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ABSTRACT
Background and Aims: Emergency Department (ED) overcrowding and delays in care affect patient outcomes. While triage

systems prioritize care based on urgency, the role of waiting time in mediating the relationship between triage color codes and

1‐year mortality remains unclear. This study investigates this mediation effect to improve triage protocols and patient outcomes.

Methods: A retrospective cohort study was conducted using data from the Fondazione Policlinico Universitario Agostino

Gemelli IRCCS ED (2014–2018). The sample included patients assigned green and yellow triage codes, excluding red and white

ones. The outcome was 1‐year mortality; the mediator was waiting time, defined as the delay between triage assignment and

medical evaluation. Causal mediation analysis estimated direct, indirect, and total effects, with sensitivity analyses assessing

robustness to unmeasured confounding.

Results: Among 56,284 observations, older patients and yellow‐coded individuals showed higher 1‐year mortality. Waiting time

did not significantly mediate the relationship between triage code and mortality (ACME OR: 1.001, 95% CI: 0.999–1.002). Triage
code, however, had a direct significant effect on mortality (ADE OR: 1.01, 95% CI: 1.004–1.007). Waiting time mediated a small

proportion of the effect (3.4%–13.9%). Sensitivity analyses indicated the mediation effect was sensitive to unmeasured

confounding.

Conclusions: Triage color code strongly predicts 1‐year mortality, independent of waiting time within standard thresholds. For

lower‐acuity cases, reducing waiting time further may not improve long‐term outcomes. Future research should validate these

findings across multicenter settings and explore Italy's updated five‐color triage system to optimize care delivery.
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1 | Introduction

As the primary line of defense in a healthcare system, the
emergency department (ED) addresses both disaster situa-
tions and everyday urgent needs [1]. Known for its effi-
ciency in delivering critical, life‐saving treatment, it also
serves as a key provider of ambulatory services [2]. How-
ever, a significant portion of visits to the ED involves non-
urgent conditions, contributing to inflated healthcare costs,
unnecessary diagnostic tests, and potentially avoidable
treatments [3]. These challenges are compounded by the
increasing demand for emergency services, which often
exceeds the available resources, leading to overcrowding—a
persistent concern in EDs worldwide [4, 5]. Although
a precise, universally accepted definition does not exist,
overcrowding typically occurs when the number of patients
waiting for care exceeds the ED's available space and staff-
ing capabilities, thereby disrupting its normal functioning
[6]. EDs are critical points of care in healthcare systems,
where timely and accurate clinical decisions can signifi-
cantly affect patient outcomes [7].

Overcrowding raised concerns regarding patient safety and
mortality, particularly related to waiting times for evalua-
tion and treatment [8]. Treatment delay is defined as the
time between the onset of symptoms and the initiation of
medical intervention [9]. Such delays often adversely impact
patient outcomes in the ED, leading to poorer prognoses [9].
For instance, failing to administer antibiotics within 3 h [10]
or thrombolysis within 60 min [11] can significantly affect
the quality of care and worsen patient progression. By sys-
tematically assessing the urgency of each patient's condi-
tion, triage ensures that those with the most critical needs
receive prompt attention, while less urgent cases are prior-
itized accordingly [12].

This process helps manage patient flow effectively, reduces wait
times for urgent cases, and improves overall care quality. Proper
triage is essential for optimizing resource allocation, enhancing
patient outcomes, and minimizing delays in treatment [13].
Triage errors fall into two categories: under triage and over
triage. The former happens when a patient's condition is not
given the urgency it requires, causing them to receive insuffi-
cient care, which might aggravate their health problems [14].
The latter, on the other hand, involves providing more imme-
diate care than necessary to patients with less critical condi-
tions, leading to the inefficient use of resources and possibly
exposing patients to unnecessary and potentially harmful
procedures [15].

Emerging evidence suggests that initial triage decisions may
also have significant long‐term implications, potentially shaping
overall patient trajectories: in particular, under triage can have
a substantial impact on long‐term outcomes, as delays in
appropriate diagnosis and treatment may exacerbate underlying
conditions, complicate recovery, and ultimately increase mor-
tality risk [16]. Additionally, prolonged waiting times, especially
for patients assigned lower acuity codes, may further compro-
mise outcomes by delaying essential care, exacerbating pre‐
existing comorbidities, and increasing the risk of adverse
events [17].

