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Abstract

Emergency departments (ED) around the globe rely on triage to sort which patients can
wait safely for care when the demand for service outstrips the resources available. The triage
process is typically performed by experienced emergency nurses and can be the earliest
documented assessment for patients receiving hospital-based care. Because the ED is the most
common entry point for patients, triage documentation, specifically triage narratives, are nearly
ubiquitous for hospitalized patients. The data collected during triage can be structured
(information such as age and sex) or unstructured (in the case of free-text narratives). In Canada,
ED data are reported as a national dataset, much of the reported data is collected at triage, but
little of the national dataset reflects nurses own work and the triage narratives are not included.
The goal of this paper-based thesis is threefold: first, to describe the role of ED nurse in data
collection; second, to provide a scoping review protocol for examining triage narratives; and, to
describe how triage narratives have been used in the academic literature.

The first portion of this thesis reviews the systems used in Canada for ED data collection.
This chapter highlights how little nursing data is collected and proposes that national
organizations need to demonstrate that there is utility in collecting these triage data. It calls on
the National Emergency Nurses Association to take concrete first steps to press for ED nurse
data to be included in national ED data registries.

In the second phase of this thesis, I provide an outline and rationale for how to review
one specific component of triage nurse data: the unstructured narrative. The narratives, which
have been included in other reviews of clinical documentation have show promise for a number
of uses, but they have not been reviewed as a unique form of documentation. The scoping review

protocol outlined each step that should be taken in conducting a review on the topic to ensure



that subsequent reviews are rigorous. It offers a template upon which future reviews can use and
improve upon.

The third component of this thesis are the results of the scoping review, which mapped
the literature around triage narratives and described the narrative structure and its uses. In this
review we screened 18,074 studies published between 1990 and 2022 in CINAHL, MEDLINE,
Embase, Cochrane, and ProQuest Central. 96 studies from this initial sample examined triage
nurse narratives. Theses studies represent over 12 million ED visits and 2438 EDs. We grouped
reviewed studies as using narratives for one of the following: case identification, as input
variables for predictive modeling, and for quality improvement. Despite the breadth of research
there was not much data on the structure of narratives: 27 studies reported the keywords that they
used to search triage narratives, 7 offered descriptions of the narratives (typically the number of
words used), but only one study described the narratives in any detail. Unfortunately, none of the
studies that described the structure of narratives also described the nurses who wrote them — of
the 9 studies that included a sample size for the nurses, none described the narratives.
Additionally, fewer than 10% of studies (n=8) used reporting guidelines.

This thesis demonstrates that there are myriad uses for triage narratives, and potential for
additional synthesis of triage narrative studies. It also details how there is a striking paucity of
research describing the structure of narratives or the nurses who generate them. There is a clear
opportunity to describe triage narratives. In doing there is an opportunity to highlight the
importance of this data type and to strengthen the validity of studies that have used them to
conduct research. Canadian EDs are well positioned to do support this work given the national

triage system and existing data collection structures.
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Introduction

Canadian Emergency Departments (EDs) collect patient data using the Canadian
Emergency Department Information System (CEDIS).? This information is collected nationally
by the Canadian Institute for Health Information (CIHI) in the form of the National Ambulatory
Care Reporting System (NACRS).* These data have been used to track disease patterns and offer
valuable insights into the status of Canadian healthcare. Emergency Department (ED) nurses
collect a substantial amount of this data (20 to 50% of the required data fields), meanwhile only
5% of NACRS fields collected reflect nursing assessments, interventions, or times to patient.*
ED nurses have carried a disproportionate responsibility for ED information collection but their
efforts are largely unrecognized when the data they generate are analyzed or when the systems
they use are developed. This research hypothesized that ED nurses collect significant amounts of
data at triage that are used for clinical and research purposes, but these data are not recognized as
reflecting nurses’ work. My thesis involved reviewing the current state of ED data collection in
Canadian healthcare and then systematically reviewing the published literature on one key
component of triage data: the triage narrative.

In the first chapter we explored the issue of the ED data collection and Canadian nurses’
roles in the process. This paper offered an overview of how the Canadian triage Acuity Scale
(CTAS) and Canadian Emergency Department Information System (CEDIS) as clinical decision
support tools use standardized languages, and how ED nurses perform a key role in Canadian ED
data collection. We discussed how nurses’ make significant contributions to data collection, but
have little of their work captured in national data sets, are under-represented in the CEDIS and
CTAS national working groups and how ED nurses have fallen behind other nursing specialties

in incorporating informatics competencies into their practice. We highlighted the steps other
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nursing specialties have taken to highlight the important work nurses complete and discussed
how ED nurses could follow these frameworks. We concluded our paper by calling on the
Canadian National Emergency Nurses Association (NENA) to take concrete steps to recognize
the importance and utility of nursing data and to take concrete steps to addressing the disparity.

The second chapter identified one specific component of triage data to investigate: the
triage narrative. The paper in this second chapter was a scoping review protocol for examining
triage narratives. The protocol began by outlining some of the ways these triage narratives have
been used, and highlights some of the aspects of previous reviews that could be improved upon.
Specifically, how previous reviews that included triage narratives used searches that were not
comprehensive or systematic, combined triage narratives with other sources of narrative data,
and used searches that were restricted to narratives that focused on a narrowly defined patient
population. Our protocol justified the search by highlighting that no existing work has reviewed
the uses and structures of triage nurses’ narratives. Our protocol outlined the goals of our review:
to map the existing literature for the uses and structures of triage narratives, and to identify
whether there is sufficiently similar data to perform future systematic reviews or meta-analyses.
The protocol outlined the steps we took in performing the scoping review and will allow future
researchers to replicate the study by providing: the search terms, the screening forms, and the
data extraction templates used.

The third chapter of this thesis focused on the findings of our scoping review. We began
this paper by reviewing the importance of triage narratives, by discussing how triage narratives
were included in previous reviews, and how the absence of a review examining the structure and
from of triage narratives was a gap in the existing knowledge base. We then described our

methods and outlined how we followed the steps described in our protocol (chapter two) while
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conducting our study. Our review identified 96 studies that examined triage narratives and
emphasized how the majority of studies were conducted after 2008 and in the United States,
Australia, and Canada. We noted that the methods of conducting these studies have changed over
time (machine learning has become predominant after 2017); how studies can be grouped into
three categories of narrative use (for quality improvement, for case identification, or for use as a
predictor variable); and how there is a paucity of research directly reporting on the structure of
triage narratives. There were a number of studies that demonstrated how triage narratives
improved identification rates when searching for specific populations compared to more
traditional methods such as diagnosis codes, and these studies may be sufficiently comparable
for further systematic review. We noted that there were few studies using reporting guidelines
and that future studies are needed to address the heterogeneity in data reporting. Future research
is needed to define the structure of triage data.

The fourth chapter of this thesis highlighted the ongoing and potential uses for our
existing work and opportunities for future research that may be informed by our research. We
grouped these uses and opportunities within the contexts of nursing education, nursing practice,
nursing research, and nursing policy development. I concluded the thesis by discussing the

limitations of our program of research.
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Chapter 1: Advancing emergency nurses’ leadership and practice through informatics: The
unharnessed power of nurses’ data
Abstract
Collection of data in healthcare is vitally important to inform clinical decisions, resource
planning and monitor effectiveness of care. The Canadian Emergency Department Information
System and Canadian Triage Acuity Scale are primary tools for collecting such data. Although
emergency nurses use these tools to collect significant patient and healthcare data on a daily
basis, their understanding of the purposes and implications for collecting these data is unknown.
Emergency nurses’ limited awareness about informatics, and the underrepresentation in
information and communication technology strategic initiatives and research are barriers to their
realizing the full benefits of information and communication technology. The National
Emergency Nurses Association is well positioned to provide the leadership required to move
nurses from being data collectors, to information users by maximizing their potential to advance
Canadian emergency nursing practice through informatics.
Keywords: informatics, datasets, triage, emergency nursing
Key Takeaways
1. Canadian ED nurses use CEDIS and CTAS to generate vast amounts of comparable
electronic patient data nationally.
2. Data generated during triage such as narrative notes have been used internationally for
disease surveillance and research. In Canada the data has not been well explored.
3. Although Canadian ED nurses are significant collectors of data, they are

underrepresented in national informatics working groups.



87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

4. There is a need for national leadership to describe nursing informatics competencies and

increase nurse participation in informatics.
Manuscript
Introduction

Collection of data in healthcare is vitally important to inform clinical decisions, resource
planning and monitor effectiveness of care. The Canadian Emergency Department Information
System (CEDIS) and Canadian Triage Acuity Scale (CTAS) nationally are primary tools for
collecting and storing such data in emergency departments (ED). Although nurses use these
systems on a daily basis, there is a paucity of research describing nurse understanding of these
systems and the implications of data collection for national-level healthcare planning. There is
also a mismatch between how nurses collect these data and use it in the context of care, with
nurses being underrepresented in both research and policy development. This paper will briefly
describe these data systems and identify opportunities for nurses to assume leadership in ED
informatics.
CEDIS and CTAS as Foundational Pillars of Canadian ED Informatics

The CEDIS dataset uses the standardized International Classification of Disease (ICD)
codes, with specific data elements unique to ED practice.>® Standardized clinical terminology or
language for CEDIS and the National Ambulatory Care Reporting System (NACRS) data
standard fulfill data reporting requirements, as mandated by the Canadian Institute for Health
Information (CIHI), and enable 84% of Canada’s emergency departments to collect patient data
in a format that is useable to those who need it.” The breadth of CEDIS data reported to CIHI
varies between hospitals; but the minimum dataset includes: patient-, provider-, and facility-

specific information.
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CEDIS data has been used to perform disease surveillance, track work that is being done
in EDs, identify quality indicators and create decision support tools.® CEDIS data and historical
trends allow administrators to predict workload, compare costs, throughput, and patient
demographics between sites for benchmarking purposes.® Managers use data to monitor patient
acuity levels, department flow, and monitor for pandemics.® Bedside, clinicians generate CEDIS
data through live time mapping of patient acuity level and location, and through point of care
order entry, vital signs tracking, and electronic charting.” Arguably, one of the most tangible and
best-validated benefit of CEDIS is from electronic triage assistance using the Canadian Triage
Acuity Scale (CTAS).

CTAS is one of the most comprehensively studied English-language triage tools in
existence.!? It is used internationally and when large study samples were assessed, CTAS was the
only triage system to have zero deaths in the lowest acuity level of patients studied.!! The CTAS
represents a clinical decision support tool that uses information entered into CEDIS data fields to
aid care providers’ clinical judgment when assessing patients in the ED. This information
includes elements such as coded primary complaint, narrative summary of the triage assessment,
and vital signs to help nurses assign an acuity score. These acuity scores offer guidance on how
long patients can safely wait, how frequently patients are reassessed, to which areas of the
department patients are stratified, and which patients should be seen first. CTAS-aided triage has
been proven superior to clinical gestalt'? with excellent predictive validity for length of stay,
severity of illness and resource utilization,'? and, therefore, 95% of Canadian EDs use CTAS as
their preferred triage system.” Clearly, using these systems requires more than technical

proficiency to be able to appreciate the role of information and communication technology (ICT)
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as a tool for data and information management in complex healthcare environments such as the
ED.
Describing the Collection-Use Gap in Canadian ED Data

Although Canadian ED nurses use the CEDIS and CTAS to collect significant patient
data on a daily basis, their understanding of the purposes and implications of these data is largely
unknown. To date there is a surprising paucity of nurse representation in ED informatics
research, quality improvement, or professional advocacy. For example, nurses perform nearly all
triage and collect 20 to 50% of the required CEDIS data fields, yet only 5% of these fields are
dedicated to capturing the work nurses do.*> The work that nurses do, and which is infrequently
captured in these systems, includes...Despite being a large group of care providers and users of
ED datasets,'*!> nurses have limited representation in initiatives aimed at enhancing ED
information systems, such as the CEDIS National Working Group (NWG).!¢ Initially, this
initiative was intended as a joint project between CAEP and the National Emergency Nurses
Association (NENA).® Nonetheless, ED nurses represent less than 13% of the CEDIS NWG
membership, with a majority of physicians steering this group.'® Additionally, ED nurses have
limited participation in ED informatics research in Canada and are under-represented within
research and steering committees charged with setting direction on the ICT use in EDs, despite
being primary users of these technologies. For example, when the author list of a large review
was assessed, nurses constituted only 15% of CTAS researchers, with only one study out of 32 of
CTAS having had a nurse as the principal investigator.'”

Given their high involvement in collecting CEDIS data and using CTAS, an opportunity
exists to highlight ED nurses’ contributions, and to examine the value and impact of this data on

practice and patient outcomes. NENA is well positioned to provide the leadership required to
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move nurses from being data collectors, to information users by maximizing their potential to
advance emergency nursing practice through informatics.
Informatics Competency as A Catalyst for Change in Emergency Nursing

Informatics tools have the potential to improve consistency of care, patient outcomes,
cost efficiency, and nursing knowledge.!” Nursing Informatics is defined as the “science and
practice (that) integrates nursing, its information and knowledge, with the management of
information and communication technologies to promote the health of people, families, and
communities worldwide” (para. 4).'® Historically and to this day, nurses’ work is all about data
and information. At the point of care, ICT tools such as clinical information systems are essential
for managing and synthesizing healthcare and patient data needed to support clinical decision-
making for all healthcare providers including nurses.

According to the Canadian Nurses Association (CNA) and Canadian Nursing Informatics
Association (CNIA), technology and innovation are continuously transforming healthcare and
nursing practice.!” For nurses to adapt to this new culture of digital health, they must acquire and
maintain competency in informatics so that they are able to optimize practice and keep pace with
advances in technology.!” Informatics competent nurses are better able to advocate for
incorporating data elements unique to nurses’ interventions in existing and emerging clinical
information systems so that nursing knowledge and contributions to improving patient and
system outcomes are more visible.!>1%2°

For example, within Canadian emergency nursing, nurses have a unique opportunity to
show the value of nursing narratives inputted into triage datasets, which is evolving
internationally, but not explored within the Canadian context yet. For example, nurses’ triage

narratives have been studied in a systematic way,?! and used for real-time bio-terrorism
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surveillance,?? and for epidemiological purposes such as identifying injury?® and drug use
patterns.?* These studies have shown that triage narratives can be used in isolation,? or in

combination with ICD codes for epidemiological research;?¢’

with some research suggesting
that the triage narratives may even be superior to coding or ICD codes for identifying clinical
cases.?® Despite the time invested by Canadian triage nurses in recording these data during triage
assessments, to date there has been no push for CIHI to include it as part of mandatory data
reporting. Initiatives to incorporate triage narratives into nationally collected data could create a
whole new source for epidemiological data, a source that starts at the earliest moments in patient
care. Yet, these opportunities are currently being missed out due to limited awareness about
emergency nursing informatics.

In 2012, the Canadian Association of Schools of Nursing (CASN) developed and
approved the Nursing Informatics Entry-to-Practice Competencies for Registered Nurses in
Canada.?® These competencies include the following dimensions: Information and knowledge
management, professional and regulatory accountability in using digital technologies, and the
ability to use various digital health technologies in the delivery of patient care. Although these
competencies have been in existence for over a decade now, a survey by Canada Health Infoway
of nurses providing direct care (n=2058) revealed only 30% of these nurses were familiar with
these competencies, just 7% actually applied the competencies in their practice, and 67% were
not familiar.*® In another recent study involving practicing registered nurses in Alberta
(n=2,844), results revealed the two main areas nurses reported struggling most with were:

information and knowledge management and the use of ICT in the delivery of patient care, core

elements of informatics competency.?! Although no specific research is available yet on ED
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nurses’ perceived competency in informatics, these studies suggest that these patterns are likely
evident in this group.

As a self-regulated profession, the emergency nursing standards of practice provide “the
lens by which the public views and evaluates nursing performance and to which nurses are held
accountable” (p. 4).32 Currently, the Emergency Nursing Scope and Standards of Canadian
Practice and the Emergency Department Core Competencies emphasize advanced practice, the
use of CEDIS and CTAS in triage, and research among others skills. However, these documents
fail to align these requirements with informatics concepts and competency.*?* Given the
extensive use of technology in ED and the intricate role ED nurses play in the collection of
critical patient and healthcare data in this complex environment, it is of utmost importance that
NENA takes a proactive approach to addressing informatics competency needs among this
group.

Steps to Close the Gap

As a beginning step toward this goal, NENA can endorse the CNA and CNIA joint
position statement on nursing informatics (NI).!” Endorsement provides Canadian ED nurses
with a direction to understand how informatics is integral to the nursing role. The position
statement offers important insights on the value of using standardized clinical languages such as
the International Classification for Nursing Practice (ICNP) and InterRAI, providing a roadmap
for ED nurses to think about data elements being collected within the CEDIS and whether these
capture nurses’ work or not. NENA may also consider defining specific strategies based on the
NI position statement to expand ED nurses’ competency in informatics. This planning, however,
would require an understanding of ED nurses’ current state of informatics competency. While

there are many validated tools such as the SANIC, Self-Assessment of Nursing Informatics
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Competencies Scale;* and the Technology Informatics Guiding Education Reform, TIGER-
based Assessment of Nursing Informatics Competencies;*® the Canadian Nurse Informatics
Competency Assessment Scale (C-NICAS) is more relevant to the Canadian context because it is
based on CASN’s entry-to-practice NI competencies for Canadian nurses.?” Administering this
tool for assessing Canadian emergency nurses’ perceived informatics competency and factors
impacting development of informatics competency in these nurses in future research, which
could be sponsored by NENA, would be an important first step to determine current state and
identify strategies to address gaps.

CASN’s leadership in increasing informatics capacity in Canadian nursing education
through defining NI competency requirements for registered nurses and development of
educational resources is remarkable.*® For example, CASN’s digital health resource, publicly
accessible on CASN’s website, provides com-prehensive learning resources to support self-
directed learning in informatics; nonetheless, not many nurses are aware of these resources.>®
While these resources were primarily intended to support nurse educators in integrating entry-to-
practice NI competencies in nursing education, these learning opportunities can be of benefit to
all nurses across practice settings. Increasing awareness about the CNA and CNIA joint position
statement and other relevant informatics resources including the C-NICAS and CASN digital
health resource may encourage nurses to participate in self-assessment to identify competency
gaps, which may subsequently encourage them to obtain formal or informal education in
informatics. NENA, as a national voice for ED nurses, is uniquely positioned to begin engaging
ED nurses in this process of learning and valuing the role of informatics in modern day nursing

practice.
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Conclusion

Canadian ED nurses utilize ICT tools, specifically CEDIS and CTAS, on a daily basis to
input important patient and healthcare data. Yet, to date, Canadian ED nurses’ awareness about
informatics is unexplored. There is also limited nursing representation in ICT strategic initiatives
and research within EDs themselves. These barriers may be preventing nurses from realizing the
full benefits ICT offers to improve patient and system outcomes, and nursing knowledge
development. Describing and advancing ED nurses’ informatics competency should be a key
priority. ED nurses’ contributions, and their ability to examine the value and impact of healthcare
data is essential to ensuring nurses are not merely inputting data in hospital clinical information
systems datasets as a task, but rather they are able to use these data to improve patient outcomes.
NENA is well positioned to lead this change through endorsing the CNA & CNIA joint position
statement on nursing informatics to provide guidance to ED nurses.** Research to understand the
state of informatics preparedness in ED nurses is vital to inform future planning. The C-NICAS,
a validated Canadian-based informatics competency assessment scale, could be applied to

facilitate self-assessment and continuing education in informatics.
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Chapter 2. Emergency nurses’ triage narrative data, their uses and structure: a scoping review
protocol

Abstract

Introduction: The first clinical interaction most patients have in the emergency department
occurs during triage. An unstructured narrative is generated during triage and is the first source
of in-hospital documentation. These narratives capture the patient’s reported reason for the visit
and the initial assessment and offer significantly more nuanced descriptions of the patient’s
complaints than fixed field data. Previous research demonstrated these data are useful for
predicting important clinical outcomes. Previous reviews examined these narratives in
combination or isolation with other free-text sources but used restricted searches and are
becoming outdated. Furthermore, there are no reviews focused solely on nurses’ (the primary
collectors of these data) narratives.

