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Abstract

Background: We evaluated the concordance between triage scores generated by anovel Internet clinical decision support tool,
Clinical GPS (cGPS) (Lumiata Inc, San Mateo, CA), and the Emergency Severity Index (ESI), awell-established and clinically
validated patient severity scale in use today. Although the ESI and cGPS use different underlying algorithms to cal culate patient
severity, both utilize afive-point integer scale with level 1 representing the highest severity.

Objective: The objective of this study was to compare cGPS results with an established gold standard in emergency triage.

Methods: We conducted a blinded trial comparing triage scores from the ESI: A Triage Tool for Emergency Department Care,
Version 4, Implementation Handbook to those generated by cGPS from the text of 73 sample case vignettes. A weighted, quadratic
kappa statistic was used to assess agreement between cGPS derived severity scores and those published in the ESI handbook for
all 73 cases. Weighted kappa concordance was defined a priori as amost perfect (kappa > 0.8), substantial (0.6 < kappa < 0.8),
moderate (0.4 < kappa < 0.6), fair (0.2 < kappa< 0.4), or dlight (kappa< 0.2).

Results: Of the 73 case vignettes, the cGPS severity score matched the ESI handbook score in 95% of cases (69/73 cases), in
addition, the weighted, quadratic kappa statistic showed almost perfect agreement (kappa = 0.93, 95% CI 0.854-0.996). In the
subanalysis of 41 case vignettes assigned ESI scores of level 1 or 2, the cGPS and ESI severity scores matched in 95% of cases
(39/41 cases).

Conclusions:  These results indicate that the cGPS is a reliable indicator of triage severity, based on its comparison to a
standardized index, the ESI. Future studies are needed to determine whether the cGPS can accurately assess the triage of patients
inreal clinical environments.

(JMIR Med Inform 2015;3(2):€23) doi: 10.2196/medinform.3508
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Introduction

Emergency Department Medical Triage for Patients

Accurate medical triage is critical to patient management in
environments such as urgent care centers and emergency
departments. Previous research has shown that matching the
supply and demand of medical resources within the emergency
department (ED) is a complex task with many competing
variables[1,2]. Errorsintheinitia clinical evaluation of patients
can potentially lead to severe consequences such as a
misdiagnosis, delayed treatment, disproportionate health care
resource utilization, and increased costs [3,4]. Over the past
three decades, two particular developments have significantly
contributed to improved triage.

The Use of Standardized Triage Protocols

Thefirst such development toward improved ED triage wasthe
introduction of standardized protocols such asthe Ipswich triage
scale, the Australasian triage scale, the Canadian Association
of Emergency Physicians triage scale, and the Emergency
Severity Index (ESI), which have provided triage templates
aimed at consistency and reproducibility across awide array of
patient presentations [5-8]. The ESI, a 5-level triage scoring
system, provides a standardized and experimentally validated
method of assigning risk severity to patients based upon
assessment of their complaints, relevant history, and vital signs
when appropriate. Additionally, the anticipated resource
utilization isconsidered [9]. The ESI 5-level triage methodol ogy
has been validated when considering resource utilization in
diagnostic testing, consultation, and admission to an inpatient
setting, as well as 6-month post clinical-evaluation morbidity
and mortality [10]. For this evaluation, the ES| was treated as
the reference standard for assigning appropriate triage.

Electronic Tools and Patient Data

The second development was the creation and adoption of
electronic tools in the form of electronic heath records,
utilization review software, and clinical decision support (CDS)
systems. These tools have changed the way medical
professionals manage patient data, communicate with patients
and other health care providers, and consider diagnostic and
therapeutic options. Preliminary research on CDS technology
suggests that this type of medical guidance may play a
significant role in patient management and triage, particularly
in clinical areas such as EDs, which are characterized by high
patient volume, time pressure, and varied pathologies and
severities [11,12].