In the ED, triage is one of the most vital and complex respon-
sibilities assigned to nurses [18]. The role requires quick
decision‐making, strong communication, critical thinking, and
the ability to handle multiple tasks at once [19]. Triage nurses
are expected to assess and prioritize patients within minutes
[20], and errors in these decisions can have life‐or‐death con-
sequences. While triage nurses must be highly skilled in making
these urgent decisions, their capacity to process information is
challenged by growing patient numbers, increasing severity of
cases, limited resources, and the unpredictable nature of the ED
[21]. This combination of factors heightens the pressure on
triage clinicians, making it increasingly difficult to ensure
accurate and effective patient assessments [22].

Despite the widespread recognition of these challenges [21], the
mediating role of triage categorization in the relationship
between ED waiting times and patient mortality has been un-
derexplored. Understanding how triage assignment interacts
with waiting time to influence 1‐year mortality is crucial for
optimizing triage protocols and improving patient outcomes.

The aim of this study is to analyze the mediation effects
between the assigned triage color code and waiting times for
evaluation in the ED, and how these factors collectively influ-
ence 1‐year mortality.

2 | Materials and Methods

This study was approved by the Ethics Committee of the FPG
(Prot. 0025817/22, ID 5121, approved on 28th July 2022). For all
eligible patients, informed consent was obtained following a
detailed explanation of the study. Anonymity and protection of
personal data was ensured, while also guaranteeing participants
the right to decline or withdraw from the study at any stage.
The research adhered to the principles of good clinical practice,
the Declaration of Helsinki, and all relevant regulations.

This study adhered to the “A Guideline for Reporting Mediation
Analyses (AGReMA) statement”, to ensure comprehensive and
transparent reporting of the causal mediation analysis.

2.1 | Study Design and Source of Data

This retrospective cohort study was conducted using informa-
tion retrieved from the administrative data set of the ED at the
Fondazione Policlinico Universitario Agostino Gemelli IRCCS
(FPG) in Rome, Italy. The FPG is the largest hospital in Italy
and its ED handles over 68,000 cases annually, predominantly
addressing the healthcare needs of the Lazio region's popula-
tion. Our data set spans the period from 2013 to 2023; however,
the analysis was limited to the years 2014–2018 for several
reasons. Firstly, records from 2020 onwards were excluded due
to the onset of the COVID‐19 pandemic. Additionally, data from
2019 were omitted from the baseline analysis but adopted to
construct our indicators, as it is necessary to observe visits to the
ED within 1 year of the last access. Similarly, the 2014 data were
used solely to generate control variables related to previous ED
visits.
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2.2 | Target Population and Sample Size

Sample size was obtained by a convenience sampling. Partici-
pants were consecutively recruited from individuals who pre-
sented to the ED and were subsequently admitted. Each patient
was assigned a unique triage code (i.e., white, green, yellow, or
red) upon arrival, which corresponded to their clinical urgency.
The patients were seeking evaluations for varied clinical pre-
sentations, including trauma or burn and other symptoms or
disorders. Those diagnosed, at the triage stage, with time sen-
sitive severe diseases coded as red code (e.g., myocardial
infarction, stroke, sepsis) were excluded.

Furthermore, only nurses, who triaged at least ten individuals
per month, resulting in a sample of 59 nurses, observed between
2015 and 2018, were included.

2.3 | Study Variables and Definitions

The outcome variable (Y) for this study was the 365‐day mor-
tality rate, defined as a binary variable, with a value of 1 sig-
nifying that the patient passed away within a year after being
released from the ED and 0 indicating that they survived past
this time.