Methods and analysis: Using the Arksey and O’Malley scoping review framework and PRISMA -
ScR reporting guidelines, we will perform structured searches of CINAHL, Ovid MEDLINE,
ProQuest Central, Ovid Embase and Cochrane Library (via Wiley). Additionally, we will
complete forward citation searches of all included studies. No geographical or study design
exclusion criteria will be used. Studies examining disaster triage, published before 1990, and
non-English language literature will be excluded. Data will be managed using online
management tools; extracted data will be independently confirmed by a separate reviewer using
pre-piloted extraction forms. Cohen’s kappa will be used to examine inter-rater agreement on
pilot and final screening. Quantitative data will be expressed using measures of range and central
tendency, counts, proportions, and percentages, as appropriate. Qualitative data will be narrative

summaries of the authors’ primary findings.
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Patient and public involvement: No patients involved.
Ethics and dissemination: No ethics approval is required. Findings will be submitted to peer-
reviewed conferences and journals. Results will be disseminated using individual and

institutional social media platforms.
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Manuscript
Introduction

The first interaction most patients will have with a care provider in the Emergency
Department typically occurs during triage. A nurse will conduct a brief patient assessment,

1.9 The decisions nurses

record demographic information, and assign a visit code and acuity leve
make during this triaging process are used to stream patients into different parts of the
department and ensure they do not deteriorate if medical care is delayed.!? The triage process
originated in battlefield hospitals during the Napoleonic wars,*’ but didn’t see widespread
incorporation into healthcare until the 1960s,*! a formal taxonomic approach until the 1980s,* or
national implementation until 1994, when Australia became the first country to do so.* Most
countries now use both formalized triage processes and validated triage tools;!? with many
systems basing their model on the Australian system.!%4

Because triage is typically the first clinical encounter for most patients, the triage record
is the first source of in-hospital documentation. In some jurisdictions (such as Canada) national

standards guide both the triage process and ED data collection,>**

and the vast majority (85%)
of EDs collect and report minimum data sets to a national repository.>>® These minimum data
sets help administrators assess workload trends, compare costs, measure throughput, monitor
patient acuity, and perform pandemic surveillance.> Minimum data sets require documentation of
a set amount of structured data, but also allow for the optional reporting of significantly more
data, such as triage narratives. Despite their routine collection in some jurisdictions, these

narratives are not part of the ‘minimum’ data set,'*** and until recently have not been used in a

consistent manner.
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Unstructured triage narratives differ from structured data in that they aren't restricted to
one of several fixed options. These narratives capture subjective data such as the patient's own
reported reason for visiting the emergency department and the nurse’s assessment; and, as such,
offer significantly more nuance than an itemized ‘presenting complaint’, or procedural or
diagnostic codes. While unstructured data have historically been difficult to utilize, recent
advances in artificial intelligence (AI) have been applied to rapidly assess large volumes of triage
narratives with strategies including natural language processing,*’ computerized keyword
searches, *® and computer aided expert analysis.*’ The results of previous studies suggest that
narrative data can be useful for predicting important clinical outcomes such as: the need for

6 or influenza.* In addition to being

admission to hospital, % or receiving a diagnosis of sepsis,>
predictive of clinical course, narrative data have been used for epidemiological purposes such as
tracking characteristics and rates of injury,>® and substance misuse patterns.>!-> Furthermore,
when triage narratives have been added to more traditional approaches for estimating disease
prevalence (i.e. International Classification of Disease - ICD codes) they have been able to

identify significantly more cases,’!+>?

with one study showing that triage narratives can more than
more than quadruple (90% versus 21%) the number of cases (road collisions involving drugs or
alcohol) identified when compared to ICD codes alone.’! The ability to identify cases is of
particular importance for rare or complex presentations that are not easily captured using existing
diagnostic codes.*® These triage narratives have been clinically operationalized by the
Emergency Nurses Association, who have incorporated Al into triage decision support.>® The

clinical implementation of Al into triage suggests that the research field is poised to expand

significantly, and as such a mapping of the current literature base is needed.
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To date, at least three systematic reviews have included triage narratives in their
examinations of unstructured clinical data. Two systematic reviews (an initial review? and
subsequent update>* authored by the same group) identified 56 papers examining (Al)
approaches to analysing injury surveillance narratives. The reviews included studies that
assessed narrative data from any source and any administrative health database, provided that it
was assessed using (Al) algorithms. The reviews included a number of studies that used triage
narratives, and found that narrative data offered not only an alternative method for performing
surveillance, but also offered rich contextual information not otherwise available.’* A third
systematic review, which examined ED syndromic surveillance of influenza identified 38 studies
that tracked illness, several of which used both nursing triage narratives and nurse assigned
complaint codes.>

More recently there have been scoping reviews of (Al) that have examined their utility in
aiding in medical diagnoses>® and for clinical decision support>’ Both reviews examined triage
and unstructured narratives data, but they included these with disparate types of data.
Additionally, neither study referenced the previously mentioned systematic reviews, and both
missed a significant number of studies identified in the systematic reviews that examined Al
Some of these omissions may have been intentional given that one review excluded studies that
were linked to specific presentations (such as influence, chest pain or trauma)®’ or because the
other review included only those that explicitly mentioned the use of synonyms for “artificial
intelligence” in their title, were not directly relevant to medicine (e.g., public health) or “did not
report outcomes or evaluations” (e.g., non-intervention epidemiological studies).*®

These reviews are foundational, and our work will attempt to add to them. The systematic

reviews suggest that there is limited utility in examining narrative data in general, concluding
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that a “lack of guidelines for recording information... and subsequent inconsistencies in the

documentation”??

complicate the use of the data. These conclusions may be either a reflection of
the limitations present in Al at the time, or the result of generalizing about the ability of narrative
data to reflect more narrowly defined and specific presentations (e.g., injuries or communicable
diseases). The authors of the systematic review limited their searches by excluding grey

23.54 and examining only studies indexed on PubMed.>® The scoping reviews, while

literature,
more current, have limited their search breadth by using restrictive search strategies that exclude
studies linked to specific presentations. Our work will add to other scoping reviews that have
examined triage narratives as part of their data; but will offer an updated overview of the early
systematic reviews, and will focus on examining the clinical, epidemiological, and prognostic
value of the narrative data generated by the clinicians who are pushing to incorporate Al into the
very earliest stages of clinical documentation: emergency nurses.
Objective

Using the Arksey and O’Malley®®* scoping review framework and PRISMA-ScR
reporting guidelines,® the goal of our review will be to identify, map, and describe the peer
reviewed literature examining nursing triage narratives in order to identify if there is sufficient
literature to conduct future systematic reviews on: the use of triage narratives for estimating
prevalence for other conditions and populations, the use of artificial intelligence at triage, and to
determine whether there is sufficient literature to meta-analyse comparisons of prevalence
estimates using narratives and other coding sources. To further these goals, we will focus on the
following objectives:

1. To describe the populations and locations where the data originated,

2. To determine the types of literature that have been generated on the topic,
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3. To describe the authors reported purpose and conclusion in the literature.
Methods and Analysis
Search Strategy
The review will be conducted between February and May 2022. We will identify relevant
literature through structured searching of online databases and forward citation searches of
included studies. With the assistance of a medical librarian our review will use controlled
vocabulary (Appendix 1) to perform a broad search of the following databases: PubMed,
CINAHL, MEDLINE, and ProQuest. To ensure comprehensive coverage, citation searches will
be performed for included studies and Ovid Embase and the Cochrane Library will also be
included. Because of the long history of triage and the potentially disparate systems that existed
prior to national standardization, the search will be limited to studies published after 1990, four
years prior to the implementation of the first nationally recognized triage system.*’
Inclusion and exclusion criteria
In order to be included in this review, identified literature will need to meet all of the
following inclusion criteria:
Setting: The literature must address triage that occurs in an emergency department. Although
many services will perform triage to determine who needs care first, the focus of our review
is on the narratives generated by triage nurses working in emergency departments.
Emergency care can occur in hospital-based emergency departments, freestanding emergency
departments, and urgent care centers; which can be referred to in a number of ways:
Emergency Room (ER), Urgent Care Center, Accident and Emergency (A&E), Emergency

ward, and casualty station.®!
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Narrative data: Included literature must assess triage narratives. These are data that are not
collected in a categorical manner; they are in a narrative free form. These can be viewed as
analogous to a “chart note”.®? There are multiple phrases used for this, the most commonly

2% <¢ 99 <¢

used terms are: “summary”, “narrative”, “free-text or text”, “presenting complaint”,
“syndrome or symptom”, or “unstructured description(s)”.>

Primary Population: Because the primary population of interest is nurses, only narratives
generated by nurses will be included. To maintain maximum sensitivity, we define a nurse as
someone “authorized by the appropriate regulatory authority to practice nursing”,
regardless of their registered title ex: Registered Nurses, Nurse Practitioners, Midwife,
Psychiatric Nurses, or Practical Registered Nurses.

Study Type: Any peer-reviewed primary literature identified in the search will be included,
regardless of design. Reviews, commentaries, conference proceedings, and results available
in abstracts form only will not be included.

Language and Full Text availability: Only English language literature will be included.
Literature will be excluded for any of the following reasons:

Disaster specific triage tools: There are a number of different triage tools used during
disasters. Triage in these settings is predicated on speed,** and does not typically include
either a detailed assessment of the patients nor an unstructured narrative of the assessment.
As such they will be excluded from this review.

Providers other than nurses: There are other healthcare providers who may perform triage,
for example paramedics. While there may be some concordance between different

65,66 1

providers™*® in order to examine a homogenous practice group, only nurse generated

narratives will be included in this review.
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415 Reference & Data Management

416 Literature identified through the structured searches will be loaded into Covidence

417  (Veritas Health Innovation) where duplicates will be removed, and screening will occur. Title,
418  abstract, and full-text screening will be performed independently by two reviewers using

419  Covidence and will be guided by pre-piloted screening forms (Appendix 2). Any disagreements
420  on inclusion will be settled by consensus, or if needed by a tie-breaker from a third researcher.
421  Citations will be managed using Zotero (Corporation for Digital Scholarship). Continuous and
422  categorical data will be extracted into a pre-built online spreadsheet and word processing

423  programs by the lead researcher and independently confirmed by another using pre-piloted

424  extraction guides (Appendix 3).

425  Data Extraction

426 Data extraction will be guided by the central objectives of the study.’® First, to describe
427  the populations involved in the studies, we will extract data related to: the location of where the
428  studies are being conducted, the number and types of hospitals and departments being assessed,
429  the numbers and types of patients being assessed, and the numbers of nurses involved in the
430  sample and on the research team. Second, to determine the types of literature that has been

431  generated on the topic of interest and the methods used by each of the studies, we will extract
432  data related to the target populations, research designs, and data extraction and hypothesis testing
433  techniques. Finally, we will describe the authors reported purpose for conducting the study or
434  generating the literature, summary of findings or conclusion, and whether any reporting

435  guidelines were followed. The purpose of the literature may be the objectives of the study or
436  rational for position statement or guiding document, the summary of findings will be a summary

437  of the authors’ reported conclusion or recommendations. Because Al specific reporting
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guidelines have only recently been published®’ any reporting guidelines used by the authors will
be extracted. The data extraction will be guided by a pre-piloted guiding document (Appendix 3)
and will occur in two ways: categorical or continuous data will be extracted into an online
spreadsheet and narrative data will be extracted into a word processing document (Appendix 3).
Prior to data extraction a sample of 10 studies will be extracted and compared to assess for
agreement between reviewers and to determine if the extraction tool needs revision.
Data Synthesis

Data synthesis will aim to map data in a manner that facilitates comparisons and the
identification of gaps in the literature.>® Extracted data will be presented in tabular format to
facilitate the summation and comparison of the nature and scope of existing literature to identify
promising topics for future systematic reviews aimed to synthesize findings. Quantitative
synthesis of continuous variables such as sample sizes will use counts and measures of range and
central tendency (mean or median). Categorical data such as year and location of study, the
sources of data, approach to data extraction, and methods of hypothesis testing will be expressed
as counts and percentages, as the authors’ reported purpose for conducting the study and as a
summary of their findings will be expressed narratively. Although quality appraisal can be
performed,® it is not typical to include a critical appraisal within a scoping review as the primary
aims are to map the nature and features of the literature, not to provide an unbiased assessment of
the findings of the body of literature.’®*° While we chose to present authors’ recommendations
from the primary studies in this review, we do so to give a broad sense of what research in the
area has generated to date, and to identify areas for future systematic reviews, which will
synthesize study findings and also appraise the quality of the studies included in the review.’® We

will, however, report on the proportion of studies that follow formal reporting guidelines. Inter-
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rater agreement on pilot screening criteria and extraction tools, and final screening and extraction
results will be assessed and using Cohens Kappa. PRISMA ScR criteria will be used for
reporting findings.%
Patient and Public Involvement

No patients involved
Ethics and Dissemination
Ethics
This study will be examining previously published academic literature and publicly available
grey literature, as such there is no requirement for ethical approval.
Dissemination
Findings from this scoping review will be presented in several ways: (1) Findings will be
submitted for presentation at local, and national academic and emergency nursing conferences.
(2) We will request the opportunity to present the findings from this review to the Canadian
Triage Acuity Scale and Canadian Emergency Department Information System National
Working Groups. (3) A final manuscript will be submitted to an open access peer-reviewed

journal for publication.
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Appendix 1. Database Search Strategies

Table 1. Ovid MEDLINE search strategy

1 exp Medical Records Department, Hospital/ or exp Dental Records/ or exp Records/ or
records or entries.mp

2 (note™ or text*).ti,ab

3 exp "Information Storage and Retrieval"/ or exp informatics / or exp Artificial
Intelligence/ or natural language.mp. or exp Language/ or exp Pattern Recognition,
Automated/ or exp Neural Networks, Computer

4 (text mining or data mining or machine learning or natural language processing or
semantic* or narrative text* or text descrip* or text field*).mp.

5 lor2or3or4

6 emergency treatment/ or emergency medicine/ or exp emergency health service/ or
evidence based emergency medicine/ or emergency nursing/ or exp emergency care/ or
emergency ward/ or (emergicent™ or ((emergenc* or ED) adjl (room* or accident or
ward or wards or unit or units or department® or physician* or doctor* or nurs* or
treatment®or visit*))).mp. or (triage or critical care or (trauma adjl (cent* or care))).mp.

7 exp Nursing/ or exp Nursing Staft/ or nurs*.mp.

8 6 or7

9 Triag*.mp

10 | (Austral* Triage Scale or Canadian Triage Acuity Scale or Canadian triage acuity scale
or Emergency Severity Index or Manchester Triage Scale or South African Triage Scale
or CTAS or ESI or MTS or SATS).ti,ab.

11 [ 9orl0

12 | Sand 8and 11

13 | limit 12 to (yr="1990-Current" and English)

24



481

Table 2.

EMBASE Search strategy

1 exp Medical Records Department, Hospital/ or exp Dental Records/ or exp Records/ or
records or entries.mp

2 (note* or text*).ti,ab

3 exp "Information Storage and Retrieval"/ or exp informatics / or exp Artificial
Intelligence/ or natural language.mp. or exp Language/ or exp Pattern Recognition,
Automated/ or exp Neural Networks, Computer/

4 (text mining or data mining or machine learning or natural language processing or
semantics or narrative text* or text descrip* or text field*).mp.

5 lor2or3or4

6 emergency treatment/ or emergency medicine/ or exp emergency health service/ or
evidence based emergency medicine/ or emergency nursing/ or exp emergency care/ or
emergency ward/ or (emergicent™ or ((emergenc* or ED) adjl (room™ or accident or
ward or wards or unit or units or department® or physician* or doctor* or nurs* or
treatment™®or visit*))).mp. or (triage or critical care or (trauma adjl (cent® or
care))).mp.

7 exp Nursing/ or exp Nursing Staft/ or nurs*.mp

8 6 or7

9 Triag*.mp

10 (Austral* Triage Scale or Canadian Triage Acuity Scale or Canadian triage acuity scale
or Emergency Severity Index or Manchester Triage Scale or South African Triage
Scale or CTAS or ESI or MTS or SATS).ti,ab.

11 9or10

12 Sand 8 and 11

13 limit 12 to (yr="1990-Current" and English)
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Table 3. CINAHL search strategy

1

(MM "Charting+") OR (MM "Coding+") OR (MM "Nursing Orders") OR (MM "Shift
Reports") OR (MM "Medical Records") OR (MM "Information Management") OR (MM
"Data Analytics")

(MH "Decision Making, Computer Assisted+") OR (MH "Data Mining") OR (MH "Data
Collection, Computer Assisted") OR (MH "Data Analysis, Computer Assisted+") OR
(MH "Artificial Intelligence+") OR (MH "Minimum Data Set+") OR (MH "Health
Informatics+")

(MH "Emergency Service+") or (MH "Emergency Medicine") or (MH "Physicians,
Emergency") OR (MH "Emergency Nurse Practitioners") or (MH "Emergency
Nursing+") or (MH "Emergency Patients") or "casualty department™*" or ((emergenc* or
"ED") N1 (room* or accident or ward or wards or unit or units or department™® or
physician* or doctor* or nurs* or treatment® or visit*)))

“Austral* Triage Scale” or “Canadian Triage Acuity Scale” or “Emergency Severity
Index” or “Manchester Triage Scale” or “South African Triage Scale” or CTAS or ESI or
MTS or SATS or (MM "Triag*")

1 or 2 and 3 and 4 (restrict to peer review, with abstract, published 1990-2021)
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Table 4. ProQuest Search strategy

1

noft(records, hospital) OR noft(records, nursing) OR noft(records, medical) OR
noft(medical records, computerized) OR noft(information storage and retrieval systems)
OR noft(Informatics) OR noft(Artificial Intelligence) OR noft(natural language) OR
noft(machine learning)

noft(Emergency Treatment) OR noft(Emergency Medicine) OR noft(emergency medical
services) OR noft(emergency service) OR noft(Hospital) OR noft(trauma centers) OR
noft(Evidence-Based Emergency Medicine) OR noft(Emergency Nursing) OR
noft(casualty department) OR noft(nurse) OR noft(nurs*)

noft(Austral* Triage Scale) or noft(Canadian Triage Acuity Scale) or noft(Emergency
Severity Index) or noft(Manchester Triage Scale) or noft(South African Triage Scale) or
noft(CTAS) or noft(ESI) or noft(MTS) or noft(SATS) or noft(Triag*)
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Table 5. Cochrane Search strategy

1 | [mh “Medical Records Department, Hospital’] or [mh “dental records™] or [mh “Dental
Records”] or [mh ”Records”]

2 | (note* or text *):ti,abkw

3 | [mh “Information Storage and Retrieval"] or [mh “informatics"] or [mh “Artificial
Intelligence"] or [mh “natural language"] or [mh “Language"] or [mh “Pattern
Recognition, Automated"] or [mh “Neural Networks, Computer"] or [mh “text mining"]
or [mh “data mining"] or [mh “machine learning"] or [mh “natural language processing"]
or [mh “semantics"] or [mh “narrative text*"] or [mh “text descrip*"] or [mh “text field”]

4 |lor2or3

5 | [mh “Emergency Treatment"] or [mh “Emergency Medicine"] or [mh “emergency
medical services”] or [mh "emergency service, hospital"] or [mh “trauma center"] or [mh
“Evidence-Based Emergency Medicine"] or [mh “Emergency Nursing"] or [mh
“Emergencies"] or [mh “emergent*"] or [mh “casualty department*"]

6 | (emergenc* NEAR/1 (room* or accident or ward or wards or unit or units or department*
or physician* or doctor® or nurs* or treatment® or visit*)):ti,ab,kw

7 | [mh “Nursing”’] or [mh “Nurs*”]

8 |6or7

9 | [mh "Triage”]

10 | ("Austral* Triage Scale” or “Canadian Triage Acuity Scale” or “Emergency Severity
Index” or “Manchester Triage Scale” or “South African Triage Scale” or “CTAS” or
“ESI” or “MTS” or “SATS”):ti,ab,kw

11 ]9o0r10

12 | 4and 8 and 11

13 | limit 12 to (yr="1990-Current" and English)
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Figure 1. Screening Form: Nurses’ Narrative Triage Data: A Scoping Review Protocol

485  First Author (year): Date of screening: Assessor’s Initials:
486  Article Title:
487 DECISION: [ JInclude [ ]Exclude [ JReference Review [ JAdditional Review
488  Complete this form sequentially. Instructions are written in red:
1. Study type | Does the article discuss emergency department data?
If the answer is ‘yes’, proceed to question 2
If the answer is ‘no’ mark ‘exclude’ on the top of the form.
2. Aim Does the article discuss unstructured narrative data in any way?
If the answer is ‘yes’, proceed to question 3
If the answer is ‘no” mark ‘exclude’ on the top of the form.
3. Population A. Does the article discuss nurses, nursing, triage documentation, or presenting
complaints?
If the answer is ‘yes’, proceed to question 4
If the answer is ‘no’, proceed to question 3B:
B. Does the article discuss unstructured emergency narratives generated by
providers other than nurses?
If the answer is ‘yes’ mark as ‘reference review’ on the top of the form.
If the answer is ‘no” mark ‘exclude’ on the top of the form.
4. Study Type A. Is the article a primary report from published?[1]
If the answer is ‘yes’, proceed to question 5
If the answer is ‘no’, proceed to question 4B:
B. Did the article report on a review (scoping, systematic, narrative)?
If the answer is a ‘yes’ mark as ‘reference review’ on the top of the form.
If the answer is ‘no’, mark as ‘exclude’ on the top of the form.
5. Language | Is the text available in English?
and Full
Tex.t . If the answer is ‘yes’, mark ‘Include’
availability P oA -
If the answer is ‘no’, mark as ‘additional review’ on the top of the form.
489
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Research Question: To map the literature examining nurses collected triage narratives: where
data has been generated, what types of literature examine the issue; and to describe author
reported purposes and conclusions.

Review Method: Scoping Review
Definitions:

1. Emergency Department: There is a surprising lack of consistency in terminology.
Emergency care can occur in hospital-based emergency departments and freestanding
emergency departments and urgent care centers. They can be referred to in many ways,
these include: Emergency Room (ER), Urgent Care Center, Accident and Emergency
(A&E), Emergency ward, casualty station.[1]°!

2. Unstructured narrative data: These are data that are not collected in a
categorical manner; rather in a narrative free form. These can be viewed as
analogous to a “chart note”. There are multiple phrases used for this, most
commonly: Summary or narrative Free-text or text, Presenting complaint,
Chief Complaints, Syndrome/symptom, description(s).[2]*}

3. Primary Population: The primary population of interest are nurses. Nurses for the
purpose of screening include all skill levels (or bands) of nursing, these include:
Registered Nurses (NP), Registered Psychiatric Nurses (RPN), Licenced Practical Nurses
(LPN).

4. Language and Full Text availability: Only full text English-language literature will be
included; conference proceeding and abstracts will be excluded.
References

[1] Khangura JK, Flodgren G, Perera R, Rowe BH, Shepperd S. Primary care professionals
providing non-urgent care in hospital emergency departments. Cochrane Database of Systematic
Reviews. 2012(11).5!

