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Multiple triage systems have been developed in the world. We propose a
statistical model using triage to create an alert system related to mortality
rates that could be used as a screening tool during triage. A prospective

Med. 2021;62(3). https://doi.org/10.11144/Javeriana. ~ cohort of 6438 adults who were admitted to the emergency room of
umed62-3.tria Hospital Universitario San Ignacio between 03/01/2018 and /02/28/2019
was used. The data was divided into “training” and “testing”. A bivariate
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logistic regression between triage and mortality using
“training” data was done. Afterwards, a multivariate
logistic regression was downgraded using the previous
information. In order to find the set point, an Area Under
the Curve (ROC) was calculated using the “testing data”.
The efficiency was evaluated using measures of association.
Three different ROC models were created: “triage” which
showed an ROC-0.82, “reduced” with an ROC-0.90 and
“age+systolic” with an ROC-0.87, thereby not exhibiting
significant difference. The reduced model was chosen,
presenting sensitivity of 0.869, specificity of 0.842, PPV
0.062, and NPV 0.998. A set point was chosen according
to significant variables, demonstrating a higher mortality
rate in those classified as triage 1-2, those over 58 years old,
and those presenting with SBP below 117mmHg. Our final
model could be useful as an additional screening measure
for patients within the same triage classification as an alert
system for mortality.

Keywords

emergency medical services; emergency medicine; triage; mortality;
health status indicators.

RESUMEN

El triaje permite la priorizacién de pacientes segtin su
urgencia médica, y de ahi que este articulo se proponga
realizar un modelo estadistico correlacionado con la
mortalidad para generar alertas desde el triaje con una
cohorte prospectiva de 6438 adultos que ingresaron a
urgencias del Hospital Universitario San Ignacio del
1/3/2018 al 28/2/2019. Se dividieron aleatoriamente los
datos en entrenamiento y prueba. Sobre los datos de
entrenamiento se ejecutd una regresién logistica bivariada
entre triaje y mortalidad, y luego una regresién logistica
multivariada. Después, el modelo se redujo mediante
pruebas de razén de verosimilitud. En los datos de prueba
se realizaron 4reas bajo la curva (ROC, por sus siglas en
inglés) para el cdlculo de punto de corte, que se evalué
con medidas de asociacién. Hubo ROC para los modelos
realizados y se hall6 el modelo triaje con una ROC de 0,82;
“reducido”, con una ROC de 0,90, y “Edad + sist6lica”,
con una ROC de 0,87, sin diferencia significativa. Se
selecciond el “reducido” con una sensibilidad de 0,869; una
especificidad de 0,842; una VPP de 0,066, y una VPN de
0,998. El punto de corte se seleccioné con un 4rbol de
decisiones segtin las variables significativas, que encontré
una mayor mortalidad en pacientes triaje 1-2, con TAS
menor de 117 mmHg y mayores de 58 afios. El modelo final
podria funcionar como tamizacién para generar alarmas de
mortalidad en triaje iguales.

Palabras clave
medicina de urgencias; servicios médicos de urgencia; triaje;
mortalidad; indicadores de salud.

Introduction

The concept of triage was initially created
as a method of classifying patients requiring
immediate management in critical moments
(e.g., war camps), when its usefulness was to
prioritize their care (1). Since the beginning of
the 20th century, the rapid growth of emergency
systems has led to the development of different
triage models in the United States, United
Kingdom and Europe (2,3).

The literature on the subject documents the
first medical triage in an emergency room at
New Haven Hospital (Yale University) in 1963,
whose objective was the prioritization of patients
to access health services (4). At present, triage
systems stand out in three phases: an initial
prehospital phase (management of prehospital
resources and ambulances), a second phase at the
scene (first contact doctors), and a third phase
upon admission to the emergency room (3).

There are tools to prioritize the care of patients
when they are admitted to the emergency
room that have shown an association with
readmission, mortality and admission to the
intensive care unit (2,3,5). Among the best
known are the Australian Triage Scale [ATS]),
the Canadian Emergency Department Triage and
Acuity Scale [CTAS]), the Manchester Triage
System [MTS]), the Emergency Severity Index
[ESI] and the Simplified Acute Physiology Score
(SAPS II) (6).

