EMRs
to create the CardioNet [16]. We subsequently performed text
mining to structuralize the significant variables associated with
cardiovascular diseases because most results of the principal
cardiovascular diseases—+elated medical examinations are
free-text readings. The basic method of text mining applied to
unstructured data can be described in 3 steps. First, we created
a metatable consisting of the main variables and conditions of
extraction by the clinician. Second, we divided the readings
into 3 frames: text, tabular, and others, and defined the extraction
rules for each frame. We took into consideration the structure
of the original data and the location of variables set in the
metatable and defined rules by using avariety of operators and
regular expressions. Third, the new tables were built by
extracting the keywords and features from the original data.
The values of the keywords were based on rules defined in the
previous step. Additionally, to ensure interoperability for
convergent multicenter research, we standardized the data by
using several codesthat correspond to the common datamodel.
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Finally, we created the descriptive table (ie, dictionary of the
CardioNet) to simplify access and utilization of data for
clinicians and engineers and continuously validated the data to
ensurereliability [16]. Most structured datawere obtained using
classic preprocessing technologies, including data cleansing,
dataintegration, datatransformation, datareduction, and privacy
protection. Finally, we extracted the following structured data
elements. demographics, administrative information, medical
history and comorbidities, diagnoses, vital signs, laboratory
values, and medications. Unstructured data included the
following elements: reports of cardiac-specific studies such as
thallium-201 single-photon emission computed tomography
(SPECT), coronary angiography, and physicians' procedure
notes for PCI or CABG. In this study, we found that with the
algorithms developed, we classified the data into 3 categories:
basic static data (demographics, administration data, medical
history, comorbidities, and diagnosis), dynamic time-series data

Kwon et d

(medications, laboratory values, and vital signs), and
disease-specific data (electrocardiography, treadmill test,
echocardiography, coronary computerized tomography,
thallium-201 SPECT, coronary angiography, PCl, and CABG)
(seeFigure 1). The details of the variablesin each category are
presented in Table S1 in Multimedia Appendix 1 [16]. With
respect to the data of the procedures or operation, the variables
only confined to the index PCI or CABG were used for this
investigation. Data collection and preparation were approved
by the Asan Medical Center and Ulsan University Hospital
institutional review board, and the requirement for informed
consent was waived. Patient deidentification was performed in
line with the Health Insurance Portability and Accountability
Act. This report adheres to the transparent reporting of a
multivariable prediction model for individual prognosis or
diagnosis reporting guideline [17].

Figure 1. Study diagram. Database, machine learning, and validation. AMC: Asan Medical Center; CABG: coronary artery bypass grafting; EMR:
electronic medical record; ML: machine learning; PCI: percutaneous coronary intervention.

o
a '
. '
AMC EMR AMC-HEART registry

N=571,157 patients

!

ié,:l'3_3 p_atiengtr_egt;a

Model development and

internal validation
with 5,184,565 records
from 3364 features

30-days adverse cardiac event
prediction after invasive coronary
treatment

External validation
with 1,482,816 records
from 2333 features

with PCl or CABG
|
. [
Static data Demographics =l
©
@
Administrative data [~
2 <
€| -
Medical history _g - Training set
2 iy
Diagnosis and 5 60%
comorbidities » 3 m ML model
nlz= -
rorni o E ,—|£ s
dynamic data 5
Laboratory values % g
M
Vital signs wn
e
Cardiac-specific Image and functional -
data studies %
Procedure or operation 25
data L [ —

Study Population and Outcome

A cohort of 16,793 patientswho had undergone PCI (n=12,519)
or CABG (n=4274) between January 1, 2006 and November
30, 2016 was identified in the Asan heart registry. As the
majority of patients underwent the index PCI or CABG within
1 year after their first generation of datain EMR, wefairly used
1-year accumulated data prior to index proceduresfor the entire
population. Thetotal number of independent recordsin the data
set was 5,184,565, derived from 3364 features. Figure 2
illustrates an example of the patients treated with PCI,
encompassing the serial and various EMR data. In the external
validation cohort from Ulsan University Hospital, 4159 patients
comprising 3950 who underwent PCI and 209 who underwent
CABG between January 1, 2006 and November 30, 2016 were
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included. The data set consisted of 1,482,816 recordsfrom 2333
features. Mortality was the primary endpoint, captured through
documentation of mortality in the EMR based upon National
Health Insuranceinformation. MACE asthe secondary endpoint
referred to a composite of al-cause mortality, including
myocardial infarction, stroke, or repeat revascularization at 30
days following the index invasive treatment. Myocardial
infarction, stroke, and repeat revascularization were initially
identified from source documents, including diagnosis,
electrocardiography, laboratory tests, procedura notes, and
results of imaging studies such as magnetic resonance imaging
or computerized tomography. Subsequently, the events were
rigoroudly adjudicated by cardiol ogists or heurol ogists according
to the current definitions [18].
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Figure 2. An example case incorporating serial and various electronic medical record data to predict adverse events. BP: blood pressure; BSA: body
surface area; BUN: blood urea nitrogen; CAG: coronary angiography; CK-MB: creatine kinase myocardial band; Dia: diameter; EDD: end diastolic
dimension; EF: gection fraction; EKG: electrocardiogram; ESD: end systolic dimension; FFR: fractional flow rate; GLS: global longitudinal strain;
Hb: hemoglobin; HR: heart rate; LDL: low-density lipoprotein; Leng: length; Lp(a): lipoprotein A; LV: left ventricle; PCl: percutaneous coronary
intervention; pLAD: proximal left anterior descending; Pr: pressure; RR: respiratory rate.
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ML Algorithmsand Statistics

We only used datagenerated until index PCI or CABG, whereas
data obtained after the index procedure were excluded for
developing ML algorithms (see Figure 2). Three approaches
were applied to preprocess data generated until index

https://medinform.jmir.org/2022/5/€26801
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procedures: (1) history-aware encoding isused to reflect whether
clinical events had occurred before a certain period of time, (2)
one-hot encoding is used to express the existence and
missingness of variables, and (3) characteristics of time-series
variables were captured by using descriptive statistics (eg,
minimum, maximum, average, and count). The detailed
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explanation regarding time-series data analysis is shown in
Multimedia Appendix 2. The study population was randomly
split into training, tuning, and validation cohorts in a ratio of
3:1:1. Four commonly used classes of ML agorithms were
used: logistic regression (LR), random forest (RF), gradient
boosting machine (GBM), and feedforward neural network
(FNN). LR transforms output by using a logistic sigmoid
function. RF isan extension of the bagging method, asit utilizes
both bagging and feature randomness to create an uncorrelated
forest of decision trees and decide output by majority voting
using multiple decision trees. GBM issimilar to RF, except that
they build 1 tree at a time and combine the voting resultsin a
gradual, additive, and sequential manner. FNN isaclassic type
of deep learning model that uses hierarchical layers of
abstraction and computes the output by using a combination of
multiple nodes with nonlinear activation.

The hyperparametersfor each model were determined using an
empirical search and 5-fold cross-validation on the study

Table 1. Hyperparameters and those values of each model.

Kwon et d

population to determine the values that had the best performance
(seeFigure 1). Hyperparameters and their valuesin each model
are summarized in Table 1. The optimal values of the tuning
parameterswereidentified based on thetesting accuracy values
that were calculated for each fold and averaged. Externa
validation of the developed prediction models was performed
inacohort from adifferent hospital. In addition, we determined
the performance of each data category and checked the
cumulative performance with combinations of multiple
information categories, adding each category one by one to
identify the best performance. Development of risk algorithms
in the training cohort and application of the risk algorithms to
the validation cohort was completed using Python with library
packages “ Keras with Tensorflow backend.” To investigate the
important variables in each developed model, we used the
permutation feature importance algorithm for LR and FNN,
Gini impurity for RF, and frequency of variables for GBM.

Model, hyperparameter Vaue
Logistic regression
Solver liblinear
Maximal iteration 100
Random forest
Number of estimators 100
Maximal depth 10
Gradient boosting machine
Objective binary
Estimators 150

Boosting type

Number of leaves

Maximal depth

Learning rate

Minimal number of datain child
Feedforward neural network

Learning rate

Hidden layer units

Batch size

Epoch

Dropout rate

Optimizer

Gradient boosting decision tree
15

-1 (no limit)

0.025

90

0.0002
(64,64)

64

40

05

Adam (betal=.5, beta2=.999)

The descriptive characteristics of the study population are
provided as number (%) and mean (SD) for categorical and
continuous variables, respectively. The discrimination
performance of each model was evaluated based on the area
under the receiver operating characteristic curve (AUROC) and
areaunder the precision-recall curve (AUPRC). In addition, we
evaluated model calibration (ie, the model’s ability to accurately
predict the observed absolute risk) by using the Brier score,

https://medinform.jmir.org/2022/5/€26801

where 0 would indicate perfect calibration, and generated the
calibration plots. A 2-sided P value <.05 was considered
indicative of statistical significance. We did not perform any
imputation of the missing numerical values, as explicit
imputation of missing values does not always provide consi stent
improvements in predictive models based on electronic health
records [19,20]. Because of inevitable differences in the
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characteristics and amounts of data between cohorts, we used
binary indicators of missingness on external validation [21].

Results

Baseline Characteristics and Event Rates

The basdline characteristics of the population in the development
and internal validation groups are listed in Table 2. The mean
patient age was 62.7 (SD 10.2) years; of the 16,793 patients,
12,465 (74.2%) were males and 6084 (36.2%) had diabetes,
while 243 (1.4%) had a history of congestive heart failure.
Chronic renal insufficiency, chronic lung disease, and chronic

Kwon et d

liver disease were reported in 566 (3.4%), 386 (2.3%), and 487
(2.9%) patients, respectively. Approximately two-thirds of the
patients were admitted via outpatient clinicswhiletheremaining
patients were admitted via the emergency department. Among
16,793 patientsin our developmental cohort, MACE at 30 days
occurred in 1500 (8.9%) patients, including 178 cases (1.1%)
of mortality, 1159 (6.9%) cases of myocardial infarction, 124
(7.4%) cases of stroke, and 180 (1.1%) cases of repeat
revascul arization. Among atotal of 4159 patientsin the external
validation cohort, there were 75 (1.8%) mortalities at 30 days
follow-up; the details of the patients characteristics in the
external validation cohort are shown in Table 3.

Table 2. Baselineclinical characteristics of the development and internal validation set.

Characteristics

Total population (N=16,793) Percutaneous coronary

Development and internal validation set

Coronary artery bypass

intervention (n=12,519) grafting surgery (n=4274)

Age (years), mean (SD) 62.7 (10.2)
Male sex, n (%) 12,465 (74.2)
Body mass index (kg/m?), mean (SD) 249(31)
Hypertension, n (%) 10,697 (63.7)
Diabetes mellitus, n (%) 6084 (36.2)
Hyperlipidemia, n (%) 9200 (54.8)
Current cigarette smoker, n (%) 3009 (17.9)
Prior myocardial infarction, n (%) 568 (3.4)
Previous cerebrovascular accident, n (%) 596 (3.5)
History of congestive heart failure, n (%) 243 (1.4)
Peripheral vascular disease, n (%) 278 (1.7)
Valvular heart disease, n (%) 387 (2.3)
Chronic renal insufficiency, n (%) 566 (3.4)
Chronic lung disease, n (%) 386 (2.3)
Chronic liver disease, n (%) 487 (2.9)
History of malignancy, n (%) 1019 (6.1)
Presentation with acute myocardial infarction, n (%) 3032 (18.1)
Admission via emergency department, n (%) 5054 (30.1)
Admission via outpatient clinics, n (%) 11,739 (69.9)

62.2 (10.5) 64.1 (9.4)
9312 (74.4) 3153 (73.8)
25.0 (3.0) 24.6 (3.1)
7758 (62) 2939 (68.8)
4127 (33) 1957 (45.8)
6932 (55.4) 2268 (53.1)
2424 (19.4) 585 (13.7)
394 (3.1) 174 (4.2)
420 (3.4) 176 (4.1)
132 (1.2) 111 (2.6)
199 (1.6) 79(1.8)
106 (0.8) 281 (6.6)
363 (2.9) 203 (4.7)
306 (2.4) 80 (1.9)
396 (3.2) 91 (2.1)
816 (6.5) 203 (4.7)
2509 (20) 523 (12.2)
3941 (31.5) 1113 (26)
8578 (68.5) 3161 (74)
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Table 3. Baselineclinical characteristics of the external validation set.

Kwon et d

Characteristics

External validation set

Total population (n=4159)  Percutaneous coronary Coronary artery bypass
intervention (n=3950) grafting surgery (n=209)

Age (years), mean (SD) 61.7 (10.9) 61.6 (9.4) 62.7 (10.9)
Male sex, n (%) 2913 (70) 2779 (70.3) 134 (64.1)
Body massindex (kg/m?), mean (SD) 24.0 (5.4) 24.0 (5.2) 23.8(6.4)
Hypertension, n (%) 1947 (46.8) 1851 (46.8) 96 (45.9)
Diabetes mellitus, n (%) 1278 (30.7) 1195 (30.2) 83(39.7)
Hyperlipidemia, n (%) 1154 (27.7) 1098 (27.7) 56 (26.7)
Current cigarette smoker, n (%) 1285 (30.9) 1234 (31.2) 51 (24.4)
Prior myocardial infarction, n (%) 280 (6.7) 265 (6.7) 15(7.1)
Previous cerebrovascular accident, n (%) 233 (5.6) 220 (5.5) 13(6.2)
History of congestive heart failure, n (%) 76 (1.8) 71 (1.7) 5(2.3)
Peripheral vascular disease, n (%) 49 (1.1) 45(1.1) 4(1.9)
Valvular heart disease, n (%) 27 (0.6) 18 (0.4) 9(4.3)
Chronic renal insufficiency, n (%) 130 (3.2) 123 (3.1) 7(3.3)
Chronic lung disease, n (%) 146 (3.5) 143 (3.6) 3(1.4)
Chronic liver disease, n (%) 201 (4.8) 193 (4.8) 8(3.8)
History of malignancy, n (%) 192 (4.6) 183 (4.6) 9(4.3
Presentation with acute myocardial infarction, n (%) 1357 (32.6) 1314 (33.2) 43 (20.5)
Admission via emergency department, n (%) 1706 (41) 1634 (41.3) 72 (34.4)
Admission via outpatient clinics, n (%) 2453 (58.9) 2316 (58.6) 137 (65.5)

Performancein Predicting 30-Day Mortality

Figure 3 demonstrates the discrimination and calibration results
of 5-fold cross-validation obtained by evaluation with each
technique. GBM showed the highest AUROC with a value of
0.99 (95% CI 0.97-0.99, P<.001) and RF showed similar
AUROC of 0.98 (95% CI 0.96-0.0.99, P<.001) (seeFigure 3A).
The AUROCs of FNN and LR were dightly lower at 0.96 (95%

Cl 0.93-0.99, P<.001) and 0.93 (95% CI 0.87-0.99, P<.001),
respectively. GBM had the highest AUPRC with a value of
0.80, and AUPRCs of RF, LR, and FNN were 0.73, 0.68, and
0.63, respectively (see Figure 3B). Interms of model calibration,
all models showed low Brier scores of less than 0.1, indicating
an excellent fit of the ML-based models (see Figure 3C).
Calibration plotsfor each model also confirmed good agreement
between the estimated predicted risk and observed risk.

Figure 3. Five-fold cross-validation of performance of each machine model in predicting 30-day mortality after invasive treatment. A. Area under the
receiver-operator characteristic curve, B. Area under the precision-recall curve, and C. Calibration plot with Brier score.

A

On external validation using the data set of the Ulsan University
hospital, maximal predictive performance was observed with
GBM (AUROC 0.90, 95% Cl 0.86-0.95; P<.001), followed by
FNN with AUROC of 0.85 (95% CI 0.81-0.92, P<.001) (see
Figure4A). LR and RF showed slightly lower AUROCs of 0.80
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B C

(95% CI 0.73-0.87, P<.001) and 0.79 (95% CI 0.74-0.84,
P<.001), respectively. The AUPRCs of GBM, LR, and FNN
showed similar values of 0.47, 0.42, and 0.41, respectively;
however, that of RF was lower at 0.33 (see Figure 4B). All
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models showed low Brier scores of <0.1, indicating a good fit
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of the ML-based models (see Figure 4C).

Figure4. External validation of performance of each machine model in predicting 30-day mortality after invasive treatment. A. Areaunder the receiver
operator characteristic curve, B. Area under the precision-recall curve, and C. Calibration plot with Brier score.

Figure 5A illustrates the predictive performance of each data
category in GBM, which showed the highest AUROC. Among
the individual categories, laboratory values demonstrated the
highest AUROC with a value of 0.98. Medications and vital
signs showed the second highest AUROCswith avalue of 0.95.
In contrast, static data such as diagnosis and comorbidities

C

category, data, and medica history showed low AUROCSs of
<0.80. GBM using combinations of feature categories showed
progressive improvement in performance, while dynamic
time-series datawas gradually included on top of the basic static
data, after which subtle improvement was seen when adding
cardiac-specific data (see Figure 5B).

Figure5. Prediction performance of the gradient boosting machine model assessed by area under the receiver operator characteristic curves. A. Each
data category, B. Combination of data categories. AUROC: area under the receiver operator characteristic curve.
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Performancein Predicting MACE

The performance of the ML models for predicting 30-day
MACE is demonstrated in Table 4. The maximal predictive
performance was observed with GBM (AUROC 0.88, 95% ClI
0.85-0.90; P<.001). RF and FNN showed asimilar performance
with AUROCSs of 0.85 (95% CI 0.83-0.88, P<.001) and 0.85
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(95% CI 0.83-0.88, P<.001), respectively, while the AUROC
of the LR was lower at 0.83 (95% CI 0.82-0.88, P<.001). In
terms of the AUPRC, GBM showed the highest value of 0.50,
followed by FNN, RF, and LR with values of 0.41, 0.39, and
0.37, respectively. All models showed low Brier scores of less
than 0.1, indicating a good fit of the ML-based models.

Table 4. Performance of machine learning models for predicting major adverse cardiac events.

Model Areaunder thereceiver operating character- 95% Cl P vaue Areaunder the precision-re-  Brier score
istic curve cal curve

Logistic regression 0.83 0.82-0.88 <.001 0.37 0.06

Random forest 0.85 0.83-0.88 <.001 0.39 0.06

Gradient boosting machine  0.88 0.85-0.90 <.001 0.50 0.05

Feedforward neural network  0.85 0.83-0.88 <.001 041 0.06
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Calculating the Importance of Feature Variablesin
Mortality-Prediction M odels

The rank of important variables in the models for predicting
30-day mortality is presented in Table 5. In LR, systolic blood
pressure was identified as the most important variable. RF

Table 5. Top 10 important variables of each machine learning model.

Kwon et d

indicated serum aspartate aminotransferase asimportant, while
GBM and FNN indicated serum protein and serum phosphorus
important, respectively. Overal, vital signs and several
laboratory values such as arteria blood pH, O,, and CO,
concentration were mainly identified as important variables
across the different ML methods.

Rank  Logistic regression Random forest Gradient boosting machine Feedforward neural network
1 Systolic blood pressure Serum aspartate aminotransferase  Serum protein Serum phosphorus
2 Diastolic blood pressure Paco2 Age Pacop
3 Respiratory rate Arterial pH Serum phosphorus Hemoglobin
4 Pacoy Pano Systolic blood pressure Systolic blood pressure
5 Arteria pH Serum alanine aminotransferase  Platelet Normal sinus rhythm in electrocar-
diogram
6 Pago Total bilirubin Serum aspartate aminotransferase  Estimated glomerular filtration rate
7 Aspartate aminotransferase Creatinekinase-myocardial band Pa, Serum glucose
8 Pulse rate White blood cell Serum albumin Platel et
9 Blood urea nitrogen Serum sodium Pulse rate Papo
10 Serum phosphorus Platel et Activated partial thromboplastin ~ Arteria pH
time
Discussion the potential applicability. This study revealed encouraging

Principal Findings

This was a retrospective study that applied ML to structured
and unstructured patient data from the EMR of a large
quaternary hospital to develop arisk prediction model for 30-day
adverse cardiac eventsin patientswho underwent PCI or CABG.
We comparatively evaluated the performance of several models;
all models demonstrated outstanding results with AUROCs
morethan 0.90 with excellent calibration. On externd validation,
the performance in predicting 30-day mortality decreased;
however, it remained favorable. Dynamic time-series data,
including laboratory values, vital signs, and medications,
demonstrated the best performances, which mainly contributed
to outstanding performance of the models.

Traditional risk prediction models are derived from asmall set
of selected risk factors based on the significant univariate
relationship with the end point on LR, which might deteriorate
the predictive performance. Moreover, it is difficult to include
new and more discriminatory risk factors into the traditional
models, which limits their extension ability [12]. Advancesin
big data solutions allow for storage, management, and mining
of large volumes of structured and semistructured data such as
complex health care data[22]. Along the emergence of big data,
ML provides an alternative approach to establish prediction
modeling that might address the current limitations. In this
context, we aimed to develop and validate ML models by using
longitudinal and heterogeneous data of various EM R parameters
to predict mortality or MACE at 30 days after PCI or CABG.
In addition, we explored a general framework for constructing
models by categorizing the data set into static basic data,
dynamic time-series data, and disease-specific datato examine

https://medinform.jmir.org/2022/5/€26801

results, which indicate that ML-based models for predicting
adverse events after invasive coronary treatment might be
feasible and applicable asaclinical decision supporting system
in hospitals with fully implemented EMR protocols.
Furthermore, this approach can be extended to various disease
entities or clinical events for improvement in quality of care
and patient outcomes.