[2] McKenzie K, Scott DA, Campbell MA, McClure RJ. The use of narrative text for injury
surveillance research: a systematic review. Accident Analysis & Prevention. 2010 Mar
1;42(2):354-63.%
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Figure 2. Data extraction form and instructions

Data will be extracted from studies into one table to facilitate comparisons. Multiple reports of a
single study will be marked and grouped together in the data extraction tables to prevent double-
counting the results originating from a single sample or intervention. Please complete all fields.
If there are no data for a given field, please mark “Not Applicable” or “Not reported”.

Table Items:

1.

Study ID: This will include the Author and Year, Digital Object Identifier, or Covidence
assigned ID number.

Extractor - First and Last initial of the author extracting the data.

Sample Data
Data Source

a.

C.

Country/State/City: Where the study data originated from. Extract as much
information as possible in this field starting from least to most specific, separating
levels with commas. If there are multiple responses at the same level separate them
with a forward slash. Ex: Canada, Alberta, Edmonton/Calgary.

Triage System: Extract the name of the system, include specifics on versions or
electronic if offered. (Ex: CTAS 2018, eCTAS)

Source of Data:

i. Endorsing Organizations: Extract the full names of any endorsing
organization. (Ex: CTAS guidelines - National Emergency Nurses
Association, Canadian Paediatrics Society, Canadian Association of
emergency Physicians).

i1. Source of Primary Data: Refers to where the primary data were accessed
from. For example, a provincial or national registry, or from hospital
electronic records, these can include Regionalized Emergency Data Sets
(Canadian Institute for Health Information, National Hospital Ambulatory
Medical Care Survey, National Trauma Data Bank, etc.).

Population

d. Number of Emergency departments: Extract the number of hospitals or urgent care

centres reported. If the hospital reports more than one department at one site record
each as a unique department (Ex: University of Alberta Hospital Emergency, Stollery
Hospital Emergency)

Number of records: Extract the number of patient records or visits that underwent
final analysis. (Repeat visits by the same patient are counted individually)

Number of patients: If the study records the number of providers collecting data
record the number included in the final analysis.

4. Study Data
Design
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a. Qualitative or Quantitative: Select one, for mixed or multiple methods record
“both”. For position statements or guidance documents record “not applicable”
b. Design type: Record the authors reported design.

C.

Population of interest: Summarize the authors’ population of interest.
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Data extraction methods

d. Automated: If the authors used any form of automated technology (ex: machine
learning, artificial intelligence) to extract data record the type used. (Ex: bag of
words, keyword, index searching)

e. Not automated: If data were manually extracted summarize the approach used (ex.
Expert review and analysis of narrative).

Hypothesis testing

f. Internal uses: Describe what the authors used the data for (ex: making predictions
about admission).

g. External comparisons: If the authors compare narrative data to other data sources
(ex: ICD codes) summarize the data external data types.

h. Statistical testing methods: Describe the statistical testing techniques.

5. Data collected
Description of data collected
Extract any description of the narrative triage data collected (Ex: number of words in a
narrative, number of errors in a narrative, completeness of records, etc.).

What were the authors’ objectives?

Extract what the authors report as the primary intention of their study. For primary
research this could be the hypothesis being tested or phenomena being described. For
guidance documents this could be a position, recommendation, or practice standard.

What were the authors findings or conclusions?

Extract any recommendations made by the authors. This could include that further
research is needed, or suggestions for future use of narrative data examples could include
quality assurance, research, etc.

6. Presence of quality appraisal: Extract any reported formal reporting or quality frameworks,
or any other quality assessments measures.
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Study
ID

2.
Extractor

3. Sample Data

4. Study Data

5. Findings

Data Source

a) Country/State:

b) Triage
System:

¢) Source of
Data:_

Population

d) Number of
emergency
departments:

e¢) Number of
records:

f) Number of
patients:

g) Number of
providers:

Design

a) Qualitative or
quantitative
design?

b) Design type:
¢) The

population of
interest:

Data extraction
methods:

d) Automated
(specify
method):

e) Not
automated:

Hypothesis testing

f) Internal uses:

g) External
comparators:

h) Statistical
testing
methods (if
used):

Description of data collected:

What were the data used for?

What were the authors’
objectives?

What were the primary

findings?

Were reporting guidelines used?
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Figure 3. PRISMA diagram for the proposed search
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Abstract or conference proceeding only
(n=x)
Not primary literature (n = x)

Records Added during citation screening

v

Records analyzed:

[

(n=x)
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Chapter 3. Emergency nurses’ triage narrative data, their uses, and structure: a scoping review.
Abstract

Background: Globally, Emergency Departments (EDs) use triage to ensure that the most acute
patients are seen quickly and safely. This process is typically nurse-led and results in
documentation that can be collected in large databases. Free text narratives generated as a part of
this record have been previously studied for specific conditions but never reviewed in a

comprehensive manner.

Objective: This paper describes the results of a comprehensive search of unstructured triage
narratives using a scoping review methodology. It maps the literature and describes what the data
have been used for, what information is available on the form and structure of narratives, and

highlights where there are similarities and opportunities for future research.

Results: We screened 18,074 studies published between 1990 and 2022 in CINAHL, MEDLINE,
Embase, Cochrane, and ProQuest Central. We identified 96 studies that directly examined the
use of triage nurse narratives. There were over 12 million ED visits, drawn from over 63 million
health records, generated by 2438 EDs included in the review. More than 80% (n=79) of these
studies were performed in the United States (n=43), Australia (n=31), or Canada (n=5). Thirty-
nine studies (41%), most of which were published after 2017, used machine learning to
incorporate triage narratives into research. Triage narratives were grouped as being used in three
ways: for case identification, as input variables for predictive modeling, and for quality
improvement. Of the 96 included studies, thirty (31%) described triage narratives in some
fashion: twenty-seven (28%) used keywords and seven (7%) offered more comprehensive
discussion. There was inconsistent data reporting across studies and only eight (8%) declared

using a reporting guideline.
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Conclusions: The breadth of studies identified suggest there is widespread routine collection of
triage data, and that a significant number of studies examine triage narratives. These data have
been used successfully to identify and describe cases rare disease and to perform disease
surveillance for more common presentations. They have also been used to inform quality
improvement and most recently as inputs for predictive modelling. Analyses of triage data have
changed over tie and in 2017 machine learning became the prevalent method for examining
triage narratives. Despite the common use of triage narratives as source data in studies these
narratives, and the nurses who generate them, are poorly described in the literature and data
reporting is inconsistent. Additional research is needed to describe the structure of triage
narratives; to determine whether the use of triage narratives in improves the sensitivity of studies
looking to describe disease prevalence, and to either develop triage specific data reporting
guidelines, or improve the use of existing guidelines. While machine learning methods have been
gaining popularity and have recently been incorporated into triage decision support tools, further
research is required to determine how these models operate and whether they can be used

prospectively to support clinical care.

KEYWORDS nursing; artificial intelligence; machine learning; triage; review, narrative
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Manuscript: Emergency nurses’ triage narrative data, their uses, and structure: a scoping review.
Introduction

In many countries the Emergency Department (ED) is the most common entrance point
for people seeking hospital care. There are an estimated 40.4 ED visits per 100 people;®® or 142
million visits to Canadian and American EDs per year.”*® The large volume of visits requires
EDs to sort and prioritize patients. This sorting is accomplished through triage, which is typically
the first step in ED care. During triage patients are sorted according to treatment priority and care
needs and the process ensures that patients with the most acute needs are seen first. Modern is
performed by a health care professional (typically a nurse) using a formally validate tool.'°
Records of the triage interaction, which contains both patient- and visit-related data, entered into
extensive health record databases which may be collected nationally. Advancements in electronic
health record archiving have expanded the amount of and diversity of data being collected
including: ED process timestamps, patient vital signs, screening assessments and triage provider
free text descriptions.’®’° These electronic health record databases are used to track ED volumes
and to guide local and national policy decisions.’” Furthermore, advancements in data storage,
machine learning and computer interpretation allow the data to be examined for a range of
purposes using a variety of methods.>”’! Despite the ubiquity of triage and triage-related data
collection, the potential impact of triage data research using triage narrative data remains largely

unrealized."”?

Background

Triage is the process of sorting patients, originated during the Napoleonic wars,*’ and
was introduced into civilian practice in the 1960s.*! Triage was formalized in the 1980s,*? and
was first implemented as a national system in 1994.”3 Most countries now use a modern formal
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triage system!'? and these systems have been associated with improved patient safety and service
efficiency.”® The process of ED triaging is a nurse function in most healthcare systems and is
typically performed by specially trained and experienced nursing staff.”> The triage assessment
typically consists of a brief history and physical assessment of the patient, followed by the

1‘75

assignment of a visit category and priority level.”> The patient triage record created in this

exchange can include significant amounts of structured and unstructured data.

Data collection in the emergency department

There are several countries with standardized mandatory collection of ED data. Canadian
36 and Australian*® EDs report a triage minimum data set and these both include structured
complaint code fields. In addition to these nationally coordinated triage data collection efforts
there are also regional databases that collect additional information at triage for local monitoring
of injuries or for syndromic surveillance,’® and these systems have been used to guide responses
to local issues such as toxic drug supplies, sporting events, and influenza outbreaks. The range of
triage data collected in these systems vary but the data types can be grouped into structured and

unstructured data with each type having its own strengths and weaknesses.

Structured data are collected in a pre-formatted fashion, which force the triage nurse to
select from one of several options, and restricts the types of data that can be entered into any
given data field. Examples of structured data collected at triage would include: arrival times,
vital signs, demographic information (age and sex), insurance status, categorical chief
complaints, and numerical triage acuity score. These data have been used to track visit volumes,
estimate disease prevalence (e.g., The number of patients arriving with influenza like symptoms),
and to guide operational decisions such as staffing (such as patient to provider ratios and shift

start times). Structured data are by far the most commonly used data that is generated during
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triage,””’%; these data can be used to make predictions about wait times, outcomes, and resource
utilization.®” Structured data are more readily available (due to their routine collection) and
simple to work with than unstructured data, but their use is not without limitations. Structured
data have been criticized for not being granular enough, both from the perspective of
communicating how many nurses collected the data and from the lack of richer contextual detail

that can only be gleaned from unstructured narratives.>’

Unstructured data differs from structured data in its composition; they are typically a free
text written note, often called a “narrative”,”” that reflects the triage nurse’s assessment and/or
the patient’s reported reason for visiting the ED. Unstructured narratives collected at triage can
offer additional contextual details about: the patient’s chief complaint in their own words,
descriptions of events associated with the ED presentation, or the nurse’s physical exam
findings.”® These narratives may vary in length and structure based on the electronic record
system and triage tool used, but would share the common trait of being some of the earliest
documented patient information used to inform subsequent ED patient care. Unstructured

narratives can be valuable sources of for case identification.

Two systematic reviews focused on injuries,?*-** have examined whether unstructured
clinical narratives (including from triage) could be used for large scale injury surveillance. These
reviews, initially performed in 2010,?® then updated five years later,>* sought to identify and
summarize the extent to which narrative data were used gather injury information, the methods
for extracting these data, and to highlight how best to interrogate these data fields. These studies
identified 2831 studies over more than 18 years using structured searches and citation searching
from 5 included studies. Of the 56 studies included, 13 used ED triage data. This study showed

that the use of narrative data has increased with time, and that analyzing the data required
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automatic or manual extraction of data using keywords or machine learning techniques. The
authors compared narrative text derived case identification to gold standard case definitions and
expert evaluation and suggested that narratives helped provide important contextual information
and identified additional cases. They were critical of the heterogeneity of the narratives assessed
in the collected studies, and called for improved data collection methods. Their call for improved
consistency in narrative data collection are justifiable, however the heterogeneity they noted may
be partially explained by the wide range of administrative dataset types interrogated, and a more

homogenous set may have been possible if triage narratives alone were examined.

Two additional review studies, both published in 2013,%>7® focused their analyses on
studies using triage narratives for syndromic surveillance systems, programs that monitor for
disease outbreaks. The first, a systematic review, that was very narrow in its search, by Hiller at
al., screened 89 studies identified through a structured search of PubMed for syndromic
classifiers that were used to detect influenza in ED triage data sets. Syndromic classifiers, which
are computer programs that use chief complaint narratives to group patient visits into one of
several categories, are used to monitor for changes (outbreaks) in disease related presentations.
The authors identified 38 studies that met their inclusion criteria of: 1) examining clinical data,
that was i1) generated in the ED data, which iii) examined influenza as one of the illnesses being
reported on. When they examined the methods used in each study the most common method was
to use chief complaints fields with 32 studies using it as a primary means for identifying cases.
Hiller et al., remark that data collected in its native format (such as ED triage narratives) allowed
for large-scale data collection which, in turn, facilitated comprehensive data collection that was
well suited for research and program evaluation. The review, unfortunately, restricted their

search to only one database: PubMed, only and likely does not offer a comprehensive view of the

41



735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

literature. Hillier et al., did however highlight that even for a fairly specific presentation pattern
there was a significant body of literature to draw from. Unfortunately, they did not offer details

on the structure of, or methods for extracting, chief complaint classification data.>

The second 2013 review, about syndromic surveillance, by Conway et al., offers
significantly more detail on the structure of these syndromic surveillance systems and their data,
but their search was not systematic. In this review Conway et al., examined 17 studies drawn
from an undisclosed number of initial studies and identified 15 chief complaint classifier systems
of interest. These systems were built to monitor for variations in disease prevalence using data
that is “nearly ubiquitous...routinely generated...and available electronically”.(pg2)’® The
authors describe (geographically) where each system was in use, the process used by each to
classify all visits into groups of syndromes, and the relative strengths and weaknesses of each
system. The review noted that all but one system (from Canada) was American, that classifiers
used differing degrees of computer text parsing to assign patients into groups that ranged from 4-
9 syndromes, and grouped the methods of each into either keyword, statistical, or linguistic
methods. They highlight how statistical methods (machine learning) are reliant on large volumes
of data, but are robust to the “noisy” inputs found in narrative text. Keyword and linguistic
methods, by comparison, were described as disadvantaged because regional or temporal
variations in triage vocabulary would demand time intensive adjustments to the keyword-based
search strategies. These drawbacks are balanced however, by the transparency the method offers,
something that is not obvious or easy to articulate when describing machine learning studies. The
authors make a compelling argument that triage narratives are of great utility for disease
surveillance; they note that syndrome classifiers needed to pre-process data to remove variations.

Overall, the authors were far less critical of variations in initial data quality, than other study
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authors. Whether this is the result of a more homogenous input is not known, and the authors do
highlight that there is a need for common syndromic definitions, and that definitions, along with

data sharing and aggregation, are needed to improve the utility of these data.

Despite the use of triage data for different purposes, there is a common recommendation
from review studies over the last 12 years to improve the consistency and quality of ED triage
narratives. There have been some efforts put forth to create common data definitions for these
narratives,’”” and to create national ED nursing data sets®’, yet much of the data, including triage
narratives, are not as widely collected as structured data;' and there is a paucity of literature
examining what if any structures are common to triage narratives. This scoping review addresses
these concerns and examines the published peer-reviewed literature to identify what ED triage
narratives data have been used for, to identify studies that may be sufficiently similar to
compare, and to identify where additional research may be needed. In addition, this scoping
review systematically examined the research to determine what, if any, structures underlie these

narrative data and describe what the data have been used for.

Objectives

The objectives of this review are to:
1) Describe the literature that has been generated using ED nurses’ triage narratives,
i1) Describe the objectives and findings of these studies

ii1) Determine if there is sufficient data to systematically review the structure or

descriptions of triage narratives

iv) Determine if there is enough consistency in the data to perform further review of the
included studies for any other outcomes.
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Methods

This review uses the scoping framework proposed by Arksey and O’Malley.’®* The
search, screening, data extraction, and data analyses were published a priori,? and the PRISMA-
ScR extension was used to guide reporting.®® To identify studies that examined unstructured
narratives in the ED we conducted a search using controlled terminology for the main topics of
health records narratives, EDs, and triage. Input from a medical librarian was used to refine the
search terms and pre-specified filters were used for the concepts of emergency.®'3* To maximize
the breadth of retrieved studies a comprehensive search of the following databases was
conducted: CINAHL, Ovid MEDLINE, Ovid Embase, Cochrane Library (via Wiley), and
ProQuest Central. The search was limited to peer-reviewed literature published after 1990: 4
years before the first nationally implemented triage system.”® Reference lists of select excluded
studies: those that examined the free-text narratives of emergency physicians and review studies

that included triage narratives, were hand-searched for inclusion.

Data were downloaded into Covidence (Veritas Health Innovation) for screening. Title
and abstract screening were performed independently, and in duplicate, by CP and MJD in two
stages (title plus abstract, then full text) using pre-piloted screening forms. Any peer-reviewed

2362 generated within an ED,"! by a

studies that examined unstructured (free-text) narratives,
nurse,® were included. Studies that examined disaster triage systems, studies that did not have

full text (abstracts only) and non-English studies were excluded. Kappa statistics were used to

gauge agreement during screening and all conflicts were settled by consensus.
Data extraction

Data were extracted into Microsoft Excel (2019, Redmond, WA) (CP) using pre-piloted

forms and results were independently confirmed by a second reviewer (MJD). Counts and
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proportions are used to describe categorical and numeric values. Categorical values extracted
included study variables such as: study design, country of origin, triage system used, and
whether machine learning was used. Numeric data extracted included: the year of publication,
the numbers of EDs that data were drawn from, the number of visits or patients included in the
initial and/or final samples; and the number of nurses examined in each study. For studies that

”)51’85’91 values

reported data as minimum values (i.e. “there were over three million of visits
were recorded as the minimum stated value (i.e. three million).When studies reported using
quality or reporting frameworks, we report the tool by name. The main conceptual categories of
each study: the objectives, design, population, and results were described.”> We summarized the
descriptions of the triage narratives and keywords when the narratives were reported in the study;

when five or fewer keywords were used, they were recorded verbatim.
Data analysis

Due to the wide distribution of data our estimates of central measures are made using both
median (with interquartile ranges) and minimum and maximum counts. Statistical analyses were
preformed using IBM SPSS statistics 25 (Armonk, NY, IBM Corp.). Citation management was
performed with Zotero (Corporation for Digital Scholarship). Study objectives were categorized
dichotomously (yes/no) for having used machine learning (defined as any form of artificial
intelligence), and the study objectives were grouped into exclusive categories according to the
primary use of the triage narratives: case identification, as a predictor variable, or for quality

improvement.

Results

Overview of articles:
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There were 25,091 studies identified in the initial search; after de-duplication 18,074
studies underwent title and abstract screening. Proportionate agreement between reviewers (CP,
MIJD) during screening was 97.4% for excluded, and 98.1% for included articles (k= 0.250). 214
studies underwent full text review. One hundred and thirty-one studies were excluded at this
stage with the primary rationale being that studies did not specify whether narratives were
generated by a nurse or at triage (n=67). All included studies, and any review articles identified
in the primary search, that discussed triage or ED narratives underwent citation screening: an

additional 13 studies were added at this stage. (Figure 1).
Description of studies

Nearly all of the studies (n=80, 83%) used retrospective designs (Supplement 1). Data
were typically drawn (in part or entirely) from electronic databases, except in earlier studies, in
which data were manually abstracted from paper charts.**>** 63 (66%) studies used data housed
at the hospital level, 33 (34%) used data extracted from regionalized databases. All studies
reported on the unstructured narratives generated at triage; but there was significant variation in
the types (and details of) additional data reported. The most commonly collected non-triage-
narrative data were patient demographic data, such as: age (n=63, 66%), sex (n=60, 63%), and
vital signs (n=29, 30%); visit details, such as: chief complaint codes (n=57), discharge status
(n=53), and arrival date (n=35, 59%) and time (n=32, 33%); and ED data, namely: the triage
system used (n=41, 43%), (Supplement 2). There was only a weak relationship between the
number of items collected and time, with 12% (* = 0.122) of variation being attributable to time
(r (94)=0.35, p<0.001). 88 studies (92%) reported on the number of EDs included, 78 (81%) on

the initial data set size. For included cases 76 (79%) reported these values as the number of
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visits, 28 (29%) as the number of patients. There were only 9 (9%) studies**#>*41% that reported

on the number of nurses who generated the narratives that were used in the study.

The median study size included 12,103 visits (IQR=803; 150,089), or 391 patients
(IQR=391; 76,069); drawn from an initial sample of 60,231 visits (IQR=2,943; 461,435) from 2
EDs (IQR=1; 12) (Table 1). There was a large spread in the numbers of visits and departments
examined with the included sample sizes that ranging from less than 100 to over 2 million visits
from initial databases ranging from 100 to over 14 million visits drawn from one to 496 EDs
(Table 1). There was an increase in the numbers of studies, sample size, and frequency of
machine learning use in each 6-year period between 1998 and 2021 with more than 60% (n=59)
of studies having occurred in the last 6 years. Median sample sizes increased dramatically after
2009 from 7,951 (IQR= 518; 55,952) to 160,944 (IQR= 19,418, 501,758); so too did the use of
ML after 2017, with 30 of the 39 studies (77%) that utilized machine learning occurring in this
period (Table 1). We noted that machine learning was used more commonly in predictive studies
(21/25, 84%) compared to those using narratives for case identification (17/58, 29%) or quality
(1/13, 8%) (Figure 2). Geographically the United States (n=43, 45%), Australia (n=31, 32%)),
and Canada (n=5, 5%) accounted for over 80% of published papers; only one study was reported
from each of South America and Africa (Supplement 3). The studies coming from countries with
official languages other than English?®%%1%104 yere from countries that adopted or adapted
existing triage systems. Interestingly however other countries with large English-speaking
populations are either under-represented (Great Britain, New Zealand) or not represented at all

(South Africa, Wales, Ireland, Scotland). (Supplement 1).