Triage scales have methodological limitations
and each has been developed in a local
population where heterogeneity among multiple
systems means that there is no universal
consensus or formalized parameters (7). In
addition, the diversity and complexity of each
institution makes it difficult to always have a
correct classification and, therefore, there is no
gold standard to measure its accuracy (3,8).

For eight years, the Hospital Universitario San
Ignacio (HUSI) has been using a triage system
of five levels, based on the recommendation of
experts. It is carried out by a trained nurse,
who takes into account vital signs, reason for
consultation, background, age and gender. Once
one of the five levels has been granted, the
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patient is referred for medical evaluation and care
times are established according to their category.

Although this triage identifies patients
according to five levels, there may be
complementary mechanisms that help to

improve the selection of patients with higher
risk that are in the same classification level,
a situation that may occur more frequently in
tertiary care hospitals with a high consultation
volume. No predictive models were found in
the literature to identify these patients, nor
were there proposals for new models that would
allow this to be done. Here, we propose such
a predictive model with variables found in the
triage system used in a tertiary care hospital in
Bogota, Colombia.

Methods

A prospective cohort study was carried out of
adult patients admitted to the emergency room
of HUSI in Bogota between March 2018 and
February 2019. Patients referred or discharged
without completing medical care within 24 hours
of admission were excluded, for a total of 6438
patients. The Institutional Research Committee
approved the study.

The head nurse triaged the study population
according to the institutional protocol. The
variables collected were taken from both the
triage and the institutional electronic medical
record, with the help of REDCap software,
version 9.1.18 (9). R software, version 3.5.1 was
used for the analysis. (10).

The median was used for demographic
variables; the interquartile range (IQR) for
continuous variables, and relative and absolute
frequencies for categorical variables and missing
data count. Data from the total patient
population were randomly divided into training
(70%) and test (30%). Statistical models were
fitted to the training data and the performance
of these models was evaluated on the test data.
Missing data were omitted without imputation.

Initially, triage was analyzed as an ordinal
variable, and the combination of the variables
triage 4 and triage 5 was proposed as the base
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category in the model, due to the few deaths that
occurred in these two categories.

The data were also analyzed as a single
and multivariate variable, using a bivariate
logistic regression between triage and mortality.
Subsequently, multivariate logistic regression was
run with predictors —gender, age, sex, systolic
blood pressure (SBP) and diastolic blood pressure
(DBP) measured in millimeters of mercury
(mmHg), heart rate (in beats per minute),
respiratory rate (in breaths per minute), arterial
oxygen saturation (Sa0,), Norton scale, hospital
stay, and adverse events—. The likelihood
ratio test was then performed to reduce the
model. Significant interactions were added to
the reduced model to improve its performance
(age, SBE reasons for consultation). Finally,
two models were made, consisting of a reduced
model, composed of the significant variables,
and another model, removing the reasons for
consultation.

In the test data, areas under the curve (ROC)
were calculated to choose the best model from
the three previous ones and select the best
cutoff point. Its performance was evaluated by
sensitivity, specificity, positive predictive value
(PPV) and negative predictive value (NPV).

Subsequently, a decision tree based on the
significant data was proposed in order to
obtain cut-off points for clinical decision making
complementary to triage. In addition, three
possible decision tree models CART, CHAID and
Conditional Tree were proposed. (11).

Results

Table 1 shows the demographic characteristics
of the study data. There was no significant
difference between the death and survival groups
in terms of the proportion of men and women

who consulted the HUSI during the established

time.
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were run, consisting of the variables for which

Table 1 significance was found (reasons for consultation,
Variables used in HUSI triage for patient classification age, and systolic blood pressure). One model
and demographic characteristics obtained through the was composed of all of them, called the reduced

medical record.

model (Table 2), and in the other model, called
Age + SBP, the different reasons for consultation
were removed, given the great heterogeneity and
segregation of each factor (Table 3).