The treatment or exposure variable (T), investigated in
relation to mortality, was the triage color code assigned
during triage in the ED. In Italy, up until 2019, four triage
color codes were used: red, yellow, green, and white. Each
color code was associated with a specific severity of illness
and a corresponding waiting time. The red code, assigned to
patients with alterations in vital functions, allowed imme-
diate access to the ED. The yellow code was designated for
patients at risk of alterations in vital functions and was
associated with a waiting time of up to 60 min for entry into
the ED. The green code, for patients who were not at risk
and in stable condition requiring only simple therapeutic
interventions, had a maximum waiting time of 120 min.
Finally, the white code was assigned to patients not at risk
of life‐threatening conditions and who did not require
hospital intervention, and thus incurring a health service
fee and facing a maximum waiting time of 240 min [23]. For
the purposes of the analysis, the red codes were excluded
since their waiting time is zero, indicating emergencies that
necessitate immediate attention. White codes were dropped
due to the extremely low number of observations within the
data set.

The mediator variable (M) was the waiting time defined as the
difference between the time of triage color code assignment and
the time of acceptance (i.e., entry and evaluation) in the ED. It
was calculated in hours for each patient.

Additional covariates, as well as potential confounders, assessed
in this study for each patient included age, gender, day of
the week and month of ED admission. Furthermore, char-
acteristics of the ED and nursing staff were considered, such as
the number of daily ED admissions (i.e., overcrowding), the
experience of the nurses (i.e., number of visits per month), and
the presence of night shifts.

2.4 | Effects of Interest

In the present study, the following effects of interest were
investigated: (i) the total effect (TE) of triage color code on
1‐year mortality, which encompasses both direct and indirect
pathways; (ii) the direct effect (ADE) of triage color code on
mortality, independent of waiting time; and (iii) the indirect
effect (ACME), also known as the mediation effect, which
captures the impact of triage color code on mortality through
waiting time. Additionally, (iv) the proportion mediated (PM)
was assessed, representing the proportion of the total effect
explained by the mediator. Further, (v) the controlled direct
effect (CDE), evaluating the impact of triage color code on
mortality with waiting time held constant, (vi) the natural direct
effect (NDE), and (vii) the natural indirect effect (NIE), which
allow the mediator to vary naturally under different conditions
were also considered.

2.5 | Causal Model and Assumptions

The validity of the causal mediation analysis is strictly related to
the key assumptions outlined before the conduction of the
analysis. Particularly, consistency was assumed so that out-
comes and mediators, for each individual, are consistent with
their observed values under the actual treatment received.

Furthermore, also positivity was considered to ensure that every
combination of covariates has a non‐zero probability of receiv-
ing each treatment level and each mediator value. This is cru-
cial for guaranteeing sufficient variability to estimate the effects
accurately.

No unmeasured confounding was assumed, meaning that all
variables that could potentially confound the relationships
between the triage color code (i.e., treatment), waiting time in
the ED (i.e., mediator), and 1‐year mortality rate (i.e., outcome)
were measured and included in the model. In doing so, bias
from unmeasured variables may be eliminated.

The sequential ignorability assumption was also applied, which
posits that the assignment of the triage color code is indepen-
dent of the potential mediator (i.e., waiting time) and potential
outcomes (i.e., 1‐year mortality), given the observed covariates.
Additionally, the mediator is assumed to be independent of the
potential outcomes, given the treatment and the observed
covariates.

To further elucidate the assumed causal relationships, a causal
directed acyclic graph was set up to visually represent the
pathways and dependencies among the variables included in
the model (Figure 1).

2.6 | Statistical Analysis

Initial descriptive statistics were performed on the study pop-
ulation and populational subgroups based on 365‐day mortality.
Multivariate regression analyses were performed to assess
potential confounders of both the mediator and the outcome.
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Specifically, the mediator was regressed on the treatment and
various covariates, while the outcome was regressed on the
treatment, mediator, and the same set of covariates. Variables
that significantly predicted the mediator and the outcome were
identified as potential confounders. For both models, variance
was estimated using robust standard errors to ensure validity
under potential heteroscedasticity [24, 25].

Conventional mediation analysis, developed by Baron and
Kenny in 1986 [26] and further elaborated by MacKinnon in
2008 [27], is based on the principles of linear structural equa-
tion modeling (SEM).

In causal mediation analysis, the causal mediation effect is
defined, in the potential outcome framework, as the difference
between the participant's observed outcome and a counter-
factual outcome, where the treatment status remains identical,
but the mediator value is equal to what it would be under the
alternative treatment status,

δ t Y t M Y t M( ) = ( , (1)) − ( , (0))i i i i i

where t= 0, 1.