Study Objectives

47



869

870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

The most common objectives for studies that used triage narratives were to perform case
identification (n=59, 61%), to use narratives as a predictor variable in a machine learning model
(n=21, 22%), or to use narratives for quality improvement (n=16, 17%) (Supplement 1). Studies
categorized with case identification as their primary objective sought to describe incidence or
prevalence estimates, or to describe populations of interest. Studies that used narratives as a
predictor variable made predictions on patient acuity scores, resource use, or for specific
diagnoses by using narrative as a covariate. Quality improvement studies used triage narratives
to increase clinician or system safety and were subdivided as pertaining to reliability, accuracy,
and validity; or safety and efficiency. Reliability, accuracy and validity studies examine inter-
rater reliability or consistency and were used in validating formal triage systems. Tools were also
examined for their reliability and consistency in use with special populations or for their
performance with specific presentations. Safety and efficiency papers examined narratives to
improve data quality, or reduce error and effort (Table 2). Machine learning consisted of several
models, and we used an inclusive approach by combining all ML, NLP, and other Al models.
We noted the frequency of ML use to be accelerating and that the ML was more commonly used
in predictive studies (21/25) compared to those using narratives for case identification (17/58) or

quality (1/13) (Figure 2).
Descriptions of triage narratives.

The quality and structure of the triage narratives used as inputs for each of the included
studies were poorly articulated. Of the 96 included studies, less than one third (n=30, 31%)
described the narrative in any manner. Discussion about the narratives in these studies occurred
in one of two ways: as a description of the triage narrative itself, or more commonly, as a

description of the keywords used to search within the narrative. (Table 3)
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There were seven studies that provided some form of description of the
narrative > 1338381057107 Tria e narrative descriptions relied primarily on counts of the characters
and words used in the typical triage narrative. Length of triage narrative entries ranged from 40
characters® to 127 characters (although entries of less than 30 characters were excluded);'?” and
14.6 words® to 35 words (including abbreviations)®!' (Table 3). One study described the
narratives in terms of clinical features,” but it is unclear how these differ from the more

commonly reported chief complaints or whether they can be compared to other studies.

There were 27 studies that reported on the specific keywords that were present within the
narratives,?20-3385-87.89.106-125 The numbers of keywords ranged from 1''° to over 160,°! with a
median reported number of 11 keywords (IQR=3-24.5) used (Table 3). However 3 of the 27
studies (11%) did not report the exact number of keywords used.’%>%¢ Some studies did report

108,110,113,116,120,124,125

these data and used express keywords with correct spellings, or intentional

variation such as misspellings, abbreviations, or truncations.’#¢10%112119 "One study searched for

terms using both English and French keywords.!!!

There were nine studies*>%>?41% that reported on the number of nurses who generated
the narratives.*>%>°41%0  The total number of nurses assessed in these studies was 3,844. The
median sample size was 50 (IQR=10,50); but sample sizes ranged from 2% to 3,538, These
nine studies represent only three percent of the total sample (n=367,946). More importantly
however only one study reported on both the structure of triage narratives and reported on the

number of nurses included in the sample.®®

Only one study, by Travers and Haas,'% explored triage narratives in depth by describing
the structure of the narrative and regional variations. This three-centre retrospective cohort study

used verbatim triage chief complaint narratives drawn from EDs in the south eastern United
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States. Using a corpus of 13,494 unique chief complaint narratives drawn from 39,038 visit they
used manual and automated techniques to identify chief complaint concepts using the Unified
Medical language System. Concepts that were not readily classified using machine learning
models were described in both form and function, and the authors detail the function of the
punctuation, acronyms and abbreviations, truncations, modifiers, and qualifier words used in
triage narratives.!?’

%0 we did not perform

Although quality appraisal can be incorporated into scoping reviews
a formal quality appraisal for the included studies because our primary aims were to describe the
literature, as opposed to an assessment of each study’s findings.’®*° Consequently, we restricted
our quality appraisal assessment to whether or not study’s used reporting guidelines. Of the 96
studies, quality reporting guideline use were only reported in 8 studies, all of which were
published after 2018. The most commonly used guidelines were Enhancing the QUAlity and
Transparency Of health Research (EQUATOR) Network guidelines (Supplement 4). Four

studies used reporting guidelines specifically for predictive models, 07126128

and only one
reported using a quality framework to guide data cleaning and the protection of patient

information.'?’

Discussion

Compared to other studies our review screened and identified significantly more studies
than previous reviews. From 5 databases we screened over 18,000 studies from a 32-year search
period. Previous reviews have search and screening processes that were difficult to replicate,
either because of a lack of reporting on the search methods and inclusion criteria,”® lack of
PRISMA diagrams,?*-* or because triage narratives were combined with other data

types.?*3+336972 T facilitate future reviews of triage narratives we attempted to keep our search
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strategy as transparent as possible, both by registering our search, and using standardized
screening templates, and extraction forms.? Our initial search intentionally included a very large
number of studies, given the scoping nature of our review, and was intended to maximize the
sensitivity of our search. The lack of specificity in our search, as well as the lack of sensitivity in
previous searches, demonstrates that identifying triage narrative in the academic literature is
difficult and that more straightforward ways of identifying pertinent studies is needed. Authors
of studies examining ED triage narratives may need to increase their efforts in clearly flagging

this in their keywords, title, or abstract.

In our study the most commonly reported data, besides the triage narrative, were patient:
age, sex, chief complaint category, discharge status, and triage acuity. This is quite similar to a
2020 systematic review of machine learning for clinical decision support in the ED which
identified the top reported data to be: age, sex, vital signs, triage acuity, and chief complaint
category. > Similar to other review studies we found an acceleration in the number of studies
conducted over time: a 2018 review of clinical information extraction studies by Wang et al.,*’
noted the same increase. Our study adds to this by also showing that there was a sharp increase
in the number of included cases after 2008. Our findings also support the observation of Wang et
al., that studies utilizing machine learning (they examined natural language processing
specifically) lagged behind studies of health record data, and we noted this trend continued until
2017, when it become more common in the literature. Wang et al., tabulated the top sources of
electronic health record narratives and determined that of the 58 reported the most common
sources were: discharge summaries (n=26, 45%), progress notes (n=15, 26%), admission notes
(n=9, 16%), operative notes (n=5, 9%), and primary care notes (n=3, 5%). Triage notes were not

5’47,109,1297131

mentioned by Wan et al., our review however identified that used machine learning
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during the same period. Similar to our review, Wang et al. determined that most of the studies
were performed in the United States. Unlike our study however, they identified proportionally
fewer studies from Australia (1%, n=3/263); our study in comparison identified that over 50% of
studies originated from Australia during the same period (n=10/18) two of which could likely
have been included in their study.>!% Our results differ in part because, unlike Wang et al., who
explicitly examined machine learning, we did not restrict the search in the same manner and

rather focused on unstructured narratives as a primary search concept.

Previously discussed reviews and several other studies included in this review established
that triage narratives can improve case identification when used in isolation or when added to
diagnosis codes.?® Narrative use for these purposes was reported as a straightforward process in
several included studies which demonstrated how the inclusion or exclusion of different data
types changed the sensitivity and specificity of searches.?®*’>> Refinement of these techniques
may improve the sensitivity of searches and have significant impacts on disease prevalence
estimates, in particular for rare illnesses which may not be well captured with discharge codes,'
which have been the one of the more common methods of tracking population illness.'** The
methods used in keyword-based case identification studies may be particularly well positioned
for these uses given their clearly defined and reproducible methods and long history of being
used for these purposes, with studies of this nature being amongst the first studies to use
narratives collected on a large scale.?®!%° The potential improvements offered to sensitivity and
specificity of case identification may justify a systematic review of the studies included in this
review. Additionally, future research could focus on clearly defining, in a reproducible manner,

the improvements that narrative data analysis offer for case identification studies.
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Predictive studies will likely continue to become a more important are of research and
other reviews have examined narratives for these purposes and have noted that the majority of
these studies pertain to triage. >’ This review demonstrated that there are a wide variety of
predictions that can be made using triage data. On this front nurses are among early adopters
given that machine learning techniques are being actively incorporated into triage but it is not
certain the degree to which unstructured narratives will influence this prospective use of machine
learning support given that there seems to be fewer studies using natural language processing for
machine learning studies.®” Regardless of the methods there is likely an imperative that nurses
continue to push for large scale collection of triage data given that studies frequently call for

more multicenter collection of nurses data. >’

The need to collect nursing data has been made before! and triage has been identified as
one of the most important areas for quality improvement.!3* There have been a number of studies
to review QI efforts at triage’ and calls to include the narratives in these efforts,'* but
significant work is still needed. A renewal of early efforts to establish a minimum ED nurse data
set®® efforts to create common definitions for different narrative elements is needed still
needed.” Additional research is needed to describe the structures of triage narratives in general.
This work is required to determine if there is a common structure to the data as our results show
that of the 30 studies that offered a description of the narratives, only one did so with any
significant depth. A fulsome description is also required to ensure that the domain specific
(triage nursing) contextual data is not lost through text normalization (a typical early step in data
cleaning for models) given the unique use of punctuation and abbreviation in triage narratives, a

concern raised by Travers and Haas.!? to Finally, studies need to more clearly what the narrative
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pertains given that there are regional variations to the breadth and depth of information that is

collected at triage.

The most commonly used reporting guidelines: The Strengthening the Reporting of
Observational Studies in Epidemiology (STROBE) and REporting of studies Conducted
using Observational Routinely-collected Data (RECORD) guidelines were published in 200736
and 2015, respectively. However, less than ten percent (n=8/96) of studies reported using any
kind of reporting guidelines, despite the fact that 86 percent (n=83) of these studies were
reported after 2007. Recently published reporting guidelines such as Transparent reporting of a
multivariable prediction model for individual prognosis or diagnosis (TRIPOD)'*® should help
with reporting guideline use, and 2021 saw the highest proportion of studies use a reporting
guideline (n=3/13). Use of reporting guidelines will help to reduce the heterogeneity noted in
reporting, furthermore the number of studies identified as containing triage narratives may justify

the creation of a triage specific reporting guideline.

Limitations

Study search and ID — three terms (ED, triage, narrative) were searched — we used an
inclusive search approach so there was a great deal of studies identified in the search phase. The
agreement during screening was fair, and agreement likely suffered from the large number of
studies reviewed and the due to the need for full text reading in order to determine if the
narrative was nurse generated. Future refinements to the search strategy may enable a less wide-
reaching search and more clearly defined methods for identifying nurse generated narratives may
decrease the need for full text reading, thereby improving the agreement scores during screening.

Additionally, clear methods for identifying when narratives are generated by nurses’ may
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prevent the grouping of text from different clinician groups, which may result in more studies

being positively identified as originating from triage nurses.

Conclusion

This review identified 96 studies that used triage narratives to perform either: Quality
improvement, case identification, or predictions about clinical outcomes. We have described how
narrative uses are changing with time to use larger samples and more machine learning methods
for interrogating the data. In addition to this we have provided a strong argument that there is a
serious lack of research into the structure of the triage narratives themselves, and that the vast
majority of studies have not used reporting guidelines. Future research should focus not only on
the outcomes of their study, but should endeavour to describe in detail the data source that they
use as an input. Future researchers should strive to follow reporting guidelines to improve the
quality of data reporting and increase the ability to pool and compare study findings. Emergency
nursing scholars have the opportunity to push for national collection of triage data; in doing the

data can be compared between regions and common structures of the data better articulated.
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Figure 4. PRISMA Diagram
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1044
1045
1046

Figure 5. Study characteristics by publication year

EDs o .. Included Number  Number
Number . luded Initial sample  Included visits tient £ ur fstudi
Year of fhetuce (studies (studies Datietlts Of nUTSEs — OF Stucles
studies (stud}es reporting) reporting) (stud}es (stud}es using ML
reporting) reporting)  reporting) methods
1998 1 1 (1) 104 (1) 104 (1) 104 (1) -(0) 0
1999 2 2(2) 100 (2) 100 (2) 100 (2) 24 (2) 0
2000 0 -(0) -(0) -(0) -(0) -(0) -
2001 2 497 (2) 98,672 (2) 84,000 (1) -(0) -(0) 0
2002 1 1 (1) 11,861 (1) -(0) 305 (1) -(0) 0
2003 2 5(2) 43,078 (1) 17,413 (2) -(0) -(0) 1
2004 3 23 (3) 1,021,949 (3) 21,949 (2) 73,115 (2) -(0) 2
2005 4 14 (3) 579,032 (3) 1,510 (2) 86,079 (2) -(0) 3
2006 1 1(1) 46,602 (1) 45,329 (1) -(0) 50 (1) 0
2007 1 1(1) 521 (1) 419 (1) -(0) -(0) 0
2008 2 95 (2) 119,479 (2) 5,956 (2) -(0) -(0) 1
2009 2 14 (2) 3,556,352 (2) 1,089,984 (1) 389 (1) -(0) 0
2010 1 2(1) 263,937 (1) 19,252 (1) -(0) -(0) 0
2011 1 6 (1) 794 (1) 794 (1) -(0) 2(1) 1
2012 5 182 (5) 12,810,122 (3) 71,427 (4) 519 (1) 27 (2) 1
2013 3 4(2) 348,895 (1) 41,624 (1) 798 (1) -(0) 0
2014 3 282 (3) 16,074,953 (3) 43,114 (2) 38,479 (1) 3,538 (1) 1
2015 3 74 (3) 13,051,141 (2) 310,353 (3) -(0) -(0) 1
2016 4 109 (3) 13,194 (3) 2,972 (2) 369 (1) -(0) 0
2017 7 345 (5) 2,450,310 (5) 2,287,592 (7) -(0) -(0) 2
2018 9 18 (8) 195,014 (8) 59,801 (8) 183 (2) 10 (1) 3
2019 12 641 (10) 5,453,665 (10) 3,426,182 (10) 153,145 (3) 193 (1) 7
2020 14 29 (14) 4,183,453 (12) 3,372,239 (10) 1,029,147 (7) -(0) 10
2021 13 92 (13) 3,090,691 (10) 1,318,752 (12) 422,081 (3) -(0) 6
Sum 96 2,438 63,413,919 12,220,866 1,804,813 3,844 39
(studies)  (96) (88) (78) (76) (28) (9) (39)
Median 2.5 2 60,231 12,103 391 15 1
25t 1 1 2,943 803 240 10 0
75t 4.25 12 461,435 150, 089 76,069 50 2
Min, n 0 1 50 29 29 2 0
Max, n 14 496 14,000,000 2,100,000 412,858 3,538 10

Interquartile range (IQR), Machine Learning (ML)
Note: Median, IRQ percentiles, minimum and maximum values are calculated based
on individual study sample sizes; results that are reported by year are pooled.

57



Figure 6. Triage narrative uses
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1047

Figure 7. Summary of study objectives.

Study Types of Explanation
category papers in
category
Quality Accuracy, Studies used triage narratives from previous ED visits as a research
improvement  validity, and instrument. These studies would have nurses or physicians re-score
reliability visits and compare the scores in order in order to calculate the
reliability, validity, accuracy, or agreement or providers or specific
triage tools. 45,94,96,99,128,139,140
Safety and These studies examined quality as completeness of triage data,”® how
Efficiency time sensitive presentations were handled at triage,'*! and to identify
or improve errors in acuity or category assignment”®**128142 Qther
studies focused on improving triage and measured the amount of
duplicate or redundant information within triage narratives;'** or the
efficiency,?%1% accuracy,'® and completeness #:100:103.144 o f
narratives.
Case Syndromic These studies had a primary objective of developing, describing, or
Identification  classification comparing syndromic surveillance systems. These systems would
attempt to group all patients from a single large cohort into one of
several broadly defined groups in order to assign a reason for visit
Category. 47,85,88-90,95,97,98,105,130,145-148
Estimate Triage narratives have been used as an alternate means of identifying
incidence or  general or specific presentations. General grouping included cases
describe a related to: drugs or alcoh01,24,28,51,52,86,112,123,125,149—152 SportS,27’48’121’122’153
population ~ motor vehicle collisions, 87119122124 mental health related
presentations, 71111347158 “enyironmental injuries,”!1%114
infections,???¢ assaults,!'>!* and animal bites.’"!%%1% Narratives seem
to be particularly good at identifying rare cases.!!116:120.132.160
Narratives have also been used to provide granular data about patients
such as: temporal information,'®! to complete missed vitals,'** and to
provide contextual details such as events leading to an
injury‘28,50,51,121,122,153,163
Prediction Acuity or Predictions are being made to forecast the resources uses by patient,

resource use

Specific
diagnoses

either in general,''” of specifically. Specific predictions include: need
for admission, !> 1311647166 triage acuity,?>33:102104.106.127 Jength of
stay,'® critical illness,'?” and mortality, 0167168

Triage narratives were used as a covariate for machine learning
models that made predictions on specific resource or admission needs.
Admission destinations and resource of interest included: Advanced
diagnostic imaging use,'?"12¢1% mental health admission,''® Intensive
Care Unit admission (ICU),!”° or neuro-intensive care unit
admission.'”!
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Figure 8. Descriptions of the structure of triage narratives.
Description of the triage Number of .
Study ID narrative' keywords' Keyword topics
There is a description of the
characteristic components of
Travers. DA narrative chief complaints that
2003 10s  were not matched by ML: - -
’ punctuation, truncations,
modifiers and qualifiers are
discussed
There were specific fever
g&\?\?nzlggh ’ _ 5 related keywords offered.
Dav. FC The mean length of the triage Shortness of bre?th and
5 ng‘ 80 narratives was 14.6 words 3 difficulty breathing are
' (SD=7.9) in each database. discussed.
Thompson225 The Maximum narrative was 40 ~100 Keywords for chest pain,
DA. 2006. characters. syncope, earache, and others.
The average triage note was 35
Indie. D words (abbreviations) per Drug and alcohol keywords.
201 5’51 ' presentation; there was a >160
' secondary text field not
discussed.
Mammal bite related terms and
?g?gr?(%n’ B. _ 2 their animals.
) Work, worker, and work-related
12\/(1)6118611(}9216, K. _ 50 keywords and truncations.
;/81 1“3“15‘;‘1“ K. - 18 Alcohol related keywords.
Mitchell, RJ. i 3 Alcohol and vehicular collision
2015.° related keywords
Luther, M. i 1 Presentations with the keyword
2016.11° “heat”.
Suicide related keywords were
1;3 ilénﬁ’] E. - 16 searched in both English and

French.
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Description of the triage Number of

Study ID narrative' keywords' Keyword topics

;7\(7)1;16‘51?31 G- - 12 Alcohol related keywords.

Iz)oe lﬁgogéng, K. - >150 Cannabis related keywords.
“Crying” and “fussy” were the

Kondis, J. i ) search keywords reported

2017112 although variations were also
included (but not specified).

12\/([)(;??3’ LH. - 11 Heat injury related keywords.

Zhang, X. i 25 A list of keywords predictive of

2017.113 patient admission.

%1 F é Iﬁ? - 1 “Headache”.

Gligorijevic, i 24 Mixed keywords for a variety of

D. 2018. presentations.

Goldman- Mental health and substance use

Mellor, S. - 8

2018118 related keywords.

Hargrove, J. i 23 Vehicle collision related

201817 keywords.

Neeabhushan Specific chest pain feature

M g20 18,120 ’ - 2 keywords “ripping” and

' ' “tearing”.

“Tramp” and “bounce” are

gél le ;1 ’é\l/[' - 2 specified but other terms may

' have been used.
5(1)613;, 52' - 14 Bicycle related keywords.
%ﬁg"lg’ E - 8 Marijuana related keywords.
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Description of the triage

Number of

Study ID narrative' keywords' Keyword topics
Trivedi, TK. Electrlf:spogter recl‘a'ted ’l,)rand
124 - 3 names “bird” and “lime” as well
2019. « ”»
as “scooter” were the keywords.
The mean length of triage
Sterling, NW. narrative was 143.‘17 (SD 77.8)
020,106 characters (excluding spaces) or - -
' 64.3 (SD=35.2) words in
length.
Electric-scooter related
Vernon, N. keywords and tl‘l‘elr Varla’t:u(‘)‘ns
37 - 3 were searched. “Scooter”, “e-
2020. " “ . »
scooter”, and “electric-scooter
are offered as specific terms. .
The average clinical features
Ivanov, O. per text entry was 12.79. There i i
2021.% was no discussion about
character or word counts.
“Heroin” and “overdose” were
Rahilly- ipemﬁed as '1nc’1’us10n terms,
. detoxification” as an exclusion
Tierney, C. - 3 .
2001125 term; although there may be
' additional terms included but
not specified.
Rozova. V The average triage note was
07 127 characters (notes with less 40 Suicide related keywords.
2021.
than 30 were excluded).
1048  i— Studies reporting only the process of cleaning and normalizing unstructured narratives are not
1049  included.
1050  ii — Variations in spelling, abbreviations, bigram duplications, and negation terms are counted if
1051  specified.
1052

62



Figure 9. Summary of included studies

First author,

developing a list
of coded chief
complaints.