In this study, we found that the algorithms developed from a
large single-center EMR database were reliable for use in the
population of a different hospital, albeit with a relatively low
performance. Of note, different hospitals serve dissimilar patient
populations and have divergent clinical practice patterns,
therefore, the EMR data reflecting the real-world clinical
practice in each hospital has its own distinct characteristics.
Hence, asomewhat |ow performance of the proposed prediction
modelsin adifferent cohort can be anticipated. Ideally, amodel
that achieves the highest possible level of generalizability is
desirable. However, there have been concerns about whether a
model developed at 1 center can be applied to another center
[9]. In medicine, there are too many practice patterns and other
local idiosyncrasies that make learning a broadly applicable
model effectively difficult [23,24]. In respect that the ultimate
application of prediction models built with EMR data is
integration with the clinical decision support system for
personalized medicine, optimizing individual centers particular
prediction model may be moreimportant rather than extending
generaizability. Hence, although the devel oped algorithmsfrom
asingle-center EMR database can be used with the database of
adifferent hospital, individual prediction models based on the
EMR dataof each single hospital would be preferable for highly
optimized performance.
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Predictive modelswith EMR datafrequently rely on structured
data. However, given the volume and richness of data available
in unstructured clinical notes or reports, ML models might
benefit from leveraging text mining tools to enhance the model
[22,25]. Hence, we text-mined various cardiac-specific data
such as image and functional studies and detailed information
about PCI and CABG, although the process required diverse
strategies and tasks. In this study, text-mined cardiac-specific
data showed a fair ability to predict 30-day mortality risk.
Although valuable, there are still some challenges in applying
text-mined data in ML, particularly owing to the vagueness,
impreci seness, and uncertain clinical information in EMR data
[12]. In contrast, utilizing structured data is simple if the
database and automated process system for extraction,
transformation, and loading of data are well-established.
Algorithms with only time-series dynamic data, which is the
typical large-volume structured data, outperformed and primarily
contributed to the excellent final results. Intuitively, itisbelieved
that the learning model will perform better if more data are
integrated into learning [26]. Our resultsindicate that using only
large amount of reliable structured data of EMR could offer an
opportunity to devel op proper risk prediction models. However,
although improvement in clinical data collection processes is
necessary, fundamentally, significant clinical information should
be recorded digitally in a cohesive and standardized manner in
the EMR system.

Limitations

Several limitations of this study should be noted. First, the
cardiovascular event rates, including mortality, might be
underestimated because events were captured only from a
single-center EMR database. Linking it with the national claim
data or health insurance data might possibly capture the events
more accurately. Second, although ease of interpretationisvital
for evaluation of the models [27,28], the black box nature of
ML makesit difficult to be used in health care. Hence, wetried

Kwon et d

to assess the importance of the variables through severa
experiments; however, there is still alack of “explainability”
of the prediction models. For ML methodsto be readily adopted
inreal-world clinical practice, they must beinterpretable without
compromising on accuracy [29]. Future works focusing on
developing explainable ML models are necessary to provide
tailored feedback to physicians. Third, other ML methods such
as recurrent neural networks, which have shown advantage in
leveraging the dynamic features, were not investigated in this
work; thisneedsto be explored in future studies[26,29]. Fourth,
although EMR datawithin 1 year beforeindex procedureswere
used for all populations, different EMR follow-up times prior
to index procedures were not taken into account to develop
models. Finally, we did not conduct external validation for
MACE. Because physician adjudication of myocardia
infarction, stroke, or repeat revascularization events is
resource-intensive and time-consuming in alarge-scaled record
cohort, comprehensive source reviews and final ascertainment
were substantially challenged. In order to expand the use of the
EMR-based ML approach, optimization for computerized
detection and adjudication of clinical outcomes will require
considerable investment of time and collaboration with
ingtitutional information technology and bioinformatics
professionals.

Conclusion

Exploiting the diverse parameters of EMR data sets, we
developed and validated ML models for predicting the 30-day
mortality risk following PCI or CABG. The ML agorithms
showed excellent performance, and the applied framework can
be generalized for various health care prediction models. This
study suggeststhat ML using the real-word clinical dataset can
provide a substantial method of developing risk prediction
models. Future studies are warranted to establish the clinica
effectiveness of this approach and real-time application at the
point of care.
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Abstract

Background: The COVID-19 pandemic has changed the usual working of many hospitalization units (or wards). Few studies
have used electronic nursing clinical notes (ENCN) and their unstructured text to identify alterations in patients feelings and
therapeutic procedures of interest.

Objective: Thisstudy aimed to analyze positive or negative sentiments through inspection of the freetext of the ENCN, compare
sentiments of ENCN with or without hospitalized patients with COVID-19, carry out temporal analysis of the sentiments of the
patients during the start of the first wave of the COVID-19 pandemic, and identify the topicsin ENCN.

Methods: Thisis adescriptive study with analysis of the text content of ENCN. All ENCNSs between January and June 2020
at Guadarrama Hospital (Madrid, Spain) extracted from the CGM Selene Electronic Health Records System were included. Two
groups of ENCNs were analyzed: one from hospitalized patients in post—intensive care units for COVID-19 and a second group
from hospitalized patients without COVID-19. A sentiment analysis was performed on the lemmatized text, using the National
Research Council of Canada, Affin, and Bing dictionaries. A polarity analysis of the sentences was performed using the Bing
dictionary, SO Dictionaries V1.11, and Spa dictionary as amplifiers and decrementators. Machine learning techniques were
applied to evaluate the presence of significant differencesin the ENCN in groups of patients with and those without COVID-19.
Finally, astructural analysis of thematic models was performed to study the abstract topics that occur in the ENCN, using Latent
Dirichlet Allocation topic modeling.

Results: A total of 37,564 electronic health records were analyzed. Sentiment analysis in ENCN showed that patients with
subacute COVID-19 have a higher proportion of positive sentiments than those without COVID-19. Also, there are significant
differences in polarity between both groups (Z=5.532, P<.001) with a polarity of 0.108 (SD 0.299) in patients with COVID-19
versusthat of 0.09 (SD 0.301) in those without COV1D-19. Machinelearning modeling reported that despite all models presenting
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high values, it is the neural network that presents the best indicators (>0.8) and with significant P values between both groups.
Through Structural Topic Modeling analysis, the final model containing 10 topics was selected. High correlations were noted
among topics 2, 5, and 8 (pressure ulcer and pharmacotherapy treatment), topics 1, 4, 7, and 9 (incidences related to fever and
well-being state, and baseline oxygen saturation) and topics 3 and 10 (blood glucose level and pain).

Conclusions:  The ENCN may help in the development and implementation of more effective programs, which allows patients
with COVID-19 to adopt to their prepandemic lifestyle faster. Topic modeling could help identify specific clinical problemsin

patients and better target the care they receive.

(IMIR Med I nform 2022;10(5):€38308) doi:10.2196/38308

KEYWORDS

electronic health records, COVID-19; pandemic; content text analysis

Introduction

On March 11, 2020, the World Health Organization declared
COVID-19 a global pandemic [1]. SARS-CoV-2 presented a
great capacity for contagion, spread, and high mortality, which
collapsed health care systems worldwide [2,3]. Owing to the
sudden spread of the virus, health care professionals have
undergone a huge, rapid, and profound change in their
professional workplace to combat COVID-19.

In this context, receiving a diagnosis of COVID-19 and being
admitted to hospital, often in intensive care units for periods of
weeks or even months, provoked a sense of helplessness and
near death. This situation has led to an increased preval ence of
mental health problems owing to a high rate of prevalence of
anxiety and depression among patients with COVID-19 [4],
which approached 30% [5] and led to posttraumatic stress in
up to 96.2% of those affected [6]. Medical activity has focused
primarily on the treatment of the disease [7] and research has
focused on  epidemiological  [8,9], clinica, and
pathophysiological factors[10,11].

During the COVID-19 pandemic, electronic health records
(EHRs) have provided an agile response to the needs of health
care workers and researchers through useful data exploitation
[12,13] by presenting information quickly and efficiently, for
primary and secondary uses in clinical care [14]. This system
allowed having complete and coherent information regardless
of where or by whom it was generated, enabling it to follow the
timeline of the patient’s disease, including symptoms, acute
events, or changesin their treatment or health status[15], which
was especially key given the high rotation of hedth care
workers. On the other hand, a fundamental point in EHRs is
correct recording of the information in order to be able to make
effectiveand safe clinical decisionsfor the patient [16]. Previous
studies show how the lack of registration of information on the
diagnostic process, identification, and listing of events on care
and treatment can affect the monitoring of the quality, safety,
and efficacy of hedlth care interventions [17]. These clinical
notes can be only written by EHR users responsible for patient
care, such as doctors, nurses, and assistant nurses [18,19].
Wisner et al [20] showed that the absence or limitation in
nursing clinical narratives, comments, and clinical notes hinders
clinica reasoning and decision-making aong with the
transmission of information between the different shifts.

https://medinform.jmir.org/2022/5/€38308

Electronic nursing clinical notes (ENCN) are documents in
which nurses describe health status, nursing care, medication,
and other observations about patients [21]. In these texts, they
also describe their observations and opinions in an attempt to
better understand the patients' condition and opinions [22] and
among them, the feelings perceived during their interaction
[21]. The appropriate use of ENCN can help improve both
physical and mental health care of hospitalized patients [23].

Much of the relevant information is recorded in ENCN in the
form of freetext (unstructured), known as clinical notes, which
makes analysis and decision-making very difficult. This has
stimulated the development of semantic analysis methods
[24,25] that alow in-depth exploration of the clinical
information potentially available in health services [26] and
determine the amount of information collected about aclinical
process or condition [18-20] and the content of that information
regarding specific topics.

Sentiment or opinion analysis allowsthe analysis of positive or
negative sentimentsin atext by using precalibrated dictionaries
of terms [27]. Polarity facilitates the qualification of these
sentiments in the context of sentences; for example, the term
“happy” denotesaclearly positive sentiment, but if it ispreceded
by “not happy” in the sentence, the polarity is reversed toward
a negative value [28]. Sentiment analysis in the health care
domain has been used in the analysis of social networks[29,30],
suicide notes [31], or radiology notes [32], as well as nursing
notes [33]. The application of this type of analysis provides
insight into patients' attitudes toward the contextual polarity of
ENCN and assesses symptoms related to their mental health,
which may not have been detected through direct analysis[22].

Latent Dirichlet Allocation (LDA) thematic pattern analysisis
atechnique to detect hidden topics in a corpus of texts[34]. It
assumes topics with word clusters in which the distribution of
words within each topic is taken into account, along with the
distribution of topicsthroughout the corpus[35]. Thistechnique
has been used in socia network analysis, news [36,37], or in
response to government policies [38]. Biomedical terms have
been found to form specific topics[39,40]; so, thisanalysiscan
provide useful clinical information [35].

To our best of knowledge, there are currently no studies
describing the use of ENCN for the determination of sentiment
and polarity (rejection-acceptance) aswell astheidentification
of clinical practices of interest of hospitalized patients during
the start of the first wave of the COVID-19 pandemic.
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Therefore, the objectives of this study were the following: (1)
analysis of patient”s sentiments through the analysis of the free
text of the ENCN, (2) comparison of the sentiments and polarity
of hospitalized patients in post-intensive care units for
COVID-19 with those hospitalized in non—COVID-19 wards,
(3) temporal analysisof the patients” sentiments during thefirst
wave of the pandemic (January to June 2020) through the
ENCN, and (4) identification of the contents and topics that
appear in the ENCN.

Methods

Design

Thisisadescriptive study that involves an analysis of the textual
content of the ENCN [41]. Through the analysis of narrative
texts, the positive and negative sentiments of patients can be
described and analyzed [42]. The object of the textual analysis
studiesisto understand how acertain event affects the attitudes
and behaviors of people. This study focuses on the ENCN of
the nurses who worked during an outbreak of the COVID-19
pandemic in a Spanish hospital [41].

Ethical Considerations

This study was approved by the Clinical Research Ethics
Committee at the Hospital Universitario Puerta de Hierro
M ajadahondade Madrid (07/400080.9/22). Also, for reviewing
clinica histories and data, we had approval from the
Guadarrama Hospital Center Management. At all times, the
confidentiality of the information was preserved, thus ensuring
responsible use of the data, as established by current Spanish
regulations and in accordance with the tenets of the Declaration
of Helsinki.

Setting, Sample, and Data Collection Tools

All clinical notes contained in the ENCN registered between
January and June 2020 at Guadarrama Hospital were extracted
from the CGM Selene EHR System (CompuGroup Medical
Deutschland AG). Guadarrama Hospital is a mid-term stay
hospital in the Community of Madrid, with 144 beds, and
provides rehabilitation and long-term care to patients with
chronic pathol ogies; however, during the COV1D-19 pandemic,
it also provided care to patients with a COVID-19 infection.

The analyzed records collect follow-up data from the day of
admission until discharge or death, collecting up to 3 records

Textbox 1. The polarity calculation process.

Cuenca-Zaldivar et al

per day in each work shift (morning shift from 8 AM to 3 PM,
afternoon shift from 3 PM to 10 PM, and night shift from 10
PM to 8 AM). ENCN from two groups of nurseswere analyzed:
one from nurses working with hospitalized post—intensive care
unit patients with COVID-19 and a the other from nurses
working in non—COVID-19 wards. The hospital”s physicians
diagnosed and confirmed COVID-19 and assigned patients to
the different wards.

Statistical Analysis

For the statistical analysis, the R package (version 3.5.1; R
Foundation for Statistical Computing) was used. The level of
significance was established at P<.05.

Sentiment Analysis

Previoudly, the text was standardized by lemmatizing it and
cleaning up the stop words. A sentiment analysiswas performed
on the text using the National Research Council of Canada's
(NRC's) Emotion Lexicon [43], Affin [44], and Bing [45]
dictionaries. All three of these lexicons are based on unigrams
or single Spanish words that assign scores for positive or
negative sentiment. In addition, the NRC dictionary categorizes
words into emotional categories of anger, anticipation, disgust,
fear, joy, sadness, surprise, and trust, while the Affin lexicon
assigns words with a score between -5 and +5, with negative
values indicating negative sentiment and positive values
indicating positive sentiment. The presence of significant
differences between ENCN in groups of patientswith and those
without COVID-19 was verified using the Pearson chi-square
test, with Bonferroni correction for post hoc analysis. The
temporal evolution of sentimentsin both groups was evaluated
using the Dynamic Time Warp test, which allows comparing
time series of different lengths using the normalized Euclidean
distance.

Polarity Analysis

In addition, a polarity analysis (Textboxes 1 and 2) of the
sentences was performed using the Bing dictionary, the SO
Dictionaries V1.11, and Spa [46-48] dictionary as amplifiers
and decrementators, and those proposed by Vilareset al [49] as
deniers. The Mann-Whitney U test was used between the two
groups of patients to test significant differences after verifying
the nonnormal distribution of polarity using the
Kolmogorov-Smirnov test with Lilliefors correction.

Four phases were used progressively for the analysis of acceptance-rejection (polarity):
Phase 1. We created afile with the text of the interviews broken down by phrases for textual analysis.

Phase 2. We calculated polarity using the Bing Sentiment Dictionary, the amplifiers and deamplifiers from SO Dictionaries V1.11 and Spa, and the

negators proposed by Vilares et al [49].

Phase 3. We calculated the scatterplot of the sentences in the text regarding neutrality to identify positive or negative trends.

Phase 4. The evolution of the emotional valence (positive-negative) would be shown throughout the interviews. We applied Fourier transformation

to confirm the polarity trend.

https://medinform.jmir.org/2022/5/€38308
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Textbox 2. Formula and dictionaries used to calculate polarity.

The analysis was carried out using the Bing dictionary [28]. The Bing dictionary determines the positivity (acceptance) or negativity (rejection) of
each word used. Also, the amplifiers and deamplifiers of SO Dictionaries V1.11 and Spadictionary [29-31] were used, along with negators proposed
by Denecke et al [32].

To calculate the polarity (8), acontext cluster of words (xTi ) isformed around each polarized word using the Bing dictionary [28], taking by default
4 words before and 2 words after it (if there is any commain the cluster, it will only include the words that are after the comma), and those will be
treated as valence shifters.

Thewordsin this cluster are labeled as neutral (xoi), negators (xNi), amplifiers (x2) or de-amplifiers (xdi) using the dictionary SO DictionariesV1.11
Spa2 [47] and the negators proposed by Hu and Liu [48]. Neutral words do not add to the equation but affect the word count (n).

Each polarized word (negative or positive) is weighted (w) on the basis of the context cluster weights (xTi) and further weighted by the number and
position of the valence shiftersdirectly surrounding it. A weight (c) can be added and applied to both amplifiers and deamplifiers (with adefault value
of 0.8 and alower limit for the deamplifiers of —1).

Finally, the context cluster (xTi) is added and divided by the square root of the number of words (vVn) to generate a polarity score (8) that, by defaullt,

isnot limited in value.

Thefinal result isthe following formula:

Where:

Bl
Bl

ENCN Comparison

Machine learning enables the automation of large amounts of
text by model training [50]. Machine learning techniques were
applied in order to evaluate the presence of significant
differencesinthe ENCN among patients with and those without
COVID-19. For this, the models were created on a random
subsample of 75% of the text, applying them to the remaining
25%. The applied models were Support Vector Machine,
Naive-Bayes, random forest, and neural network. The quality
of the models was evaluated using the area under the curve
(AUC), sensitivity and specificity, the k index, and accuracy
with its level of significance. Values above 0.8 and significant
P values (P<.05) were considered the cutoff point.

Topic and Content Analysis

A structural analysis of thematic models (STM) was performed
to study the abstract topics that occur in the comments, using
LDA topic modeling but allows their inclusion as covariatesin
the model, the temporal evolution, and the presence of the of
ENCN in groups of patientswith subacute COVID-19 and those
without COVID-19 [33]. The optima number of topics was
determined while considering exclusivity [34] and semantic
coherence[35] ascriteria. Exclusivity evaluatesif the top words
for the topics appear within top words of other topics, while

https://medinform.jmir.org/2022/5/€38308

semantic coherence showsif the words that are most associated
with the corresponding themes occur equally within the
documents; in both cases, higher values are better. The effect
of thetopics of the final model between ENCN in patientswith
and those without COVID-19 was analyzed, along with the
temporal evolution in the preval ence of the appearance of global
themes between both groups. The interaction graph was used
to determine the presence of significant differences in the
evolution of prevalence between both groups. An analysis of
the content of the topics and the differencesin themes between
both groups was carried out, while the network graph allowed
for the detection of the presence of categories between topics.

Results

A total of 37,564 records were analyzed, after eliminating
24,101 duplicates (ie, ENCN that had been copied and pasted
from previous ones). ENCN were produced by 77 nurses
distributed by working shift, hospital unit, and months (Table
1).

These records correspond to 710 patients, whose baseline
demographicsand clinical dataare shown depending on whether
or not they wereinfected with SARS-CoV-2 (sociodemographic
datain Multimedia Appendix 1).
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Table 1. Distribution of electronic clinical nursing notes by working shift, units, and time (in months).

Electronic nursing clinical notes for the COVID-19 group,

Electronic nursing clinical notes for the non—COVID-19

n (%) group, n (%)

Working shift

Morning 5161 (13.7) 10,791 (28.7)

Afternoon 3637 (9.6) 7931 (21.1)

Night 3992 (10.6) 6050 (16.1)
Month

January 161 (0.4) 7360 (19.5)

February 466 (1.2) 6225 (16.5)

March 2457 (6.5) 4104 (10.9)

April 5467 (14.5) 396 (1.0)

May 3245 (8.6) 2093 (5.5)

June 994 (2.6) 4594 (12.2)

Sentiment Analysis

The differences in the sentiments expressed in the ENCN
between both groups were significant in the NRC dictionary

(x%=360.6, P<.001), Afinn lexicon both in the scores
(x%=385.3, P<.001) and polarity (x%=232.7, P<.001), and Bing

dictionary (x%*=368.9, P<.001). Post hoc tests showed

significant differencesamong all levels (Multimedia Appendices
2 and 3).

In the ENCN of patients with COVID-19, there is a higher
proportion of positive sentiments than that in the
non—COV1D-19 group. The most frequently expressed emotion
is sadness, which was greater in the non—-COVID-19 group,
followed by trust, which appears to be similar in both groups.
Sentiments with negative scores (—2) are more frequent in the
non—COVID-19 group, while that of positive sentiments was
higher in the COVID-19 group (+2) (Table 2).

https://medinform.jmir.org/2022/5/€38308

RenderX

The evolution of the sentiments expressed in the ENCN was
similar in both groups, revealing adrastic reduction during April
and May inthe non—COV I D-19 group, consistent with the peak
of the pandemic (Multimedia Appendix 4).

However, higher values were generaly observed in the
sentiments expressed in the COVID-19 group when they were
analyzed with the Afinn dictionary, where the emotional
valences doubled those of patients without COVID-19 and
where we observed a clear asymmetry in the distribution of the
most negative sentiments (scores of -5).

The distances between both time series are generally small; that
is, <0.2. The NRC dictionary showed the greatest differences
between the 2 groups in the emotions of surprise and sadness,
in the positive sentiments of the Bing dictionary, and in the
negative ones of the Afinn dictionary (Multimedia Appendix
5).
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Table 2. Sentiment scores by dictionary.

Cuenca-Zaldivar et al

Dictionaries Electronic nursing clinical notes for the Electronic nursing clinical notes for the P value
COVID-19 group, mean non—COV1D-19 group, mean
National Research Council of Canada dictionary <.001
Anger 2.8 2.7
Anticipation 8.7 85
Disgust 33 39
Fear 6.6 7.3
Joy 5.2 46
Sadness 171 18.0
Surprise 3.6 29
Trust 10.6 104
Negative 20.0 21.3
Positive 220 206
Afinn dictionary <.001
-5 0.0 0.0
—4 0.1 0.1
-3 21 17
—2 36.0 434
-1 18.7 18.3
+1 6.2 6.6
+2 36.0 29.2
+3 0.9 0.7
+4 0.0 0.0
Afinn dictionary (positive-negative) <.001
Negative 56.9 63.5
Positive 431 36.5
Bing dictionary <.001
Negative 34.3 404
Positive 65.7 59.6

Polarity Analysis

Polarity scores were nonnormally distributed between the
COVID-19 and non—COVID-19 groups (P<.001).

Thereare significant differencesin polarity between both groups
(Z=5.532, P<.001): 0.108 (SD 0.299) in patientswith COVID-19
versus 0.09 (SD 0.301) in those without COVID-19.

https://medinform.jmir.org/2022/5/€38308
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When both groupswere compared, we verified how the polarity
presents a clear upward trend in ENCN of the non—COVID-19
group, while in ENCN of the COVID-19 group, the most
positive value was attained in April to decrease later with higher
values than those of the non—COVID-19 group (Figure 1).
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Figure 1. Polarity of patients comments.
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STM

The selected model contains 10 topics. The topics tend to be
assigned to afew comments, which indicates a high specificity

Textbox 3. Topics identified from electronic nursing clinical notes.