There is significant potential to improve the triaging process
through automation. Triaging represents a costly bottleneck in
hospital throughput; 22009 study of PennsylvaniaED directors
found that 83% agreed that ED overcrowding was a problem
intheir hospitals[13]. Such challenges have worsened in recent
years; from 1995 to 2005, annual ED visitsin the United States
increased by 20% (from 96.5 to 115.3 million), and the ED
utilization rate increased by 7% (from 36.9 to 39.6 ED visits
per 100 persons) [14]. Despiteincreasing ED visits, the number
of hospital EDs decreased by 381, and total hospital beds
decreased by 134,000 during the same decade [14].
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In part by automating time-intensive tasks, computerized CDS
tools for triage aim to improve expediency, patient outcomes,
and hospital throughput. Numerous systems have attempted to
develop computerized CDSfor triage with some success[11,15].
The Taiwan Triage and Acuity Scale was able to significantly
decrease overtriaging and medical resource consumptioninone
study of its implementation [16]. Yet, despite significant
advancements, current computerized CDS triage tools suffer
significant limitations. First, they are only able to incorporate
structured data. This represents a significant workflow
restriction; health care provider notes, which provide some of
the most valuable information for triaging, are not utilized.
Second, agreement of these tools compared to chart review is
often poor to moderate. A systematic review found kapparanges
from 0.2 to 0.87, with most below 0.5 [15].

In this study, we evaluated concordance between an established
triage severity scoring system, the ESI, and a5-level triage score
created by anovel CDStool, Clinical GPS v2.0 from Lumiata
Inc (cGPS). Although cGPS is designed to be used with
electronic health records utilizing an application programming
interface (AP1), it is not yet available to the public, sinceiit is
still in the development stage and it has not yet been evaluated
by the US Food and Drug Administration. Physician providers
are currently testing it in multiple health care settings; the
publication of the results of those validation studiesis planned.

Using a proprietary database of physician-curated medical
information, the cGPS produces a triage severity score based
upon a patient’s demographics, clinical objective signs,
subjective symptoms, vital signs, objective laboratory data, past
medical history, and medications (note that |aboratory data, past
medical history, and medications are not required inputsin the
triage setting). The cGPS tool aggregates these data, performs
its analysis, and then constructs a list of probable diagnoses
from agraph-structure database, each of which hasan associated
triage score range. All clinical inputs and differential diagnosis
listsare utilized to arrive at asingle whole-number triage score.
In this study, we sought to pursue an independent evaluation
against a reference standard in triage (ESI) to validate the
potential for future clinical use of cGPS in actual health care
settings. This blinded study compared cGPS-generated triage
scoresfor 73 sampl e case vignettesfrom the Emergency Severity
Index, Version 4: Implementation Handbook (Agency for
Healthcare Research and Quality, 2005) [17] against the
“gold-standard” ES|-created scores found in the Handbook.

Methods

M ethodology of the Clinical GPS and Emergency
Severity Index Algorithms

The cGPS database was created through physician curation,
which attempts to connect the data inputs physicians receive
directly from patients with all the knowledge, data, and
experience health professionals have acquired over the years.
Multiple physicians began with a list of signs and symptoms
associated with a given diagnosis. Each physician would then
remove and add symptoms based on their experience, available
data, and published guidelines. This process was followed by
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adding associated ranges of severity and frequency (eg, severe
cough is acommon symptom of the diagnosis asthma).

The cGPS system then uses multi-dimensional probability
distribution to build graph representations of how illnesses and
patients are connected. The cGPS algorithm is based on a
probabilistic graphical model, or graph analysis. Graph analysis
is atechnique for making sense of large datasets, primarily by
determining how similar data points are among a range of
parameters. The graph’s nodes include diagnoses, objective
signs, symptoms, laboratory test results, vital signs, and other
common inputsto medical decision making. The edges between
nodes are probabilistic and based on demographic factors,
including age, gender, race, and duration of symptoms. For
example, the baseline probability of “abdominal pain” being a
presentation of the diagnosis “appendicitis’ increases or
decreases depending on factors such asthe patient’s age, gender,
and the duration of the symptom.