Study year Country | Narrative use Study objective | Summary of findings
This retrospective observational study of
consecutive children presenting for acute asthma
To compare the to an ED compared the degree of information
completeness of gathered during computer assisted triage it to non-
Kabir. A Quali documentation computer triage and physician documentation.
D40 AUS . y occurring with Using descriptive statistics, and kappa values they
1998. improvement . o - - .
paper charting reported on: visit characteristics, triage details,
versus computer nursing observations, medical details, asthma
assisted triage. severity, nursing observations, determining these
were better recorded in the paper chart than the
computer chart.
This retrospective analysis of routinely collected
data with prospective rescoring for validations
examined 50 patient records (10 from each acuity
. level) and re-scored them using summarized visit
To examine the . ) . .
o details that included: the presenting complaint,
reliability of the . . L
Beveridee. R Quali triace acui mode of arrival, vitals, and the verbatim triage
g4], ' CAN . vy 5 vy narrative. Between and within group comparisons
1999. improvement | assigned by . .
different (nurses, physicians) were made using kappa
coefficients, and 1 and 2-way ANOVA testing.
observers. e ;
Between group and within group acuity scores
had high degrees of agreement, ANOVA testing
showed that physicians assigned higher triage
scores overall.
This retrospective used manual chart reviews to
rescore triage visits and compared triage nurse
To perform triage accuracy. Full chart data (mclpdmg triage '
uality narratives) were used to reassign triage acuity
?m covement b levels. Acuity scores were compared using
Goodacre, Quality prove y Kappa, Sensitivity, Specificity, NPV, PPV,
0 GBR . examining e .
SW. 1999. improvement | . Sensitivity/recall and F-scores. Kappa scoring
Interrater . .
showed fair to moderate inter-rater agreement.
agreement on . . . . .
- Predictive power of scores did not improve with
triage. . . -
after developing of triage guidelines although
there were modest improvements in agreement
scores.
This was a three-step quality improvement project
that used retrospective triage narrative data to
To reduce the develop a chief corgplamt category 11§t,
prospectively examined whether the list reduced
frequency of free . :
. . the frequency of free text chief complaint
text triage chief . . . .
: documentation, and described staff satisfaction
Aronsky, D. USA Case complaints with the project. Using descriptive statistics and
2001.% identification | narratives by project. g P

control charts the authors described the final
complaint list, frequency of free text narrative
charting, and responses to Likert scale
questionnaire responses. The intervention resulted
a final chief complaints category list that included
54 coded variables, free text charting decreased
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from 23% to 1%, the number of staff using free
text decreased from 45% to 9%, and ED staff
found the intervention beneficial.
. This retrospective cohort study used the triage
To estimate and . . . . . .
narratives from visits identified using diagnosis
compare the . .. - .
o codes to describe the accuracy of injury diagnosis
incidence and . L
. codes and assign activities. They found that males
Burt, CW. Case characteristics of . .
o1 USA . . . were more than twice as likely to have sports
2001. identification | sports and non- o R
sports-related related injuries in the 5-24year old patients’ group
irllj'uries to USA (48.2 versus 19.2/1,000 persons). Basketball and
E]J)s cycling were the most commonly noted activities
) associated with injuries.
This was a retrospective observational study of
patients who presented to the ED after assault.
The authors interrogated physician and triage
To identify nurse narrative fields using "assault" keywords to
victims of assault, | identify cases. Cases identified using narrative
to compare the field searches were compared to those identified
number of using hospital and police maintained categorical
identified cases to | codes. Descriptive statistics and Mann-Whitney U
Howe, A. Case .
200222 GBR identification the number were used to describe and compare: the number of
’ recorded by cases identified, location of assault, method of
police, and to assault, and rates of identification between groups
identify the and methods. 2.6% of ED patients presented after
location and an assault34% of cases were identified by both
method of assault. | triage nurses and physicians. Triage nurses
identify 57%, physicians 77% of assaulted
patients. Differences in detection were not related
to the patient’s age or sex.
This retrospective cohort study reviewed the
To compare the syn.dromlc ches that were as&gqed by two expert
. . reviewers (using the triage narratives) to the
triage narrative . . .
derived recorded discharge diagnosis. The overall
Begier, EM. Case Lo agreement for the syndromes of: “death”,
0 USA . . . syndromic chief « . N e e 1
2003. identification . gastrointestinal”, “neurological” “rash”,
complaint code to | , . - e e . . C
. respiratory” “sepsis”, “unspecified infection”,
discharge . - . . . .
diagnosis codes and “other.” To the discharge diagnosis varied
’ significant kappa values raged from 0.085 to
0.684 for different syndromes.
This was a prospective comparison of different
To use machine natural language processing models that used
learning models retrospectively collected triage narratives to create
to build a triage "concepts". Expert evaluation was used to
Travers, DA. USA Case concept-oriented | examine the model’s accuracy in mapping
2003.7 identification | set of ED nursing | concepts to Unified Medical Language System

terminologies
from triage
narratives.

concepts. the authors detailed the steps used to
normalize data and used descriptive statistics to
describe the number of concept matches made
after each round of narrative data normalization.
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This study used retrospective electronic health
record data to compared the sensitivity and
specificity of three machine learning algorithms
To compare the for detecting fever from triage and discharge
sensitivity and narratives. Using patients identified with an ICD-
specificity of 9 discharge diagnosis of fever models were
Chapman, USA Case three machine trained to use narratives and coded chief
WW. 2004.%! identification | learning models complaints to detect fever. Sensitivity, specificity,
for detecting fever | and positive likelihood ratios were used to
from triage compare different models to expert clinician
narratives. ability to detect fever. Machine learning models
using narratives were most sensitive, models
using keywords the most specific when compared
to expert clinicians.
This was a retrospective of ED data from a state
database that used word clusters to automatically
link triage narratives with reason for visit
To use word . . . .
categories. Using patient age, sex, free text chief
clusters to . > .
. . complaint, and diagnosis (based on ICD codes)
automatically link . . e .
Day, FC. USA Case free text with cases were identified. Descriptive statistics were
2004.% identification iy used to describe salient keywords identified, the
reason for visit .
. character count of narratives, and the percentages
categories based . .
on ICD codes of correc;tly cod;d chief complaints by age. .

‘ Sensitivity/specificity analyses were used to build
inclusion and exclusion keyword clusters and to
compare clusters to ICD code categorization.

To compare the
agreement This was a retrospective cohort study that
Mikosz CA. Case betvyeen two compared the t.rlage chief colmplalnts asmgned to
%0 USA . . . coding programs | free text narratives by two different machine
2004. identification : . . .
and their learning algorithms. Overall agreement varied by
associated free syndrome (Kappa = .419 - 0.711).
text triage notes.
This study retrospectively examined triage EHR
data and had to assess the reliability and validity
To determine the of ESI scores for' pediatric pat1§nts. Patient and
o visit characteristics were described. The
. reliability and . .
Baumann, Quality . relationship between resource use and ESI scores
4 USA . validity of ESI for . .
MR. 2005. improvement S were examined, inter-rater agreement of re-
pediatric . .
opulations triaged scores. Weighted agreement ranged from
bop ‘ good to excellent. Hospitalization, ED length of
stay, and resource utilization were strongly
associated with ESI category.
To evaluate a
machine learning | This retrospective observational study examined
Chapman algorithm’s EHR data to compare physician "gold standard"
WV{; [1] ’ USA Case ability to coding to a machine learning model’s ability to
2005 gl identification | classifying free classifying free text data into syndromic

text data into
syndromic
categories for

categories. machine learning classifier AUC
scores ranging from 0.95 to 1.0.
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surveillance
purposes.
To examine a
machine learning This retrospective observational study used ICD
programs o )
. codes from EHR data to determine if a machine
accuracy in . )
o learning model could accurately classify
classifying . . . . . .
. syndromic categories using triage chief complaint
Chapman, Case syndromic narratives. The models accurately classified 92%
WW [2]. USA . . . categories and to C . Y
identification L of neurologic and respiratory syndromes and 99%
2005.82 determine if the . iy
' of botulinic syndromes. The models sensitivity
program can be . S
) ranged from 30% to 75%, with specificities
used to examine o o . I
chief complaints greater than 90%, and positive predictive values
s of 12% to 44%.
1n triage
narratives.
This study describes the development and
implementation of an automated near real-time
syndromic surveillance using routinely collected
ED data. The evaluation compares a machine
learning model that examined patient
To testa demographic, presenting complaints, and triage
Muscatello, Case syndrpmlc narratives to phys101an-asmgned ICD and
os AUS o . surveillance departure codes. The machine learning model
DJ. 2005. identification . . .
system based on assigned syndromic classifiers to a greater
routinely ED data. | proportion of ED visits 93% (range: 58% — 100%)
compared to the availability of physician
completed ICD codes 76% (range: 68% — 86%).
During the assessment period the EDs had a
median of 997 (range: 941-1077) visits per day
and there were no outbreaks recorded.
This retrospective study used EHR data to
To use word . . . .
clusters to automatically link free text triage narratives word
. . clusters with reason for visit categories based on
Thompson, Case automatically link . . -
N USA . . . . ICD codes using a machine learning model.
DA. 2006. identification | free text with . . Y
reason for visit Demographics and visit characteristics are
. described; 87.5% of visits were successfully
categories. .
classified.
To examine an This study assessed the validity of an injury
injury surveillance system using EHR data for all
surveillance patients presenting with injuries. Researchers
system and extracted narrative description of the
. compare nurse circumstances leading to the presentation, intent,
Gillam, C. Case .. . . . .
AUS S . injury coding to and cause using triage nurse narratives.
2007.%¢ identification . . .
' the narrative text | Agreement between the triage nurses’ coding and
in order to those assigned using the narrative were compared

determine levels
of agreement and
sources of error.

for each data element. Of the included cases
(n=419) triage nurses and expert agreement was
91.9% for intent and 79.2% for cause.
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This study compared two methods for detecting
alcohol-related ED presentations: diagnosis codes
and nursing triage text, and compared patient and
To compare visit characteristics examine missed formal
provisional diagnoses and describe why alcohol-related ED
medical diagnosis | presentations are under-reported. Triage free-text
and nursing triage | fields, retrieved from a surveillance database,
text for detecting | were searched using alcohol-related terms.
. alcohol-related Multivariate Log regression analysis of
Indig, D. Case . . f . . .
o7 AUS . . . ED presentations | demographics, diagnostic info, service delivery
2008. identification . .
and to explore characteristics, and free text (triage) was used to
visit related data identify factors predictive of medical versus triage
to examine why identified cases. Approximately 4.5% of ED
alcohol-related presentations were alcohol-related, 24% were
presentations are | identified through diagnostic codes and by triage
under-detected. narrative. Presence of diagnostic coding was more
for patient arriving by ambulance or those with
signs of aggression; and less likely for patients
with injuries.
This study reports on a program designed to
extract temporal information from triage notes. It
To describe a prospectively cqmpar’es a machine learning model
. to an expert reviewer’s ability to extract
program designed | . . . .
. information from triage narratives. The most
Irvine, AK. Case to extract . .
o8 USA . . . common class of time statements were relative
2008. identification | temporal
. . (e.g., 1 week ago), there was perfect agreement
information from . .
. between time coders, decision tree out-performed
triage notes. . .
models outperformed naive bayes machine
learning in precision and recall while assigning
data.
This multiple step study compared different
To examine methods (triage narratives, ICD codes, and
different methods | questionnaire) for identifying alcohol-related ED
for detecting presentations and to compare the characteristics
alcohol-related of each group. Proportions of patients identified
. ED presentations | using each method were compared and
Indig, D. Case s . .
9 AUS . . . and to compare multivariate logistic regression was used to
20009. identification . . . - .
these patients to determine which characteristics are predictive of
ED patients alcohol related presenting complaints. ICD codes
identified as risky | had a higher specificity and lower sensitivity than
drinkers by a triage narratives for identifying total number of
questionnaire. presentations and percentage of risky drinkers
presenting for an alcohol related complaint.
This retrospective cohort study sought to identify
sports injuries using triage narratives from a
To identify sports | national ED database. A 5% sample of cases
Mitchell, R. AUS Case injuries from flagged using keywords were manually audited to
2009.100 identification | triage narrative confirm true and false positive rates for each

text.

keyword used. Within the sample some sports had
higher precision (Ex. Rugby) than others (Ex.
Squash).
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To use triage The purpose of this study was to use retrospective
narrative to detect | EHR data (triage narratives) to detect drug and
drug and alcohol | alcohol related presentations and describe their
Indig, D. AUS Case related service delivery characteristics. The triage
2010.32 identification | presentations and | narrative identified 90% of drug and alcohol
describe their related presentations, physician assigned ICD
service delivery detected 21% of drug and 25% of alcohol related
characteristics. Visits.
To use a rule- This study compared the sensitivity and
based approach to | specificity of a text classifying algorithm to
Wagholikar, Case classify expert categorization in 1dent1fy.1ng chest pam0
AS. 2011101 AUS identification unstructured from triage narratives. the algorithm was 99.3%

' ’ triage narratives sensitivity, 80.0% specificity, and had an F-score
into symptom of 0.9 when compared to expert assignment for
groups. identifying chest pain.

To use triage This retrospective cohort study identified animal
narratives tgo bite rates using triage narrative searches for the
. . word "bite". Over 6,000 animal bite visits were
Bregman, B. Case identify and ) . . o . .
2012.52 USA ‘dentification | characterize visits identified on a yearly basis. 70% of animal bites
) to EDs for animal | W¢T€ from dogs, 13% from cats; the
bites characteristics of visits were similar to other
) surveillance systems.
This prospective cohort study examined triage
To examine the data (original narratives) retrieved from hospital
validit records of patients greater than 65 years of age.
reliabii/ii[ and Visits were rescored by two blinded triage experts
accurac yz) f triage for agreement, acuity scores were compared to
Grossmann, CHE Quality acuit sZores fofr; resource use, length of stay, disposition, need for
FF.2012.# improvement adul ty atients and lifesaving intervention, and mortality. Agreement
to desréribe the between original score and expert re-triage was
reasons for acuit high (weighted kappa=0.934, 95% CI 0.913 to
errors Y 0.954). Under triage occurred in 117 cases, with
’ inaccurate interpretation of vital signs being the
most common cause.
This retrospective descriptive study with
prospective validation and focus group
To classify use interviews. The first phase described the process
free text ai]l d used to produce an algorithm that groups
diaenostic codes complaint categories using triage narratives and
Malmstrém, FIN Case to gr oduce ED diagnostic codes. The second phase prospectively
T.2012.192 identification g eI:)ci fic complaint examine the implementation of the algorithm. The
crl)assi ﬁcationp final phase was evaluated by an expert panel. The
codes presenting complaints summarized from free text
' fields were similar to those of the algorithm. The
algorithm included 89 presenting complaints and
ED staff found it easy to use.
To compare This retrospective cohort study described and
McKenzie. K Case different methods | compared methods for identifying potential work-
2010 53 AUS identification for identifying related injury cases using triage narratives. It

potential work-
related injury

examined the sensitivity, specificity, and positive
predictive value of different keywords used in
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cases using text interrogation against coded injury

textual data and to | surveillance in a national database.

compare the

predicative power

of each method to

coded injury

surveillance data

for work related

injuries.
This retrospective cohort study used routinely
collected ED data and weather data to
characterize heat related injury visits. Visits
containing a heat-related illness ICD-9 code has
their chief complaint and triage narrative data

To use routinely examined for potential exposure categories.

collected ED data | Descriptive statistics were used to describe visit

Rhea, S. Case . .. . .

2012103 USA ‘dentification | © characterl'se. character%st%cs and dlSthlbuthl’lS, patient N
heat related injury | characteristics, and regional temperatures. Visits
visits. were most likely in June, Heat related visits

increased by 1.4 for each 1-degree Fahrenheit)
increase from 90F to 98F and by 15.8 for each 1F
increase from 98F to 100F. Distributions of
causes (sport or work) were age related.
Admission rates increased after age 65.
This retrospective cohort and prospective
derivation study examined an algorithm’s ability
To transform free . . LS .
o to transform narrative triage vital sign data into
Genes, N. Case text vital sign data . N .
2013162 USA ‘dentification | into numeric numeric scores. 98% of values. assigned from
Scores. narratlye datell had perfe.ct qualllty scores. Enprs
rates did not increase with periods of high triage
throughput.
This retrospective observational study
investigated factors associated with triage acuity
To describe the assignment and initiation of stroke protocols for
triage patterns patients presenting to the ED within 2 h of
associated with symptom onset. Using EHR data researchers
using rapid care identified patients with an ED diagnosis of stroke
Mosley, 1. Quality protocols in or TIA and using logistic regression examined

2013.105 AUS improvement | patients who demographic and situational factors (includin.

p p grap g
present within triage narratives) associated with a triage category
two hours of of 1 or 2. 94% of patients diagnosed as a stroke or
acute stroke TIA who presented within 2 hrs were correctly
symptom onset. identified. In all cases not correctly identified the

patient was diagnosed with intracranial
haemorrhage.
To compare This retrospective cohort study compared
different methods for identifying alcohol involvement in
Vallmuur, K. AUS Case approaches for injury-related youth ED presentations. Using

201334 identification | identifying triage narrative keywords and ICD codes

alcohol researchers searched triage narratives to

involvement in

determine which keywords were most frequently
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youth who present
to the ED for
injuries and to
describe the text
used to triage
these patients.

used and identify visit characteristics and patient
demographics associated with alcohol use. 6.4%
of injury presentations had documented of alcohol
involvement, patients 18 to 24-year-old, females,
indigenous youth, Saturday or Sunday
presentations, and presentations between
midnight and 5 am were more likely to be alcohol
related. Generic alcohol terms such as ethanol or
alcohol were the most common terms used in the
triage narrative.

Haas, SW.
2014106

USA

Case
identification

To develop and
test a syndromic
classifier using
triage notes and
chief complaints.

This was a retrospective cohort and model
validation study. It used previously collected and
classified syndromic database data to update
existing syndrome definitions. Using triage notes
and coded surveillance data that was manually
classified by three clinicians’ researchers used the
chief complaint, triage narrative, diagnosis, vital
signs and admission status to determine if the
updated definitions correctly classified visits into
syndrome groups. Descriptive were used to
describe triage narratives. Agreement was
measured using kappa statistics. Performance
measured using sensitivity and specificity. The
triage narratives contained an average of 22
words in the initial dataset; 25 words (151
characters) in the follow-up dataset. Kappa for the
two studies were 0.76 and 0.82 respectively. The
new definitions improved the sensitivity and
specificity for each syndromic cluster.

Liljeqvist,
HTG.
2014.197

AUS

Case
identification

To compare the
accuracy of
different methods
of identifying
mental health-
related ED visits.

This retrospective cross-sectional study compared
the accuracy of using different classification
methods identify mental health-related visits
using EHR data. The accuracy of different
methods of identifying models: triage narrative
data, ICD codes, and SNOWMED Codes were
evaluated by comparing their case identification
rates to expert coding using descriptive statistics,
kappa scores, and by calculating each model’s
sensitivity and specificity. Agreement between
clinician’s classification and model classification
ranged from moderate to almost perfect (Kappa
0.73, 95% CI 0.58 - 0.87), models were
moderately sensitive (68% 95% 95% CI 46%-
84%) and highly specific at (99%, 95% CI 0.98-
0.997). Positive predictive value was 81% (95%
CI 0.57 — 0.94) and negative predictive value was
98% (95% CI1 0.97-0.99).

Rhea, SK.
2014.38

USA

Case
identification

To describe the
incidence of
animal bite
injuries.

The aims of this retrospective cohort study were
to describe the incidence of animal bite related
ED visits. Using surveillance codes, chief
complaint codes, ICD codes, and triage notes
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researchers coded visits by animal (bat, bear,
beaver, chipmunk, coyote, fox, groundhog,
hedgehog, mole, opossum, otter, prairie dog,
raccoon, skunk, squirrel, wolf, or woodchuck) and
determined the incidences rates for each. By age
of 10, patients had a 1 in 50 risk of dog bite
injury. Dog bite rates were highest for patients <
14 years of age; cat bites and scratches were most
common in patients > 79 years of age. The
lifetime risk of a cat bite or scratch (requiring ED
care) was 1 in 60. Postexposure rabies
prophylaxis was given to 1,664 of 38,971 visits.

Handly, N.
2015.%3

USA

Predict
outcomes

To determine
whether machine
learning
algorithms using
coded triage chief
complaint data
outperformed
algorithms that
did not in
predicting
hospital
admission.

The objective of this two phase (derivation and
validation) retrospective cohort study was to
determine whether machine learning models
using coded triage chief complaint data
outperformed algorithms that did not in predicting
hospital admission. In the derivation phase a
machine learning model identified 213 chief
complaint codes from the triage narratives, and
identified other predictor variables such as: age,
sex, race, visit characteristics (arrival time and
day) and triage acuity. In the validation phase the
sensitivity/specificity of models without and with
coded triage complaints were 64.0% (95% CI
63.7-64.3)/87.7% (95% CI 87.4-88.0), 59.8%
(95% CI 59.5-60.3%)/91.7% (95% CI 91.4-92.0)
respectively. In the derived phase the
sensitivity/specificity models without and with
coded triage data were 60.7% (95% CI 60.4—
61.0)/87.7% (95% CI 87.4-88.0) and 59.8% (95%
CI 59.5-60.3)/90.6% (95% 95% CI 90.3-90.9)
respectively.

Hides, L.
2015.108

AUS

Case
identification

To describe the
characteristics of
alcohol related
ED presentations.

This retrospective cohort study describes the visit
characteristics of alcohol related injury
presentations in the ED. Keyword searching of
the triage narratives identified 7,381 of 12,264
cases. Descriptive statistics were used to report
frequencies and proportions. Chi-square values
were used to compare groups according to use of
alcohol, demographics, location of injury, visit
characteristics (time/date), and triage urgency.
The patient cohort identified using triage
narratives accounted for 38% of alcohol related
injury presentations. The most common cause of
injuries was falls and violence in males;
intoxication and self harm in females.