Cuenca-Zaldivar et al
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in their content. The presence of the following concepts was
hypothesized on the basis of the selected topic weights (see
Textbox 3 and Figure 2)

Topic 1: Incidents in each working shift.

Topic 2: Application of pressure ulcer treatments.

Topic 3: Blood glucose level and insulin pattern.

Topic 4: Presence or absence of fever in relation to general condition.
Topic 5: Pharmacotherapy treatment and vital signs control.

Topic 6: Administration of the treatment schedule.

Topic 8: Taking the medication.

Topic 7: Incidents that affect the general well-being of the patient.
Topic 9: Baseline oxygen saturation.

Topic 10: Incidents related to the appearance of pain.
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Figure 2. Topic weights and the 5 most frequent words by topic.
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good, good, calm, afebrile, incidence

perform, stable, turn, cure, accompanied

treatment, scheduled, administered, administer, guideline

pass, good, afebrile, afternoon, morning

late, saturation, basal, raised, chair

Topic 1 morning, night, incidence, intake, treatment
Topic 3 specify, blood glucose, extra, dinner, insulin
Topic 5 medication, constant, be up, hour, range
Topic 10 pain, raised, refer, intake, incidence
Topic 8 take, administer, administer, guideline, schedule
0.0% 5.0% 10.0% 15.0% 20.0% 25.0%
Topic weights (%)

An increase in the prevalence of topics was observed in the
second half of the semester, which coincided with the time of
admission of patientswith COVID-19. Over time, patientswith
COVID-19 showed a higher prevalence of items 9 (baseline
oxygen saturation) and 7 (general well-being), with a lower
proportion of items 2 (pressure ulcer treatments), 3 (insulin), 5
(drug therapy and vital sign control), and 10 (pain control) than
those without COVID-19. Our findings reported that the main
problems among patientswith COVID-19 wererelated to initial
oxygen saturation and general well-being, whilein those without
COVID-19, problems were related to pressure ulcer treatment,
pain, diabetes, and drug therapy. The analysis shows different
nuances between patients with and those without COVID-19
inthetopics of themodel. Control of baseline oxygen saturation,
blood glucose level, and ingestion, as well as fever, are of
greater importance to patients with COVID-19; while among
those without COVID-19, pain, insulin dose, pressure ulcer
treatment, and pharmacotherapy were the priority topics. In
both groups, thereisacommon concern for the genera condition
and well-being of the patients, as well as for the control of the
treatment regimen.

These differencesare significant between both groups over time,
as shown in the interaction graph, with an increase in the

https://medinform.jmir.org/2022/5/€38308

XSL-FO

RenderX

proportion of topics in the second half of the semester in the
COVID-19 group, while in the first half of the semester, this
proportion is higher in the non—COVID-19 group. Topics 9
(baseline oxygen saturation) and 2 (pressure ulcer treatment)
present the greatest and significant effects between both groups,
while topics 8 and 1 do not show any significant effect.

Therewas ahigh correlation among topics 2, 5, and 8 (pressure
ulcer care, vital sign control, and pharmacotherapy treatment),
topics 1, 4, 7, and 9 (incidences related to working shift, fever
and well-being state, and baseline oxygen saturation), and topics
3 and 10 (blood glucose level and pain), while topic 6
(administration of treatment schedule) remains uncorrelated.

Machine L earning M odeling

Although al the models show high values, the neural network
showed the best indicators (>0.8) and with significant P values.
The worst model was the random forest model, which was
clearly overfitting (Table 3).

This result coincides with the findings of the thematic model
analysis and may indicate significant differencesin the type of
nursing comment based on the presence or absence of a
COVID-19infection, with the neural network showing excellent
values of sensitivity and specificity, as well as precision.
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Table 3. Machine learning models quality.

Cuenca-Zaldivar et al

Model Area under the curve Sensitivity Specificity Accuracy (95% ClI) Accuracy (P vaue)

Support vector machine  0.70 0.91 0.50 0.77 (0.76-0.78) <.001

Random forest 1.0 1.0 1.0 1(1-1) <.001

Naive-Bayes 0.80 0.78 0.82 0.79 (0.79-0.80) <.001

Neural network 0.96 0.99 0.92 0.97 (0.96-0.97) <.001
Discussion infection [56]. Regarding diet, the frequency of ENCN could

Principal Findings

Our findings report a higher proportion of positive sentiments
among patients with subacute COVID-19 than that of those
without COVID-19. Groups a so differed on the polarity of their
narratives (P<.001). Among the machine learning models, the
neural network presented the best indicators. In addition, the
final STM containing 10 topics with high correlations among
topics 2, 5, and 8 (pressure ulcer and pharmacotherapy
treatment), topics 1, 4, 7, and 9 (incidences rel ated to fever and
well-being state, and baseline oxygen saturation), and topics 3
and 10 (blood glucose level and pain).

Previous studies show the presence of positive sentiments during
the pandemic, reflected in gratitude toward health care workers
and community support for vulnerable people [51]. Our results
show a higher proportion of positive sentiments in the ENCN
of the COVID-19 group than that of the non—COV 1D-19 group.
These results are consistent with those reported by Sahoo et a
[52] asthe patients had been in the intensive care unit for more
than 40 days. The authors suggest that patients tend to become
progressively more relaxed and that the experience of the ward
environment changes, with situations perceived as positive
becoming more frequent. The emotion most frequently
expressed in ENCN was sadness, which was observed in the
non—COVID-19 group. Most patients without COVID-19 were
inthefunctional recovery unit—these patients are characterized
as being older adults with a prolonged hospital stay and with
comorbidities often associated with physical pain. The feeling
of sadness could berelated to physical pain, according to Shirai
and Soshi [53]. Age is also considered a predisposing factor
according to Wu et al [54], where hospitalized older adults are
at a higher disposition to sadness.

Among the 10 main topics of the model selected for ENCN, the
topicswith the greatest weight were the application of treatments
for pressure cutaneouslesionsin the non—-COV1D-19 group and
baseline oxygen saturation in the COVID-19 group. In both
groups of patients, there was acommon concern for the general
condition and well-being of the patients, as well as for control
on the treatment regimen. The relevant issues detected in the
ENCN in the COVID-19 group were the stability of vital signs
(fever and oxygen saturation), glucose control, and diet. The
importance of oxygen saturation is justified by the respiratory
involvement by SARS-CoV-2 infection [55]. Glucose control
could be explained by its relationship with diabetes mellitus
being ametabolic syndrome considered as high risk with respect
to COVID-19 severity; it may also be related to the use of
corticosteroidsfor the anti-inflammeatory treatment of respiratory
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be associated with irregular or low intakes due to the acute
phase, with anosmia and ageusia being typica symptoms of
SARS-CoV-2 infection [55].

Inthe ENCN in the non—-COV ID-19 group, the presence of skin
lesions as a topic of interest could be explained by the
prevalence of dependence in hospitalized patients, the rate of
which is8.7% in Spain. Furthermore, pressure injuries account
for 7%, according to the fifth Spanish National Study of
Prevalence of pressure ulcers and other chronic wounds [57].
In addition, patients in the non—COVID-19 group present risk
factors for skin lesions, such as advanced age, comorbidity,
prolonged hospitalization, functional limitations, and urinary
incontinence [58]. Other topics of interest in the ENCN for the
non—COV 1 D-19 group wereinsulin dose and pharmacotherapy.
The presence of comorbidities, such as diabetes mellitus, is a
common concern for nursesin both groups. In Spain, this disease
has a prevalence of 12.5% in adults, mostly affecting older
adults[59]. Other recordsreferred to the assessment and control
of pain, asymptom that isusually associated with rehabilitation
processes [56,60].

Text analysisof unstructured ENCNs has been used with success
previously to determine the quality of the registry [61] and in
other unstructured texts such as patient experience [62]. This
type of analysisis considered useful to capture the perception
of an event, demonstrating reliability in health sciences and
COVID-19issues[51,62]. The ahility to identify new topics of
interest and detect areas for improvement is also considered
important [63]. Regarding the dictionaries used in this study,
all of them (NRC, Affin, and Bing) yielded significant results;
hence, the selected words can be considered sensitive and useful
in the care of patients with and those without COVID-19.

The application of text mining techniques on clinical text may
be a valid source for evaluating the sentiments of hospitalized
patients and detecting problems related to their mental health
(anxiety, depression, and posttraumatic stress), which may
influence the evolution of their illness. These results may help
establish early and more effective recovery programs that
address these issues and allow those affected to return more
quickly to their prepandemic lifestyle.

Finally, topic modeling has made it possible to obtain relevant
clinical information from the clinical notes, allowing the
identification of clinical problemsin providing careto patients
with and those without COVID-19, which are clearly
differentiated, and which may help guide their care more
effectively.
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Limitations

This study has limitations. The main outcome could not be
compared more broadly owing to the absence of studies on
polarity and sentiment in ENCN during the start of first wave
of the COVID-19 pandemic. The patients’ sentiments before
and during the pandemic could be different; hence, the results
of the comparisons between patients with and those without
COVID-19 must be interpreted with caution.
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ENCN can provide very useful real-timeinformation, identifying
the patient’s sentimentsand their polarity (rejection-acceptance).
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Abstract

Background: Public engagement isakey element for mitigating pandemics, and a good understanding of public opinion could
help to encourage the successful adoption of public health measures by the population. In past years, deep learning has been
increasingly applied to the analysis of text from social networks. However, most of the devel oped approaches can only capture
topics or sentiments alone but not both together.

Objective: Here, we aimed to develop a new approach, based on deep neural networks, for simultaneously capturing public
topics and sentiments and applied it to tweets sent just after the announcement of the COV1D-19 pandemic by the World Health
Organization (WHO).

Methods: A total of 1,386,496 tweets were collected, preprocessed, and split with aratio of 80:20 into training and validation
sets, respectively. We combined lexicons and convolutional neural networks to improve sentiment prediction. The trained model
achieved an overall accuracy of 81% and a precision of 82% and was ableto capture simultaneoudly the weighted words associated
with a predicted sentiment intensity score. These outputs were then visualized via an interactive and customizable web interface
based on aword cloud representation. Using word cloud analysis, we captured the main topics for extreme positive and negative
sentiment intensity scores.

Results: In reaction to the announcement of the pandemic by the WHO, 6 negative and 5 positive topics were discussed on
Twitter. Twitter users seemed to be worried about the international situation, economic consequences, and medical situation.
Conversely, they seemed to be satisfied with the commitment of medical and social workers and with the collaboration between
people.

Conclusions: We propose anew method based on deep neural networksfor simultaneously extracting public topicsand sentiments
from tweets. This method could be helpful for monitoring public opinion during crises such as pandemics.

(IMIR Med Inform 2022;10(5):€34306) doi:10.2196/34306
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neural network; deep learning; COVID-19; explainable artificia intelligence; decision support; natural language processing
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Introduction

Background

Pandemics caused by emerging pathogens are public health
emergencies. They have dramatic consequences for the
population (mortality, morbidity, social life) and the economy
[1]. The number of outbreaks has increased in recent decades,
and this trend is expected to intensify [1] in the next years. In
particular, when the first cases of pneumonia caused by the
SARS-CoV-2 pathogen were declared in Wuhan, Hubei
Province, China[2,3], thevirusrapidly spread around the world,
leading the World Health Organization (WHO) to declare a
pandemic on March 11, 2020, and announced it on Twitter with
the tweet: “BREAKING “We have therefore made the
assessment that #COVID19 can be characterized as a
pandemic”-@DrTedros #coronavirus.” With this declaration
occurring on social media, Twitter remains an ideal medium to
study public opinion on the declaration of the COVID pandemic.

Utility of Social Networksfor Identifying Sentiments
and Topics of the Population During Pandemics

Aspublic engagement isakey element for mitigating pandemics
[4-6], several studieshave already mined social mediasincethe
beginning of the COVID-19 pandemic but with distinct
objectives (eg, infoveillance) [7-9] or during different periods
(eg, when first important measures were taken in the United
States) [7,10-14]. To our knowledge, thereis no study analyzing
public opinion in the immediate reaction just after the WHO
announcement.

Social networks have largely been used to capture public
opinion, especialy during outbreaks (eg, Ebola [15], HIN1
[16]). The methods used to analyze texts from social networks
have considerably improved over time: manual analysis first,
followed by natural language processing (NLP) approaches
based on syntactic-semantic or statistical techniques [17], and
more recently, deep learning approaches[18,19]. Deep learning
methods provide new perspectives on text analysis since they
givethe possibility to (1) integrate semantic information around
text (eg, with pretrained word embedding, which allows higher
semantic information as the input for the neural network rather
than a one-hot encoder [20]) and (2) analyze a significantly
larger corpus of text nearly in real time, making it possible to
discover new evidencefaster [21]. These approaches[7,8,22-26]
have already been used to capture topics (eg, for the Covid
Infoveillance study [ 7] or insulin pricing concernsin the United
States [27]) or sentiments (eg, on social network posts or on
health care tweets [17,28-30]).

Prior Work With Topic Extraction

Several approaches have been used for topic extraction,
including qualitative analysis, descriptive analysis, and topic
analysis.

Qualitative Analysis

Qualitative analyses [22,23,31] capture common themes from
manual analysis, fragmentation, and labelling of text. This
method has demonstrated its capacity to accurately capture new
and complex topics [32] but with some major issues: It requires

https://medinform.jmir.org/2022/5/€34306
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human coders, time, and resource consumption and is not
suitable for use with high-dimensional data.

Descriptive Analysis

Descriptive analyses [8] capture the distribution of word
frequencies by studying the repetition of words among topics
identified from the internet. It allows researchers to correlate
the importance of atopic to the volume of searches among this
peculiar topic. The main pitfall of this method is the inability
to consider the context around the word.

Topic Analysis

Topic analysis is a method used to discover topics that occur
in acollection of documents and has largely been used to mine
social media. This method aims at identifying patterns in
documents using NL P approaches. Two main categories of topic
analyses are commonly used: topic classification [33] and topic
modeling [34].

Topic classification uses supervised learning agorithms (eg,
Naive Bayes [19], support vector machine [SVM] [35]) that
need to be trained beforehand with labeled documents,
consequently requiring a priori knowledge of corpus topics.
These algorithms can achieve variable performance, with a
precision varying from 44.9% to 93.3% [19], depending on the
methods used.

On the contrary, topic modeling uses unsupervised learning
algorithms that do not need to be trained beforehand. They are
thus less work-intensive than supervised learning algorithms
since they do not need human-labelled data but often require
larger data sets and are less precise than supervised learning
algorithms. Latent semantic analysis is the traditional method
for topic modeling [36]. It is based on the distributional
hypothesis and assumes that words with close meaning will
occur in similar pieces of text [37]. This assumption enabled
the devel opment of algorithms such aslatent Dirichlet allocation
(LDA) [7,25,26,38], which is popular in the medica domain
[39]. Thisalgorithm identifies latent topics from wordstending
to occur together and outputs n clusters of words grouped
together by similarity. The topics are then manually labelled
according to the interpretation of the set of words within each
cluster [7,40]. However, LDA requires the investigator to
predefine the number of topics and does not consider the
sequence of words [39]. Topic modeling has been poorly
assessed, perhaps aresult of the difficulty comparing the clusters
obtained with a gold standard. To overcome this lack of
evidence, Zhang et al [38] proposed an original approach for
assessing LDA: They compared the topics extracted from LDA
to those collected through a national questionnaire survey and
reported a kappa concordance coefficient of 0.72.

Prior Work With Sentiment Analysis

Several approaches have been used for sentiment analysis,
including lexicon-based methods, supervised machinelearning
methods, and hybrid methods.

Lexicon-Based Methods

L exicon-based methods are unsupervised methods that do not
require training an algorithm and depend only on existing
dictionaries [29]. These methods assume that the polarity of a
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text (positive or negative) can be obtained by characterizing the
constituent wordswithin [29]. A key argument for their adoption
was the fact that they only compute the number of positive and
negative words [41] and thus are faster to implement. They are
aso easily adaptable to various languages by using
language-specific dictionaries[42]. However, they present some
limitations that come with language analysis, especially
regarding negation, sarcasm, or words with different meaning
[28,29]. Furthermore, they are essentialy limited by the size,
coverage, and quality of the dictionary [17]. Interestingly,
lexicon-based methods can achieve an accuracy up to 94.6%
[43], depending on the dictionary used [43-46].

Supervised Machine Learning Methods

Supervised machine learning methods, which require time to
be trained, have also been used [47]. Naive Bayes often better
operates on well-shaped data, whereas SVM often achieves
better results with low-shaped data. As social media are
poor-quality data, due to very varying length of twests,
colloquial language, and numerous spelling mistakes, larger
training data sets are needed to achieve good performance, and
the complexity of these methods may impact training time[48].
They can achieve variable performance, with reported accuracies
ranging from 48% to 91% [47,49,50], depending on the
algorithm used.

Hybrid Approaches

Hybrid approaches combine both previous methods. In arecent
literature review, Drus and Khalid [29] demonstrated that
hybridized approaches to sentiment analysis often outperform
lexicon-based or machine learning—based approaches alone.
For example, Hassan et a [47] used lexicon annotation and
multinomial Naive Bayes for depression measurement from
socia networks and reported an accuracy rate of 91%; Zhang
et a [51] used lexicon annotation and SVM to annotate
sentiments from tweets and reported an accuracy of 85.4%.

Prior Work Aimingto Capture Both Topicsand
Sentiments

Few methods based on topic-sentiment models have been
developed, including the joint sentiment topic (JST) model,
Topic-Sentiment Mixture (TSM) model, and Time-aware Topic
Sentiment (TTTS) model.

Joint Sentiment Topic Model

The JST [52] model isaprobabilistic modelling framework that
extends LDA with a new sentiment layer. JST is fully
unsupervised and extracts both topics and sentiments at a
document level [52]. However, JST ignores the word ordering
(bigrams or trigrams [52]). Reverse JST [53] is derived from
JST with an inversion of the order of the topic and sentiment
layers. The Aspect and Sentiment Unification Model (ASUM)
[54] is close to JST but focuses on the sentence level. These
model s have been poorly assessed and were essentially applied
on nonmedical data sets, with an accuracy varying from 59.8%
to 84.9% for JST [52,53] and 69.5% to 75.0% for reverse JST
[53].
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Topic-Sentiment Mixture Model

TSM [55] isbased on the probabilistic latent semantic indexing
model and includes an extra background component and 2
sentiment subtopics. It has been assessed on various weblog
data sets [55] but suffers from problems of inferencing on new
documentsand overfitting data[52] and requires postprocessing
to obtain the sentiment [56].

Time-Awar e Topic Sentiment Model

More recently, the TTTS model [57] is a joint model for
topic-sentiment evol ution, based on LDA and allowing analysis
of topic-sentiment evolution over time [57].

Strengths and Weaknesses of Previous Work

Many approaches have proven useful for identifying public
topics alone but without the associated sentiment. Other works,
especially hybrid approaches, have proven useful for sentiment
detection alone but cannot capture the topics alongside sentiment
detection.

In both cases, this makes the resultsless informative and useful
[52]. Simultaneously capturing topics and sentiments would be
more relevant for better comprehension of public opinion [52],
especialy inatime of crisis. Topic-sentiment models have been
proposed for the simultaneous capture of public opinion and
sentiments but may require prior domain knowledge and have
not been applied yet to the medical and social media domains
[52,53,55].

Potential for a Neural Networ k—Based Approach to
Advance This Area of Research

Neural networks have achieved impressive performances in
many NLP tasks, such as sentiment prediction [58-60].
Furthermore, the probabilities generated by neura networks
could be used to represent sentiment intensity through a
guantitative scaleleading to more precise information than basic
sentiment classification into dual qualitative classes (negative
or positive). Surprisingly, to our knowledge, they have not been
used yet for the simultaneous capture of public topics and
sentiments from social media.

Here, we propose incorporating convolutional neural networks
(CNNSs) in conjunction with sentiment lexicato simultaneously
capture public topics and sentiments in a hybridized approach
[18,29]. The simultaneous capture of public topics and
sentiments, without prior knowledge, would be very useful
during crises, such as the COVID-19 outbreak.

Methods

Preparation of the Tweet Data Set for Useasan I nput
for Neural Networks

Data Collection

To analyze the immediate effect of the announcement of the
COVID-19 pandemic by the WHO, we focused on tweets
relating to coronavirus posted on Twitter the day after the
announcement. We collected all tweets containing the keywords
“coronavirus’ or “COVID” posted in English as recognized by
Twitter services on March 12, 2020 (ie, from 00:00:01 to
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23:59:59). For each tweet, we extracted the tweet ID, text
content, and time stamp. We also filtered them using the
language parameter of Twint Python Library [61] to allow the
extraction of English-written tweets only. We verified the
absence of tweets in other language by using common stop
words of these languages, resulting in only finding foreign city
names or family names.

We extracted 1,386,496 tweets from Twitter’s database with
the Twint Python library and stored them in the JSON format.

Ethical Approval

Ethic approval was not needed as analysis of large bodies of
text written by humans on theinternet and in some social media
such as Twitter (eg, quantitative analysis such asinfodemiol ogy
or infoveillance studies or for qualitative analysis) is not
considered “human subjects research.”

Figurel. Study flowchart.

Boukobza et al

Data Preprocessing

We removed 241,506 (17.5%) duplicate tweets and retweets to
limit therisk of overrepresentation of one person’sview. Twitter
edements (URLs, links to pictures, hashtags, mentions),
punctuation, isolated | etters, and typographic UTF-8 characters,
such as stylized commas or apostrophes, were also removed.
Likewise, stop wordsfrom Porter’slist [62] were removed using
the Python library Natural Language Toolkit (NLTK) [63], with
orthographic variations. Tweet content was then lower-cased,
and “coronavirus’ and “COVID” were mapped under a unique
term.

Figure 1 providesaflow chart of tweet collection, preprocessing,
and splitting into the training and testing sets.

COVID-19-related

Tweets

N =1 386 496

Remove duplicates,
retweets and tweets

A

» without agreement on
sentiment
N =241 506

Emotional COVID-
19-related Tweets
N =1 144 990

1

{

Training set

N =915993
POSITIVE : 199 837
NEUTRAL : 452 626
NEGATIVE : 263 530

Sentiment Annotation

Each tweet was automatically annotated with 3 sentiment labels
from 3 different sentiment lexicons from R package tidytext
[64] (AFINN [44], BING [43], and NRC [45,46]). These
lexicons have largely been used in previous works [30,42,44].
Each lexicon provided a numerical value for each sentiment
word in the tweet, and these values were summed to annotate
the general sentiment of the tweet for each lexicon considered,
as described in other works [41,42]. Thus, for each annotation,
the sum value could be positive, equal to 0, or negative resulting
in positive, neutral, or negative annotation by the considered
sentiment lexicon.