To compute causal mediation effects, two regression equations
are first specified and fitted. Specifically, a logit model was
employed for the outcome while a linear model for the
mediator:

P Y T M X
e

( = 1| , , ) =
1

1 +
i

β β T β M β TM β X ε
( )

(−( + + + + + ))i i i i i Y0 1 2 3 4

M α α T α X ε= + + +i i i M0 1 2

where Y is the binary outcome, T is the treatment, M is the
mediator, and X is a vector of covariates. In the outcome model,
β0 is the intercept, β1 is the coefficient for the treatment, β2 is the
coefficient for the mediator, β3 is the coefficient for the interac-
tion between the treatment and the mediator, β4 is a matrix of
coefficients for the covariates, and εY is the error term. The
outcome model regressed 1‐year mortality (Y) on T, M, their

interaction (T × M), and the covariates using a binomial gener-
alized linear model with a logit link, with heteroskedasticity‐
robust standard errors. In the mediator model, α0 is the intercept,
α1 is the coefficient for the treatment, α2 is a matrix of coefficients
for the covariates, and εM is the error term [28]. The mediator
model regressed waiting time (M) on triage color code (T) and
covariates using linear regression also with heteroskedasticity‐
robust standard errors.

Once mediation and direct effects have been estimated, sensi-
tivity analyses were conducted to explore how robust the find-
ings are to the mediator–outcome ignorability assumption.
Therefore, the Rho parameter (r) was assessed to measure
the degree of correlation, between the error terms of the
mediator and the outcome models, which could point out the
presence of unmeasured confounding that might bias the esti-
mated mediation effects.

A r equals to zero implies that there is no unmeasured con-
founding affecting the mediation analysis, and the assumptions
of the mediation analysis hold true. Conversely, a non‐zero ρ
indicates the presence of some correlation between the error
terms. Regarding the magnitude and direction, a positive ρ
suggests that unmeasured factors are positively correlated with
both the mediator and the outcome, leading to overestimation
of the mediation effects. A negative ρ outlines the diametrically
opposite effect.

The results of the mediation analysis are usually estimated in
terms of the original scale of the outcome variable [29] and the
confidence intervals generated using a quasi‐Bayesian Monte
Carlo method with 1000 draws. This approach involves drawing
many simulated samples from the posterior distribution of the
estimated parameters. By repeatedly sampling from this distri-
bution, the method approximates the distribution of the medi-
ation effects allowing for the construction of confidence
intervals, thus capturing the uncertainty in the mediation esti-
mates. Nonetheless, to ease the interpretation of the findings,
results were expressed and reported as odds ratios (OR) along
with their respective 95% confidence intervals (CI), calculated
according with the method suggested by Katz et al. [30].
Missing data were handled using a complete‐case approach.

All statistical analyses were performed using R (R Foundation
for Statistical Computing, Vienna, Austria) version 4.4.1 and
significance was set at 5% (p< 0.05). The mediation analysis
was conducted adopting the mediation package [31, 32].

3 | Results

3.1 | Descriptive Statistics

A total of 60,652 recordings were collected from the main data
set, and a total of 56,284 observations were recorded for each
individual following a preliminary analysis of the same data set,
more specifically by deleting missing data regarding variables
considered in this study. The 365‐day mortality has been
assessed and is reported stratified by triage code status and
other variables in Table 1.

FIGURE 1 | Causal directed acyclic graph illustrating the assumed

relationships between triage color code (i.e., treatment), waiting time in

the ED (i.e., mediator), 1‐year mortality rate (i.e., outcome). The arrows

represent the assumed causal directions.
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Regarding gender, there is a noticeable disparity in 365‐day
mortality, with fewer males dying within 1 year compared to
females (137 vs. 163, respectively). Nevertheless, the number of
males surviving beyond 1 year is greater compared to females
(29,972 vs. 26,019, respectively). The 365‐day mortality rate is
notably higher among yellow‐coded females.