Each sign and symptom in the cGPS system was assigned a
range of potential severity scoresfrom 1-5 by aphysician using
the working definition highlighted in Table 1. Physicians also
manually curated the relationships between diagnoses, signs,
and symptoms, and assigned a frequency category, as seen in
Table 2. The physician-curated frequency and severity categories
are then combined to generate probability distribution scores
per diagnosis. For example, “tearing chest pain” may be
considered critical and assigned a score of 2, but because it is
arare symptom for appendicitis, it would not heavily contribute
to the overall cGPS score of the diagnosis. Another exampleis

Table 1. Working definitions used to describe each level of severity.
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the diagnosis of “pneumonia’ presenting with the symptom
“confusion”. This combination is significantly more common
in younger patients and older patients, and less prevalent for
agesin between. While the severity of confusion asasymptom
of pneumonia would be input as an equally severe score of 3
acrossall ages, it would beinput as more common for the young
and elderly.

The ESI algorithm categorizes ED patients by first assessing
acuity level, followed by expected resource needs. Acuity is
determined by the stability of vital functions and the potential
threat to life, limb, or organ. Expected resource needs are
defined as the number of resources a patient is expected to
consume in order to arrive at a disposition decision (discharge,
admission, or transfer). Triage personnel work through an
algorithm of four decision points to arrive at the ES| severity
score and triage level [17].

Both the ESI and cGPS utilize a 5-point scale, with 1
representing the highest severity level and 5 representing the
lowest. The definitions of each triage score are similar between
the ESlI and cGPS, and thus were assumed to be roughly
equivalent. The 5-point ESl and cGPS scales are detailed in
Table 1. The descriptions for the cGPS severity scores were
chosen during the initial development of the program. A key
difference between the scales is that cGPS allows fractional
scores (eg, 4.3) inthe preliminary stage. All such fractionswere
converted to integer values before comparing the scores (see
the Study Methodology subsection below; Figure 1 shows the
algorithm below and Figure 2 shows the cGPS interface.).

Severity score ESI (text descriptors are extrapolated from Figure 2-1A) [17] cGPS

1 Immediate lifesaving intervention required Revivelunstable
2 High-risk situation or confused/l ethargic/disoriented or severe pain/distress  Critical

3 Urgent, complex (2 or more resources) Urgent

4 Nonurgent, less complex (1 resource) Nonurgent

5 Nonurgent (no resources) Referred
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Figure 1. Overview of the algorithm used to derive the triage score.

+The algorithm derives complaints, vital signs, laboratory
Data Inp":’lt results, and other objective information from plain text.

+cGGPS creates a ranked list of likely diagnoses from the
provided information.

Differential Diagnosis

Triage leli s faileeiele)y . #Each diagnosis in the list assigned a range of triage scores.

sFactors including symptoms, demographics, and vitals are
Triage Averaging used to select a whole number score.

Final Triage Score +The resulting output was used in comparision to ESL
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Figure 2. The clinical GPS v2.0 (cGPS) Web-based tool takes clinicians through an 8-step process that supports natural language entry (A) and uses
autosuggestions and “quick picks’ to maximize efficiency (B).

. . . utilization to arrive at atriage score. In contrast, for each set of
g::‘?(larczlnfezs and Emergency Severity Index Algorithm signs and symptoms presented in the input, the cGPS produces

alist of differential diagnoses (Figure 3 shows this) using the
As detailed above, the methods used by the ESI and cGPSto algorithm detailed below (shown in Figure 1). Because the

arrive at these scores are fundamental ly different. The ESI score  approaches are fundamentally untethered, no ESI data were
utilizes acuity information in addition to projected resource used for training the cGPS algorithm prior to the study.
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Table 2. cGPS's physician-curated signs and symptoms frequency categories.