Annotation conflicts were handled using a simple rule-based
algorithm to compute a single annotation for each tweet. This

https://medinform.jmir.org/2022/5/€34306
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Validation set

N =228 997
POSITIVE : 49 959
NEUTRAL : 113 156
NEGATIVE : 65 882

algorithm is based on the majority vote method and produced
a unique qualitative annotation as “positive,” “neutral,” or
“negative” If a majority vote was not obtained (ie, if each
algorithm returned a different statement), the tweets were
excluded from the data set.

The automatic annotation of included tweets was controlled on
50 randomized tweets, using a manual revision of tweet
annotation, resulting in an overall agreement of 86% between
algorithm and manual annotation, resulting in a kappa coefficient
score of 0.73.
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Deep Neural Networksfor Simultaneously Capturing
Public Topics and Sentiments

Tokenization, Word Embedding, and CNN Architecture

CNN architecturewas chosen asit isknown to consider Ngrams,
making various levels of analysis possible.

All words in each tweet were tokenized, and tweets were
postpadded for use asinput into the pretrained embedding layer
of the neural networks, which encoded semantic properties for
each token. We used a 25-dimension Global Vector for word
representation (GloVe) embedding trained on 2 billion tweets
to shorten training time and achieve better results. This
embedding is avail able from the GloVe project page [65].

The resulting vectors were then passed to a convolutional unit
composed of a convolutional layer (able to analyze unigrams,

Table 1. Performance of the neural network for sentiment prediction.

Boukobza et al

bigrams, or trigrams), global max pooling layer, dense layer,
and dropout layer for regularization and prevention of
overfitting. A final dense layer composed of 3 units alongside
a softmax activation function computed the probabilities of the
tweet belonging to each class of sentiment (positive, neutral,
negative). Early stopping was used to prevent overfitting when
training our models.

To perform the supervised learning step, the data set was split
using stratification over sentiment annotation, allocating 80%
(915,993 tweets) for training and 20% for validation (228,997
tweets; Figure 1). The best model was found after 10 training
iterations and used akernel size of 2 on the convolutional layer.
The accuracy was 81%, and the F1 score was 81% on the
validation data set (Table 1).

Performance measure Positive Neutral

Negative Total

Accuracy 83% 80%

F1 score 79% 82%

Precision 7% 85%

Recall 82% 80%

82% 81%

81% 81%
79% 82%

83% 81%

Neural Network Outputs: Sentiment I ntensity Scoreand
Weighted Word Capture

For each tweet, we captured the dominant sentiment as a
sentiment intensity score that was calculated from the 3
probabilities predicted by the CNN:

SIS = P(POSITIVE) x 1 + P(NEUTRAL) x 0 +
P(NEGATIVE) x (1)

where SIS, P(POSITIVE), PINEUTRAL), and PINEGATIVE)
are sentiment intensity score and probabilities for a tweet to
belong to the positive, neutral, and negative sentiment classes,
respectively, according to the neural network.

Applying this formula allowed us to distinguish 21.82%
(249,796/1,144,990) of the tweets as positive, 49.41%
(565,782/1,144,990) asneutral, and 28.77% (329,412/1,144,990)
as negative. The sentiment intensity score of each tweet was
then represented on a scale from —100% (totally negative) to
+100% (totally positive), permitted by using the softmax
activation function.

https://medinform.jmir.org/2022/5/€34306

Asthe CNN architecture alternates convolutional and pooling
layers, it allows, first, aggregation of the numerical input coming
from each word separately until a hidden layer and then
combination of the values of this hidden layer until the output
of the CNN. Hence, this hidden layer encompasses a value for
each word, and this value can be seen as a contribution score
(or aweight) of each word in the computation of thefinal output
of the CNN [66]. Asthe output of the CNN is used to compute
the dominant sentiment intensity of the whole twest, the
intermediate values extracted from the hidden layers make it
possibleto associate “ weighted words’ to the sentiment intensity
score of the tweet. Figure 2 summarizes the capture of the
sentiment intensity score and of the weighted words.

In previous steps, the weighted words and sentiment intensity
score were captured at the individual tweet level. At the tweet
data set level, we computed the average weight of each word
for each sentiment intensity score by gathering similar words
from distinct tweets and applying amean function. Theresulting
matrix contained the weighted words for each given sentiment
intensity score.
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Figure 2. Neural network outputs, where P(POSITIVE), PINEUTRAL), and P(INEGATIVE) are the probabilities for atweet to belong to the positive,
neutral, and negative sentiment classes, respectively, according to the neural network. Please note that the convolutional neural network (CNN) is
represented here as a simple perceptron to facilitate reading, and each word's contribution score is represented with colored neurons.
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Visualization of Neural Network Outputs

We developed a Shiny [67] application (available at [68]) based
on word cloud representation to visualize the weighted words
for each sentiment intensity score. This application provides 2
panels: On theright panel, theword cloud displaysthe weighted
words for a given sentiment intensity score. On the left panel,
the word cloud can be customized through options specifying
the sentiment intensity score, the number and type of words to
display (coronavirus or sentiment-related terms), and the
esthetics (eg, palette of colors, total percentage of vertical words,
and use of aradial gradient).

To generate our word clouds, we replaced the use of word
frequencies to summarize text documents by the weights
calculated in our matrix. The visualization was made clearer by
grouping all lexical variants of aword together, using the word
lemmatizer from the R package textstem [69]. We aso
implemented options allowing the user to ignore all sentiment
words and emqjis, to choose the word count threshold for
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display, and to choose the precision of the sentiment score
(integer or float to 1 or 2 decimal places).

I dentification of the Main Topics Discussed by the Public
and Their Associated Sentiment I ntensity

Using the Shiny interface, we captured the highest weighted
wordsfor the most extreme sentiment intensity scores (negative
sentiment: —100; positive sentiment: +100). Author A Boukobza
then manually analyzed the top 100 words for both extreme
sentiments usi ng string-matching techniques and identified main
negative and positive topics within tweets. Each topic was
assigned by the manual analysis of these words. Then, we
calculated the number of tweets discussing each topic within
the data set.

In the results section, we replaced the real names of paliticians,
political parties, websites, and media with anonymous epithets
such as “politicianX,” “politicalPartyX,” “webX,” “mediaX.”

Figure 3 summarizes the general method used for extracting
weighted words and their associated sentiments from Twitter
data
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Figure 3. Method used for simultaneously extracting weighted words and their associated sentiments from tweets. An example of atweet at each step
is provided, from initial preprocessing to sentiment intensity scale classification (here, the tweet sentiment score is +100%) and final output as aword

cloud.
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Interactive Interface

Neural network outputs were visualized with an interactive
interface displaying a word cloud composed of the weighted
words for each sentiment intensity score.
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(eg, “Francgois,” “Eliott™), adverbs (eg, “thankfully,” “formally”),
or scientific words (eg, “petri,” “aneurysm”). In the totally
negative class (ie, —100 sentiment intensity score), the top 100

words included words such as “job,” “economy,” “afraid,’
“panic” (Figure 4).

Figure4. Interactive web application for visualizing neural network outputs. The real names of politicians, political parties, websites, and mediawere
replaced by anonymous epithets such as “ politicianX,” “political PartyX,” “webX,” “mediaX.”.
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We developed a method based on deep neural networks
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I dentification of Public Topics and Associated
Sentiment I ntensity

Using word cloud analysis, we captured the topics for both
extreme positive and negative sentiment intensity scores that
were discussed in Twitter in immediate reaction to the
announcement of the pandemic by the WHO. The analysis of
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thesetopicsreveaed that public opinion was extremely negative
about the consequences of the pandemic on the economy and
health care system. Conversely, public opinion was extremely
positive regarding the mutual aid and cooperation between
people and the public health measures taken against the spread
of COVID-19. More detailsare given in the following sections,
and example tweets are provided in Table 2.
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Table 2. Main positive and negative topics, with highest weighted words, illustrative tweets, and the number of tweets containing the weighted word.

ID Topics Weighted words identified by the  Example of an original tweet Number of tweets
neura network containing weighted
words for each topic
Negative topics
1 International situation italian, china, eu, euro, italy, polit- Italy is already today worse affected by Covid-19 11,297
icanl, politicalPartyl, politicalPar-  than China. (...)
ty2, politician2, president, govern-
ment, politician3, incompetence,
fascist
2 Economy job, impact, industry, yougov, hire, (...) Themarketsaretrash, every industry isfreaking 3486
financial, market, livelihood, diar-  out, and people are losing their jobs because it's
rhea, recession, economy stalling the economy and no oneis hiring. (...)
3 Mediaand social me- medial, media2, american Signed out of my medial. (...) Media2 isaHORRI- 1428
dia BLE thing to be on with this damn Coronavirus (...)
4 Mediaand social me- medial, media2, american Can the media be declared enemies of the people?
dia They (...) lietous, (...) and fail to report news/statis-
tics that Americans need to know. (...)
5 Medical situation ventilator, paramedic, triage, ra&  The(...) most dreadful thing we might faceisra- 1411
tion, supply tioning or triaging who gets ventilators. Emergency
rooms across the U.S (...) have limited capacity and
supplies(...)
6 Public health mea- stay, senior, travel, indoor, cancel, The EU travelban (...) | must admit isterrible deci- 8396
sures ban sion extremely terrible (...)
7 COVID-19 origin coronavirusHoax, fake, conspira-  (...) the Fake News Media are fabricating the hype 1680
cy, propaganda and panic to destroy the economy (...) #Pandumbic
#coronavirusHoax
Positive topics
8 International situation italy, nhs, democracy, gov, politi-  (...) Freer and more democracy countries can do this 2178
cian4 if they take needed measures.
9 Economy client, colleague, customer, compa=  We would like to extend our heartfelt appreciation 745
ny toall of our clientsand partnersworking on thefront-
lines(...)
10 Medical situation mask, research, health, healthy, Put all your money and resourcesinto gettingthe 4803
resources, healthcare, doctor, ap-  cure for the Coronavirus you look like a hero and
plause, hero win the election
11 Public health mea- stay, control, announce, interper-  Good graphic on social distancing and how it can 6642
sures sondl, family, canceleverything,  help healthcare capacity, especially important for a
relative, country, precaution, sani-  country like ours with minimal quality |CU #pan-
tation, icu, measures, prevention,  demia#coronavirus #KoronawirusWPol sce #koron-
protect avirus #koronawirus
12 Mutua aid and cooper-  collaborative, together (...) Communities who work together to ensurethe 470

ation

health and well-being of their fellow neighbor will

be stronger and healthier than those who don’t.
#Coronavirus

The 6 Main Negative Public Topics Discussed on
Twitter in Immediate Reaction to the Announcement
of the Pandemic by the WHO

Regarding theinternational situation, Twitter userswereworried
about the situation in Italy (eg, the number of cases exceeding
those in China; Table 2, ID 1) or the risk of punishment or
imprisonment for Italians not respecting lockdown. They also
discussed travel bans and their consequences, such as the US
decisionto ban all flightsto Europeat atimeat which only Italy
had a magjor COVID-19 epidemic. Crisis management and
decisions taken by politicians, such as decisions relating to

https://medinform.jmir.org/2022/5/€34306

paramedical staff management, were also highly criticized.
Regarding economy, Twitter users expressed their fears about
the economic consequences of COVID-19. They were worried
about the shortages induced by panic buying, such as those
leading to a shortage of toilet rolls, and anxiety about the
possibility of losing their jobs and being unable to pay their
debts (Table 2, ID 2). They also mentioned a potentia global
recession crisis, caused partly by flight limitations. Regarding
mediaand social media, Twitter userswere angry with themedia
and social media, which they blamed for amplifying fears and
stress relating to COVID-19 (Table 2, ID 3), and for not
reporting COVID-19 statistics (Table 2, 1D 4). Regarding the
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medical situation, Twitter users were concerned about the
medical situation, particularly the management of paramedical
staff and materials. They expressed worries about the small
number of ventilators available and the likely consequencesin
terms of equality of access to health care (Table 2, ID 5).
Regarding public health measures, Twitter users complained
about thelimitations of personal liberties, such asthe prohibition
of flightsto Europe (Table 2, ID 6) and the canceling of many
events. Regarding the COVID-19 origin, Twitter users talked
about “CoronavirusHoax.” They suggested that the pandemic
was a hoax and that COVID-19 was a fake disease and evoked
a conspiracy theory driven by economic and political motives
(Table 2, ID 7).

The5Main Positive Public Topics Discussed on Twitter
in Immediate Reaction to the Announcement of the
Pandemic by the WHO

Regarding the international situation, Twitter users expressed
their satisfaction with the actions and decisions taken by some
countries, such as Japan, Hong Kong, Singapore, South Korea
(Table 2, ID 8), or Denmark (eg, the decision to impose a
lockdown at theright timing). They aso highlighted the efficient
measures taken by some countries such asthe United Kingdom
to overcome the negative effects of lockdown (eg, National
Health Service access or online coursesfor students). Regarding
the economy, Twitter users were very grateful to all those who
worked during the crisis (Table 2, ID 9). Public workers were
even described as“ peopleworking hard for ensuring population
security.” Twitter userswere also informed about the continuity
of services ensured by some private companies despitethecrisis.
They were satisfied with the health measures taken by these
companies (eg, social distancing, sanitizing measures, provision
of masks). Regarding the medical situation, Twitter users
maintained their trust and hope regarding the medical situation.
They highly appreciated the work of medical and paramedical
staff and their involvement in communicating reliable
information about COVID-19 to the population. They
highlighted the importance of developing telemedicine and
evoked the possibility of a COVID-19 vaccine and its potential
consequences for health policies (Table 2, ID 10). They aso
discussed the production and free distribution of infographics
and masks to health professionals by private companies.
Regarding public health measures, Twitter users encouraged
the respect of national measures, socia distancing, and
lockdowns to alow people to protect themselves and their
families. They also appreciated the graphics providing guidance
on the changes in behavior required to limit the spread of
coronavirus (Table 2, ID 11). Regarding mutua aid and
cooperation, Twitter users were satisfied with the level of
cooperation between people in front of the coronavirus crisis
(Table 2, ID 12). They were grateful to workers and medical
and paramedical staff.

Discussion

Principal Findings
We proposed here an original new approach based on deep

neural networks for the simultaneous capture of public topics
and sentiments from Twitter data. We trained a CNN on a
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training data set of 915,993 tweets and achieved a performance
of 81% for both accuracy and F1 score. The trained neural
network was able to capture the weighted words and their
associated sentiment intensity score. These outputs were then
visualized through an interactive and customizable web interface
displaying the weighted words as aword cloud representation.
The trained model was then used to analyze public topics and
sentiments in reaction to the announcement of the COVID-19
pandemic by the WHO.

Strengthsand Limitations

Our study has severa strengths. We combined lexicons and
deep learning approaches to improve sentiment prediction. We
used CNN to capture simultaneously weighted words associated
with sentiment intensity score and to compare unigrams,
bigrams, and trigrams during training. We also tried to improve
the explicability of the model and to limit the black box effect
[70,71] by displaying the outputs of the neural networksthrough
an interactive word cloud interface. The word cloud
representation is easily understandable and made it possible to
consider the outputs attributed by the neural networks to each
word according to sentiment intensity score. Our study hasalso
several limitations. First, our method was developed on a data
set of tweets in English and needs to be adapted for other
languages [72] and assessed with other extensive data sets
[49,73]. Another limitation is the finite set of inclusion
keywords, resulting in a potentia lack of information due to
the total number of keywords used. Further works should
concentrate on the diversification of keywords used to provide
better sensibility. Furthermore, duplicate tweets and retweets
were removed during preprocessing to limit the risk of
overrepresenting one person’s view, but this may have also led
to underestimating the weights of some words. Second, class
imbalance was checked before training, and early stopping was
used to prevent the neural network from overfitting the data set.
This resulted in good performance, with a model accuracy of
81%. Published studies have reported accuracies ranging from
48% to 91% [47,49,50] with the use of supervised learning
techniques such as SVM, Naive Bayes, logistic regression, or
word2vec models. However, these performances were measured
for binary sentiment classification (ie, negative vs positive
sentiment). Here, we decided to consider neutral sentiments
too, because it has been shown that tweets can be associated
with neutral sentiments [74]. This choice allowed us to give
more explicability and granularity but remainsan i ssue because
of our inability to compare our results with those of other
studies.

Comparison With Prior Work

Use of Social Media to Capture Public Opinion

Approaches other than social mediamining have been described.
Focus groups provide a good understanding of public opinion
and sentiments but are time-consuming and not necessarily
representative of the whole population [4,6,75] as shown by
Rowe et a [76] during the avian influenza crisis. Telephone
and web-based surveys are expensive and time-consuming [ 77].
Systematic reviews analyze studies capturing public opinion
[75] but areinappropriatein pandemic conditions asthey require
multiple skill sets (eg, experts on the topic, systematic review
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methodol ogists) and are hardly usable for real-time monitoring.
Unlike these approaches, social media mining captures alarge
range of opinions from a large sample, rapidly and for a
reasonable cost [38,75]. It aso has proven useful for
understanding the attitudes and behavior of the public during a
crisis [78]. For example, before the COVID pandemic, Chew
et a [16] used Twitter to extract public perceptions of HIN1
during the HIN1 pandemic. However, some limitations are
inherent to social media: The studied population is limited to
social mediausers[79], the geographic location of users cannot
be assumed with absolute certainty [80], and analysesarelimited
to a given language and source (eg, Twitter). Our study
illustratesthat, despite these issues, social mediamining remains
an efficient way to capture the thoughts, feelings, and fears of
part of the population during a pandemic.

Research Perspectives

As the detection of topics and sentiments is directly related to
neural network accuracy, more options could be explored to
obtain higher scores, such as replacing word2vec embedding
with Embeddings from Language Models (ELMo) [75] or
Bidirectional Encoder Representation from Transformers
(BERT) [14], which have proven useful for aspect-based
sentiment classification [4,76]. The development of a
Twitter-specific version of sentiment lexicons integrating
web-specific elements such asemojis, abbreviations, or hashtags
might also improve results [77]. Future research should
concentrate on adding more granul arity to the emotion expressed
in tweets, by using emotion-specific lexicons to annotate the
tweets with specific emotions such asfear, sadness, or happiness
[21]. Newly developed initiatives such asthe Linguistic Inquiry
and Word Count (LIWC) dictionary [81] could also fulfill this
task as they provide a dictionary able to recognize emotional
words and automatically categorize them as more granular
emotionsin ahierarchical way (ie, each granular emotion, such
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as anger, is a child of a top-level emotion like a negative
emotion).

Implications for Public Health

Our method could be used to guide public health decisions[77].
Besides factual parameters such as the disease characteristics
or the burden it poses to the health care system [77], public
opinion must also be considered to ensure that public health
decisionsarein line with the beliefs and priorities of the public
[77]. Since many people use social mediato share opinionsand
sentiments[79], they could provide policy makersand clinicians
an opportunity to understand, in real time, the expectations,
beliefs, and behaviors of the population and to adapt public
health decisions accordingly [82,83]. They can also be used to
communicate timely messages to the population [84] and thus
to increase the chance of successful adoption of measures by
the population. The development of indicators based on the
real-time tracking of health-related conversations on social
media is becoming crucial [9,85-87]. A major contribution of
this study is to show the usefulness of deep learning methods
to simultaneously capture public opinion and associated
sentiments from large amounts of social media data.

Conclusions

We developed a new approach to conduct both sentiment and
topic analyses on social media data by leveraging deep neura
networksin conjunction with lexicons. We visualized the outputs
of the neura network through a word cloud web interface
displaying the weighted words associated with each sentiment
intensity score. We demonstrated the utility of our method by
applying it to a COVID-19 data set and identifying the main
positive and negative topics discussed on Twitter in reaction to
the announcement of the pandemic by the WHO. Future studies
should concentrate on improving neural network performance
and adding granularity to emotion detection. Our method may
eventually prove useful for devel oping indicatorsfor monitoring
public opinion during pandemics.
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Abstract

Background: With hundreds of registries across Europe, rare diseases (RDs) suffer from fragmented knowledge, expertise,
and research. A joint initiative of the European Commission Joint Research Center and its European Platform on Rare Disease
Registration (EU RD Platform), the European Reference Networks (ERNS), and the European Joint Programme on Rare Diseases
(EJP RD) was launched in 2020. The purpose was to extend the set of common data elements (CDESs) for RD registration by
defining domain-specific CDEs (DCDEsS).

Objective: Thisstudy aims to introduce and assess the feasibility of the concept of ajoint initiative that unites the efforts of the
European Platform on Rare Disease Registration Platform, ERNs, and European Joint Programme on Rare Diseases toward
extending RD CDEs, aiming to improve the semantic interoperability of RD registries and enhance the quality of RD research.

Methods: A joint conference was conducted in December 2020. All 24 ERNs were invited. Before the conference, a survey
was communicated to all ERNs, proposing 18 medical domains and requesting them to identify highly relevant choices. After
the conference, a 3-phase plan for defining and modeling DCDEs was drafted. Expected outcomes included harmonized lists of
DCDEs.

Results: All ERNSs attended the conference. The survey results indicated that genetic, congenital, pediatric, and cancer were
the most overlapping domains. Accordingly, the proposed list was reorganized into 10 domain groups and recommunicated to
all ERNs, aiming at a smaller number of domains.

Conclusions: The approach described for defining DCDEs appears to be feasible. However, it remains dynamic and should be
repeated regularly based on arising research needs.

(IMIR Med Inform 2022;10(5):€32158) doi:10.2196/32158

KEYWORDS

semantic interoperability; common data elements; standardization; data collection; data discoverability; rare diseases, EJP RD,;
EU RD Platform; ERNs; FAIRIfication; health infrastructure; industry; medical informatics; health platforms; health registries;
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Introduction

Background

Patient registries and databases are fundamental instruments
for increasing knowledge on rare diseases (RDs), supporting
clinical, epidemiological, and basic research, and improving
patient care and health care planning [1,2]. With >600 registries
across Europe [3], RDs suffer from fragmented knowledge,
scattered expertise, and research duplication [1]. Data are not
collected in auniform way throughout Europe, and thereare no
shared standards to analyze the information [3]. The use of
international coding and nomenclature, minimal common data
sets, and good practice guidelines enhances the interoperability
and maximizes the utility of RD registries. This allows data to
be efficiently pooled to reach sufficient sample sizesfor clinical
and public health research focusing on disease etiology,
pathogenesis, diagnosis, and therapy [1,2].