The difference in 365‐day mortality is also observable con-
cerning the average age and age groups: individuals who died
within 1 year are, on average, older compared to those who
survived (82,45 years vs. 39,14 years, respectively). Specifically,
among both those who died within 1 year and those who did
not, the majority are yellow coded individuals. When catego-
rized by age, the distribution of deaths within 1 year is as fol-
lows: 0 subjects aged 0–14 years; 1 individual aged 15–34 years;
eight individuals aged 35–50 years; 14 individuals aged
51–64 years; and 277 individuals aged 65 years or older. In
contrast, among those surviving beyond 1 year, there are 13,423
individuals aged 0–14 years; 13,093 individuals aged
15–34 years; 10,003 individuals aged 35–50 years; 7,775 in-
dividuals aged 51–64 years; and 11,697 individuals aged 65 years
or older. Among those dying within 1 year, the largest segment
consists of individuals aged 65 years or older. In contrast,
among those surviving beyond 1 year the majority comprises
individuals aged 0–14 years.

Concerning ED descriptive characteristics, mean waiting
time (calculated as the mean time between the allocation of
the triage code and the medical visit within the ED) for those
who died within 1 year was lower than for those who sur-
vived beyond 365 days (0,57 h vs. 0,93 h, respectively). More

specifically, among those who died within 1 year, individuals
with yellow code status waited a mean time of 0,44 h, com-
pared to 1,13 h for those with green code status; meanwhile,
those surviving beyond 1 year waited a mean time of 0,40 h if
they were flagged yellow at the triage, or 1,12 if they had a
green flag. The average daily hospital admission was 275,92
individuals.

3.2 | Causal Mediation Analysis

Causal mediation analysis showed that there is no strong evi-
dence that waiting time significantly mediates the relationship
between the triage color code and 1‐year mortality. The esti-
mates for ACME are quite small and not statistically significant
(OR 1.001, 95% CI: 0.999–1.002), implying a minimal impact of
the mediator on the outcome.

Conversely, triage color code had a direct significant effect on
1‐year mortality, independent of waiting time. Although small,
estimates for ADE are highly statistically significant with an
increase of one‐point percent in the probability of 1‐year mor-
tality when increasing the severity of the clinical condition (OR
1.01, 95% CI: 1.004–1.007).

Besides, TE estimates are statistically significant (OR 1.006, 95%
CI: 1.004–1.008), confirming the robust association between
triage color code and 1‐year mortality.

Analyzing the PM, waiting time mediated roughly the 3.4%
(95% CI: 1.2%–12%) to 13.9% (95% CI: 5.8%–38%) of the effect of

TABLE 1 | Demographic and ED characteristics for individuals dying within 1 year and those not.

Individuals died within 1 year Individuals alive within 1 year

Green Yellow Green Yellow

Demographic characteristics (% col)

Sex

Male (%) 24 (40,00) 113 (47,08) 22,723 (54,24) 7,249 (51,42)

Female (%) 36 (60,00) 127 (52,92) 19,171 (45.76) 6,848 (48,58)

Age, years (mean) 77,93 83,58 35,31 50,54

Mean age for dead or alive within 1 year 82,45 39,14

Age class

0–14 (%) 0 (0) 0 (0) 11,077 (26,44) 2,346 (16,64)

15–34 (%) 0 (0) 1 (0,42) 10,685 (25,50) 2,408 (17,08)

35–50 (%) 6 (10.00) 2 (0,83) 8,127 (19,40) 1,876 (13,31)

51–64 (%) 2 (3,33) 12 (5,00) 5,978 (14,27) 1,797 (12,75)

> 65 (%) 52 (86,67) 225 (93,75) 6,027 (14,39) 5,670 (40,22)

total 60 240 41,894 14,097

ED characteristics (% col)

Waiting time (mean, hours) 1,13 0,44 1,12 0,40

Mean waiting time for dead or alive within
1 year

0,57 0,93

Mean Daily Hospital Admission 275,92
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the triage color code on mortality in control and treated groups,
respectively.