Frequency category Description

Key Required for diagnosis

Very common Occursin >50% of presentations for diagnosis
Common Occursin 10-50% of presentations for diagnosis
Uncommon Occursin 1-10% of presentations for diagnosis
Rare Occursin <1% of presentations for diagnosis

Figure3. Theclinica GPSv2.0 (cGPS) generates differential diagnoseswith severity scores and upstream and downstream possihilities, and follow-up

questions and tests, including associated costs (C & D).
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Study M ethodology

For this study, 73 sample patient case vignettes from the ES|
handbook were entered verbatim into the cGPS. No case
vignettes were excluded from entry. Next, the corresponding
ESI score for each vignette was taken directly from the ESI
handbook, and the blinded scoreswere compared. Asno human
subject or actual patient medical information was used in this
analysis, ingtitutional review board approval and patient consent
were not applicable.
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For each case vignette, the ESI handbook provides a severity
score that was obtained using the ESI triage methodology.
Vignette topics cover awide array of potential pathologies and
severities. The ESI handbook does not list specific differential
diagnoses for each vignette, nor do the vignettes present
objective laboratory data; however, al vignettes include the
patient's age, gender, and at least one sign or symptom.
Whenever present, patient’s complaints, past medical history,
vital signs, and physical exam valueswere entered into the cGPS
program exactly aswritten in the handbook. The narrative nature
of the handbook vignettes was compatible with the cGPS user
interface that allows usersto input coreinformation in aformat
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similar to the history and physica note that physicians
commonly use to document care (Figures 2 and 4 show the
interface). Thus, for each ESI vignette, the data available in the
handbook were entered directly into the cGPS tool, and the
¢GPS algorithm then generated a triage score.

Thispreliminary severity score generated by the cGPS a gorithm
was avalue ranging from 1 through 5 that included afractional
component and was converted to a whole number value.
Average scores with afraction that fell within the middle range
of 0.40-0.60, for example 3.5, required an extra step for
rounding. For these middle range scores in the cGPS, the list
of recommended diagnostic tests and the duration of symptoms
were examined.

The presence of one or more testing modalities considered to
be critical with regard to a specific urgent/emergent diagnosis
(eg, dectrocardiogram for chest pain), aswell asashort duration
of symptoms, caused the average severity score to be rounded
to the next highest triage level. Conversely, the lack of any
suggestions for critical testing modalities or along duration of
symptoms resulted in the score being rounded down to the next
lower triage level. Figure 1 shows an overview of the cGPS
algorithm used to derive a triage score. The cGPS utilized the
individual whole number severity scores for the top 100
diagnoses in the differential diagnosis list to create an average
severity score. It was estimated that using 100 diagnoses would
account for most physicians' lists of differential diagnoseswith
a P<.001. The individua integer severity scores for each
diagnosis were weighted by the baseline prevalence of each

http://medinform.jmir.org/2015/2/e23/
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diagnosis combined with the likelihood it would present with
the given signs, symptoms, and vitals.

Determinants of the severity score for each diagnosis as well
asalist of suggested testing modalitieswere determined apriori
using a medical database constructed using expert level
knowledge and clinical experience. Data were collected in a
Spreadsheet and subsequently analyzed. The fraction of exact
matches between both severity scoreswas calculated for all 73
cases. Additionally, a weighted, quadratic kappa statistic was
calculated to assess agreement between the cGPS and ESI
handbook for all 73 cases, as well as a subset of 41 cases
determined to be severity level 1 and 2 in the handbook.