On the Rare Disease Day (2019), the European Commission
announced a new web-based knowledge-sharing platform to
promote better diagnosisand treatment for >30 million patients
with RD. Developed by the Joint Research Centre (JRC) of the
European Commission, the EU RD Platform aims to bring
together European RD registries, thus overcoming fragmentation
and promoting interoperability between existing and new
registries. Moreover, the platform seeks to standardize data
collection and dataexchange at the EU level, thereby supporting
quality RD research, enhancing diagnosis and treatment
outcomes, and improving thelives of patientsand their families
[4]. Theefforts of European Reference Networks (ERNS) toward
establishing ERN-wide registries are al'so implicitly supported
by the platfform [3], mainly by offering a patient
pseudonymization and privacy-preserving linkage service.

By delivering EU standardsfor data collection and data sharing,
the EU RD Platformisasignificant asset for the European Joint
Programme on Rare Diseases (EJP RD) [5], which aims to
establish an innovation network for rapidly translating research
results into clinical and health care applications [3]. The EJP
RD brings together over 130 institutions from 35 countries to
collaboratively build infrastructure and digital platforms, which
promote cross-border sharing of clinical dataand expertise. The
ultimate goal isto overcomethe fragmentation of RD resources
and to foster RD care and medical innovation. The EJP RD also
aimsto use, support, and connect al ready-funded tools operating
within the field of RD research and adapt them to the needs of
end users through implementation tests in real settings [6].
Through EJP RD, the EU RD Platform resources can be
disseminated to future research projects and exposed to awider
community of RD researchers, clinicians, and patientsin Europe
and elsewhere [3].

Aiming to make RD registries and their data searchable and
findable, the EU RD Platform comprises the European Rare
Disease Registry Infrastructure (ERDRI) [7], which includes
the European Directory of Registries (ERDRI.dor), the Central
Metadata Repository (ERDRI.mdr), and the pseudonymization
tool. Details on their infrastructure and functioning will be
published elsawhere. However, we focus here on the set of
common data elements (CDES) for RD registration [8], which
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is another important building block of the platform. Devel oped
by experts from various EU projects (eg, European Union
Committee of Experts on Rare Diseases Joint Action
[EUCERD], European Platform for Rare Disease Registries
[EPIRARE], and RD-Connect) related to common data sets,
the set of CDEs was released by the EU RD Platform as the
first practical instrument toward increasing the interoperability
of RD registries [9]. The set recommends the collection of 16
data elements by all European RD registries, as they are
considered essential for RD research. The 16 CDEsareclassified
into various groups, including personal data, diagnosis, disease
history, care pathway, information for research purposes, and
adisability profile. Exemplary CDEsinclude age (date of birth),
sex (male, female, undetermined, or fetus), status (alive, dead,
lost to follow-up, or opted-out), and RD diagnosis
(ORPHAode) [9].

Although CDEs constitute a common basis for characterizing
patients with RD across all 24 ERNs, many overlaps between
ERN domains are not clearly defined. For instance, there are 3
oncological (ERN PaedCan, ERN EURACAN, and ERN
EuroBloodNet) and 3 neurological (ERN EpiCare, ERN-RND,
and ERN EURO-NMD) ERNSs, among others, with numerous
diseases covered by each of them being treated jointly. Thelist
of the 24 initially funded ERNSs that have been considered in
the context of thiswork can be found in Multimedia Appendix
1. Furthermore, beyond CDEs, many ERN registries collect
data elements that may be commonly used by others working
in the same domain. However, no standards exist for
categorizing such commonalities. Domain-specific CDEs
(DCDEs) are designed for use in studies or registries of a
particular topic, disease or condition, body system, or other
classifications (eg, cancer, Parkinson disease, Alzheimer disease,
diabetes, or ophthalmology). Some domains are broadly
applicable to awide range of studies, whereas others are more
useful in specific fields of clinical research [10]. Therefore, the
definition of DCDEs for the various RD domains is expected
to standardize data coll ection, thus enhancing the interoperability
and facilitating the discoverability of data stored in RD
registries.

In 2019, the EJP RD formed an expert workforce to assist the
ERN Registry Task Force (TF) on interoperability and
standardization issues [11,12]. Extracted from the data
dictionaries of the first 4 ERN registries (ERKReg [ERKNet],
U-IMD [MetabERN], EURRECA [ENDO-ERN], and DATA
WAREHOUSE [ERN-LUNG]), a Common Data Dictionary
(CDD) was introduced as a tool to avoid fragmentation and
ensureregistry interoperability. Accordingly, the TF committed
to the use of the CDD as part of the group’s efforts to develop
ERN registries in full compliance with the FAIR principles
(findability, accessibility, interoperability, and reusability).
Therefore, these efforts are expected to improve research
transparency and facilitate knowledge discovery for both humans
and machines[11,13].

Rationale

To achieve semantic interoperability between RD registries, a
joint initiative of the EU RD Platform, the ERN Registry TF,
and the EJP RD registry interoperability work focus group was
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launched in 2020. Driven by the research needs of ERNS, the
purpose was to extend the set of CDEs for RD registration by
defining DCDEs, that is, ones that are considered necessary
within each particular ERN domain. This idea was first
expressed at an ERN Registry TF meeting in Brussels around
mid-2019, when some ERNSs indicated that they had already
collected asmall number of data elementsthat commonly exist
in registries of their domain.

To this end, ajoint conference took place in December 2020,
bringing together the EU RD Platform team members, ERN
representatives and registry owners, and EJP RD partners to
discuss the concept of DCDEs cooperatively. The conference
also aimed to tackle core questions, such as whether all ERNs
already had a defined data set in place, and for which reasons
they believed DCDEs would be necessary. Medical experts
were aso intended to indicate, during and after the conference,
whether some domains could already be derived from existing
overlaps and consider experts who could take charge of such
domains. Exploring how harmonized lists of DCDEs could be
produced was planned at a later stage, as well as identifying
appropriate standards, ontologies, and terminologies to finally
annotate DCDEs and integrate them into CDE semantic
modeling activities of EJP RD.

Led by the ERN Registry TF, initial efforts were already made
by 4 ERNs (ERKNet, MetabERN, ENDO-ERN, and
ERN-LUNG) toward the creation of a CDD, mainly collecting
common datafieldsamong their registriesin an Excel (Microsoft
Inc) table. In continuation to these efforts, the plan is to have
medical experts from all 24 ERNSs drive this initiative toward
the following:

«  Forming ERN domain groups

- Defining DCDEs for each domain group by identifying
commonalities among relevant ERNs

«  Harmonizing, modeling, and publishing DCDEsand adding
them to ERDRI.mdr

Objectives

This study introduces the concept of a collaborative initiative,
which aims to prevent duplicated efforts by uniting and
coordinating the activities of the EU RD Platform, ERN Registry
TF, and EJP RD on topics such asthe CDES, CDD, and common
metadata and datamodel of the EJP RD. Moreover, theinitiative
aimsto further standardize RD registration by extending the set
of CDEs with DCDEs, thereby improving the semantic
interoperability of RD registries and enhancing the quality of
RD research. The study also assesses the feasibility of the
concept by examining previous efforts to define (D)CDEs and
exploring if and how DCDEs can benefit the RD field from the
perspective of the ERNSs.

Methods

Conference Participants

All 24 ERNs were invited to attend the conference. Speakers
included participants from the JRC/EU RD Platform aswell as
EJP RD expertsfrom various backgrounds, particularly focusing
on common data sets and FAIRification. ERN representatives
were preferably required to have a medical background and
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considerable involvement in registry activities. These were
considered necessary requirements to identify essential ERN
domains as well as existing overlaps, if any, thus paving the
way for creating lists of DCDEs. The EJP RD previously built
a database of experts involved in registry design and
construction, listing their names, institutions, contact details,
and expertise. Although not yet complete, the database included
experts from al 3 parties (JRC/EU RD Platform, ERNs, and
EJP RD) who indicated working with registries. Therefore, it
was intended for use, together with other resources, to identify
appropriate participants for the next steps.

Preconference Tasks

Before the conference, a Forms (Microsoft Inc) survey was
prepared and communicated to al 24 ERNs through the
FAIRification stewards of the EJP RD. The survey proposed a
list of medical domains and requested ERNs to identify those
that generaly fit their activities. Thelist comprised 18 domains,
mainly suggesting the specialtiesindicated in the name of each
ERN (eg, ERN-EYE—Sight, ERKNet—Renal, and
EURACAN—Cancer). The main survey item read, “To which
domain(s) do you think your ERN fits?" and enabled checking
multiple answers. Another optional item asked if any of the
suggested domains could be grouped together and allowed for
text answers (eg, cancer and congenital). The deadline for
completing the survey was set on the day of the conference.
However, we al so planned to collect any missing answers during
or shortly after the conference.

The Conference

Organized by the EJP RD, the conference comprised three
40-minute sessions, the second of which was dedicated to
DCDEs. Thefirst presentation was held by the EU RD Platform
team, providing somefindings collected in preparation for their
originaly planned ERN workshop in March 2020.
Unfortunately, this event was cancelled because of the
COVID-19 pandemic. Theteam also expressed interest in having
2 gpecific questions answered, namely, whether each of the
ERNs already had their data set in place (at the ERN level) and
for which specific purpose they believed DCDEs were
necessary. The survey results were then presented by EJP RD
experts, giving some exemplary purposes to illustrate the
importance of DCDEs and accordingly suggesting a scoring
method for rating the importance of every identified DCDE
within aparticular domain. It was also indicated that atechnical
phase would follow the definition of DCDEs. Therefore, both
EJP RD and EU RD Platform experts would guide the ERNs
through harmonizing and modeling identified DCDEs, in
preparation for adding them to ERDRI.mdr and extending
semantic data modeling activities of the EJP RD.

Postconference Tasks

Following the conference, the remaining ERNs, which had not
completed the survey, were requested to provide their answers,
and the following 3-phase plan was jointly drafted:

1. Formation of ERN domain groups
» EJP RD experts group suggested domains and request
ERNSsto review the groups
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- EJP RD experts request ERNs to reorganize the
suggested groups, if necessary, aiming for aminimum
number of domain groups and a minimum number of
ERNSs per group

- ERNSs dlect relevant experts/curation team members
for each group

2. Definition of DCDEs

- Elected ERN experts suggest, curate, and define
DCDEs by comparing their data dictionaries and
identifying relevant commonalities for every domain
group (the EJP RD can support if the data dictionaries
are shared)

- TheEU RD Platform and EJP RD experts offer support
by providing necessary templates for DCDE lists,
scheduling domain meetings, and ensuring that
everything is harmonized

- The EU RD Platform and EJP RD experts prioritize
DCDEsusing the scoring method proposed by EJPRD,
in case long lists are identified

3. Technical phase

- EU RD Platform and EJP RD experts guide ERNs to
extend the semantic datamodeling activities of the EJP
RD: harmonization, modeling, and mapping of DCDEs

- EU RD Patform and EJP RD experts guide the ERNs
in publishing DCDEs alongside CDEs and inclusion
in ERDRI.mdr

»  New registriesimplement both CDEs and DCDEs

Abazaet d

Scoring Method

Completed DCDE lists were planned to be sent to medical
expertsfor review using astructured feedback method, allowing
them to rate an arranged set of statements designed to indicate
the relevance of each DCDE within a certain domain group. To
ease the adoption of identified DCDEs by all RD registries, it
was initially recommended that the rating statements address
the following aspects: (1) importance of each DCDE for the
integrity of a registry within a certain domain group, (2)
reliability of data collection in each DCDE, (3) necessity of a
DCDE for the analysis of the primary outcome of the registry,
and (4) the time and cost required to collect each DCDE [14].
Other categories that might arise in discussions during or after
the conference were also to beincorporated. On the basis of the
feedback of experts, individual scores could eventually be
caculated for every identified DCDE, thus reflecting the
importance of each DCDE within each domain group. These
scores could also be used by curation teams to prioritize their
DCDEs, if their efforts culminated in prolonged lists.

Domain Representation

To visually represent the domains, several diagrams were
prepared and circul ated before and during the conference. Figure
1 illustrates this concept by showing domain overlaps and
classifying DCDEs. Neurology, cancer, and cardiology were
used for exemplary purposes, with N suggesting an unknown
number of domains expected to be identified by the initiative.
The CDEs of the EU RD Platform were placed in the center,
ensuring that they would remain the basis for all DCDE lists.

Figure 1. Domain-specific common data elements (DCDES) classification and domain overlaps. CDE: common data element; RD: rare disease.

Neurology

CDEs for RD
Registration

To illustrate the concept further, and how it is intended to
classify registries, Figure 2 depicts an example of 4 ERN
registries belonging to 2 exemplary domains, namely cancer
and neurology. Numbered blocks were used to represent the
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Domain N
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data elements of a registry, whereas colors were applied to
characterize the different types of data elements. In an ideal
world, the registry data elements could be classified into the
following:
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1. CDEs, that is, ones that would commonly exist in all RD
registries

2. DCDEs, that is, ones that would commonly exist in all
registries of a particular RD domain

3. Registry-specific data elements, that is, ones considered
specific for each registry’s purpose, thus would commonly
differ from one registry to another

Thisclassification wasa so illustrated by the occurrence of navy
blue data elements (CDEs) among all registries, regardless of

Abazaet d

their domain, as opposed to the green and orange elements
present only in registries of the cancer and neurology domains,
respectively. Furthermore, the presence of both the green and
orange elementsin registry 3was used to indicate that aregistry
could belong to more than one domain, thereby incorporating
DCDEs of both the cancer and neurology domains. Notably,
the marked cancer DCDEs ensured that CDEswould constantly
remain the basis for al domains while complemented by
domain-specific extensions.

Figure 2. Classification of registries and their data elements. CDE: common data element; DCDE: domain-specific common data element; RDE:

registry-specific data element.

Cancer DCDEs

1 2 3 (12 ‘13 7 (10 11 ..

T T
CDEs RDEs

Expected Outcomes

Lists of DCDEs for every identified ERN domain group were
set as expected outcomes for the first and second phases. The
technical phase was planned to harmonize these lists, thus
removing duplicates, if any, and ensuring identical definitions
of DCDEsand their values. The harmonized version would then
be published in PDF format on the EU RD Platform and added
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Registry 3, domain: cancer and neurology

— Registry 4, domain: neurology

to ERDRI.mdr to alow reusability. EJP RD expertswould also
explore existing ontologies and terminologies for annotating
and incorporating the harmonized listsinto the registry codebook
of the EJP RD [15] and CDE semantic datamodel [16]. Thisis
expected to enhance the interoperability of RD registries and
boost RD research, which is the main objective of this project.
Figure 3 shows a visualization of the concept, portraying the
connections among the different members of the initiative.
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Figure 3. Technica vision. CDE: common data element; EJP RD: European Joint Programme on Rare Diseases; ERDRI: European Rare Disease
Registry Infrastructure; ERN: European Reference Network; EU RD Platform: European Platform on Rare Disease Registration; MDR: Metadata

Repository.
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All data elements 1 2 alals 1213 6 7 8 9 10 11l Other ERDRI
described in EU RD v modules
Platform’s ERDRI.mdr ERDRI.mdr

Lin kage to EJP-RD

medical standards, activities

terminologies,
nomenclatures, etc.

Ethics Approval

Any data examined do not relate to specific individuals, which
means that no personal harm can occur to individuals.
Accordingly, the review by an ethics committee was not
required.

Results

Results Overview

All 24 ERNs attended the conference. Most participants
indicated that they already had their data setsin place. However,
the main purpose for defining DCDES could not be recognized.
The EJP RD experts, however, presented three potential
purposes that emphasi zed the importance of DCDES: increasing
interoperability, allowing data comparisons in joint research
projects, and improving data discoverahility.
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A Scoring Method for the Nomination of
Domain-Specific Common Data Elements

A scoring method was aso presented, suggesting a way for
medical expertsto rate the importance of each DCDE based on
these 3 purposes. Figure 4 shows the proposed scoring system
using a4-point scale. On the basis of the feedback of 3 experts,
exemplary scoreswerea so provided for the2 DCDEsbelonging
to the cancer domain. For each item, the average of all expert
scores was calculated to provide an overall item score. The
overall DCDE score was then determined as the average of all
3 overall item scores. In this particular example, the score of
DCDE 1 dlightly exceeded that of DCDE 2, suggesting that it
is somewhat more important for the cancer domain. Similarly,
individual tables are meant to be constructed for each of the
domainsidentified by theinitiative.
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Figure 4. Proposed scoring system and example. DCDE: domain-specific common data element; ERN: European Reference Network.
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First Proposal of Domains and Domain Groups

EJP RD expertsalso presented the survey results, indicating the
genetic, congenital, pediatric, and cancer domains as the most
overlapping and adding to the importance of defining DCDEs.
For the first survey item, which requested ERNs to select
relevant domains from alist of 18 suggestions, responses from
22 (92%) ERNs were received and are presented in Table 1.
The second survey item was answered by 14 (58%) ERNSs.
However, no patterns could be identified in the suggested
domain groups.

Following the conference, the EJP RD expertsand FAIRification
stewards grouped some of the suggested domains, aiming at a
minimum number of domain groups. The initialy proposed
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domains were reorganized into 10 domain groups, and the
survey answers were used to identify relevant ERNs. Table 2
shows the suggested list of domain groups as well as the
corresponding ERNs. As shown, a single domain group could
comprise multiplerelated ERNsand asingle ERN could belong
to various relevant domain groups. The list was communicated
once more to all ERNs, requesting them to edit, merge, add, or
move their ERN between domains asthey saw necessary. They
were also requested to elect, for every domain group, a person
in charge and members of a data element curation team. This
constitutes selected members, from every ERN of a particular
domain group, intended to be in charge of drafting a DCDEs
list, sending it to medical experts for review using the
aforementioned scoring method, and accordingly agreeing on
final definitions.
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Table 1. Survey responses.
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Domain ERNS? n (%)
Genetic 20 (83)
Pediatrics 18 (75)
Congenital 14 (58)
Cancer 7(29)
Endocrine and metabolism 6 (25)
Neurology 6 (25)
Rendl 6 (25)
Immune disorders 6 (25)
Skin 5(21)
Gastroenterology and hepatology 4(17)
Lung 4(17)
Other 4(17)
Muscle, bone, and skeletal diseases 3(13)
Cardiovascular 3(13)
Hematological disorders 3(13)
Urology 3(13)
Respiratory 2(8)
Head and neck 1(4)
Sight 1(4)

8ERN: European Reference Network.

Table 2. Suggested domain groups.

Domain group

Relevant ERNs?

Genetic

Congenital

Pediatrics

Cancer

Neurological

Immune and blood

Renal and urological

Respiratory and lung
Surgical
Muscle, bone, and skeletal

ERN-EYE, RARE-LIVER, ERNICA, ERKNet, ERN ITHACA, ERN GUARD-Heart, EPICARE, PaedCan,
VASCERN, EuroBloodNet, Endo-ERN and ERN-BOND, MetabERN, ERN-TransplantChild, ERN-Skin, ERN
CRANIO, ERN GENTURIS, RITA, and ERN Eurogen

ERN-EYE, ERNICA, ERN ITHACA, VASCERN, Endo-ERN and ERN-BOND, MetabERN, ERN-TransplantChild,
ERN-LUNG, ERN-Skin, ERN CRANIO, RITA, and ERN eUROGEN

ERN-EYE, RARE-LIVER, ERNICA, ERN ITHACA, EPICARE, PaedCan, VASCERN, Endo-ERN and ERN-
BOND, MetabERN, ERN-TransplantChild, ERN-LUNG, ERN-Skin, ERN CRANIO, ERN GENTURIS, RITA,
ERN eUROGEN, and ERK Net

RARE-LIVER, PaedCan ERN, ERN-EuroBloodNet, Endo-ERN and ERN-BOND, eUROGEN, ERN-Skin, and
ERN GENTURIS

ERKNet, EPICARE, ERN-RND, MetabERN, ITHACA, ERN Eurogen, and EURO-NMD

RARE-LIVER, EPICARE, ERN-EuroBloodNet, ERN-TransplantChild, ERN-Skin, RITA, ERKNet, VASCERN,
and ReConnet

ERKNet, EPICARE, ERN-RND, Endo-ERN and ERN-BOND, MetabERN, ITHACA, ERN eUROGEN, ERN-Eu-
roBloodNet, and ERN-TransplantChild

VASCERN, ERN-EuroBloodNet, ERN-TransplantChild, ERN-LUNG, and ERNICA
eUROGEN, ERN CRANIO, and ERN-TransplantChild
Endo-ERN and ERN-BOND, ITHACA, RITA, and EURO-NMD

3ERN: European Reference Network.
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Sustain the DCDE I mplementation and Evolution

Upon receiving feedback from ERNSs, the EJP RD and the EU
RD Platform teams plan to offer support by organizing domain
group meetings and providing templates for listing and
describing DCDEs. In this sense, the EU RD Platform team
formed a cancer working group, composed of cancer-related
ERNSs, to focus onidentifying cancer DCDES. The FAIRification
stewards of the EJP RD aso aim to ask all ERNsto share their
datadictionariesto compare them and support the identification
of commonalitieswithin every domain group. Comparisonsare
meant to follow the approach and format of the existing CDD,
previously performed for 4 ERNs and currently only listing
CDEs. Fallowing the conference, EJP RD also started organizing
weekly web-based meetings (coffee rounds) aswell astechnical
workshops, aiming to answer the ERNS' frequently asked
guestions on several topics of interest. Relevant topicsincluded
the definition and use of CDEs, CDEs minimal data set, CDES
semantic model, and modeling DCDES. The planisto eventualy
expand the semantic model of the EJP RD with identified
DCDEs, publish them on the EU RD Platform alongside CDES,
and add them to ERDRI.mdr.

Discussion

Overview

This paper presented aseries of joint activitiesaiming to extend
the EU RD Platform’s CDEs with DCDEs. The series starts
with a strict medical phase, seeking to compilelists of DCDEs
that commonly exist among registries of every ERN domain.
A technical phase then follows in which a mix of medical and
technical expertise primarily tackles harmonization and
standardization issues. The results of each phase will be
published separately. However, it is promising to review here,
some of the previous efforts related to defining CDEs and
identify connectionsto the current EU RD Platform, ERN, and
EJP RD initiatives, if any.