Sensitivity analyses indicated that ACME are small or close to
zero under the assumption of no unobserved confounding.
Notwithstanding, the estimated ACME becomes sensitive to
positive unobserved confounding as ρ increases beyond 0.3. The
presence of unmeasured factors that are positively correlated
with both waiting time and mortality implies that ACME could
be more substantial than the initial estimates suggest (Fig. S1).
Under the alternative scenario, the scenario does not change
since as ρ increases ACME weakens and may become neutral or
slightly positive under high levels of positive unobserved con-
founding (Fig. S2). Changing the sensitivity parameter to R2, the
sensitivity analysis shows that ACME is relatively robust to
unmeasured confounding, even though its magnitude decreases
as more variance in either the mediator or the outcome is ex-
plained by unobserved factors. Unobserved confounders
affecting the waiting time have a larger influence on the ACME
than those influencing the 1‐year mortality (Fig. S3). Even in
the alternative scenario, the ACME is more sensitive to con-
founders affecting waiting time than to those affecting mortal-
ity. The computed ACME is positive and small when no
unobserved confounding is assumed (~0.008). However, as
more variance in the mediator or outcome is explained by
unmeasured confounders, the mediation effect decreases
(Fig. S4). Sensitivity plots are presented in the Supporting
Information.

4 | Discussion

The triage color code has a significant direct effect on 1‐year
mortality, meaning that the assignment of a triage color has a
direct association with the likelihood of mortality, irrespective
of a waiting time lower than 6 h which does not mediate the
relationship between the other two variables in any meaning-
ful way.

Other studies have similarly investigated the effect of waiting
times on mortality in ED. Jones et al. [33]. investigated the
association between ED wait times and all‐cause 30‐day mor-
tality rate. The largest shift in the 30‐day standardized mortality
ratio was an 8% rise, observed in the patient cohort that waited
over six to 8 h in the ED from arrival. These results are in line
with those of our earlier observations, which showed no sig-
nificant indirect effect of waiting time on 1‐year mortality. Our
results seem to be consistent with other research [34] which
found that patients who spent more than 8 h in the ED had a
notably higher risk of adverse outcomes compared to those with
shorter waiting times. In addition, our findings are further
supported by Plunkett et al. [35], who demonstrated that
increasing wait times, particularly beyond 6 h, significantly
increased mortality rates for emergency medical admissions.
Byrne et al. [36], similarly, highlighted the link between waiting
times and mortality, finding a 6.6% mortality rate for patients
waiting less than 4 h.

Among the studies examining the relationship between triage
color codes and 1‐year mortality, Gonçales et al. [37]. employed
the Manchester Triage System (MTS) [38]. to prioritize patient

access to the ED. The study concluded that the triage system,
administered by hospital nurses, served as a reliable predictor of
30‐day mortality among ED patients. Specifically, the risk of
death was found to be highest for patients assigned a red code,
followed by those categorized as orange, with progressively
lower mortality risk for patients classified under yellow, green,
and blue, respectively.

Another study from Daebes et al. [39]. examining the South
African Triage Scale (SATS) [40]. in emergency medical services
assessed the relationship between triage color code and 30‐day
mortality. The findings revealed that patients assigned a red
triage code had an increased likelihood of experiencing death
within 30 days.

The joint reading of these findings allows for some conceptual
main implications.

For lower‐acuity patients, further reductions in waiting time
below referenced thresholds may not yield to substantial
improvements in long‐term survival. However, prioritizing
timely care for patients with urgent triage codes remains crucial
for short‐term survival.

Furthermore, the direct effect of triage color code assignment
on 1‐year mortality underscores the predictive power of triage
systems in determining patient outcomes. Improving the accu-
racy and consistency of these assignments could be critical in
enhancing patient care, particularly for those at higher risk of
adverse outcomes. To achieve this, a dual approach could be
considered: leveraging the expertise of experienced nurses
alongside AI‐driven decision support tools.

Nurses bring valuable clinical judgment to the triage process,
drawing from their experience and contextual understanding of
each patient's condition. Nonetheless, human judgment can
sometimes be influenced by workload, stress, or environmental
factors, potentially leading to variability in triage decisions. By
integrating AI‐based systems that analyze real‐time patient data
and historical trends, healthcare facilities can provide nurses
with enhanced support in making more consistent and accurate
triage decisions [41]. AI tools could assist in identifying subtle
clinical signs that might indicate a higher risk of mortality or
deterioration, particularly for borderline cases where the
urgency may not be immediately clear.