A quadratic kappa statistic was used because the end value of
agreement is adjusted based upon the degree of disparity
between the two scores. Triage scores that were several
categories apart, for example, were considered to exhibit
nonlinear disagreement. For example, a situation with an
assessed severity of 3, but actual severity of 1, is a potentially
life-ending mistake. As such, we chose to use quadratic kappa
to account for the significant impact of errors several categories
apart. Levels of agreement for the weighted, quadratic kappa
analysis were defined a priori based upon previous research to
facilitate comparisons; values < O indicated no agreement, 0-0.20
dight, 0.21-0.40fair, 0.41-0.60 moderate, 0.61-0.80 substantial,
and 0.81-1.0 almost perfect agreement [18-24]. Although the
highest level of agreement possible was the overall goal, we
considered a level of agreement above “moderate” (kappa >
0.6) as evidence of sufficient potential to pursue further
improvement and testing of this triage algorithm.
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Figure 4. Theclinical GPS v2.0 (cGPS) interfaces directly with the electronic health record (E & F).

CURRENT RESULTS

CURRENT CASE symptom relief advice Triage Level: 4
L MEDLINE PLUS: asthma ‘GO MD OFFICE/URGENT CARE IN 1 DAY

asthma
DOX + QUESTIONS.

reactive airways dysfunction syndrome

environmental irritants

human immunodeficiency virus infections

Summary Save Print Cancel No Save

A 41 years old female presents with DRY COUGH (chief complaints). She states the symptoms have are occuring for 2 days.
She denies: breathing fast, upper abdominal pain, washed out look, dry mouth, difficulty breathing when lying fiat, diarrhea,
urinating less than normal, looks dehydrated, blue lips or dusky skin, choking, clammy skin, gasping for air, chest pain, difficulty
breathing, dizziness, palpitations, wheezing, confusion, black stools.

HISTORY

She is not pregnant. She has not recently given child birth. She is not injured. She does not smoke. She drinks ( 1 drinks/wk).
She does not take medication.

ASSESMENT (AUTOMATED)
CLINICALGPS TRIAGE LEVEL: 4 .

Possible causes for dry cough include GERD, asthma, reactive airways dysfunction syndrome, environmental irritants, and

LOGISTICS

User ash@2028.com Start Time 9/14/2011 1:33 End Time 9/14/2011 1:35 Ellapsed Time 128 se

Results scorein 95% of the cases (69/73 cases). Theweighted, quadratic
kappa statistic was kappa = 0.93 (95% CI 0.854-0.996), as

Clinical GPSand Emergency Severity Index Algorithm ~ F19ures illustrates, and as summarized in Table 3.

Scores

Of the 73 ESI handbook clinical case vignettes, the cGPS
severity score perfectly matched the ESl handbook severity

Table 3. Results of the analysisusing all case vignettes (n=73).

Results
Matched: cGPS = ES| 69
Unmatched: cGPS # ESI 4
Total number of cases 73
Percentage of cases with identical severity score 95%
Weighted, quadratic kappa 0.933 (95% CI 0.854-0.996)
http://medinform.jmir.org/2015/2/e23/ JMIR Med Inform 2015 | vol. 3 |iss. 2| e23|p. 8
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Figure5. Distribution of Emergency Severity Index (ESI) and clinical GPS v2.0 (cGPS) severity scores for the case vignettes (n=73).
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A Subanalysis of Case Vignettes

A subanalysis of 41 case vignettes that were assigned the two
highest severity scores by the ESI, levels 1 and 2, showed that
thecGPSand ES| scores matched exactly in 95% of cases (39/41
cases). A weighted, quadratic kappa statistic for this subgroup
was 0.85 (95% CI 0.750-1.037), as shown in Table 4. However,
although the quadratic kappa statistic for all 73 cases and the

41 cases in the high level subgroup were greater than 0.8, the
lower limit of the CI for the subgroup fallsbelow 0.8, rendering
it not significantly better than “substantial” agreement. There
werefour clinical case vignettesthat differed in severity scores
between the two systems. In two cases, the cGPS assigned a
higher severity score than that of the ESI handbook; it assigned
alower severity score than the ESl handbook in the remaining
two cases (Table 5).

Table 4. Subgroup analysis of case vignettes determined to be severity level 1 or 2 by the ESI system (n=41).