Previous Work

Theterm CDEs has been first introduced to the RD field by the
US initiative National Institutes of Health/National Center for
Advancing Trandational Sciences Global Rare Diseases Patient
Registry Data Repository Program [17]. Aiming at better data
standardization and interoperability for RD registries, the
program defined 75 database fields required for the
establishment of any RD registry [18,19]. On the basis of these
attributes, the RD-Connect and EPIRARE projects devel oped
minimum data setsfor patient dataentry to be used in their own
framework. They aso encouraged continuous alignment with
the Minimal Data Elements of the European Union Committee
of Expertson Rare Diseases (EUCERD) Joint Action initiative,
thereby improving cooperation among RD registries at the
European level [17,20-22].

Although not strictly focused on RDs, the National Institute for
Neurological Disorders and Stroke initiated the Common Data
Elements Project in 2005, seeking to identify the core CDEs
necessary for collection in all neuroscience clinical research
studies[23]. To collect CDES, the project used casereport forms
(CRFs) from various clinical studies and indicated that their
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work was dynamic and would continue to evolve over time
based on arising needs. In addition to publishing core CDESs on
their website [24], they continued to identify disease-specific
CDEs using a 10-step process. Similar to what has been
proposed for our joint activities, their steps involved adomain
working group, a draft DCDEs list, and a review process.
However, deeper steps toward data standardization were also
involved. In addition to defining general DCDEs for the
neurological domain, they have complemented those over the
years with more specific DCDEs for diseases such as epilepsy,
stroke, Parkinson disease, multiple sclerosis, and headache [23].
To date, the National Institute for Neurological Disorders and
Stroke CDEs project has collected data standards for 24
neurological diseases and disorders [25].

Other efforts to define DCDEs have also been made by the
National Cancer Institute, which sought to identify CDEs for
cancer research, thereby facilitating data interchange and
interoperability between cancer research centers[20,26]. DCDEs
have also been collected in a joint initiative between the
Radiological Society of North America and the American
College of Radiology, producing adatadictionary of radiology
CDEs for various domains. These included cardiac radiology,
breast imaging, chest radiology, and head and neck imaging.
Theinitiative aimed to foster the interoperability of data present
in radiologic reports and images throughout different radiologic
information systems, ultimately improving research and clinical
practice[27,28]. The US National Library of Medicine hasalso
compiled a repository of >20,000 data elements, seeking to
improve data quality and facilitate data comparisons among
various research studies. Furthermore, it aimed to allow for
opportunitiesto compare and combine datafrom multiple studies
with those stored in electronic health records [20,29].

In an effort to facilitate finding necessary expertise, as well as
sufficient numbers of patients for RD research, the French
national minimal data set has been introduced. After
systematically reviewing the scientific literature on RD CDEs,
58 data elements were represented in the data set. These were
considered the clinical data standard for all French RD centers
as part of the French National Plan for Rare Diseases. The
methodology used to identify the minimal data set adopted the
Global Rare Diseases Patient Registry Data Repository CDEs
as agold standard and a so implemented many common steps
with our proposed approach. These included a first working
group to put together aninitial CDEs draft, submitting the draft
to a panel of experts, and receiving validation via a survey
instrument [20,30].

Synergies With Other Activities Within the EJP RD

Our proposed approach could then be regarded as a continuation
to previous efforts on DCDEs, seeking to expand the EU RD
Platform’s CDEs standard at the European level. It also supports
ongoing and future efforts in various areas within the EJP RD.
For instance, it alignswith the project’s ERN-related activities,
planning to hold 2 workshop series following the identification
of DCDEs. The first series addresses various aspects of
FAIRIification, providing aset of discoverability metadatafields
(metadata CDES) that are considered the basis for describing
resources and making them findable. The second seriesfocuses
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on patient matchmaking, providing a means for querying
scattered patient data sets to locate similar patients with RD,
either within a single ERN or across multiple ERNs. In such
workshops, having DCDEs would alow the identification of
discoverability metadata to be focused on certain domains.
Moreover, identified DCDEs, in addition to CDEs, would
present the basic parametersfor queriesaimed at finding similar
patients. This is also the focus of the Query Builder activities
of the EJP RD, running 2 pilot projects on federated discovery
of resources (eg, registries and biobanks) and record-level data
(eg, patients and samples). However, details of these pilots are
outside the scope of this paper and will be published el sewhere.

Our approach also integrates with FAIRification activities of
the EJP RD, expanding the scope of the CDEs codebook and
semantic model to include DCDEs, and facilitating data
exchange among institutions that use different electronic data
capture software. Together with an interoperable CRF generator
tool [31], the codebook content could be used by all 24 ERNs
to create and reuse interoperable CRFs, sparing the need to
design new e ectronic CRFswhileimplementing their registries,
at least for commonly used data elements. Therefore, by
incorporating DCDEs, the codebook adheres to the EU RD
Patform’s standard, requiring and enabling new registries to
include both CDEs and DCDEs. Our efforts to define DCDEs
could also take the ERN Registry TF sinitiative toward a CDD
further, leading to an updated version that includes DCDES in
addition to CDEs, ensuring it is harmonized among participating
ERNSs, and extending it to all 24 ERNSs.

Conclusions

This paper presented a joint initiative of the ERNs, EU RD
Platform, and EJP RD, aiming to define DCDEs for RD
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registration. The initiative comprises a medical and atechnical
phase, seeking to compile lists of DCDEs and tackle
harmoni zation and modeling issues, respectively. Although this
paper remains at aconceptua level, it startsadiscussion around
theimportance of DCDEs and launches a series of publications
presenting the methods and findings of each planned phase.
From early results, based on an ERN survey and a joint
conference, DCDEs seem to be an essential extension to CDEs
to increase interoperability, improve discoverability, and
facilitate joint research collaborations. However, at this stage,
ERN registries do not seem to have clear lists of DCDEs. The
approach described for defining DCDEs appearsto befeasible,
as it shares many common steps with previous fruitful efforts
on RD CDEs, aswell aswith others from outside the RD field.
However, it remains dynamic and should be repeated regularly
by curation teams, as DCDESs are expected to evolve over time
based on arising research needs.

DCDE lists will be published, alongside CDEs, on the EU RD
Platformin PDF format and added to ERDRI.mdr, thetechnical
tool serving the purpose of a data dictionary. Semantic data
modeling activities of the EJP RD, which currently focus on
CDEs, can a so be extended to DCDEs. The number of identified
domains, as well as DCDEs per domain, should remain
optimally minimal, asthis easestheir incorporation with CDEs
inall new RD registries. However, in order to avoid differences
intheir interpretation and implementation across ERN registries,
the EU RD Patform and EJP RD both have the role of raising
greater awareness and encouraging the culture change necessary
for their uptake and wide use.

The description of domain-specific common data elements is supported by representatives of the European Reference Networks
(ERNs): ERN-BOND, ERN CRANIO, Endo-ERN, ERN EpiCare, ERKNet, ERN-RND, ERNICA, ERN-LUNG, ERN-Skin,
ERN EURACAN, ERN-EuroBloodNet, ERN eUROGEN, ERN EURO-NMD, ERN-EYE, ERN GENTURIS, ERN
GUARD-HEART, ERN ITHACA, MetabERN, ERN PaedCan, ERN RARE-LIVER, ERN ReCONNECT, ERN RITA, ERN
TransplantChild, and VASCERN.

The credit al so goes to the FAIRification stewards of the European Joint Programme on Rare Diseases (EJP RD), César Bernabé,
Shuxin Zhang, Mario Prieto, and Joeri van der Velde and the EJP RD expert, Nirupama Benis.
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Abstract

Background: With the continuous spread of COVID-19, information about the worldwide pandemic is exploding. Therefore,
it is necessary and significant to organize such a large amount of information. As the key branch of artificial intelligence, a
knowledge graph (KG) is helpful to structure, reason, and understand data.

Objective: To improve the utilization value of the information and effectively aid researchers to combat COVID-19, we have
constructed and successively released a unified linked data set named OpenK G-COVID19, which is one of the largest existing
KGsrelated to COVID-19. OpenK G-COVID19 includes 10 interlinked COV I D-19 subgraphs covering the topics of encyclopedia,
concept, medical, research, event, health, epidemiology, goods, prevention, and character.

Methods: In this paper, we introduce the key techniques exploited in building COVID-19 KGs in a top-down manner. First,
the schema of the modeling process for each KG in OpenKG-COV D19 is described. Second, we propose different methods for
extracting knowledge from open government sites, professional texts, public domain—specific sources, and public encyclopedia
sites. The curated 10 COVID-19 KGs are further linked together at both the schema and data levels. In addition, we present the
naming convention for OpenKG-COV1D19.

Results: OpenKG-COVID19 has more than 2572 concepts, 329,600 entities, 513 properties, and 2,687,329 facts, and the data
set will be updated continuously. Each COVID-19 KG was evaluated, and the average precision was found to be above 93%. We
have developed search and browse interfaces and a SPARQL endpoint to improve user access. Possible intelligent applications
based on OpenKG-COV1D19 for further development are also described.

Conclusions: A KG is useful for intelligent question-answering, semantic searches, recommendation systems, visualization
analysis, and decision-making support. Research related to COVID-19, biomedicine, and many other communities can benefit
from OpenKG-COVID19. Furthermore, the 10 KGs will be continuously updated to ensure that the public will have access to
sufficient and up-to-date knowledge.

(JMIR Med Inform 2022;10(5):€37215) doi:10.2196/37215
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knowledge graph; linked data; COVID-19; knowledge extraction; knowledge fusion; natural language processing; artificial
intelligence; data set; schema modeling; semantic search
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Introduction

On February 11, 2020, the World Health Organization
announced the official name of the 2019 novel coronavirus as
COVID-19. Meanwhile, the International Committee on
Taxonomy of Viruses named this novel coronavirus
SARS-CoV-2[1]. Theinfection caused by SARS-CoV-2isnow
affecting almost every country in the world. By October 24,
2021, morethan 4.95 million people have died from COVID-19,
raising concerns of widespread fear and increasing anxiety in
individuals. At present, the epidemic continues to spread, and
there are many questions that continue to plague the public
about this disease, including: How can we obtain an overall
understanding of the knowledge about COV1D-19 facing such
large amounts of information coming from various mediaevery
day? What are the variants of SARS-CoV-2 and how should
they be treated or prevented? What is the state of supplies, hot
events, and frontline health care workers in this invisible war
worldwide? How can we find drugs or vaccines, and further
learn more? What travel restrictions do local policies apply
during the epidemic? What are the requirements regarding the
various means of transport?

During this pandemic, artificial intelligence (Al) has served as
an enabler to combat COVID-19, such as successful attempts
in predicting epidemic trends [2] with sophisticated models,
accelerating computer tomography detection [3] for more
efficient diagnosis by computer vision, participating in drug
development [4], and automatically answering epidemic-related
natural language questions [5-7]. Besides deep learning, the
knowledge graph (KG) concept has drawn increasing attention
from both academia and industry since it was first proposed by
Google in 2012. As the key to the evolution of Al toward
cognitiveintelligence, aK G enables machinesto better organize,
reason, understand, and explain information.

The success of the above applications heavily depends on the
scale and quality of the underlying KGs, regardless of whether
they exist in the open or in a specific domain. Well-known
genera-purpose KGs include DBpedia[8], Yago [9], Freebase
[10], Wikidata [11], and the Chinese linked open data effort
Zhishi.me [12]. All of these KGs leverage Wikipedia, one of
the largest encyclopediawebsites in the world, as an important
source. WordNet [13], BabelNet [14], and Linguistic Linked
Open Data [15] are examples of linguistic KGs. Regarding
domain-specific KGs, we here mainly focus on life science or
health carefields. The KG Linking Open Drug Data[16] surveys
the publicly available data about drugs and creates linked
representations of the data sets. The project Open PHACTS
[17] aimsto deliver and sustain an open pharmacol ogical space
using and enhancing state-of-the-art semantic web standards
and technol ogies. Bio2RDF [18] uses semantic web technologies
to provide the largest network of linked data about the life
sciences. However, none of the above KGs is specific to
COVID-19. Although it is possible to extract a
COVID-19—elevant subgraph from general-purpose KGs, this
approach will suffer from low coverage of domain knowledge

https://medinform.jmir.org/2022/5/€37215
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and the sparsity of properties describing this knowledge (eg,
viruses and diseases).

The White House, in collaboration with publishers and tech
firms, has launched the CORD-19 data set [ 19], which contains
more than 59,000 published articles and preprints. Although
CORD-19 is considered to be the largest single collection of
COVID-19 knowledge amassed to date, the mgj ority of the data
set contains unstructured data, and more than 60% of the
included papers do not mention search terms such as
“coronavirus’ and “ SARS-CoV” [20]. The existing COVID-19
Knowledge Graph [21] isan expansive cause-and-effect network
constructed from the scientific literature on SARS-CoV-2,
aiming to provide acomprehensive view of its pathophysiology.
However, there are only 10 entity types and 9484 facts within
this KG. Coronavirus Knowledge Graph [22] only has 27
relation types. The CovidGraph project [23] built a COVID-19
graph that stores publications, case statistics, and molecular
datain aNeo4j database, which enables exploring the underlying
knowledge for finding specific genes, authors, articles, patents,
proteins, existing treatments, and medications relevant to the
entire family of coronaviruses. However, key aspects such as
health care, epidemiology, antiepidemic goods, related events,
and frontline workers fighting the epidemic have not yet been
considered.

To capture richer and more diverse topics of COVID-19 so as
to offer more useful knowledge for the public, we have extended
these previous efforts[24-26] to construct OpenK G-COVID19,
alinked data set of COVID-19 KGs, covering 10 aspectsranging
from encyclopedia, concept, medical, health, prevention, goods,
research, epidemiology, and character to events.
OpenKG-COVID19 was launched by OpenKG [27], which is
the largest Chinese open KG community pushing for the
development of public KGs, open-source tools, and best
practices in vertical sectors in China since the middle of
February 2020. We are thefirst to mainly focus on constructing
high-quality pandemic KGs in China. Moreover,
OpenK G-COVID19isopen to the public with continuous efforts
to ensurethat it contains up-to-date information. The publishing
and maintenance of such alarge-scale KG can help researchers
around the world to understand, study, and even fight
COVID-19. An overview of OpenKG-COVID19isdepictedin
Figure 1. Each KG, its sources, and possible applications are
listed in Textbox 1.

Moreover, several key steps have been used to construct
OpenK G-COVID19, namely modeling, extraction, and fusion
of knowledge. Among them, knowledge modeling mainly
involves schema design. The schema knowledge of each data
set in OpenK G-COVID19 is described in the Methods section.
The other steps are executed automatically with the human in
the loop. In particular, we present the technical details of
knowledge extraction and then describe how the curated KGs
are further linked together at both the schema and data levels.
We further present the results of experimental validation of
OpenKG-COVID19, and discuss the access interfaces along
with the possible applications of the linked COVID19 KGs.
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Figurel. Overview of OpenKG-COVID19. KG: knowledge graph; NCBI: National Center for Biotechnology Information; Q& A: question and answer.
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Textbox 1. Sources, knowledge graphs (KGs), and application prospects of OpenKG-COVID19.

The encyclopedia KG (Bilingual Encyclopedia Knowledge Graph [BEKG]) is based on multiple encyclopedia sources, which helps to gain a
basic understanding of SARS-CoV-2 and COVID-19.

Targeting the question and answer (QA) system, both the medical KG and the health KG consider data sources from industrial companies and
official treatment plans, which have included COVID-19—elated symptoms, diseases, drugs, and treatment options.

The prevention KG not only provides authoritative guidance on individuals' protection and public prevention, but also contains knowledge about
vaccines and nucleic acid tests.

The goods KG provides the current status of materials used in the epidemic, including information of daily protective equipment, medical
diagnosis, treatment devices, and therapeutic drugs.

Theresearch KG aimsto assist in the discovery of drugs or vaccines, and its data are derived from virus-related scientific research databases and
literature.

The epidemiology KG helps to trace the source of infection and explore contacts. These data come from the case flow information published by
provincia health committees.

The character KG sortsout heroic deeds and assistsin the dynamic display of character information, including theindividua’sresume, achievements,
and related events about combating the epidemic.

The event KG organizes hot events about the epidemic with the when, where, who, and what factors incorporated.

The concept KG uses automatic web-mining technologies to collect a large number of fine-grained COVID-19—elated entities and their
corresponding hypernyms from web text, which has been applied in medical-related virtual assistants to address complex user information needs.

Methods

Schema of OpenK G-COVID19

A schemadefinesaspecific, clear, high-level structure of aKG.
It is necessary to model a sound schema to accurately offer a
clear understanding of KG content. New data added to the KG
will not be allowed if the data do not conform to the defined
schema. We designed atotal of 10 schematafor each subgraph:
concept, encyclopedia, medical, health, research, prevention,
goods, event, character, and epidemiology. The details of the
schemataare described in further detail elsawhere[28]. In brief,
three methods were employed to develop the schemata
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manually defined by medical experts (manual), extracted from
encyclopedic websites or COVID-19—related medical websites
(site data), and mined automatically from the web (automatic
mining). The design method of each KG isdisplayed in the left
part of Table 1.

Within OpenKG-COVID19, the schemata of most KGs (eg,
medical, epidemiology) have been designed by domain experts.
Taking the epidemiology KG as an example, its schemadefines
the basic concepts of epidemiology such as epidemic, pathogen,
host, epidemic situation, epidemiological survey, survey method,
survey population, surveyed individual, and survey report. The
relations between these concepts contain “cause,” “is-part-of,”
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“includes,” “uses,” and similar. The entire schema diagram is
illustrated in Figure 2. Note that even though the schemashown
here was manually constructed, we can boost the entire process
by recommending users domain keywords or related ontologies
in the same or similar field as a prototype for reuse.

Another method for schemata design is to treat semistructured
information as categories and properties in “infoboxes’ as
schemata. This method was used for the design of the schemata
for the encyclopediaand research KGs. Specifically, the schema
modeling process during construction of the encyclopedia KG
is shown with ared color border in Figure 3. We further used

Wang et al

BabelNet [29] and Zhishi.schema[30] to expand the concepts
with multilingual 1abels.

We also tried to automatically mine schemata from the web.
Specifically, we performed nonlinear mapping between one
concept to another (its hypernym) based on popular embedding
technology to obtain alarge number of fine-grained hypernyms
from search engines, encyclopedias, and word morphology. The
hierarchical structure (“is-@’ relation) was constructed by
measuring the semantic broadness between concepts aswell as
between an instance and a concept. Therefore, the data-level
knowledge was also extracted during schema design.

Table 1. Classifications of schema design and knowledge extraction of COVID-19 knowledge graphs.

e

Knowledge graph Schema design Knowledge extraction
Manual Site data Automatic mining  Structured Semistructured Plain text
Concept ad ad
Encyclopedia O O O
Medical H
Health 0
Research ad
Prevention ad
Goods O
Event O O
Character O 0
Epidemiology O O
Figure 2. Schemadiagram of the epidemiology knowledge graph.
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Figure 3. Construction process of the encyclopedia knowledge graph (KG).
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Knowledge Extraction for COVID-19 KGs
Construction

Overview

This section introduces methods for the classification of
knowledge extraction based on different data types. In general,
sources of knowledge extraction include structured data (eg,
linked data), semistructured data (eg, tables and infoboxes), and
unstructured datain the form of plain text. Sources of each KG
in OpenKG-COVID19 are listed in the right part of Table 1.
There exist correlations between schemadesign and sourcesfor
knowledge extraction. For example, if a KG extracts its
knowledge from semistructured data sources, its schema is
usually obtained from site data. Graph mapping is leveraged to
extract a domain-specific subgraph from linked data, whereas
the“D2R" tool isused to transform relational data of a Database
into Resource Description Framework (RDF) triples. Moreover,
wrappers are used for semistructured data and information
extraction to convert plain text into structured knowledge.

Extraction from Structured Data Sources

Structured data represent the main data source of KG
construction. Our research KG focuses on information from the
virus field. It contains five subgraphs, which are the virus
taxonomy KG, SARS-CoV-2 gene-protein KG, antiviral drug
KG, SARS-CoV-2 phylogeny KG, and SARS-CoV-2 literature
extraction KG. The construction of thefirst four KGsfitswithin
this method.

Specifically, we analyzed some data of related biodatabases
(eg, National Center for Biotechnology Information [NCBI]
[31], GISAID [32], China National Center for Bioinformation
[33], DrugBank [34], and Nextstrain [35]) and related biol ogical
KGs such as SNAP [36] at Stanford University. Moreover, we
have established in-depth collaborations with some biological
institutes in the vertical field to ensure that the research KG is
professional. We converted data in different formats from the
above sources into a unified graph structure based on the
designed schema.
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The SARS-CoV-2 gene-protein KG is mainly built from the
virusdatain the NCBI database. By looking up “ SARS-CoV-2"
in NCBI, varioustypes of related information are returned, such
as genome, gene, and protein. Two example triples are
(SARS-CoV-2, Virus-express-Gene, NS6) and (SARS-CoV-2,
Virus-produce-Protein, nonstructural protein NS6).

The antiviral drug KG is based on four structured databases:
DrugBank, Virus Pathogen Database[37], VirHostNet 3.0[38],
and VISDB [39]. The KG demonstratesinteraction relationships
among various types of viruses, human proteins, antiviral drugs,
and diseases. For further integration, we linked the datathrough
thetaxonomy ID of thevirus, the UniProt ID of the protein, and
the generic name of the drug. Several extracted exampletriples
are: (Human immunodeficiency virus 1, Virus-alias-String,
HIV-1), (Enfuvirtide, Drug-effect-Virus, Human
immunodeficiency virus 1), and (H31, HostProtein-belong
to-Host, Human).

We also extracted the virus taxonomy tree from NCBI to build
the corresponding KG. Similarly, the SARS-CoV-2 phylogeny
K G was constructed by referencing Nextstrain metadata.