Mitchell, RJ.
2015.%°

AUS

Case
identification

To use
surveillance
database data to
identify injury

This retrospective interrogated a nationally injury
surveillance data base with various keywords then
manually reviewed one percent of identified cases
to estimate the likelihood of true positives. They
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risk factors of also compared collision characteristics (e.g.,
road users by age | vehicle speed) and injury risk factors (e.g., non-
group. restraint use) by age group and road users’ type
(i.e., motor vehicle drivers, motor vehicle
passengers, motorcyclists, pedal cyclists and
pedestrians). Descriptive statistics were used to
describe demographics, and number of cases
identified with each keyword.
This retrospective cohort study of the Victorian
Emergency Minimum Dataset used fitness
facilities injuries to examine the completeness of
coded data. Using an anonymized ten-year sample
of data on patients the authors created new
variables (degree of specificity, location, activity,
To examine the and. pr.oduct) using narrative data. Descriptive
completeness of statistics were used to compare the frequency of
. each new variable. Cross-tabulations were used to
Gray, SE. Case triage data . o
2016.1 AUS ‘dentification | collected for compare the narrative coded dat.a to §x1st1ng
fitness-related categorical codes. Of the 2,936 1den.t1‘ﬁed cases:
injuries two percgnt could not have any additional
) information coded, and 95.8 % had at least one
piece of information missing. There was injury
type and body region coding in 92.6 and 96.6 %
of cases, but only in 27.1 and 75.4 % of
narratives. The causal variable was specifically
coded in 47. 7 % of cases and in 45.9 % of
narratives.
To compare triage This .retrospective chart review of electronic.
Visits to hospltgl recor-ds us.ed keyword searches of ‘Frlage
environmental narratives to identify heat-related presentations.
data to determine Heat-related presentation volumes were compared
whether a change to the mean temperature _of the th'rée preceding ‘
Luther, M. AUS Case in heat warnin days. Patient demographic and visit related details
2016.%6 identification threshold wouigd where collected. Using these data, the authors
change the determlned that 'temperatur‘es above 30C were
predictive power associated with 1ncr§gsed risks, thaF extremes of
of a surveillance age and ouFdoor activity was associated with
tool. 1ncrea}sed I‘lSl.(. The sympttom most strongly
associated with presentations was syncope.
To describe the This retrospective cross-sectional study used ICD
visit codes and triage narratives to identify patients
characteristics of | who were seen in the ED and hospitalized
patients who following a suicide attempt. The purpose of the
present to the ED | study was to describe patient and visit
Rahme, E. CAN Case for a suicide characteristics, identify factors predictive of need
2016.%7 identification | attempt, to for hospitalization, and to compare the number of

identify factors
associated with
admission, and to
validate ICD-10
codes as a method

cases identified using ICD (10) codes for
“‘intentional self-harm". 5746 cases were
identified; 369 were fully reviewed, 281 (76%)
were identified using the triage keyword method.
Of these, 176 were treated in the ED and 193
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to detect suicide required hospitalizations, 46% of patients

attempts in received an ICD intentional self-harm code. 46%

routinely of cases were poisonings (the most frequent

collected data. method), half of patients were less than 34 years
old, 53% were female, and 75% had a previous
history of mental health complaints.
This retrospective study randomly sampled 1,000
ED visits with an ED diagnostic code of alcohol
harms and reviewed the triage narrative to
confirm the diagnostic code and classify the visit

To evaluate the as ‘acute’ or ‘chronic’ harm. Predictive factors for

precision of alcohol related presentations (ex, age, sex, time of

Whitlam. G. Case routinely arriva!, etc.) and the predictive value of triage
2016 3 AUS dentification collected ED data | narratives were for acute harm were calculated.
' in identifying The PPV of diagnostic codes for acute alcohol
acute alcohol- harm was 53.5%. Variables predictive of acute
related harms. harm were: ambulance arrival (aOR = 3.4, 95% CI
2.4-4.70, age (1224 vs. 25-39 years: aOR =3 .4,
CI 2.2-5.3), admission (not admitted) status (aOR
2.2,95% CI 1.5-3.2), and arrival time (between
2200hrs and 0600hrs) (aOR 2.1, 95% CI 1.5-2.8).
This retrospective study describes a method for
reducing duplicate and redundant information in

To describe a ED electrqnic charting systems. Using nqrratiyely

method for entered ch'lef complalqt data researchqg 1denF1ﬁed

reducing 64,849 unique cqmplamts from 1.7 million visits.

Berendsen lit duplicate and Of these complaints 450 terms were used more
Russell, S. AUS . Quality uphicate and than 100 times. Of the terms used 177 (39.3%)
2017.110 improvement iedundan};}gllmcal matched current definitions. The authors

erms 1 B categorically grouped complaints into alternate

documentation . . .

systems. cllmcally. meanmgful. groups: (.:ardlovascular
(chest pain, arrhythmias), respiratory (shortness
of breath, cough), gastrointestinal (abdominal
pain, vomiting), and injury (fractures, trauma).
This retrospective cohort study used structured
triage variable and unstructured narratives to

To use structured | develop a syndromic case definition for marijuana

and free-text related ED visits. Different ways of identifying

emergency data to | cases were compared (triage narrative, discharge

DeYoung, K. Case dev.elop and ch;s, d.ischargc? narrative, chief complaint,
2017 T USA identification validate a clinical impression) were compared to expert

' syndromic review (gold standard). There were 6 major
definition for keywords identified that yielded PPV of 82.5-
marijuana related | 100% PPV for case identification in different
ED visits. clinical fields. The triage notes and chief

complaints have PPVs of 88.0 and 82.5%,
respectively.
To describe the This retrospective study describes a method for
Horng, S. USA Predict utility of free text | reducing duplicate and redundant information in
2017.M1 outcomes data in identifying | ED electronic charting systems. Using narratively

patients with

entered chief complaint data researchers identified
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suspected 64,849 unique complaints from 1.7 million visits.

infections. Of these complaints 450 terms were used more
than 100 times. Of the terms used 177 (39.3%)
matched current definitions. The authors
categorically grouped complaints into alternate
clinically meaningful groups: cardiovascular
(chest pain, arrhythmias), respiratory (shortness
of breath, cough), gastrointestinal (abdominal
pain, vomiting), and injury (fractures, trauma).
This retrospective study examined all ED visits
with an unstructured narrative chief complaint or

To evaluate and . . . L

. diagnosis that mentioned a suicide related term.
describe whether :

unstructured Thes§ cases were examined and numbers of cases

Kuramoto- Case triage chicf 1dent1.ﬁed usmg.each field We.re.compared to
Crawford, SJ. USA : dentificati laint dat describe the patient characteristics and numbers
2017.112 identitication com%aln. f a of cases identified using each method. The

can 1 entity numbers of cases identified by method did not

suicide-related . . .

ED visits. vary ac.cordlng tQ pat}ent sex or age. Chief
complaint narratives identified 62% of cases,
discharge diagnoses identified 38% of cases.

The aim of this retrospective cohort study was to
determine the incidence of diagnosing fractures
suggestive of abuse in infants who presented to
the ED with "fussiness". Triage key word
searches of electronic health records and imaging

To determine the | reports from radiology databases infants younger

incidence of than 6 months were used to identify cases.

Kondis. T, Case abuse related Descriptive stati;tigs were used to describe t.he
2017 39 USA dentification fractures for . frequen.cy and distribution of ICD codes, chief
' infants with prior | complaints, presence of fracture, intervals

ED visits for between visits, outcomes of radiology variables in

fussiness. 18 patients. Of the 16 patients with fractures
suggestive of abuse: the mean age was 2.5 months
(SD=1.2). The mean interval between the initial
and second presentation was 27 days. The most
common diagnoses were multiple fractures,
extremity fractures, and rib fractures.

This retrospective validation study's aim was to
update the heat-related illness syndrome
definition used in a syndromic surveillance
database. Using heat-related illness diagnostic

To improvements | codes and triage narrative keywords researchers

the current heat- identified and characterized: the presentation

Morano, LH. USA Case related illness characteristics of heat-related illnesses, compared
2017.%0 identification | syndrome the numbers of cases identified using existing and
classification updated definitions, compared the PPV for each
definition. search strategy, and described the correlation

coefficient for different data sources (triage note,
chief complaint, and ICD codes). The existing

definition identified 8,928 ED visits; the updated
definition identified an additional 598 ED visits.

74




First author,

Study year Country | Narrative use Study objective | Summary of findings
Of the triage narrative (keyword) identified visits
(n=4,006), 3216 (80.3%) were identified using the
following terms: “heat ex” (n=1674, 41.8%),
“overheat” (n=646, 16.1%), “too hot” (n=594,
14.8%), and “heatstroke” (n=302, 7.5%).
This cross-sectional study examined a probability
sample of nationally representative ED data ED
from a two-year period. Data available at triage
(including the triage nurse narrative) was used to
To compare the develop machine learning models (with and
predictive power | without unstructured narrative data) to predict
of machine hospital admission. Variables derived using
learning models natural language processing from the unstructured
that use natural triage narrative were used to explain 75% of the
Zhang, X. USA Predict language variance in hospital admission. machine learning
2017.9! outcomes processing (using | models using structured data only had AUCs
triage narratives), | scores of 0.823-0.824 (95% CI 0.817-0.829 to
to those that do 0.818-0.830) For logistic regression and neural-
not, in predicting | network models, respectively. machine learning
admission to models using unstructured data alone had AUC of
hospital. 0.742 (95% CI1 0.742-0.764). Models using both
types of data had AUCs of 0.844 to 0.846 (95%
CI0.836-0.852 to 0.839-0.853) for logistic
regression and neural network models,
respectively.
This retrospective cohort study's aim was to
describe the proportion of patients who presented
to the ED with headache who received a diagnosis
of subarachnoid hemorrhage and to compare it to
To compare the the .incidence in the general.popula.tio.n. Using a
incidence and re.glonal ED databasq and Vltgl statlst1§s bure'flu
outcome of birth, death and marriage registry. Patients with
) . an ICD codes for subarachnoid hemorrhage,
intracranial triage narrative including headache keywords, and
Chu, KH. Case hemorrhage in the . . ’
201862 AUS identification | general a death registry subarachnoid h'em'orrhagc'e cause
. . of death were compared. Descriptive statistics
population and in . .
ED patients were used to descrlt_)e I'CD codes, n'nor'tahty,
presenting with demographl.cs, and incidence. The incidence of
headache subarachnoid hemorrhage was 9.9 (95% CI 9.5—
’ 10.4) per 100,000 person-years. The in-hospital
mortality rate was 23.8% (95% CI 22.0-25.8%)).
1.9%, (95% CI 1.8-2.0) of ED patients with
headache were diagnosed with subarachnoid
hemorrhage.
This retrospective cohort study used the triage
To develop a ) . >
machine learning narra.tlves from ED VlSlltS to develop 'a'ma§hme
D . learning model to predict resource utilization for
Gligorijevic, USA Predict model that can ED patients. Visit characteristics, patient
D. 2018. outcomes [ predict resource p ; b

requirements for
ED patients

characteristics, vital signs, and insurance status
were used as inputs for the machine learning
model. Using these combined sources, the
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machine learning model achieved an AUC of
88% for identifying resource intensive patients,
an accuracy of 44% in predicting the category of
resources, and was 16% more accurate than
nurses in its predications.
This retrospective cohort study describes a
To describe presenting complaints syndrome classifier and its
presenting ability to predict mental health diagnoses using
complaints diagnosis codes. A machine learning model was
Goldman- syndrome used to automatically classifies free text into chief
Mellor. S USA Predict classifier and to complaints to identify cases as belonging to a
2018 4 outcomes examine its ability | syndrome group. Syndrome groups were
' to predict mental | compared to diagnosis codes. Agreement between
health diagnoses the machine learning model and discharge codes
using discharge and the ability to identify cases was high
ICD codes. (Kappa=0.92; Sensitivity=100%,
Specificity=98.6%).
This retrospective cohort study used triage
narratives to automatically classify patients
presenting complaints into mental health
To describe the syndromes. The a}lthors compgred filscharge ICD
codes to the classifier models identified cases in
effects of e . .
different case order to: identify cases, describe the typically
Hargrove, J. Case .. presenting complaints in these patients, and to
65 USA . . . definitions on . . y gt .
2018. identification | . e examine the classifier model’s ability to predict
identifying motor . . .
. mental health diagnoses. Descriptive statistics
vehicle crash . .
iUy cases were used to characterize presentations. The
Jury ' classifier model has excellent agreement with the
ICD identification approach (Kappa=0.92), 100%
sensitivity, and 98.6% specificity in identifying
cases.
This retrospective validation study's objective was
to describe and compare different motor vehicle
collision case definitions. Using existing motor
vehicle collision codes, triage texts suggestive of
. motor vehicle collision, or a combination of both
To describe the . . .
researchers described demographic variables (sex
outcomes of . .
. . . and age), arrival means (ambulance, walk-in,
Hendin, A. Quality patients older than . . .
s CAN . other), insurance status (private insurance,
2018. improvement | 65 years who . .
received lower Medicare, Medicaid, self-pay, or other),
acuity scores disposition (home, admitted, transferred, left
Y ' without being seen, died). Patients identified
using motor vehicle collision codes were more
likely to be male, arrive by ambulance, and be
admitted when compared to the other search
methods.
To determine how | This retrospective cross-sectional study examined
fi 1 i h 1 f
Nagablushan, | gy | Case | deserbed as teaing” of ripping: b
M. 2018.6¢ identification | P P £ pping - by

confirmed acute
thoracic-aortic

patients who received a diagnosis of aortic
aneurism rupture. Complete review of the
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dissection present | emergency records (including triage narratives)
to the ED with failed to identify any cases in which the patients
chest-pain used “ripping” or tearing” descriptors. The
described as authors suggest that the complaints which have
“ripping’ or been historically held as prototypical may not be
“tearing”. commonly used by patients.
This retrospective cohort study described patient
and contextual variables associated with high-
versus low-acuity triage scoring in patients
diagnosed with sepsis. Patients admitted with
sepsis, severe sepsis, or septic shock (ICD codes)
had their triage records examined. Triage
To describe the narratives were examined anfi vqriables §uch as:
. unwell appearance, communication barriers,
variables e D
. . number of comorbidities, number of prescription
. . associated with o . .
Petruniak, L. CAN Quality triace acui medication, and place of residence were assigned
2018.114 improvement ge acuity and used as variables in addition to: CTAS score
classification in . .
. . and ED census. Logistic regression found
patients with e . o .
sepsis. communication barriers and cognitive 1mpqlrment
(OR 5.7; 95% CI 2.15-15.01), acute confusion
(OR 3.4; 95% CI 1.3-8.2), unwell appearance
(OR 3.4; 95% CI 1.7-7.0), and hypotension
(OR=0.98; 95% CI 0.96-1.0) predictive of higher
acuity classification. ED census, heart rate,
respiratory rate, and temperature were not
predictive of triage acuity assignment.
This retrospective cohort study developed and
validated a chief complaint list for emergency
care in Uganda. Using triage narratives from
consecutive visits to a rural ED authors developed
To develop and groups and compared rater. assignmer}t of the
' validate a chief derived ’cqt?,gorles. 555 ‘chlef complalr}ts were
Rice, BT. Case L used to initially categorize 95.8% of visits. This
2018.115 uGA identification comp'la'mt'hst for complaint list was further refined using a
ED visits in p . usIg
Uganda consensus process to yield a longlist of 451 total
’ complaints and shortlist of 83 complaints.
Interrater reliability using the shortlist was of
complaints was 71.5% agreement, (kappa of
0.70), over 80% of all visits were categorized into
24 primary complaints.
To design and This multi-step study used observations,
evaluate a clinical | unstructured interviews, and survey data to design
decision support a clinical decision support tool and a crossover
. system that can be | intervention to validate the tool. Keywords from
Soufl, 1\:[4])' IRN . Quality u}s]ed at triage to triage narratives were used as prediztor variables
2018. improvement improve the speed | in a machine learning model that achieved an
and accuracy of accuracy rate of 99.44% in test data, and helped
triage acuity improve the completeness of documentation from
assignment. 76.72% to 98.5%.
Chen, M. AUS Case To compare the This retrospective cohort study compared injury
2019.97 identification | injury patterns and treatment patterns for trampoline related
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and treatment injuries that occurred at home versus a
costs in patients commercial trampoline park. The authors
injured on searched the triage narratives from a children’s
trampolines at hospital over a one-year period using trampoline
commercial and specific keywords to identify cases.
residential Demographics, incident location, injury pattern,
locations. and cost data were derived from visit case notes,
imaging reports, and surgical reports comparisons
were made between injuries sustained at home
versus a commercial facility. of the 392 cases
identified 68.9% occurred at home; 19.4% were
from a commercial location. The median age of
those injured at home was significantly younger
than commercial locations (5.6 vs. 12.8 years; P <
0.001), There were significantly more females
injured at commercial facilities than at home
(61.8% vs. 48.2; P =0.03). 27.3% of injuries
resulted from a fall from the trampoline. Fractures
were the most common injury (39.5%); 17.4%
required admission, and 12.8% surgery.
This retrospective cross-sectional study trained
and compared machine learning models to triage
acuity levels using categorical data, free text
triage narratives only, and both categorical data
and triage narratives. Categorical data included
To develop and demographics (sex and age), arrival
Choi, SW. Predict evalqate machine characterlstlc.s (dat.e/tlm.e, coded chief comp!alnt,
48 KOR learning models means of arrival, vital signs. The free-text triage
2019. outcomes U . .
to predict triage narrative was an unstructured nursing note, one to
acuity. three sentences in length that summarized the
reason for presenting to the ED. The AUC of the
model using categorical data was greater than
models trained on free-text data only, the machine
learning models with the highest AUC were
trained on the entire dataset.
To describe This r'etrospectlve cohgrt st'udy used t‘rl'age
P narratives to characterise bicycle collision
characteristics of .
. characteristics. Researchers used keywords to
Eley, R. Case patients ) . R .
68 AUS . . . . identify cases and derive injury patterns, object
2019. identification | presenting to the . . .
. collided with, and trends over time. The authors
ED for bicycle describe visit demographics and typical inju
collisions. gtap P Jury
patterns.
To describe the This multl.-phase mlxed—mpthods .study useq: a
offects of a retrospective cohort to derive a triage narration
. . ontology, a prospective quality improvement
machine learning . . .
. . method to implement of a machine learning
Greenbaum, USA Quality driven driven autocomplete function into triage
NR. 2019.!16 improvement | autocomplete on P &

the efficiency and
quality of triage
documentation.

documentation, and a before-after assessment of
documentation quality (defined as the frequency
in which nurses needed to use unstructured data
fields). The authors described patients and clinical
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characteristic. The machine learning
autocompletes improved documentation
completeness and data quality (based on expert
consensus), while simultaneously reducing the
numbers of keystrokes needed to document a
triage assessment.
This retrospective observational study analyzed
methamphetamine related ED presentations in
patients aged 13-59 who presented with an injury.
Triage narratives were interrogated using
To analyze keywords to identify cases and describe visit
Jones, R. AUS Case methamphetamine | characteristics. The relationship between: drug
2019.% identification | related ED type, demographics (age, sex, ethnicity), triage
presentations. acuity level, and year were examined. 84.4% of
methamphetamine-related visits had a high triage
acuity score. Compared to other visits
methamphetamine-related visit more frequently
required police or ambulance involvement.
This retrospective validation study compared the
performance of different machine learning models
To compare for disease surveillance by predicting a coded
machine learning | chief complaint using triage narratives. This study
algorithm’s used chief complaint and discharge diagnosis
Lee, SH. USA Case ability to assign a | narratives and compared them to coded diagnosis
2019.%7 identification | syndromic codes. The authors found that different machine
category using learning models were better at predicting certain
chief complaint syndrome using different data sources and suggest
data only. that deep learning machine learning models may
improve automatic coding of unstructured
narrative data.
This retrospective, observational validation cohort
study assessed the validity of using syndromic
surveillance data to detect marijuana-associated
ED visits. The authors compared syndromic
queries to physician-reviewed medical records in
To compare the identifying mgrijuana-rglated visits. Keyword
performance of se'arches'of triage narrative were compared to
syndromic Q1agqostlc code 1dent1ﬁed cases. Keyword
. identified cases, and diagnostic code + keyword
classifiers and . .
Marx, GE. Case physician review ¥dent1ﬁed 'c':ases were"c omparfzd t 0 expe.rt.
20199 USA identification | in identifyin identified "true cases". Descriptive statistics were
ying

marijuana-
associated ED
visits using
medical records.

used to report on patient demographics (age, sex,
residential address), route of marijuana use,
toxicology testing results, and if there was
documented polysubstance use. For each visit,
marijuana-specific diagnostic codes and keywords
noted in the chief complaint or triage narrative
were recorded. 453 of 44,942 total ED visits were
identified as marijuana related; 188 (45%) of
identified cases were true cases. All true positive
cases were identified as marijuana-related using
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either diagnostic codes or triage keywords. PPV
of each method varied by hospital (36% to 64%).
109 (58%) of true positive cases were men and
178 (95%) of cases used marijuana intentionally,
visits were more likely to report versus smoked
marijuana.
To compare
different machine | This two-stage retrospective descriptive,
learning methods | prospective cohort study compared the ability of
for identifying different machine learning models to identify
Nanda, G. AUS Case medical records cases needing human review while assigning
2019.'7 identification | that will require injury codes. The authors used four machine
human review and | learning models to examine the triage narrative
assignment of rare | and determined that each model was able to detect
cause-of-injury rare cases needing human review.
codes.
This retrospective cohort study examined the
ability of machine learning models to predict ED
patient disposition. Using descriptive statistics
and by comparing AUC the authors described the
To examine performance of three models (bag-of-words,
machine learning | paragraph vectors, and topic distributions) in
Sterling, NW. Predict algqrithm’s . predicting Whether patic-j:nts were disgharged
2019 118 USA outcomes ablhty to' pred}gt home, aqmltted to hospital, or left prior to
patient disposition | completion of treatment. The mean character
using triage count for triage narratives was 143.17 (SD=77.8)
narrative alone. and contained 64.3 words (SD=35.2). AUC of
models were Bag-of-words= 0.737 (95% CI 0.734
- 0.740), Paragraph Vectors=0.785 (95% CI 0.782
- 0.788), Topic distribution=0.687 (95% CI 0.684
- 0.690).
This retrospective cohort study used keyword
To identify searches of triage narratives to identify patients
injuries related to | presenting with injuries associated with electric
Trivedi. TK Case electric scootc:‘:rs scoot@r'use. Flaggéd’cases were reYiewed, patient
201 9’ 70 USA identification and characterize and visit characteristics were described. 58.2% of
' their presentation | visits were male, the mean [SD] age was 33.7
patters and [15.3] years. Injuries were described and the
clinical outcomes. | majority of patients ([94.0%) were discharged and
helmet use rates were noted to be low.
To describe the This study was a two-stage retrospective-
effects of descriptive and validation study that examined the
socioeconomic, association between ED visits and diagnostic
demographic and | imaging use in pediatric patients. The authors
Xingyu Predict clinical factors on | used machine learning to compare models that
Zhang, M. USA diagnostic used: structured (vital signs), unstructured (free-
2019.7 outcomes imaging use and text triage narratives), or a combination of

to develop a
machine learning
algorithm that can
predict diagnostic

structure and unstructured data. There were
27,665 visits included, 8394 (30.3%) visits
received diagnostic imaging - 6922 (25.0%) visits
received an X-ray and 1367 (4.9%) computed
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imaging in
pediatric ED
patients.

tomography scan. The model using structured
variables had a c-statistic of C=0.71 (95% CI
0.70-0.71) for any imaging use, C=0.69 (95% CI
0.68-0.70) for X-ray, and C=0.77 (95% CI 0.76—
0.78) for computed tomography. machine
learning models including only unstructured
information had higher predictive power C=0.81
(95% CI 0.81-0.82) for any imaging use, C=0.82
(95% CI 0.82-0.83) for X-ray, and C=0.85 (95%
95% CI 0.83—-0.86) for computed tomography.
Including both structured and unstructured data
improved predictive power C=0.82 (95% 95% CI
0.82-0.83) for any imaging use, C=0.83 (95%
95% CI1 0.83-0.84) for X-ray, and C=0.87 (95%
95% CI 0.86—0.88) for computed tomography.