Results

Matched: cGPS = ES

Unmatched: cGPS # ES|

Total number of cases

Percentage of cases where scores were identical

Weighted, quadratic kappa

39
2

a2

0.947

0.851 (95% Cl 0.750-1.037)

Table5. A matrix representation of severity score distribution between the ESI and calcul ated triage score.

ESI
1 2 3 4 5
cGPS 1 13 1 0 0 0
2 0 26 0 0 0
3 0 0 20 0 1
4 0 1 1 4 0
5 0 0 0 0 6
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Discussion

Principal Findings

Lumiata's cGPS v2.0 application ams to provide
patient-specific diagnostic and treatment information based
upon both subjective and objective patient data. A novel feature
of this software package is its ability to infer a 5-level,
ESl-equivalent triage score for patients with a broad range of
clinical pathologies and severities. The cGPS exhibited a high
level of agreement with the ESI when applied to the 73 sample
case vignettes, despite relying upon a very different core
algorithm to derive triage scores. Specifically, the cGPS
generated an average triage score by analyzing an explicitly
created differential diagnosis based on data input into the
Internet system. Each diagnosis was assigned an individual
triage score. As described in the Methods section, these scores
were averaged to produce a fina triage score. The cGPS
produced reasonable, reliable triage scores when applied to
sample cases.

In this investigation, the excellent agreement between the
severity indices suggests that, in a clinical environment, the
¢GPS would assign a triage score similar to that assigned by
the ESI methodology the majority of the time using a similar
5-point severity scale. Furthermore, there was aso good
agreement in triage scores for the subgroup of level 1 and 2
cases, which suggests the cGPS shows promise in identifying
cases with life-threatening pathologies that require urgent or
emergent medical attention. To that end, the cGPS shows
significant clinical potential for evaluating triage. Further
investigation isrequired to determine the accuracy and efficacy
in aclinical setting where it could augment clinical judgment
or existing triage tools such asthe ESI. Importantly, the clinical
conseguences of assigning an incorrect triage score, evenin a
minority of cases, could result in significant diagnostic and
treatment delays. Thisisespecially concerning for clinical cases
incorrectly assigned a lower triage severity. Similarly, an
incorrect assignment of a case with low severity to a high
severity category could result in inappropriate resource
utilization and overall delaysin the diagnosis and treatment for
other patients in a queue. Although this analysis was not
designed to test the accuracy of the differential diagnoses
generated by cGPS, the high level of agreement between the
¢GPS and ESI suggests the individua triage scores assigned
for each item in the differential diagnosis were accurate. It is
unclear whether this suggests relevancy of the differential
diagnosisitself.

We examined the four case vignettes in which the cGPS
assigned a different triage score than the ESI. For the two cases
where the cGPS assigned a greater severity level than the ES
handbook, one case was due to a difference in sensitivity with
regard to the interpretation of vital signs, where cGPS assumed
greater severity dueto aminor aberrancein heart rate. The other
case was due to a lower threshold of safety assumed by the
cGPSin apediatric patient. Both of these caseswere considered
borderline between two discrete levels of severity, which
resulted in the cGPS erring on a higher severity score for
presumed safety. Research on the validity and reliability of the

http://medinform.jmir.org/2015/2/e23/
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ESI in pediatric cases hasfound that pediatric patients are more
oftenincorrectly triaged than adult patients and, overall, patients
under age 18 show the largest variation in triage decision [25].
These results highlight the importance of high-quality, reliable
CDS to back up ED personnel, who may feel less comfortable
making triage acuity decisionsabout children, especially infants.
In the two cases where the GPS assigned a lower severity than
the ESI handbook, the underlying reason appeared to berelated
to alack of information in the cGPS database that correlates
specific signs or symptoms to more severe diagnoses. For
example, one of the cases involved the eye of a construction
worker being exposed to concrete. The cGPS database did not
categorize concrete exposure as a chemical (alkali) splash to
eye, a time-sensitive threat to life or organ, which would
congtitute a very-high-priority level-2 patient in both the cGPS
and ES| systems. Because the cGPS database did not include
concrete exposure as an alkali splash, it was unableto correctly
identify it asacase requiring a higher severity scorethan it was
assigned. Continual improvements to the underlying database
of medical pathologies, as well as the incorporation of stricter
rules regarding the interpretation of vital signs, would help
reducethe frequency of similar inappropriatetriagein thefuture.