Table 2

Coefficients that make up the proposed reduced model
with each of its characteristics (beta, standard error
and z and p values)

*
Statistical significance IRQ: interquartile Reduced model
range; mmHg: millimeters of mercury. Coefficients Beta Standard error z value p value
Age 0.06483 0.00863 7.507 6.05e-14""
. Systolic blood _ _ 11
The variables analyzed that showed a pressure 004489 0.00666 6733 ]  tetell
. f ff . Dyspnea 1.95259 0.35630 5.480 4.25¢-08""
significant difference were: age measured in Suspected mfection | 115860 34350 T30 o000
IQR (59,80 for death), SBP (IQR 95,132) Altered mental status 2.12041 0.59252 3.579 0.000345™"
) Referral 167652 055423 3.025 0.002487
and Reasons for consultation: dyspnea, altered
mental status and referral. These variables were
used to develop the logistic regression models.
The remainder of Table 1 shows the HUSI
triage components, composed of the remaining Table 3
hemodynamic variables (heart rate, respiratory Coefficients that make up the Age + Systolic model,
proposed with each of its characteristics (beta,
rate, DBB and SaO.Z). Othef reasons for standard error and z and p values).
consultation and patient history were not
statistically significant, so they were not proposed Age + Systolic model
. . . . Coefficients Beta Standard error z value p value
for inclusion in the model, although the Mortality |5 075 000813 0203 T
group had higher heart and respiratory rates, Systolc blood ~0.04838 0.00615 7861 | 38le15™

lower DBE, and a higher frequency of history of
heart failure, chronic kidney disease, severe liver
failure, and metastatic neoplasia, compared to
the Survival group.

Finally, regarding triage, it was observed that

ROC:s were performed for the univariate triage
model and for the two models proposed for the
generation of alerts in patients with the same
, - > ) triage level. We found that the ROC of triage is
patients classified as 1-2 had higher mortality 0.82, the ROC of the reduced model is 0.90, and

vs. patients classified as 3, 4 or 5. This shows a the ROC of the Age + SBP model is 0.87, as can
direct relationship between the level of triage and be seen in Figure 1. ’

mortality.
Predictive models

A univariate model is proposed with continuous
triage, which had an ROC of 0.82, which is
the cut-off point for comparison with other
models. Subsequently, two multivariate models
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Figure 1

Areas under the curve of institutional triage and the different models proposed
(triage only, reduced model and Age + SBP model).

When performing Delong tests between the
models, no significant difference is evident
between the reduced model (12) and the Age +
SBP model, so either of these could be used, with
the objective of prioritizing a patient in the same
triage level.

With the confusion matrix of the reduced
model (Table 4) and the test data, which
consisted of a total of 1925 patients, it was
observed that it was possible to prioritize 16.6%
of the patients by applying the model (320). In
addition, the following operating characteristics
were obtained: sensitivity of 0.869, specificity of

0.842, PPV of 0.066 and NPV of 0.998.

Table 4
Confusion matrix of the reduced model

Prediction Alive Dead
Normal control group | 1602 3
Prioritized group 300 20

Based on the data found and the evidence that
the Age + SBP model could generate alerts for
the prioritization of patients with the same level
of categorization, a decision tree was considered,
to obtain cut-off points for possible use in clinical
practice using the CHAID model. Table 5 shows

the characteristics of the data model used for
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the decision tree. The age ranges and SBPs were
divided into four groups, each with an equivalent
number of patients, to allow comparison.

Table 5
Data model performed on the variables age and
systolic blood pressure

Age ranges (vears)

SBP ranges (mmHg)

17-26 (1139 patients)

10-117 (1220)

26-39 (1109 patients)

117-127 (1071)

39-58 (1179 patients)

127-139 (1101)

58-98 (1070 patients)

139-247 (1105)

Figure 2 shows the proposed decision tree. The
figure demonstrates how in triages 1-2, a cut-off
point was found for the SBP of 117 and for an age
of 58 years; while for triage 3, a decision cut-off
point was found for an age of 58 years.

. 3

(117-127)

(127-139)

{39247 (‘epap ) i

N (17-26)
(26-39)
(38-58)

12

10117

(17:26)(26-39)

(58-98)

(39-58)(58-98)

Figure 2

Decision tree of the CHAID model with cut-off points for systolic blood pressure
and age in case of triage of the same level 1-2 and for age within level 3 triage.

Discussion

The classification of patients in the emergency
room is vital, since it can influence their
morbidity and mortality. In a health care
institution, triage is the area in charge of
classifying the priority of care with the help of
a suitable method to achieve a reduction in
negative outcomes, speeding up processes and
avoiding overload (6,8). Multiple classification



CamiLo JiMENEZ, PETER OLEJjuA, LEONAR GIOVANNI AGUIAR, ET AL.

scales have been proposed worldwide, among
which the ATS, CTAS, MTS, ESI and SAPS II
stand out (6).