Triage systems worldwide exhibit similar patterns in predicting
patient mortality [42–44]. This convergence in predictive
accuracy indicates that triage systems, despite geographical and
procedural differences, are broadly effective in stratifying
patient risk in emergency settings. Such consistency presents an
opportunity for cross‐system learning, where healthcare facili-
ties can collaboratively refine triage practices by sharing data‐
driven insights and best practices to improve ED efficiency and
patient care outcomes.

Sharing best practices could help standardize triage protocols
globally, leading to improved patient outcomes. For instance,
hospitals with successful AI‐enhanced triage models could
share implementation strategies and outcome data with insti-
tutions that are developing or refining their triage protocols.
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Additionally, cross‐system comparisons could highlight specific
areas for improvement, such as the optimal integration of triage
systems with downstream care processes. Such collaborative
approaches can foster a global framework for continuous
improvement in triage practices, enabling EDs to manage
patient flow more efficiently and reduce mortality rates across
diverse healthcare settings.

The present study should be considered in light of its main
limitations and strengths. The observed small magnitude of
the mediation effect may be partly related to the low number
of deaths within the sample, which could reduce the statis-
tical power and impact the overall findings. Nonetheless, the
large sample size may enhance the reliability of the results
and allow for a nuanced understanding of how triage color
codes relate to mortality outcomes over 1 year. Another
caveat concerns the mediation effect of waiting time, which
was found to be minimal and highly sensitive to unobserved
confounding, suggesting that the true mediation effect could
be underestimated. Notwithstanding, the use of sensitivity
analyses could offer insights into both the direct and indirect
effects of waiting time on the studied association. Impor-
tantly, the study carefully examines the proportion of the
triage effect mediated by waiting time, which is a critical
component in understanding ED processes and their poten-
tial impact on patient outcomes.

Furthermore, the observational nature of the data limits the
ability to draw definitive causal inferences, as confounding
variables may not be fully accounted for despite adjustments.
Lastly, the generalizability of the findings may be limited to the
specific ED context in which the study was conducted, neces-
sitating caution when applying the results to other healthcare
settings or populations.

In this study, the pivotal role of waiting time as a mediator in
the relationship between ED triage color codes and 1‐year
mortality is emphasized. Nonetheless, further research is cru-
cial to deepen our comprehension of the underlying mecha-
nisms and may ultimately guide improvements in emergency
care delivery. This is particularly pertinent in light of the con-
tinuous evolution of triage systems and healthcare policies. In
2019, Italy introduced a revised triage classification system,
transitioning from a four‐color scheme (i.e., red, yellow, green,
and white) to a five‐color framework (i.e., red, orange, blue,
green, and white). This shift introduces new layers of com-
plexity that future research must address. Specifically, the
addition of the orange (urgent but not life‐threatening) and blue
(urgent but deferrable) categories may alter the patient distri-
bution across urgency levels. From this perspective, it is
imperative that future studies investigate how these added
categories influence both mediator and outcome variables,
particularly regarding mortality risk.

Moreover, although the current findings are informative, the
study was conducted at a single center, which may limit the
generalizability of the results. Future research should replicate
the analysis in a multicenter context to validate these findings
across diverse patient populations and healthcare settings, thus
improving the accuracy of the findings. This approach would
offer a more comprehensive understanding of how waiting

times and triage protocols affect patient outcomes across dif-
ferent clinical environments.

5 | Conclusion

Findings confirm that the assigned triage color code serves as a
strong predictor of mortality, independent of ED waiting times.
This insight highlights the importance of accurate and con-
sistent triage assignments to effectively prioritize high‐risk pa-
tients. Nonetheless, this process may pose challenges.
Variability in triage decisions can arise from differences in staff
experience [45, 46], inherent subjectivity in evaluating patient
conditions, as well as fluctuating ED demands [47]. Im-
plementing specialized training, continuous assessment, and
possibly integrating AI‐supported tools may help mitigate these
challenges, but resource constraints and technological limita-
tions remain hurdles for many institutions to overcome.
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