Zhang, X.
2019.17

USA

Predict
outcomes

To predict
advanced
diagnostic
imaging use the
data immediately
available during
ED triage.

This retrospective cohort study was a secondary
analysis that examined the association between
advanced diagnostic imaging utilization and the
structured and unstructured information available
during ED triage of adult patients. The authors
compared models using structured, unstructured
(triage narrative), and structured plus unstructured
data. Structured data included demographics (age,
sex, ethnicity), residence (private residence,
nursing home, homeless, or other), insurance
status, conveyance (ambulance or not), visit
characteristics (arrival time, previous 72hr visit,
initial versus follow-up visit), vital signs (pain
scale, temperature, heart rate, respiratory rate,
blood pressure, pulse oximetry), chief complaint
codes, medical history, and triage acuity score.
Unstructured data (reason for visit triage
narrative) were extracted using natural language
processing. There were 139,150 visits included,
21.9% resulted in advanced diagnostic imaging
utilization: 16.8% who received computed
tomography, 3.6% who received an ultrasound,
0.4% who received magnetic resonance imaging,
and 1.2% of received multiple diagnostic imaging
types. The AUC ranged from 0.69 to 0.83
depending on the diagnostic imaging exam
assessed and the variables included in the
predictive model: the inclusion of unstructured
data improved the accuracy of all models.

Bacchi, S.
2020.120

AUS

Predict
outcomes

To compare
different machine
learning models
discriminatory
power in
predicting length
of stay and

This retrospective, observational validation cohort
study examined whether length of stay and
discharge destination could be predicted using
natural language processing and machine learning
models. The authors examined the discriminatory
power predicting whether patients would have
admissions (<2 days or>2 days) using the grouped
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discharge
destination.

unstructured data derived from nursing triage and
physician admission notes. The artificial neural
network model had the highest predictive power
of r admissions >2days (AUC=0.75). For the
prediction of home as a discharge destination all
machine learning models performed similarly.

Fernandes, M
[1].2020.'2!

PRT

Predict
outcomes

To describe a
machine learning
algorithms ability
to predict the risk
of mortality for
patients at triage.

This retrospective cohort study evaluated a
machine learning models’ ability to predict which
patients are at risk of requiring cardiopulmonary
resuscitation or dying within 24 hours from triage.
machine learning models using structured data
only were compared to those that included
unstructured data. Structured data included vital
signs (temperature, heart and respiratory rate,
blood pressure, pulse oximetry, Glasgow Coma
Scale, blood glucose level, and pain scale), coded
chief complaints, triage acuity level,
Demographics (age, sex), arrival information
(ambulance vs. walk-in, stretcher vs. wheelchair
or ambulatory, time of triage) number of prior ED
visits, and the number and type of exams
performed at triage. Unstructured data was the
triage narrative for chief complaint. Of the
235826 patients examined 1121 required
resuscitation or died. The predictive power of
models was: logistic regression AUC=0.93,
random forests AUC=0.95, and extreme gradient
boosting AUC=0.96. The predictor variables with
highest importance were Glasgow coma score,
patient age, pulse oximetry and arrival mode. The
models using structured and unstructured data had
higher recall most accurately identified patients at
risk of death or requiring resuscitation.

Fernandes, M
[2]. 2020.122

PRT,
USA

Predict
outcomes

To describe a
machine learning
algorithms ability
to identify
patients with a
high risk of
intensive care unit
admission.

This multinational retrospective cohort study
examined the ability of a machine learning model
to predict patients at high risk for intensive care
admission from EDs in Portugal and the United
States. machine learning models used different
sets of variables: triage acuity, triage acuity +
Clinical variables, triage acuity + clinical
variables + chief complaint, and clinical variables
+ chief complaint. For both hospitals, the logistic
regression model had the best performance, with
AUC 0f 0.91 (95% CI 0.90-0.92) for the United
States hospital and 0.85 (95% CI 0.83-0.86) for
the Portuguese hospital. Vital sign derangement
(Heart rate, pulse oximetry, respiratory rate and
blood pressure) were the biggest predictors of
ICU admission. machine learning models using
clinical variables and the chief complaint
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presented had improved recall for patients who
are at risk for ICU admission.

Jones, PG.
2020.13

NZL

Quality

improvement

To determine the
accuracy of coded
chief complaint
coding using
triage narratives.

This retrospective cohort study examined the
accuracy of chief complaint coding using expert
re-triage of visits. Triage narratives were used by
experts to assess the accuracy of assigned chief
complaints by comparing actual and assigned
chief complaints. Results were compared for
concordance, by sex, age, ethnicity, and by
presenting complaints. 852 of the 1,000 visits
sampled were eligible, coded chief complaints
agreed with clinical notes in 514 (60.3%) of
cases. Overall agreement occurred in 732 (85.9%)
cases. Patient age, sex and ethnicity did not
influence coding accuracy.

Joshua, W.
2020.7°

USA

Predict
outcomes

To compare the
ability of machine
learning models
to ESI or vital
sign triggers to
predict critical
illness using
triage data.

This retrospective cross-sectional and prospective
comparison study compared the predictive power
of different machine learning models in
identifying critically ill patients. The models used
data collected at triage: vital signs, triage acuity
scores (ESI < 3), and free-text chief complaints as
inputs to identify patients who were admitted to
the ICU or died within 24hours. 13.7% of patients
were critically ill; the AUC for the simplest
predictive models (vital sign and triage acuity)
were 0.521 and 0.672 (95% CI1 0.519-0.522 and
0.671-0.674), respectively. For machine learning
models AUCs were 0.803 (95% CI 0.802—0.804)
for logistic regression, 0.820 (95% CI 0.818—
0.821) for gradient boosting, 0.811 (95% CI
0.807—0.815) for structured data neural network,
and 0.851 (95% CI 0.849—0.852) for neural
network models using both structure and textual
data.

Klang, E.
2020.%

ISR

Predict
outcomes

To develop a
machine learning
model that
predicts a patients
need for non-
contrast head CT.

This retrospective cohort study developed a
machine learning model to predict the need for
non-contrast head computed tomography during
triage. The models compared used coded and free
text chief complaints derived from the triage
narrative. Coded data was limited to triage
specific data: demographics (age and sex),
presentation data (admission date/time);
conveyance (either walk-in, ambulance), number
of previous visits, triage acuity score, and coded
chief complaint. Free text complaints were
derived from a two-word complaint recorded by
the triage nurse. Of the included 595,561 visits
computed tomography rate was 11.8%. Of each
unique variable chief complaint had the AUC
(0.87). The best model showed an AUC of 0.93
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(95% CI 0.931-0.936) for predicting non-contrast
head CT usage at triage level.
This retrospective cohort study trained and
evaluated the performance of a machine learning
model for predicting mortality using triage data.
The authors evaluated each of the following as
individual predictor variables: demographics (age
and sex), presentation data (admission date/time);
conveyance (either walk-in, ambulance), number
of previous visits, triage acuity score, home
To evaluate a o o .
. . medications, comorbidities, and coded chief
machine learning . )
Klug, M. Predict model for comp}amt. Early and short?term mortal}ty data
202046 ISR outcomes predicting (w1f[h1n 2 and 30 days.of triage, respectlvely). was
mortality and derllve.d from el@ctronlc health records aqd. vital
triage level statistics registries. Of the 799,522 ED visits the
’ early mortality rates were 0.6% and 2.5%,
respectively. The machine learning Model
utilizing the full data set had an AUC of 0.962 for
early and 0.923 for short-term mortality. The
machine learning model using the nine most
predictive variables (age, arrival mode, chief
complaint, five primary vital signs, and triage
acuity) had an AUC of 0.962 for early mortality.
This retrospective cohort describes how
frequently clinicians recorded family history of
To describe how coronary artery disease and whether it is
frequently family | predictive of ST elevation myocardial infarction.
history of The following clinical risk factor information was
coronary artery collected: demographics (age, sex, and ethnicity),
disease is family history of coronary artery disease, and
Mor, S. ISR Quality collected at triage | medical history (diabetes, dyslipidemia,
2020.4 improvement | and to compare hypertension, previous cardiac events, and
the clinical smoking). Outcome variables examined included
characteristic of triage acuity score assignment, time to: nursing
patients with and | care, ECG, physician assessment and diagnosis,
without family hospital length of stay, readmission rates, and
history. mortality. Compared to physicians’ nurses
collected family history less frequently (98.8% vs.
5.7%).
. This retrospective cohort study used visit data
To validate a . . .
machine learning fr0m2 EDs tg Val}date a machme l.earmng
. algorithm to identify suicidal ideation and self
algorithm that can . o
Stapelberg, AUS Case identify suicidal harm presentations. The psychiatrist evaluated
NJC. 2020.'24 identification Y dataset was used to determine factor weights and
and self-harm . . . . .
presentations to the resjulltling machine learning .alg(')rlthm ach1.eved
the ED a sensitivity of 0.95 and a specificity of 0.92 in
) identify cases.
To describe the This retrospective cohort study details the
Robinson, J. AUS Case machine learning | development of a regional self-harm surveillance
2020.'% identification | language system. Cases will be identified using diagnostic
processing and billing codes and free text triage notes. A
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models and data
elements that
were used to
develop a self-
harm surveillance
system.

machine learning model will identify ED visits
for self harm using data collected during ED
visits: demographics (age, sex, residential
address), visit characteristics (date and time),
clinical characteristics (categorical chief
complaint, free-text triage narratives, diagnostic
codes), and treatment information (time to
assessment, disposition). These fields will be used
to identify cases, mechanism of injury, and
medication involvement data. Mechanisms of
injury will be grouped as: Injuries (intentional
injury, use of firearms or explosives, sharp
objects, falls from a height, and other); drug
related (medication or drug, alcohol,
poison/chemical/noxious substances); and
hanging, strangulation, suffocation, drowning, or
submersion.

Roquette, BP.
2020.12¢

BRA

Predict
outcomes

To compare
different machine
learning models’
ability to predict
admission using
both structured
and unstructured
triage data.

This retrospective observational study evaluated a
machine learning models predictive power for
patients requiring hospital admission using both
structured and unstructured data available at
triage for patients under 18 years of age. machine
learning model were trained with structured
clinical variables and unstructured (textual)
clinical narratives. Structured variables included:
Demographics (age, sex, city of birth,),
registration details (insurance statues, number and
time from previous ED visits, home residence),
historical variables (number of past image exam
requests, number of past laboratory test requests,
number of past ED visits, number of prior
admissions, past image exam/visit ratio, past
admission/visit ratio, past laboratory exam/visit
ratio), clinical variables (triage acuity score,
categorical symptom,); time variables (arrival
time, time to triage); vital signs (heart rate, blood
pressure, oxygen saturation, temperature, weight,
blood glucose, pain score); and unstructured
narrative data that included (drugs, text triage
notes, previous triage notes, chief complaint, past
visit chief complaint, previous visit medical
image exam requests). There was a 5.76%
admission rate in the studied period. The machine
learning model achieved an AUC of 0.892.

Sterling, NW.
2020.™

USA

Predict
outcomes

To compare the
predictive power
of machine
learning models
to human raters in
predicting triage

This retrospective cohort and prospective model
validation study trained and validated a machine
learning model to predict ED resources
requirements using triage acuity as a proxy. Using
natural language processing Spielberg of triage
narratives, the researchers compared the
predictive power of machine learning models to
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acuity using triage | human experts using structured (demographics,

narratives. age, sex, vital signs, previous visit information,
arrival mode, coded chief complaint, and coded
medical history variables and unstructured triage
narratives. The machine learning model accuracy
was comparable to expert raters (65.9% vs
69.0%). machine learning models more accurately
predicted low resource visits.
This retrospective cohort study evaluated the
reliability of different methods for identifying
suicide and self injury ED presentations. Charts

To compare the . . ; . .

o identified by a machine learning algorithm as
sensitivity and .. .

o related to suicide were reviewed by an expert
specificity of Ny . . o ..
discharge codes in clinician and classified as dealing with: a suicide
. S attempt, suicidal ideation, or non-suicidal self-

. ldf.:n.t ifying injury. The diagnosis codes, presenting
Sveticic, J. Case suicide and self . . C .
127 AUS . . . . complaints, and patient/visit characteristics were
2020. identification | harm cases in a . . .
compared. There was significant diagnostic and
dataset that used . . .
machine learning presenting complaints code het.e.rogen.elty.
of triace Diagnostic codes had low sensitivity in
narratigv es to identifying suicide attempts (18.7%), non-suicide
. . self-injury (38.5%) and suicidal ideation (42.3%)
identify cases. ) . s
and were biased toward identifying cases
associated with female gender, indigenous status,
and cases involving knife related presentations.
This retrospective review used triage narratives to
identify keywords associated with electric scooter
injury ED visits. The authors used keyword
To describe the searches of triage narratives to identify cases and
patterns and describe the patterns and characteristics of
characteristics of | patients presenting with injuries related to e-
Vernon, N. Case . . .
2020 34 USA identification patients scooters. 293 patients were included. The mean
' presenting with patient age was 34.1 (SD=14.0), 56% of patients
injuries related to | were male. 100% of patient received at least one
e-scooters. diagnostic imaging test (number of tests ranged
from 1-9 (mean=2.4). 276 (94.2%) patients were
discharged from the ED, 5 (1.7%) were
transferred, 1%, 2 (0.7%) were admitted.
This two stage study reports on the retrospective
design and prospective validation of a syndromic
surveillance system. The five stages include: the
To describe the initial review of ED data; the development of
process of syndrome definitions; The natural language
developing and processing model development; validation of
Bouchouar, Case . . . .
CAN . . . implementing a machine learning model; and refinement of the
E. 2021.'%8 identification . . . .
syndromic machine learning model. ED data examined
surveillance included: coded chief complaints, triage
system. narratives, discharge diagnosis codes. Validation

and refinement measured the positive predictive
value (the total number of true-positive over the
total number of records). Each data fields
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influence on syndromic assignment was measured
individually and in combination. The narrative
terms were common in each syndrome were
measured as frequencies. The positive predictive
value for the automated detection of each
syndrome ranged from 48.8-89.5% to 62.5—
94.1%.

Cheung, KY.
2021.7

CHN

Quality
improvement

To examine the
validity of triage
by comparing
triage nurse
assigned acuity
scores with expert
review and rates
of resuscitation in
older adults.

This retrospective descriptive, cross sectional
study re-examined triage acuity scores by:
comparing assigned categories and scores against
an expert panel and by examining for whether
patients required life-saving interventions in
adults greater than 65 years of age. Using the
clinical narrative and structured variables
(assigned complaint category and vital signs)
experts re-triaged patients. Sensitivity, specificity,
and predictive values were used to summarise
whether patients who received resuscitation were
correctly assigned in to the highest triage scores.
Percentage agreement and weighted kappa were
used assess agreement on triage acuity levels and
rates of: correct, over, and under-triage. Overall
expert panel agreement was 96.7%. The
agreement between clinical triage category and
the expert panel assignment was 68.5%; with
16.3% and 15.3% over-triage and under-triage
rates, respectively. Weighting kappa between
groups was 0.72 (95% CI 0.53-0.91). The
sensitivity, specificity and positive likelihood
ratio for the need for life-saving interventions
were 75.0% (95% CI 47.6%-92.7%), 97.1%
(95% CI 94.4%-98.8%), and 26.2 (95% CI
12.5%—54.8%), respectively.

Delany, C.
2021.1%

AUS

Case
identification

To describe the
effects of the
2018
Commonwealth
Games on the
volumes and
distributions of
drug and alcohol
related ED
presentations.

This retrospective observational study examined
the impact of the 2018 Commonwealth Games on
drug and alcohol related ED presentations. Using
physician assigned diagnostic codes, and drug and
alcohol related keyword searches of nurse
recorded free-text triage narratives researchers
identified cases. Presentation rates were compared
to the same time period in the preceding year.
Patient demographics (sex, country of residence,),
presentation characteristics (arrival date/time,
mode of arrival, triage acuity), and outcomes
(discharge date/time, departure destination) were
compared. There were 890 (5% of total) drug and
alcohol-related ED presentations in the study
period with no difference between pre (n = 312),
during (n =301) and post (n = 277) periods (P
=0.2). Presentations were more common in
younger (median age=35 years, IQR=24-48),
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male (n =493,55%), Australian (n = 820, 92%)
patients. most patients arrived by ambulance (n =
650, 73%), during the hours of 3PM and 11PM (n
=365, 41%). keyword searching identified 500
additional cases, the most commonly used terms
were: ‘ETOH’ (n =274, 55%), ‘overdose’/ ‘OD’
(n =159, 32%), ‘intox’ (n =63,13%), ‘drink’ (n =
58, 12%) and ‘drug’ (n= 45, 9%).

Eyal Klang,
MA. 2021.13%0

USA

Predict
outcomes

To develop a
machine learning
model to predict
mortality during
triage.

This retrospective study developed and compared
different machine learning models to predict
mortality using structured free-text narrative
notes. The study outcome was in-hospital death
within 48 hours; structured and free-text data
collected within 30 minutes from triage were
included in the model. Variables include
demographics (age, sex, and ethnicity); arrival
mode (walk-in, by ambulance); clinical
parameters (vital signs, triage acuity scores, coded
chief complaints, laboratory orders); and nursing
and physician free text information. The 48-hour
mortality rate was 0.2%. the machine learning
model AUC values ranged from AUC=0.97 (95%
CI 0.96-0.99) to AUC=0.98 (95% CI 0.98-0.99),
when combined the models AUC value was 0.99
(95% CI 0.98-0.99).

Ivanov, O.
2021.%

USA

Predict
outcomes

To determine if
different machine
learning models
could accurately
assign triage
scores.

This retrospective cohort study sought to
determine if different machine learning models
could accurately assign triage acuity scores.
Using visit characteristics, free text narratives
from triage, and patient history data machine
learning model assigned triage acuity scores and
original triage records were compared to expert
clinician re-triage. Triage scores, mis-triage rates
and AUC for triage accuracy were compared.
machine learning model assigned acuity scores
were more frequently accurate than the original
nurse assigned score (75.7% vs. 59.8%,
respectively p<0.001) and had better discernment
on patients on the boundary between level 2 and 3
acuity assignments (80% vs. 41.4%, P <.001).

Klang, E.
2021.131

USA

Predict
outcomes

To describe
different machine
learning models’
ability to predict
neurovascular
intensive care unit
admission using
data available in
the first 30min of
a visit.

This retrospective cohort study used structured
and unstructured data available in the first 30min
of an ED visit to predict Neuro-intensive care unit
admission. The authors compared structured,
unstructured and combined powers of machine
learning models. Structured data included:
demographics (age, sex, ethnicity, home address);
visit characteristics (date/time, means of arrival,
number of previous visits/admissions); clinical
variables (coded chief complaint, triage vital
signs, triage acuity score, and medical history
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codes); and free text (triage, nursing, and
physician texts generated within the first
30minutes). 1900 (0.5%) of the 412,858 visits
were admitted into Neuro-intensive care. The
median daily number of ED presentations was
231 (IQR 200-256), the median time from triage
to admission was 169 min (IQR 80-324). The
machine learning models AUC values were 0.90
(95% CI1 0.87-0.91), 0.92 (95% C1 0.91-0.94),
and 0.93 (95% CI 0.92—0.95) for models trained
with unstructured text data only, structured data-
only, and the combined data model, respectively.

Lam, T.
2021.%

AUS

Case
identification

To compare the
overdose patterns
and distributions
for different
pharmaceutical
opioids.