To date, there is no reference standard for
measuring the accuracy of triage, and none of
these models have been shown to be superior
to any other, since their use depends on the
region and institution where they were proposed
or adopted. (13-15).

When analyzing the mortality group, we
found that triage categorization is related to
mortality. A decrease in the percentage of deaths
is associated with an increase in the level of
categorization (triage 1 with 14.29% of deaths,
triage 2 with 9.59% of deaths and triage 3 with
1.48% of deaths).

Although our triage model shows a correlation
with mortality, the comparison by ROC is not
direct with other currently used triage models.
Multiple studies have analyzed the relationship
between the classification level of a triage scale
and hospital admission. When looking for the
relationship between triage and mortality we
found a study by Van der Wulp et al. (16),
published in Emergency Medicine Journal, which
documents that 82.1% of patients (from a cohort
of more than 35,000 patients) who died were
classified as category 1 in ESI, and 75.9% of
patients who died were classified as a red category
in MTS (16).

When comparing mortality by triage level, a
similarity was found between the ATS, ECTAS
and MEETS scales and the findings of the triage
performed at HUSI, with the highest mortality for
triage 1 (ATS: 12 %; ECTAS: 22 %; MEETS: 14
%; HUSI: 14 %). For triage 2, similar mortality
was observed among scales (ATS: 5 %; ECTAS:
6 %; MEETS: 2.1 %; HUSI: 9.59 %) (17).

The ATS and MTS scales have been reviewed
on multiple occasions and it has been found that
in ATS about 18% and in MTS about 15% of
patients were classified in categories II or III,
which would imply a possible negative impact on
the outcomes of critically ill patients (18,19).

Our data show that of 79 patients who died,
54.4 % were classified as triage 1-2, although the
number of patients analyzed was lower than in
the studies cited in previous paragraphs, where

mortality is compared with different classification
scales. Likewise, we found that 44% of the deaths
were classified as triage 3; while on scales such
as the ESI or the MTS, 7.1% and 3.4% are
documented, respectively (16). This leads us
to ask whether there is a possibility of under-
triage, as suggested in other scales (20), or if
the characteristics of the patients admitted to
the HUSI had an effect, as participants for the
study corresponded to 40 deaths of patients with
oncologic pathology.

This study reveals the discriminatory power
of the proposed models with an ROC of 0.90
for the reduced model, and 0.87 for the Age
+ SBP model to predict in-hospital mortality
of patients admitted to the emergency room of
a university hospital for a medical or surgical
condition. This measure is much better than
the 0.82 for triage alone, and could be useful
to generate additional alerts to classification in
equivalent levels, allowing for improved patient
admission prioritization.

If we analyze the proposed models, we find a
significant difference between the reduced model
vs. the Age + SBP model. This finding could be
interpreted to recommend the use of generating
alarms in patients with important characteristics
of higher age and greater SBP involvement with
the same level of triage.

When analyzing the different scales by the
GRADE method, no strong evidence is found
for the standardization of criteria among them.
What is more striking is that the ability to include
individual hemodynamic variables to predict
outcomes has not been extensively studied (17).

Considering a possible clinical
implementation, it was decided to perform a
decision tree with the data from the Age
+ SBP model. Cut-off points were found as
prioritization characteristics among these groups:
for the combined group of triage 1-2--an SBP
less than 117 mmHg and an age greater than 39
years--, and in triage 3 an age greater than 58
years. It should be considered that with a larger
population. these cut-off points could vary.

As limitations, we found that the data in the
HUSI triage have wide segregation, mainly in the
variables Reason for consultation and History,
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which are presented as multiple pathologies and
concepts that could be organized into coherent
groups for further analysis. Despite verifying the
way in which the data were collected, there could
be biases secondary to human error, a situation
that we tried to avoid with a subsequent double
data-by-data review after obtaining all the data.

In the future, the model proposed could serve
as a basis for more complex models involving
the use of techniques such as Machine Learning
or Deep Learning, which may have a better
predictive performance than logistic regression.

Considering the above, we propose to
apply the statistical model for feasibility and
prospective studies, and implementation of this
model in the emergency room to help in the early
detection of patients with increased mortality
probability.
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