ED staff deal with issues that range from overcrowding to
emerging infectious diseases and natural disasters. It isimportant
that they have accessto areliable, accurate, easy-to-use triage
system. The cGPS tool meets those needs, while fitting well
within the existing workflow of triage management for multiple
reasons. Nurses, both in the ED, as well as over the phone,
currently do most triage. Thetool allows nursesto quickly and
effectively document a patient’s current state within minutes,
asthey normally would, while receiving much morerobust CDS
than is currently available within most available systems. In
testing, use of the cGPS tool averages 6 minutes, which is
similar to other CDS systems [26] and is |ess than the amount
of time that entering documentation into an electronic health
record (EHR) typically takes [27]. Furthermore, the fact that
¢GPS follows standard documentation pathways, specifically
the history and physical notes physicians write, makes the use
and integration of such a system significantly easier. Perhaps
the most important aspect for usability is the recognition that
most institutions are not interested in stand-al one dashboards.
If aCDSisnot embedded within the EHR, it isunlikely to find
interest or support. The cGPS tool is meant to be used within
EHRs, utilizing an API, with future plansto communicate using
Fast Healthcare Interoperability Resourcesto allow standardized
communication with all mainstream EHRs.

Limitations

There are several important limitations to this analysis. The
case vignettes presented in the ESI handbook were assumed to
represent reasonable examples of real-life encounters with
patientsin atriage environment, although this assumption was
not specifically validated. A potential confounder includes data
entry into the cGPS. To maintain consistency, only one
researcher was used for data entry; however, this also creates
an opportunity to introduce systematic error into the data entry
process. Also, there are severd different methods we could have
used to round the average severity scores from values with
fractions to a whole number value from 1 through 5. We used
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what we considered to be a reasonable algorithm that would
theoretically err on the side of safety and resolve ambiguity by
rounding to the next higher severity. However, other methods
and any associated differences in results were not explored. In
addition, the generalizability of theseresultsto an actua patient
population is limited given the inherent medical complexities
present in a real clinical environment, as demonstrated in
previous research with electronic triage tools and simulated
cases [8,9]. Finally, this study assumes that the 5-point scales
used by the cGPS and the ESI are roughly equivalent with
respect to identifying levels of illness and patients needs,
although the clinical features that form the boundaries of each
triage level may be subject to end-user interpretation. For the
subgroup analysisof level 1 and 2 cases, wefeel that increasing
the sample size would aid in better characterizing the
significance of the kappa statistic in this patient population.

Conclusions

Despite a high level of agreement among the 73 cases and the
subgroup with the most severe cases, the clinical consequences
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of incorrectly triaging even a minority of cases do not justify
the use of cGPSin aclinica environment without experienced
clinician guidance and comparative measures. We would expect
that prior to any use in an actual clinical setting, all triage
subgroups would meet at least an almost perfect level of triage
score agreement with an established standard such as the ESI.
In addition, the use of cGPS in any clinical setting would also
require establishing its safety and reliability with a controlled
clinica pilot evaluating patient cases in paralel with an
established triage tool and in a prospective manner with different
users and patient populations as well as clinician oversight.

This initial investigation suggests that an automated tool
providing computerized CDS has potential to serve as an
independent triage tool for use by providersin urgent care and
emergency room settings. However, additional prospective pilot
clinical studies and database improvements will be required to
determine the triage accuracy with regard to real patient cases,
various score algorithms, data entry procedures, performance
and usability within clinical environments, and interobserver
agreement between different usersin clinical environments.
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