Extraction From Semistructured Sites

We mainly leveraged semistructured data for building the KGs
of concept, encyclopedia, health, prevention, goods, and
character. Taking the encyclopedia KG as an example, its
knowledge in the form of RDF triples is extracted from the
integration of several encyclopedia sites (eg, Baidu Baike,
Hudong Baike, Chinese Wikipedia). We particularly considered
the following four types of semistructured data for knowledge
extraction: internal links, infoboxes, categories, and
classification trees. For an infobox, the page title is treated as
asubject, each attribute of the infobox is treated as a predicate,
and the corresponding attribute value is treated as the object.
For an internal link, we also treat the title entity as a subject,
thetarget entity that the internal link refersto asthe object, and
the relation (defined in the schema) matching the text between
the subject mention and the object mention asthe predicate. For
a category that a page belongs to, the title entity, typeOf, and
the given category form a triple. For a classification tree, a

JMIR Med Inform 2022 | vol. 10 | iss. 5 |€37215 | p.250
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

high-level concept can be linked with any of its ancestorsin a
triple using the hyponym as the predicate. Figure 4 shows

Figure 4. Extraction of various types of semistructured data.
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Extraction From Plain Texts

Plain texts are widely available for human consumption but are
hard for machinesto understand, which hinders construction of
a KG from these unstructured data. We applied regular
expressions to extract fact triples for the six subgraphs shown
in the right part of Table 1 from plain texts. When detecting
knowledge by regular expressions, we paid more attention to
the precision of information extraction rather than the recall to
ensure that the COVID-19 knowledge managed into
OpenKG-COVID19 isrelatively accurate. Finally, the average
precision of our regex matching methods was found to be
96.34% and the average recall was 87.63%. However, there are
large amounts of diverse information and complex semantic
relations in the research literature, which required more
advanced methods during the construction of the research KG.
In recent years, there has been great progress in applying
machine reading comprehension to the knowledge extraction
task on plain texts [40,41]. The basic idea is to extract the
candidate entities from sentences by a subject extraction
network, and then extract the object of a triple based on
candidate entities and a predefined predicate using a joint
predicate-object extraction network. Pretrained language models
such asbidirectional encoder representations from transformers
(BERT) [42] are employed for encoding in both networks, which
alleviates the amount of labeled data required to train amodel.

Inspired by the above work, we applied the same technique in
building COVID-19 K Gsfrom varioustext sources. Thelabeling
process can be further relieved by distant supervision [43],
wherethe subject and object of atriple are automatically labeled
in one sentence and the sentence context is captured to check
whether the predicate holds. After extraction and sampled
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manual  check, triples such as
Virus-interaction-Human Protein, ACE2), (SARSCoV-2,
Virus-cause-Disease, human respiratory disease), and
(nelfinavir, Drug-effect-Virus, SARS-CoV 2) arereturned from
the medical literature.

Interlinking Knowledge from Different COVID-19
KGs

Overview

Following the linked data principles, we connected these KGs
to promote the integration and sharing of knowledge about
COVID-19. We observed that schemata in these KGs, except
for that of the concept KG, are of relatively small scale.
Therefore, we first used an automatic ontology matching
approach to align schema-level knowledge (ie, concepts and
properties) and then asked domain expertsto validate the results,
and finally leveraged the validated schema matches to aign
data-level knowledge (ie, entities).

(SARS-CoV?2,

Schema Matching

Because thereisno central schemafor the COVID-19 KGs, we
decided to conduct pairwise schema matching. We reused
Falcon-AQ [44], whichisan automatic ontology matching tool.
Its main strengths lie in the integration of various powerful
matchers exploiting linguistic and structural features.
Furthermore, due to the naming issue, many schemata use
sequential 1Ds to name their concepts and properties. To avoid
their interference with the matching process, we disabled the
comparison of local names in Falcon-AO. The details of the
naming convention are introduced below.
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Entity Alignment

Similar to schema matching, we conducted pairwise entity
alignment. We used the property matches from schemamatching
to make the properties in each pair of KGs uniform. We
Figure 5. Workflow of entity alignment.KG: Knowledge graph.

Match Inference

Wang et al

observed that most matched properties are data-type properties.
Therefore, we leveraged literal similarity measures to align
entities. Since the true matches are unavailable, we deployed
the crowdsourced entity resolution approach [45] to find entity
matches, and the workflow is depicted in Figure 5.

KG,

Aligned Entities

Similarity Computation

Similarity Vectors

Question Selection

Question Pairs

Label Updating

Similarity Computation

For each entity pair, we used similarity measures to construct
asimilarity vector, where each real valuein the vector represents
the similarity of the values of each pair of aligned properties.
For numerical values, the absol ute difference similarity measure
was used. For textual values, the Jaccard similarity measure
was applied. Moreover, the entity-type values were converted
to texts based on their labels. Note that a few KGs are
multilingual; therefore, we used a character-level bigram to
tokenize textual values.

Match Inference

Based on similarity vectors of entity pairs, we used the partial
order assumption to infer matches and nonmatches. Once an
entity pair is judged as a match by a human, each entity pair
such that all similarity values are not lessthan those of the match
isinferred asamatch. By contrast, once an entity pair isjudged
as a nonmatch, each entity pair such that al similarity values
are not greater than those of the nonmatch is inferred as a
nonmatch. When the similarity measures evaluate the value
within the threshold range, these inference rules are
approximately true [46].

Question Selection

To save both human labor and time, the total number of
questions (ie, unresolved entity pair for validation) is required
to be minimized. However, the true answers for questions are
unknown. Alternatively, we maximized the inference power of
anew guestion in each step. The question-selection algorithm
iteratively chooses each unresolved pair that has the greatest
number of possible inferred matches and nonmatches.

https://medinform.jmir.org/2022/5/€37215

Labeled Pairs

Human Labeling

Human Labeling

Some KGs contain alot of medical details(eg, drugsinresearch,
posthospital medications, limitations, special diets); thus,
common workers from the crowdsourcing platforms may not
have sufficient domain knowledge to manage a large amount
of medical information. To ensure adata set of high quality and
benefit to downstream tasks such as question answering, we
employed expert sourcing instead of crowdsourcing to collect
answers for questions pairs. In detail, we asked one domain
expert to judge each unresolved pair as a match or anonmatch,
and randomly sampled some labeled question pairs for further
review to obtain the final result.

Results

Data Evaluation

Data Statistics

OpenKG-COVID19 is a linked data set of COVID-19 KGs
consisting of 10 subgraphs derived from different sources such
asresearch publications, medical guidelines, and encyclopedia
websites. As of October 24, 2021, the data set has knowledge
of more than 2572 concepts, 329,600 entities, 513 properties,
and 2,687,329 facts. Moreover, the data set will be updated
continuously along with the occurrence of COVID-19. The
detailed statistics of each KG arelisted in the left part of Table
2, demonstrating that the research KG contains the largest
numbers of both entities and facts, and all KGs have relatively
rich properties, except for the concept KG that only definestwo
properties (ie, typeOf and subClassOf) but has the highest
number of concepts.
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Table 2. Detailed statistics and quality of each subgraph.

Wang et al

Knowledge graph Facts, n Concepts, n Entities, n Properties,n  Evaluation,n  Correct, n Precision (%), mean (SD)
Encyclopedia 261,154 50 54,318 60 5000 4778 95.52 (0.58)
Medical 2857 54 1035 92 652 620 94.81(1.71)
Research 2,281,797 31 221,131 64 8556 8555 99.96 (0.03)
Event 27,388 4 2291 21 200 198 96.35 (1.69)
Character 1902 21 1057 40 570 570 99.65 (0.35)
Prevention 28,651 113 34,859 24 646 630 97.20(1.25)
Goods 3738 165 132 57 365 359 97.83(1.42)
Health 51,575 592 7110 104 487 483 98.78 (0.91)
Epidemiology 8336 55 2163 47 200 200 98.08 (1.92)
Concept 19,391 1487 4784 2 100 9% 92.31 (4.96)

Accuracy Evaluation

It is crucial to assess the quaity of each KG in
OpenKG-COVID19. Since no ground truths are available, we
performed manual evaluation. Owing to the large number of
facts, we adopted a similar method asthat of Yago with respect
to the sampling strategy and labeling process.

For sampling, we evaluated a chosen sample of facts for each
property defined in OpenK G-COVID19. Since the fact number
of each property is not evenly distributed, we used different
sampling coefficients (ranging from O to 1) for different
properties. If the fact number of one property islower than the
minimal sample number k (k=20 in our setting), it was set to 1.
Otherwise, we selected arandom coefficient to ensure that the
returned samples are more than k.

For labeling, we invited three postgraduate students focusing
on KGsastheir main research areato review the same sampling
data for each subgraph. They were offered three choices to
annotate each sample: agree, disagree, and unknown. If more
than one annotator made a certain choice, then the sample was
labeled asthat choice. If there were three different annotations
for one sample, we asked the annotatorsto reconsider the choice
through acquiring further knowledge about the sample and
obtain aresult. However, discrepancies only accounted for 6%
of all samples according to the record of the labeling process.
After the labeling process, 98.35% of the sampled facts were
considered to be correct by consensus. To generalize our results
on the subset to the whole data set of COVID-19 KGs, the
Wilson interval at a=5% was computed.

The precision value of each COVID-19 KG is reported in the
right part of Table 2. Wefound that all KGsachieved an average
precision of more than 93%, except for the concept KG with
knowledge extracted by automatic web mining, which indicates
the high quality of OpenK G-COVID19. After theerror analysis,
we found two typical patterns of wrong facts. One isthat there
exists a mistake of either the head entity or the tail entity, and
the other is that the relation between the entity pair does not

https://medinform.jmir.org/2022/5/€37215

conform to the fact. For example, it is inappropriate to regard
“judgment basis’ as the relation between “confirmed cases’
and “shock,” because this is ssimply a possible clinical
manifestation of patients with COVID-19.

Results and Quality of Interlinking

The schema matching results are shown in Table 3,
demonstrating overlaps between different schemata, although
such overlapsare limited. Regarding entity alignment, we found
1055 matches among five KGs. The encyclopedia KG had the
greatest number of matches with other KGs (ie, 836 with the
health KG, 55 with the medical KG, 11 with the character KG,
and 2 with the goods KG) because it contains various types of
entities (eg, drugs and hospitals). We also noted some entity
matches but no schema matches between the encyclopedia KG
and the character KG, because some shared properties (eg,
rdfs:label) are used to align entities but these properties are not
included in schema matching. We also found some duplicated
entities in the encyclopedia KG because these entities are
extracted from different websites. There were few matches
between the goods KG and other KGs because most entitiesin
the goods KG are medical devices, which do not appear in the
other KGs. Since some entitiesin the character KG are hospitals,
there were 19 matches with the health KG. The remaining
matches were mostly related to drugs.

We recruited three students with a major in Semantic Web to
evaluate the precision, recal, and Fl-score of the schema
matching and entity alignment results. As shown in Table 4,
the schema matching achieved high recall, but relatively low
precision. Most false matches were caused by the similarity
measure (eg, the pair “ determination of protein” and “protein”
was wrongly judged as a match). We observed that the entity
alignment achieved perfect results in all KG pairs except for
health-character with precision, recall, and F1-score of 88.2%,
100.0%, and 93.8%, respectively. The high performance of
entity alignment was attributed to the fact that the literal
information in KGs is of high quality and most matches share
exactly the same information.
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Table 3. Results of schema matching.?

Wang et al

Knowledgegraph  Encyclopedia Prevention  Concept Headth Research  Medica  Epidemiology Event Goods Character
Encyclopedia _b 0 0 9 4 6 1 0 0 0
Prevention 0 — 0 0 0 2 0 16 17 1
Concept 37 7 — 0 0 0 0 0 0 0
Hedlth 9 0 41 — 3 13 3 1 1 0
Research 2 0 6 2 — 3 0 1 0 0
Medical 4 2 25 4 4 — 6 3 0 1
Epidemiology 4 0 18 3 0 3 — 0 0 4
Event 0 5 1 0 0 0 1 — 16 0
Goods 0 1 18 6 0 0 0 2 — 0
Character 0 2 11 0 5 5 3 1 0 —

#The numbers below the diagonal are class matches and the numbers above the diagonal are property matches.

BNot applicable.

Table 4. Performance of schema matching.
Knowledge graph Class (%) Property (%)

Precision Recall Fi1-score Precision Recall Fi1-score

Encyclopedia 75.0 85.7 80.0 85.0 85.0 85.0
Prevention 76.5 100.0 86.7 94.4 100.0 97.1
Concept 72.0 90.1 80.0 _a — —
Hedlth 55.4 94.7 69.9 76.7 88.5 82.1
Research 78.9 100.0 88.2 54.5 100.0 70.6
Medical 87.2 911 89.1 79.4 90.0 84.4
Epidemiology 78.1 100.0 87.7 78.6 100.0 88.0
Event 100.0 100.0 100.0 91.9 100.0 95.8
Goods 704 76.0 731 97.1 100.0 98.5
Character 100.0 100.0 100.0 83.3 83.3 83.3
Overadl 74.6 915 82.2 85.6 95.0 90.0

3ot applicable.

Knowledge Access, Sustainability, and Possible
Applications

Naming Convention

For considerations of readability and interoperability, we
followed the RDF naming convention, which helps to quickly
locate and understand the topic and the meaning of each triple.
The convention is composed of three major parts.

The first is the resource identifier, in which each resource (ie,
concept, entity, property) isidentified by aglobal ID that isan
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RenderX

integer number prefixed by aletter. That is, classes are prefixed
by C (eg, Cl), entities are prefixed by R (eg, R122), and
propertiesare prefixed by P (eg, P31). The second isthe uniform
resource identifier (URI) pattern. All URIs should follow a
pattern such as [URL]/[graphname]/[type]/[resource], where
graphnameisthe name of the subgraph (eg, medical, research),
type takes on an enumerable value representing the URI type
(ie, class, resource, property), and resource is the global
identifier described in the resourceidentifier part. Thethird part
is the predicate usage; the COVID-19 KGs use the set of
predicates shown in Table 5 to illustrate the schema model.
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Table5. Primary predicates used in the OpenK G-COVID19 schemata.

Wang et al

Predicate Description

rdf:label Local name statement of all URLs

rdfs:subClassOf The hypernym-hypernym relationship between two classes

rdfs:.domain Domain class of a property

rdfsirange Range class or literal datatypes of a property, which can be multivalued
owl:sameA Synonym relationship between two resources

Search and Browse | nterfaces

Since the published KGs in OpenKG-COV1D19 comply with
the creative commons-by share-alike license, users can feel free
to download any of them [47]. The left part of Figure 6 shows
a snapshot of the data set search interface, where 10 KGs and

Figure 6. Data set search interface (left) and entity search interface (right).

a schema data set about OpenKG-COVID19 are found.
Moreover, users can search for a particular entity and browse
the detailed information of that entity in the OpenBase website
[48]. As shown in the right part of Figure 6, the search results
contain various properties of Nanshan Zhong, afamous doctor
combating the COVID-19 epidemic in China.
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SPARQL Endpoint

The SPARQL endpoint [49] of OpenKG-COVID19 is built
upon a scalable graph database, gStore [50], which provides
extendabl e distributed storage management as well as efficient
implementations of complex queries and update operations
based on SPARQL for RDF data sets with up to billions of
triples. Users can submit SPARQL queriesto the endpoint where
relevant results are returned in the form of a table. Users can
also choose to download the results packaged in a JavaScript
Object Notation (JSON) file by clicking “Click to Download.”
Asof May 22, 2020, we have recorded over 20,000 accessesto
the endpoint.

Sustainability and Knowledge Review

OpenKG-COVID19 KGs are maintained by the OpenKG
community. We are collecting questionnaires considering users
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Entity search

Character

information

Search result of Nanshan Zhong

needs and updating our KGs accordingly. COVID-19 KGs are
particularly important for timely updates because users needs
may change as the epidemic develops (eg, from source to
treatment).

The data quality as well as the interlinking quality of
OpenKG-COVID19 are manually evaluated. OpenBase is a
knowledge crowdsourcing platform powered by blockchain
technologies for provenance tracking and credit incentive. We
uploaded a part of the data that may contain errors due to the
sampling method, and created many microtasks for reviewing
the correctness of triples. The reviewers were volunteers
certified by possession of one specific domain knowledge. They
were able to not only review the KG data but to also commit
data corrections. All volunteers participating in knowledge
reviewing viaeither aweb-based interface or the WeChat mini
app (see Figure 7) received a corresponding reward of credit
for their contributions to improving our KGs.
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Figure 7. Knowledge review on the web (left) and WeChat mini app (right) of OpenBase.
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Possible I ntelligent Applications

OpenKG-COVID19 is the basis of various intelligent
applications, whose release will help to fight against this global
plague. OpenK G-COV1D19 benefits from intelligent question
answering, semantic search, recommendation systems, as well
as the abilities for visualization, mining more associations,
predicting future events, and assisting in decision-making. More
specifically, we here take the event KG, research KG, medical
KG, and overall OpenKG-COVID19 as examples.

The event KG includes the forward and reverse indexing of
events about COVID-19intime, and provides the devel opment
context of a series of events, which can support the verification
and traceability of hot events. Furthermore, the event KG
combined with blockchain technology could identify whether
or not an event istrue.

Based on the research KG, Huawei Cloud has developed a
personalized visual query system, displaying knowledge points
and their relations, which can quickly trace the source of
information and directly locate relevant documents and
paragraphs. The research KG facilitates scientific research on
virus mechanismsand viral protein interactions, and assists drug
developers in more accurate and effective drug target research
and vaccine devel opment.

Starting from the cases of diagnosis and treatment to research
progress, the medical KG isdevel oped by extracting knowledge
from the existing standard documents and the web. The
epidemiology, symptoms, laboratory indicators, treatments,
drug development, and vaccines of COVID-19 could be
conveniently consulted making use of question answering based
onthemedical KG. Drugsthat alleviate symptomsand potential
therapeutic drugs, such as the repurposing of old drugs for a
new use, can also be mined by the medical KG.

Moreover, OpenKG-COVID19 is an enabler to accelerate the
development of bioinformatics. The network structures of
COVID-19 KGs can be used to predict relations such as
host-virus, drug-virus, or interactions between viruses and the
host protein, which will help to reveal the underlying mechanism
of COVID-19. In particul ar, the combination of protein-protein
interactions, drug—protein target interactions, and the
polypharmacy side effects could predict unknown side effects.
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Discussion

Principal Results

In this study, we constructed OpenKG-COV1D19, one of the
largest existing KGs about COVID-19. We first presented the
schema design process of OpenKG-COVID19. We then
introduced the comprehensive techniques for knowledge
extraction and knowledge fusion. Moreover, we provided an
evaluation of the quality of OpenKG-COVID19. This paper
also provides an introduction of various access interfaces
covering searching, browsing, querying, and knowledge review,
and discusses the possibl e applications of OpenKG-COVID19.
Our efforts can benefit KG, biomedicine, and many other
communities. New knowledge for the 10 KGs will be updated
continuously through the processes described aboveto maintain
and update OpenK G-COVID19 for improving its quality and
coverage.

Limitations

Although OpenKG-COVID19 is updated continuously, the
update frequency is not daily, which may result in some
information not being up to date, causing inconvenience for
downstream tasks. Moreover, it isalso very necessary to control
the data set version, which is future work to be considered.

We randomized a chosen sample of facts for each property
defined in OpenK G-COVID19 to evaluate the data quality. In
some cases, the number of samples may be small, which will
lead to aless reliable evaluation result. Therefore, we plan to
further improve the quality of data by selecting a new method
to sample more triples of each property.

Conclusion

A KG isan effective technique to provide well-organized data,
and is aso beneficial for intelligent question answering,
semanti ¢ search, recommendation system, visualization analysis,
and decision-making support. OpenKG-COVID19 includesrich
and diverse topics of COVID-19, covering 10 aspects ranging
from encyclopedia, concept, medical, health, prevention, goods,
research, epidemiology, and character to events. The publishing
and maintenance of OpenKG-COVID19 can help researchers
around the world to better understand, study, and even fight
COVID-19.
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Abstract

Background: Asthe COVID-19 pandemic progressed, disinformation, fake news, and conspiracy theories spread through many
parts of society. However, the disinformation spreading through social mediais, according to the literature, one of the causes of
increased COVID-19 vaccine hesitancy. In this context, the analysis of social media postsis particularly important, but the large
amount of data exchanged on social media platforms requires specific methods. Thisiswhy machinelearning and natural language
processing models are increasingly applied to social media data.

Objective: Theam of this study is to examine the capability of the CamemBERT French-language model to faithfully predict
the elaborated categories, with the knowledge that tweets about vaccination are often ambiguous, sarcastic, or irrelevant to the
studied topic.

Methods: A total of 901,908 unique French-language tweets related to vaccination published between July 12, 2021, and August
11, 2021, were extracted using Twitter’s application programming interface (version 2; Twitter Inc). Approximately 2000 randomly
selected tweets were label ed with 2 types of categorizations: (1) argumentsfor (pros) or against (cons) vaccination (health measures
included) and (2) type of content (scientific, political, social, or vaccination status). The CamemBERT model was fine-tuned and
tested for the classification of French-language tweets. The model’s performance was assessed by computing the F1-score, and
confusion matrices were obtained.

Results: The accuracy of the applied machine learning reached up to 70.6% for the first classification (pro and con tweets) and
up to 90% for the second classification (scientific and political tweets). Furthermore, a tweet was 1.86 times more likely to be
incorrectly classified by the model if it contained fewer than 170 characters (odds ratio 1.86; 95% Cl 1.20-2.86).

Conclusions: The accuracy of the model is affected by the classification chosen and the topic of the message examined. When
the vaccine debate is jostled by contested political decisions, tweet content becomes so heterogeneous that the accuracy of the
model drops for less differentiated classes. However, our tests showed that it is possible to improve the accuracy by selecting
tweets using a new method based on tweet length.

(JMIR Med Inform 2022;10(5):€37831) doi:10.2196/37831
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social media; natural language processing; public health; vaccine; machine learning; CamemBERT language model; method;
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Introduction

Background

The COVID-19 pandemic has profoundly affected our society
and social activity worldwide. Part of thischangeis perceptible
through messages exchanged on social media platforms,
specifically on the topic of vaccination. Since the measles,
mumps, and rubella vaccine controversy in 1998 [1], vaccine
hesitancy has grown on the internet [2,3] and subsequently on
social media platforms such as Facebook and Twitter [4,5]. In
the same way, as the pandemic progressed, disinformation,
“fake news,” and conspiracy theories spread [6] through many
parts of society. However, the disinformation spreading through
social media is, according to the literature, “potentially
dangerous’ [7] and is one of the causes of increased COVID-19
vaccine hesitancy [8,9]. Another cause mentioned in the
literature is the loss of confidence in science among the public
[10].