This retrospective observational study examined
ED records to measure and compare
pharmaceutical opioids contribution to non-fatal
overdoses. Researchers compared the volume of
pharmaceutical opioids dispensed to ED records.
ED cases were identified using diagnostic coding
and keyword searches of triage narratives using of
variations of generic and commercial opioid
names. Records were reviewed and the following
variables were extracted: patient demographics
(age, sex, country of birth, home address); ED
characteristics (location, type); clinical variables
(triage acuity score, admission status, diagnostic
codes); and overdose intent (accidental vs.
intentional) and were compared by opioid types
which were adjusted by annual supply rates - per
100 000 oral morphine equivalents (OME). The
highest supply-adjusted overdose rates were seen
with codeine (OME = 0.078, CI = 0.073-0.08)
and oxycodone (OME =0.029, CI =0.027-0.030);
the lowest with tapentadol (OME = 0.004, CI =
0.003-0.006) and fentanyl (OME = 0.003, CI =
0.002—-0.004). 62% of poisonings involved
females. Codeine, oxycodone and tramadol
overdose were associated with younger patients
(59.5%, 41.7% and 49.8%, respectively) and
intentional self-harm (65.2%, 50.6%, and 52.8%,
respectively).

Metzger, P.
2021.132

USA

Quality
improvement

To describe the
impact of race
and language on
the triage acuity
scores of patients
controlled for
illness severity.

This retrospective cohort study examined the
impact race and language had on triage acuity
scores in illness severity adjusted presentations in
immunocompromised patients aged 0 to 17 years.
Cases were identified by performing keyword
searches of triage narratives for the following
words: 'central line', 'diabetes' or 'diabetic
ketoacidosis', 'hematology', 'neonatal’, 'oncology’,
'short gut', 'shunt', 'sickle cell', 'transplant' or 'bone
marrow transplant'. The following variables were
extracted: demographic information (age, sex,
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insurance status, race/ethnicity, language),
clinical variables (vital signs, triage acuity level,
coded chief complaint), and treatment variables
(time to provider, LOS, disposition and National
ED Over-Crowding Study score) and compared
by ethnic status (white race vs non-white). There
were 10,815 visits from 8,928 patients. White
patients were 34.6% of patients. Non-White
patients had reduced likelihoods of receiving an
emergency (level 2) or urgent (level 3) acuity
score (OR= 0.4, 95% C1 0.33-0.49; OR, 0.5, 95%
CI 0.45-0.56, respectively) and greater likelihood
of receiving a minor (level 5) acuity score. The
disparity was not noted when comparing language
independently of ethnicity.

Personnic, J.

2021.13

FRA

Case
identification

To describe the
frequency of
neurological
disorders in a
pediatric ED.

This retrospective observational study described
the frequency with which patients with
neurological disorders presented to a pediatric ED
under 17 years of age. This study used keyword
searches of the nursing free-text narrative of the
chief complaint recorded at triage. Age, sex, chief
complaint, history of previous visit, neurology
referral, types of investigations (bloodwork,
lumbar puncture, and neuroimaging), and medical
history data were collected. 1,471 charts with
neurological chief complaints were identified
(1.8% of total visits); of these patients, 806 (55%)
received a final physician assigned neurologic
diagnosis, 2% of whom were admitted into
pediatric intensive care. Seizures were the most
common diagnosis for admitted patients. 40% of
patients had at least on ED visit in the preceding 6
months.

Rahilly-
Tierney C.
2021.7

USA

Case
identification

To create data
linkages for
patients with both
ED and
ambulance visits
for opioid related
overdoses.

This retrospective cohort studies compared the
unstructured narratives from ambulance services
to ED triage in order to make data linkages
between the systems for patients who presented
with opioid-related overdoses. There was an 82%
and 63% match rate for ambulance and ED
records, respectively, with a 3% false positive
match rate between the systems.

Rodriguez
Vico, A.
2021.13

ESP

Quality
improvement

To evaluate the
quality of triage
and compare the
number of signs
and symptoms of
acute stroke
gathered at triage
and by using
commonly used
stroke scales.

This retrospective cohort study compared the
triage note complaints of confirmed acute strokes
to other recorded stroke scales within the same
patient chart. The most common presenting
complaints were aphasia, ataxia, and limb
weakness. The authors determined that simplified
stroke assessment scales would detect fewer
symptoms than more comprehensive tools.
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This retrospective cohort study evaluated triage
To develop an notes for suicidal ideation or self-harm using the
automated system | following methods using different natural
Rozova, V. Case that can identify language processing models anq keyword
20014 AUS ‘dentification self-harm relgted sea}rches. These were then classified by expert
ED presentations | adjudicators who assigned whether the cases were
using triage self-harm, suicidal ideation, or false positives.
narratives. natural language processing outperformed
keyword searches.
This retrospective cohort study used natural
To compare language processing of triage notes to predict ED
machine learning | disposition. The predictive power of the machine
Tahayori, B. Predict models to’expe}rt learqing model was cqmpared t'o expert consultant
2021 135 AUS outcomes reviewers’ ability | predictions. The machine learning model had an

to predict ED
disposition using
triage narratives.

AUC of 0.88. The machine learning model had a
predictive power that was close to expert
consultants in general and was more sensitivity
than expert review.
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Physician narrative
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Trauma

Kuramoto-
Crawford,
SJ.2017.1%

Kondis, J.
2017.!113

Morano,
LH.
2017.M14

Zhang, X.
201711

Chu, KH.
2018.!16

Gligorijevi
c, D.
2018.!"7

Goldman-
Mellor, S.
2018118

Hargrove,
J.2018.'"

Hendin, A.
2018.'4

Nagabhush
an, M.
2018.!20

Petruniak,
L.2018.'

Rice, BT.
2018.'48

Soufi, MD.
2018.%

Chen, M.
2019.12!

Choi, SW.
2019.104

95



BUWNEI],

SOUBINSU]

SATIRIIET UBTOISAYJ

SqeT

X| X| X

S[TeTap JUSWIBAI],

TOTIEJTJISSE[O SWOIPUAS

ureq

A®]S JO ISUd]

W ATOTUYY

ATETON

X| X

X| X

SSTL SUTSEWT OISOUSEI(]

95T STUP 1O [OUOI[Y

TOTIE00] UOTSSTpPY

X| X

SISOUSEI(]

SUSTS [BNTA

oW [BATITY

X X

ABD [BATITY

X| X| X| X| X| X

SUESW [CATITY

WISAS 93BILT,

X X X X[ X| X| X

AI03S AJINdE d3BLI ]

X| X| X| X| X| X

X| X| X| X| X| X

STIJEJS 93IeoSI(]

X

X| X| X| X| X

SpOJ JUTE[AWO) JOIY))

X3S

3BV

SATBIIEN

X| X| X

X X| X| X

X X| X| X| X[ X

X X| X X[ X

X

X X| X| X

X| X| X

X| X| X

X X XX X X XXX XXX

X| X| X

X| X| X

Study ID

Eley, R.
2019.'2

Greenbaum
,NR.

2019.1%

Jones, R.
2019.1°

Lee, SH.
2019.%°

Marx, GE.

2019.'%

Nanda, G.
2019.132

Sterling,

NW.

2019.%

Trivedi,
TK.

2019.124

Xingyu

Zhang, M.
2019.12

Zhang, X.
2019.1¢

Bacchi, S.
2020.'64

Fernandes,

M [1].

2020.1¢7

Fernandes,
M [2].

2020.'70

Jones, PG.
2020.'4

96



BUWNEI],

SOUBINSU]

SATIRIIET UBTOISAYJ

SqeT

S[TeTap JUSWIBAI],

TOTIEJTJISSE[O SWOIPUAS

ureq

A®]S JO ISUd]

W ATOTUYY

ATETON

SSTL SUTSEWT OISOUSEI(]

95T STUP 1O [OUOI[Y

TOTIE00] UOTSSTpPY

SISOUSEI(]

SUSTS [BNTA

oW [BATITY

ABD [BATITY

SUESW [CATITY

WISAS 93BILT,

AI03S AJINdE d3BLI ]

STIJEJS 93IeoSI(]

SpOJ JUTE[AWO) JOIY))

X3S

3BV

SATBIIEN

Study ID

97

X
X
X| X

X X| X
X| X| X| X
X| X
X X
X| X
X
X| X| X| X| X| X

X X X[ X X
X X| X| X
X| X| X X
X X| X| X
X X X| X X XXX
X X X X X[ X
X| X| X
X| X| X
X X| X X[ X
X| X| X
X X| X
X| X| X
X X X| X
X X X X X X XXX

Stapelberg,
NIJC.
Sveticic, J.

J. 2020."7
2020.'%8

Joseph,
2020.!%7
Klang, E.
2020.'°!
Klug, M.
2020.'92
Mor, S.
2020.'%
2020.!6
Robinson,
Roquette,
BP.
Sterling,
NW.

JW.

Bouchouar,
E.2021.'%
Cheung,

KY.
Eyal Klang,

MA.

Delany, C.

2020.165
2020.106
Vernon, N.
2020.%7
2021.'%8
2021.131
2021.168



5] o=
3 e 54 3 g4 |3
8 4 9 2 g 7 o >l g: g
S fyyeyds 4839924083295 9288 ¢E
tUdYID t{%aE%OTG.>C§'_®‘N-OO:)1:E££OOS§EN
3 585928 HE 37423958989 2E
Z oog.§§<b>g.5£gw2mﬂ g = g5
9 488419 g9 2 9 g 9 2
= A& 242 g H | &
O 5 >
)
Ivanov, O.
0215 X x| x| x| [x]xx]x/x|/x X X
12%31;%’7?' X| X| X| X| X| X| X| x| X X/ X| |[X X
;8‘;“1’12 XX/ x| x| | x[x|x X X
g/([)eztlzgl?f’l)' x| x| x| x| x| x| x| x| x X X
Personnic,
12021000 | X[ X[ X XX XX
Rahilly-
Tieney C. | X| X| X| X| X X| X| X| X X
2021.1%5
Rodriguez
Vico, A. X X| X| X
2021.1%
Rozova, V.
2021.17 X X
Tahayori,
B.20y21.166X X X
Total SRPBRDBBELRRRBREPRNLERERERERSERBER

1054  1— Sex includes: sex and gender
1055  ii — Ethnicity includes: Ethnicity, race, aboriginal status, and country of residence
1056



Figure 11. Study characteristics by country

. Total EDs Total initial . Total Total included Total Studies
Studies, included, : included C . .
Country ; sample, n ) ; visits, n nurses, n'  using ML
n no (studies™) patients, n (studies™) (studies)  methods, n
(studies") (studies") ’

USA 43 2,008 (39) 36,528,693 (35) 916,955 (12) 4,986,560 (34) 3,781 (3) 22
AUS 31 404 (27) 23,110,878 (24) 1,996 (5) 4,784,753 (24) 2(1) 10
CAN 5 7(5) 6,450 (4) 573 (3) 19,727 (4) 20 (1) 1
ISR 3 303) 1,586,760 (3) 648,294 (3) 1,361,455 (2) -(0) 2
GBR 2 2(2) 11,911 (2) 355(2) 50 (1) 4 (1) 0
BRA 1 1(1) 499,853 (1) 0 (0) 499,853 (1) -(0) 1
CHE 1 1(1) -(0) 519 (1) 519 (1) 15 (1) 0
CHN 1 1(1) 44,237 (1) 295 (1) 295 (1) -(0) 0
ESP 1 1(1) 2,080 (1) -(0) 1,572 (1) -(0) 0
FIN 1 2(D) 52,032 (1) -(0) 42,247 (1) 12 (1) 0
FRA 1 1(1) 80,320 (1) -(0) 806 (1) -(0) 0
IRN 1 1(1) 537 (1) -(0) 537 (1) 10 (1) 1
KOR 1 1(1) 142,972 (1) -(0) 138,022 (1) -(0) 1
NZL 1 1(1) 1,000 (1) -(0) 1,000 (1) -(0) 0
PRT 1 1(1) 599,276 (1) 235,826 (1) 0 (0.00) 0(0) 1

PRT/USA 1 2(1) 719,925 (1) -(0) 356,475 (1) -(0) 0
UGA 1 1(1) 26,995 (1) -(0) 26,995 (1) -(0) 0

1,804,813 12,220,866
Total 96 2,438 (88) 63,413,919 (79) 3,844 (9) 39
(28) (76)
1057  i. The sums represent pooled data from all studies generated in that country.
1058  ii. The number of studies represents how many studies the sum was distributed across.
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Figure 12. Studies that used reporting guidelines and types of guidelines used

Study ID Reporting Guideline Guideline body
The REporting of studies Conducted using ??;im;;gn Zhe(?f[lieAalll:I}l, and
Chu, KH. 2018.'"®  Observational Routinely-collected health Researr)ch (EéU ATOR)
Data (RECORD) Statement
Network
The Strengthening the Reporting of Enhancing the QUAlity and
Jones. R. 2019150 Observational Studies in Epidemiology Transparency Of health
T ' (STROBE) Statement: guidelines for Research (EQUATOR)
reporting observational studies. Network
The Strengthening the Reporting of Enhancing the QUAlity and
Trivedi, TK. Observational Studies in Epidemiology Transparency Of health
2019.1% (STROBE) Statement: guidelines for Research (EQUATOR)
reporting observational studies Network
Guidelines for Developing and Reporting Enhancing the QUAlity and
Zhang, M. : . . . Transparency Of health
019,126 Machine Learning Predictive Models in Research (EQUATOR)
' Biomedical Research (GRRAS)
Network
. 1. U.S. Department of
Joseph, IW. i. HIPAA SAFE HARBOR method, Health & Human
2020.1%7 .. . . Services
ii. Transparent reporting of a multivariable .. . .
. e ii. Enhancing the QUAlity
prediction model for individual and Transearency OF
prognosis or diagnosis (TRIPOD): The P 4
TRIPOD statement health Research
(EQUATOR) Network
Guidelines for Developing and Reporting Enhancing the QUAlity and
Cheung, KY. . . .2 . Transparency Of health
2001 128 Machine Learning Predictive Models in Rescarch (EQUATOR)
’ Biomedical Research (GRRAS)
Network
The REporting of studies Conducted using E?;fsnca:?ei zhe&[ljlﬁﬁg and
Lam, T. 2021.12  Observational Routinely-collected health Reseali <h (E(}éU ATOR)
Data (RECORD) Statement
Network
Transparent reporting of a multivariable Enhancing the QUAlity and
Rozova, V. prediction model for individual prognosis ~ Transparency Of health
2021177 or diagnosis (TRIPOD): The TRIPOD Research (EQUATOR)
statement Network
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Chapter 4: Conclusion and future work

In this thesis, we have examined ED data from a Canadian context, highlighting the
significant value of ED nurses’ data, and argued that there is a need to increase the amount of
data collected nationally in Canada and to increase nurses’ presence in data collection efforts. To
demonstrate the utility of these data, we examined triage narratives and determined that these
narratives, as well as other data are commonly collected across many regions. These narratives in
specific are currently serving several functions to the clinical and academic communities, they
are being used for: case identification, quality improvement, as a predictor variable for machine
learning models. In this chapter, we will highlight the ongoing and potential uses of our research
and discuss future investigations that can build on our findings. We discuss these uses and
implications within the contexts of nursing education, nursing practice, nursing research, and
nursing policy development.
Nursing education

The current state of ED nursing involvement in the creation and content of academic
curriculum is poorly defined. Although there are a few studies from other countries seeking to
articulate and standardize emergency nursing education,'” the work is in the nascent stages and
there is apparently none from a Canadian context. Our scoping review has offered insights into
the utility of triage nurse narratives for epidemiology and informatics researchers and academics.
Future research could move beyond the uses of narrative data for these purposes and could
incorporate the narratives from patients to build prototypical presentations. Furthermore, the
narratives as a whole could also offer educators insight into what complaints result in patients
presenting to the ED, and if specific clusters of complaints are likely to be associated with higher

acuity clinical presentations.
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Nursing practice

The work involved in this thesis have been used for local quality improvement projects
and have shown that triage nurse data, including narratives, can improve clinical care in
Canadian EDs.!* In my role as a clinical nurse educator I led a project which used locally
housed triage data, both structured data and narratives to perform large scale audits of triage
nurse practice. The structured vital signs data allowed us to identify patients who were assigned
incorrect triage acuity scores. The narrative data allowed us to retrospectively extract
information about patient pain scores using text parsing algorithms. These measures were used to
tailor departmental education efforts, to personalize education feedback to staff, to level
workload amongst nurses, and to reduce the frequency of incorrect triage category assignment.
The quality improvement efforts resulted in a 68% reduction in the requirement for tailored
feedback, 50% reduction in inequitable triage nurse assignment, 86% reduction in high-risk vital
sign error rates and 78% reduction in nurses overriding the systems to assign lower acuity triage

scores. '3’

The findings from this quality improvement initiative have resulted in the creation of
an Edmonton Zone triage data dashboard which facilitate large scale audit and feedback by
clinical nurse educators. Future research is needed to determine what the effects of these
improvements translate to improvements in clinical outcomes for patients. Other national triage
systems, specifically the Emergency Severity Instrument, have developed machine learning
models with the intentions of incorporating similar feedback to offer nurses real-time feedback

as they perform triage,” and triage narratives for these purposes may become the next major use

for the data source.
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Nursing research

The creation of a local database for monitoring triage data has resulted in a robust clinical
dataset that can be used to demonstrate that triage nurse data is valuable. The process of
completing this scoping review have identified opportunities for adapting study designs used by
others to answer questions that are relevant to local researchers and there are a number of
projects that are underway that are using triage narratives. These include projects that are in the
conception, protocol development, and data analysis phases that will use narrative for predictive
modeling and case identification.

I have submitted a funding request to the National Emergency Nurses Association. If
awarded, these funds will be used to analyze the structure of triage narratives and offer the first
comprehensive description of Canadian triage narratives. The analysis will be performed using
the locally developed triage database. The results from our scoping suggest that this project
would also be the first comprehensive review of any triage narrative. We would use the gaps
identified in our scoping review to set the objectives for this project and would detail the
structure (letter and word counts) and form of the narratives and would help to determine the
degree of reported and observed data that is included. During the previously mentioned quality
improvement project we observed that there were several groups of patients who were likely to
have triage narratives that where characteristic of specific clinical conditions who were also
being assigned incongruent visit categories Namely, women with complaints characteristic of
myocardial infarction who were assigned a category other than cardiac feature chest pain (e.g.,
abdominal pain, or anxiety). Bias in triage narratives will be explored in a project that is
currently in the protocol development phase with the Universities of Calgary and Alberta. These

projects would examine the triage narratives of patients who present to the ED and are admitted
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with myocardial infarctions or acute strokes to determine if there are systemic differences in how
men and women are treated when they present with similar complaints to the emergency
department. The narratives of these groups will be analyzed using sentiment analysis machine
learning models and will be examined for systematically biased language to help determine if
there is an association with mis-categorization and clinician bias.

I am also participating in ongoing work in the Edmonton area using triage narratives to
identify patients injured using electronic scooters. This project is led by a group from the
department of emergency medicine and I have become involved to facilitate the use of triage
narratives to identify cases of injuries associated with the devices. Although data extraction has
not been completed interim results have demonstrated that the triage narrative identified more
cases in a retrospective manner than the combined totals of a retrospective review of all ED cases
using ICD codes and prospective recruitment. These findings are comparable to other studies
identified in our scoping review which demonstrated that triage narrative can aid or improve the
sensitivity and specificity of case identification when compared to or used in conjunction with
more traditional approaches to case identification and suggests that the increase in search
identification seen in other jurisdictions can likely be extrapolated to the Canadian context.

The final point that was identified by our study that needs to be addressed is the issue of
heterogenous reporting of the literature. Future research could address the lack of quality
reporting in studies that use ED triage narratives by developing triage data reporting guidelines.
Delphi studies that include the voices of emergency nursing associations, emergency nursing and
triage scholars, and informatics officers and scholars could identify salient data points that

should be included in work of this kind. This work would help to ensure that future research into
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nursing narratives not only reflects the vision of those who collect the data, but would ensure that
future research can be meaningfully compared.
Nursing policy development

In our first chapter we identified that there is a need for unified action on behalf of the
National Emergency Nurses Association to define a nursing informatics strategy, to determine
the current expertise level of their members, and to highlight the importance of the triage
narratives. This is not unique to Canada: in what appears to be the only review of emergency
nursing clinical practice guidelines Jones et al., determined that none of the professional
emergency nursing bodies examined had explicit guidelines for data collection or informatics
strategies.!”® This 2015 international review examined the professional practice statements of ED
nurses associations from Canada, the United States, Australia, New Zealand and the United
Kingdom and listed where each association made recommendations. Troublingly there were no
Canadian ED nursing guidelines for: research, quality improvement, or leadership and
professional development. Based on the results of our scoping review we would assert that the
absence of guidance and leadership from professional associations has resulted in the large-scale
use of triage data with little in the way of acknowledgement that the data was nurse generated or
drive to improve the systems for collecting these data.
Limitations

The results from our discussion paper, scoping review protocol and results paper have
limitations. Discussion or commentary papers can elucidate problems and propose courses of
action but are non-binding and do not necessarily change practice. The scoping review protocol
was the first of its type. Although it offers a framework for future reviews, the screening and data

extraction forms are specific to the clinical question and may not be relevant to more focused
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reviews. There was a noted absence of search terms or filters dedicated to triage narratives.
Despite the large volumes we retrieved, there might have been relevant studies that were missed.
Because of the large volumes of studies that were screened there might also have been errors in
the screening process resulting in missed studies. There was also a notable need to examine large
amounts of primary literature. The scoping review is limited to describing the data it reviewed,
as such we cannot make claims on the usefulness of the data without performing additional
analyses. Finally, any review study has the potential for bias in data analysis and interpretation.

We minimized these by registering and following a published review protocol.
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