In this context, social mediaanalysisis particularly important,
but the large amount of data exchanged over social networks
requires specific methods. This is why machine learning and
natural language processing (NLP) models are becoming
increasingly popular for studying social media data. The most
used and “most promising method” [11] is sentiment analysis.
For example, sentiment analyses were conducted on messages
posted on Twitter (tweets) to measure the opinions of Americans
regarding vaccines [12] and evaluate the rate of hate tweets
among Arab people[13]. Additionally, another method, opinion
mining, isused and has obtained an equal level of maturity [14].
Both methods attempt to identify and categorize subjective
content in text, but it is not an easy task to correctly identify
such concepts (opinion, rumor, idea, claim, argument, emotion,
sentiment, and affect). Thefields of psychology and philosophy
have extensively studied these concepts but have raised the
difficulty of defining their boundaries. This is why stance
detection has grown to be considered “a subproblem of
sentiment analysis’ [15]. In addition, according to Visweswaran
et a [16], performing a sentiment analysis on tweets is a
challenge because tweets contain short text (280 characters or
less), abbreviations, and slang terms. However, few studies
focus on the difficulties encountered by a neural network
according to the chosen categories [17]. The aim of this paper
isto provide additional methodological reflection.

Objective

The aim of this study is to examine the capability of the
CamemBERT model to faithfully predict the elaborated
categories while considering that tweets about vaccination are
often ambiguous, sarcastic, or irrelevant to the studied topic.
Based on the resulting analysis, this paper aims to provide a

methodological and epistemological reflection on the analysis
of French-language tweets related to vaccination.

A State-of-the-art French-Language M odel

The CamemBERT model wasreleased in 2020 and is considered
one of the state-of -the-art French-language model s[18] (together
with its close “cousin” flauBERT [19]). It makes use of the
Robustly Optimized BERT Pretraining Approach architecture

https://medinform.jmir.org/2022/5/€37831
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of Liu et a [20], which is an improved variant of the famous
Bidirectional Encoder Representations From Transformers
(BERT) architecture of Devlin et al [21]. The BERT family of
models consists of general, multipurpose, pretrained models
that may be used for different NLP tasks, including the
following: classification, question answering, and translation.
They rely heavily upon transformers, which have radically
changed the performance of NLP tasks since their introduction
by Googleresearchersin 2017 [22]. They have been pretrained
on alarge corpusranging from gigabitsto terabits of data, using
considerable computing resources.

Although multilingual models are plentiful, they usualy lag
behind their monolingual counterparts. Thisiswhy, in this study,
we chose to employ a monolingual model to classify
French-language tweets. As far as we are concerned,
CamemBERT comes in 6 different “flavors,” ranging from
small models with 110 million parameters trained on 4 GB of
text up to mid-size models with 335 million parameters trained
on 135 GB of text. After testing them, we found that better
results were obtained with the largest size model that was
pretrained on the Criss-Cross Network corpus.

All these modelsrequire fine-tuning on specific datato achieve
their full potential. Fine-tuning or transfer learning have been
common and successful practicesin computer vision for along
time, but it is only in the last 3 years or so that the same
approaches have become effective for solving NLP problems
on specific data. This approach can be summarized in the
following 3 steps:

1. A model language such asBERT isbuilt in an unsupervised
manner using a large database, removing the need to label
data

2. A specific head (such as dense neural network layers) is
added to the previous model to make it task-specific.

3. Thenew modd istrained initsentirety withasmall learning
rate on specific data.

Thefirst step isusually performed by large companies, such as
Google or Facebook, or public research centers that make their
model freely available on internet platforms. The second and
third steps form a process that is generaly referred to as
fine-tuning, and thisis what we will do in this study.

Methods

Data Collection

French-language tweets published between July 12, 2021, and
August 11, 2021, were extracted using the Twitter application
programming interface ([API] version 2; Twitter Inc; Figure 1)
with a Python (Python Software Foundation) script regquest
(vaccinlang: fr), and severa elements (tweet content, tweet 1D,
author 1D, and creation date) were stored in adocument-oriented
database (MongoDB, MongoDB Inc). As queries can only
contain a limited number of terms (1024 characters), it was
more relevant to search for the word vaccin (“vaccing”),
knowing that related terms were included by the Twitter API
version 2 search tools since November 15, 2021, rather than
selecting anonexhaustive keyword list. Indeed, Twitter’s query
tool collected all words containing the base word vaccin in
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French (ie, vaccin, vaccins, vaccination, vaccinations, vaccinat,
vacciner, vaccinés, vaccinées, vaccinerait, vaccineraient,
pro-vaccin, anti-vaccin, #vaccin, #vaccinationobligatoire). The
goal of this approach was to collect all tweets containing the
base word vaccin to explore their content using a bottom-up
approach without additional inclusion or exclusion criteria. A
total of 1,782,176 tweets were obtained, including 901,908
unique tweets (29,094 tweets per day) published by 231,373

Sauvayreet d

unigque users. To fully test the CamemBERT model, only unique
tweets were included in the analysis. When dealing with the
analysis of text (such as tweets), it isimportant to keep alarge
amount of variability (eg, vocabulary, syntax, and length) to
strengthen deep learning algorithms. This variability will
guarantee the power of model generalization. Thisis why, in
this study, the 1851 tweetsthat comprisethe data set were drawn
randomly from a set of 901,908 unique tweets.

Figure 1. Flow chart of methodology steps. APl v2: application programming interface version 2.

. Data set Retweets
Stagl‘e 1 Tw't:g API ! (vaccin®; lang: fr) excluded
Data collection
v
Unique tweets Random tweet selection &
ot 5 RelsIEn > data set splitting
age ]
Data processing v \ v
Training set Validation set Testing set
P 1&2
Definition of l erson & ;
. Person 2 Discussion Final
Stage 3 categories > Data Person 1 » Labeling - about » data set
Data labeling (CIaslsgh:;)non labeling Labeling verification conflicting labeling
tweets
v ¥
Stage 4 CamemBERT Train model Determine optimal parameters
Model building model using training set using validation set
Stage 5 v
Maodel Evaluate model Model results —— R
performance U7 EeSial T S analysis ~ —» Compute precision, recall, F1-score
testing
Stage 6 Long tweets Test hypothesis (Mann- - » Null hypothesis acceptance for classification 1
Model hypothesis Whitney Utest; Odds ratio) s Ny|| hypothesis rejection for classification 2
improvement ) ) ]
hypothesis Confusion matrix < — | b Classification 2 data set /
. _— Modelresu ts analysis < selection for long tweets
Compute precision, recall, F1-score 4~
Labeling A total of 2 classificationswere devel oped to examine arguments

A total of 1851 unique tweets were randomly selected and
manually labeled by 2 people (1451 for training and validation
and 400 for testing). When doubt arose about labeling, which
occurred for 87 of the 1851 tweets (4.7%), adiscussion occurred
to determine the relevant label for each tweet (see examplesin
MultimediaAppendix 1). Notethat no duplicateswereidentified
by the automated verification performed.
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for (pros) or against (cons) vaccination (health measures
included) and examine the type of tweet content (scientific,
political, social, or vaccination status). The classifications and
definitions used to label tweets are provided in Table 1 with
trandated exampl es of tweetsfor each label. In accordance with
Twitter's terms of use under the European General Data
Protection Regulation, original tweets cannot be shared [23].
Therefore, the trandations have been adjusted to ensure the
anonymity of Twitter users.
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Table 1. Classification criteriafor tweets and definitions.
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Type of tweet Definition

Translated examples (French to English)

Classification problem 1

Unclassifiable Unclassifiable or irrelevant to the topics of vaccination or
health measures

Noncommittal Neutral or without explicit opinion on vaccination and/or
the health pass

Pros Arguments in favor of the health pass
Arguments in favor of the COVID-19 vaccine and/or the
health pass (efficiency, safety, relevance)

Cons Arguments against vaccination or doubts about the effec-

tiveness of COVID-19 vaccines, fear of side effects, and

refusal to obtain the health pass
Classification problem 2

Unclassifiable Irrelevant to the topic or unclassifiable

Scientific Scientific or pseudoscientific content that uses true beliefs
or false information

Political Commentson legal or political decisions about vaccination
or health measures

Social Comments, debates, or opinions on the report to other

members of society

Vaccination status
author

Comments on the symptoms experienced after COVID-19

vaccination

Explicit refusal to receive a COVID-19 vaccine

Explicit tweet about the vaccination status of the tweet

The Emmanuel Macron effect

| have to ask my doctor for the vaccine

Personally, | am vaccinated so nothing to fear, on the other
hand, good luck to al the anti-vaccine, you will not have
the choice now??

| am against the vaccine | am not afraid of the virus but |
am afraid of the vaccine

A vaccine

The vaccine is 95% efficient, alittlelessin fragile people.
Therisk isnot zero, but avaccinated person has much less
chance of transmitting the virus.

Basically the vaccine is mandatory, shameful LMAO

“Pro vaccine” you have to also understand that there are
people who do not want to be vaccinated.

Example 1: | am very glad to have already done my 2
doses of the vaccine, fudge

Example 2: | don't want to get vaccinated. Why? Well, you
know, we don't know what's in this vaccine, it can be dan-
gerous.

Classification M ethod

This study followed the general methodology of machine
learning to guarantee arigorous building of the model. To ensure
that the model did not overfit or underfit the data set, the
following steps were taken:

1. Thedataset wasdivided into training (n=1306), validation
(n=145), and testing (n=400) data sets.

2. The training loss was represented as a function of the
number of epochs to monitor the correct learning of the
model and select its optimal value.

3. Thevalidation accuracy is represented as a function of the
number of epochs to ensure that the model was not
overfitting or underfitting the data.

4. Thefina model was evaluated on atesting data set that had
not been previously used to build or validate the model.

A total of 2 fully connected dense neural network layers with
1024 and 4 neurons (for classification problem 1) or 5 neurons
(for classification problem 2) were added to the head of the
CamemBERT model, adding another 1.6 million parameters.
Furthermore, to prevent overfitting, a 10% dropout was applied

between those 2 layers. A small learning rate of 2 x 10”° was
used for fine-tuning, and adaptive moment estimation with a
decoupled weight decay regularization [24] was chosen as the
optimizer (see full code used on GitHub [25]). The parameters
were adjusted by minimizing the cross-entropy loss, which is
a common choice when dealing with a classification problem.

https://medinform.jmir.org/2022/5/€37831

Fine-tuning was performed on a data set consisting of the 1451
labeled French-language tweets, 90% (n=1306) of which were
used for training and the remaining 10% (n=145) for validation.
Once the model was built, it was tested on a new set of 400
|abel ed tweets from which a statistical analysis was performed.
A total of 2 classification modelswere built from the same data
set, 1 with 4 1abels (unclassifiable, neutral, positive, or negative)
related to atweet author’s opinion about vaccination and 1 with
5 labelsrelated to the type of content in atweet (unclassifiable,
scientific, political, socia, vaccination status, or symptoms).
The proportion of tweets classified into each label for these 2
problemsisgivenin Table 2. We see that the data set is slightly
imbalanced. As such, it does not require specia treatment.

One of the main hyperparameters to be tuned for the training
of the model is the number of epochs. As arule of thumb, to
prevent overfitting, the number of epochs is usually chosen
based on when the abruptness of the slope of the loss changes
while maintaining a low rate of misclassification on the
validation data set. Figure 2 showsthat 7 epochs should lead to
the best resullt.

This was confirmed by computing the precision, recall, and
F1-scoreat 3 different epochs(7, 15, and 20), asshownin Table
3. The reported results were computed on the test data set with
400 tweets. The average results over the classes were weighted
to account for imbalanced classes in the data set. As expected,
the highest score was obtained with 7 epochs, however, not by
awide margin (Table 3).
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A similar study for the second classification problem determined
that 6 epochs were enough to prevent overfitting. The
performance of the model was al so measured by computing the
weighted precision, recall, and F1-score, as shown in Table 4.

The size of the data set is quite similar to those of Kummervold
et a [17] (1633 tweets for training and 544 for testing) and
Benitez-Andrades et a [26] (n=1400 for training and n=600 for
testing). Furthermore, the benefit of using a pretrained model

Sauvayreet d

such asthe CamemBERT isthat alarge data set is not required
to obtain good results. We also tried to build a neural network
model from scratch with the same data set, but the classification
performance of the model was significantly lower than the
results presented in this paper with the CamemBERT model.
For classification problem 1, we reached an accuracy of 33%
(versus 59% with the pretrained model) and for classification
problem 2, we reached an accuracy of 40% (versus 67.6% with
the pretrained mode!).

Table 2. The proportion of tweets assigned to each label in the data set for classification problems 1 and 2 (n=1451).

Classification problem Tweets
Classification problem 1, n (%)
Unclassifiable 189 (13)
Neutral 354 (24.4)
Positive 392 (27)
Negative 516 (35.6)
Classification problem 2, n (%)
Unclassifiable 226 (15.6)
Scientific 441 (30.4)
Political 316 (21.8)
Social 353(24.3)
Vaccination status 115(7.9)

Figure 2. Training loss (a) and validation accuracy (b) of the model over 20 epochs for classification problem 1.

1.4
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Table 3. Classification performance of the model for classification problem 1.
Epochs, n Precision® Recall? F1-score?
7 59 55.3 55.3
15 56.6 53 53.2
20 56.9 54.5 55.2

#These data are provided as percentages.
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Table 4. Classification performance of the model for classification problem 2.

Sauvayreet d

Epochs, n Precision® Recdl1? F1-score?
6 67.6 64.5 62.9
15 62.7 62.8 61.3
20 60.6 59.5 56.5

#These data are provided as percentages.

Results

Statistical Analysis

From the results of the previous section, we see that it is
significantly more difficult to build aperformant classifier based
on the 4 vaccine sentiment label s (unclassifiable, noncommittal,
pros, and cons), with the maximum F1-score reaching 55.3%
inthiscase. On the other hand, the classifier built from the same
tweets but with 5 different labels based on content type
(unclassifiable, scientific, political, social, vaccination status,
or symptoms) achieved a much higher F1-score (62.9%).

To anayze the strength and weakness of a model more
specifically, it is always instructive to represent it using a
confusion matrix [27], as shown in Figure 3.

Since the vaues in these matrices are percentages, their
interpretation requires some care. For the first problem,
summing figures line-by-line in the matrix shows that out of

Figure 3. Confusion matrix for classification problems 1 and 2 (n=400).
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100 tweets from the test data set, on average, 11.25 are
unclassifiable, 35.50 are nhoncommittal, 13.25 are pros, and
40.00 are cons. It isthen possible to compute the proportion of
tweets correctly classified by the model, 1abel-by-label. The
results are shown in Table 5. We see that the model can
accurately classify the tweets labelled as pros and cons. It
misclassifies a large number of the unclassifiable tweets and,
to a lesser extent, noncommittal tweets. Looking back to the
confusion matrix, for thelast 2 labels, we observe that the model
tends to classify the tweets as being pros.

For the second problem, as expected, in line with the higher
F1-scorefound in the previous section, the model achieves much
better classification performance. It excels at classifying
scientific and political tweets and is also good at classifying
social tweets. It still has some difficulties classifying
unclassifiable tweets and, in a larger proportion, vaccination
status tweets. L ooking back to the confusion matrix, for thelast
2 labels, we observe that the model tends to classify them as
being social tweets.
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Table 5. The number of tweets correctly classified for each label in classification problems 1 and 2 (n=400).

Classification problem Tweets
Classification problem 1, n (%)
Unclassifiable 10 (22.2)
Noncommittal 62 (43.7)
Pros 36 (67.9)
Cons 113 (70.6)
Classification problem 2, n (%)
Unclassifiable 27 (40.3)
Scientific 67 (79.8)
Political 93(82.3)
Social 58 (66.7)
Vaccination status 13 (26.5)

Text Size Analysis

To improve the performance of the fine-tuned CamemBERT
model, ahypothesis about theinfluence of tweet |ength on model
accuracy was tested. A Mann-Whitney U test generated
statistically significant results for classification problem 2
(U=21,202; P=.004) but not for classification problem 1
(U=19,284; P=.79). As Figure 4 shows, the correctly predicted
tweets are significantly longer for classification problem 2. A

second analysis carried out on a dichotomous variable created
from the tweet text length (greater than or less than 170
characters) confirmed this significancefor classification problem
2. A tweet was 1.86 times more likely to beincorrectly predicted
by themodel if it contained lessthan 170 characters (oddsratio
[OR] 1.86; 95% CIl 1.20-2.86). Therefore, the significance
obtained using these 2 analyses (Mann-Whitney U test and OR)
allows usto rigoroudly validate [28] our hypothesis.

Figure 4. Tweet text length as a function of the accuracy of the fine-tuned CamemBERT model conducted on classification problems 1 and 2

(Mann-Whitney U test).
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Long Tweet Test

The finding of the previous section is further supported after
carrying out the following experiment. Tweets with more than
170 characters were selected from the 400-tweet data set.
Classification model 2 was then tested with these 168 tweetsto
seeif its accuracy increased.

As shown in Table 6, the accuracy improved from 64.5% to
73.2% (an 8.7% increase), confirming our hypothesis. The
F1-score also increased by approximately the same amount.

The confusion matrix generated from the comparison between
the model-classified and the manually classified 168 long tweets

https://medinform.jmir.org/2022/5/e37831

RenderX

Classification problem 2
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isshownin Figure 5. From thismatrix, it ispossibleto compute
the percentage of correct classificationsfor each label, theresults
of which are shown in Table 7. The increase in accuracy is
significant for the vaccination status label (an increase of 9.2%),
followed by the political label (an increase of 7.7%) and the
unclassifiable label (an increase of 6%).

Asalready pointed out using the Mann-Whitney U test and OR,
the model for the second problem has much better classification
performance with long tweets. It should be noted that the rate
of correct classification of political tweetsreached animpressive
90% (45/50).
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Table 6. Classification performance of the model for classification problem 2, limited to long tweets (170 or more characters).

Classification problem Precision® Recdl1? F1-score?
2 72.6 73.2 724
#These data are provided as percentages.
Figure5. Confusion matrix for classification problem 2 limited to long tweets (n=168).
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Table 7. The proportion of correct classifications for each label in classification problem 2, limited to long tweets (170 or more characters, n=168).

Type of problem

Number of tweets

Classification problem 2, n (%)
Unclassifiable
Scientific
Political
Social

Vaccination status

6 (46.3)
42(79.2)
45 (90)
25 (65.8)
5(35.7)

Discussion

Principal Findings

A total of 2 typesof classification were examined. The accuracy
of the model was better with the second classification (67.6%;
F1-score 62.9%) than the first classification (59%; F1-score
55.3%). This accuracy is dightly higher than that obtained by
BERT for the same topic (vaccines) [17] and in the same range
as previous findings [16,29]. However, CamemBERT obtained
abetter accuracy (78.7%-87.8%) in a study using dichotomous
labels for tweets about eating disorders and using a
preprocessing step, reducing the initial number of tweets by 2

https://medinform.jmir.org/2022/5/e37831

RenderX

[26]. However, by limiting the analysis to long tweets (170 or
more characters, in accordance with the statistical analysis
conducted on the performance of the model), the accuracy of
classification model 2 improved significantly (from 62.9% to
72.4% for the F1-score).

Therefore, as shown by Kummervold et a [17], the classification
choices have asignificant influence on the accuracy of amodel.
As in other research areas, the vaccine hesitancy debate
crystallizes the opposition. Individuals from the pro and con
sides debated on Twitter after the announcement of the
implementation of a health pass in July 2021 by the French
president. The mobilized arguments were scientific or
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pseudoscientific to justify or contest this political decision.
Several Twitter users participated in the debate to convince
anti-vaccine proponents to become vaccinated. Another group
of users participated by joking about or ironizing the positions
of each side.

Consequently, tweet content isso varied that it remains difficult
to manually categorize, and this has been reflected in the model
predictions. On the one hand, considering classification problem
1, tweets containing characteristic terms of the anti-vaccine
position, such as “5G,” “freedom,” “phase of testing,” “side
effect,” and “#passdelahonte” (“shameful pass’), were found
to be easier to label and predict. However, because antivaccine
proponents spread disinformation more widely on social media
[30], the position of provaccineindividualsislesspolarized [7],
which reduces the model’s precision because the terms are less
singular. On the other hand, considering classification problem
2, the classes were more distinctive since their lexical fieldsdid
not overlap. Indeed, when Twitter users commented on political
decisions, the terminology used was different from that used to
mobilize scientific or pseudoscientific arguments. Moreover,
the scientific and political labels were best predicted by the
model (67/84, 79.8% and 93/113, 82.3%, respectively).

Finally, relevant tweets for atopic may berarein adata set. In
some studies, the corpus is halved [13], while in others, only
0.5% (4000/810,600) of downloaded tweets were included in
the analysis [16]. It would be interesting to find an objective
method to improve model predictions without drastically
reducing the data set. The approach of limiting tweet length can
be an option, as we have demonstrated in this paper.

Sauvayreet d

Limitations

Several limitations can be highlighted, including the following:
(1) the data were only provided from a single social media
platform (Twitter); (2) al tweets containing the term “vaccine”
and its derivatives were included without preselection; (3)
several categorization classes were unbalanced; (4) a larger
training set could provide contrasting results; (5) the
categorization choices could affect the performance of
CamemBERT, as seen in the confusion matrix; and (6) the
suggestions provided (limiting the number of tweet characters)
may only apply to tweets on the topic of vaccination, so further
studies are needed to confirm the relevance of our conclusions.

Conclusions

In this study, we tested the accuracy of amodel (CamemBERT)
without preselecting tweets, and we elaborated an
epistemological reflection for future research. When the vaccine
debateisjostled by contested political decisions, tweet content
becomes so heterogeneous that the accuracy of the model
decreases for the less differentiating classes. In summary, our
analysis shows that epistemological choices (types of classes)
can affect the accuracy of machine learning models. However,
our tests also showed that it is possible to improve the model
accuracy by using an objective method based on tweet length
selection. Other possible avenues for improvement remain to
be tested, such as the addition of features provided by Twitter
(conservation ID, number of Twitter users following or
followers, user public metrics listed count, user public metrics
tweet count, or user I1D).
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