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Abstract

Adverse patient outcomes in Emergency Departments (ED) are shaped by a complex interplay of clinical, demographic,
and operational factors, yet existing approaches often fail to account for these dimensions in an integrated and actionable
manner. This study introduces the Integrated Model for Patient Acuity, Care, and Triage Efficiency (IMPACT), a compre-
hensive framework developed to identify key predictors of mortality and generate individual adverse outcome risk scores
across multiple clinical timeframes using a retrospective analytical approach. A retrospective analysis was conducted
using 593,673 de-identified ED presentations from a tertiary hospital in the Waikato region in New Zealand, between
2016 and 2024. The modelling strategy involved a two-step approach, starting with Generalised Linear Models (GLM)
for inferential analysis, followed by multiple regularised logistic regressions to enhance predictive accuracy and mitigate
multicollinearity. The results indicated that advanced age, greater clinical complexity, and longer ED stays were associated
with increased adverse outcomes, while longer waiting times were inversely associated with adverse outcomes, a finding
consistent with triage-induced prioritisation effects whereby the most acutely unwell patients are seen first and also face
the highest mortality risk, an associational pattern rather than a causal relationship. Based on the final model, an adverse
outcome scoring system was derived, translating patient-level data into individual probability scores. The IMPACT model
demonstrated high discriminative performance, with AUROC values of 0.9532 for ED mortality, 0.9183 for 10-days
mortality, and 0.8999 for 28-days mortality. By combining robust statistical inference with a clinically interpretable scor-
ing system, IMPACT provides a scalable and practical tool for retrospective risk stratification, service evaluation, and
equitable decision-making in emergency care settings.
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Introduction

Emergency Departments (EDs) are critical parts of health-
care systems, serving as the frontline for managing patients
with diverse and urgent medical needs [1]. The fast-paced
ED environment significantly influences clinical decision
making and patient outcomes during their ED stay and in
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the subsequent patient’s journey [2]. This impact results
from a complex interaction of demographic characteristics,
clinical conditions, triage processes, and resource allocation
efficiency [3—-5]. Understanding how these factors interact to
affect patient outcomes is crucial for improving care quality
and optimising resource utilisation in emergency settings.
Among these factors, overcrowding and prolonged
Length of Stay (LoS) in EDs are particularly pressing issues
[6]. These phenomena frequently result in delayed medical
care, compromised patient safety, and increased provider
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stress [7, 8], ultimately contributing to elevated morbidity
and mortality rates [9, 10]. However, the challenge extends
beyond these operational metrics. A broader array of deter-
minants, including triage accuracy, patient condition com-
plexity, demographic disparities, and continuity of care,
collectively influence both short-term and long-term out-
comes [11-14]. This complexity necessitates an integrated
approach to understanding and addressing these interrelated
factors, thereby improving overall patient outcomes.

To address the existing challenges, various approaches
have been explored. A comprehensive review has analysed
potential solutions and challenges across the health system,
focusing on ED patient flow [1]. Another study investi-
gated factors contributing to increased LoS, emphasising
the importance of effective resource allocation and process
optimisation [15]. Since 2009, the implementation of the
“Shorter Stays in Emergency Departments” health target in
New Zealand has demonstrated positive outcomes, includ-
ing reduced adverse outcomes and enhanced ED efficiency
[16]. However, these initiatives have not fully resolved the
persistent challenges, particularly those related to demo-
graphic disparities and continuity of care. For example, it
has been demonstrated that Maori experience higher mor-
tality and re-presentation rates compared to non-Maori
populations, highlighting persistent inequities in acute care
settings that need targeted intervention [17]. This study fur-
ther builds on such evidence by explicitly analysing out-
come disparities among Maori and Pacifica populations
within a large regional dataset. By quantifying inequities
through a unified risk-scoring approach, the framework pro-
vides actionable insights for equitable service planning and
culturally responsive interventions.

Despite the existing contributions, a significant gap
remains in the literature concerning integrative analyses
of the combined factors influencing patient outcomes.
Current research often focuses on isolated factors, fail-
ing to capture their synergistic impact on short- and long-
term outcomes. This limitation is particularly evident in
studies analysing ED performance, where the complex
interactions between operational metrics, clinical factors,
and patient demographics remain poorly understood. The
lack of comprehensive analysis delays the development
of effective interventions aimed at improving care quality
and reducing adverse events.

This study aims to evaluate the multifactorial influences
on patient adverse outcomes in ED settings through the
design and development of the Integrated Model for Patient
Acuity, Care, and Triage Efficiency (IMPACT). Using ED
presentation data, statistical inference, and analytics are
employed to assess a comprehensive range of variables,
including demographic characteristics, Triage Scores (TS),
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Complexity Scores (CS), Waiting Time (WT), and LoS. This
study extends outcome evaluation beyond immediate events
to include mortality assessments at 10- and 28-day intervals
post-discharge. While adverse outcomes can encompass a
range of clinical events, this study focuses specifically on
mortality due to its objective measurability, clinical signifi-
cance, and data reliability. Mortality provides a robust end-
point that reflects the cumulative impact of upstream factors
such as delayed care, complexity, and acuity, making it an
appropriate proxy for overall adverse outcomes in the con-
text of ED performance evaluation. In addition, this study
aims to generate an adverse outcome risk score to assist
in clinical decision-making, optimise care delivery, and
enhance operational efficiency within ED settings.

Methods

The study aims to statistically analyse the impact of inter-
connected factors on patient adverse outcomes in the ED
to develop IMPACT, a risk scoring system designed to
support clinical decision-making and improve operational
efficiency. Besides securing ethical approval, we followed
the Transparent Reporting of a multivariable prediction
model for Individual Prognosis Or Diagnosis (TRIPOD)
guidelines [18, 19] to ensure methodological rigour and
transparent reporting. This provides a comprehensive
framework for developing and validating prediction mod-
els in healthcare research. The following sub-sections are
structured according to the TRIPOD checklist to ensure
clarity, reproducibility, and alignment with best practices
in prediction model research.

Data Source

We used Waikato Hospital data, covering ED presentations
from January 2016 to August 2024. This dataset, extracted
from the National Minimum Dataset (NMDS) [20] and
National Non-Admitted Patient Collection (NNPAC) [21],
national administrative datasets maintained for hospital and
outpatient records, ensuring high-quality, standardised data.
The dataset encompasses patient demographics (e.g., age,
sex, and ethnicity), triage assessments and temporal data
(e.g., arrival and discharge times), Operational metrics (e.g.,
WT and LoS), alongside clinical indicators (e.g., CSs, diag-
nostic and procedure codes). The dataset also includes com-
prehensive outcome measures, capturing mortality events
within the ED, during inpatient care, and at specific intervals
post-discharge. This rich dataset provides a robust founda-
tion for analysing the complex interactions among factors
affecting patient outcomes in emergency care settings.
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Study Population

We included all patients presenting to the Waikato Hos-
pital ED during the specified period to create a complete
and unbiased representation of the ED population. No
exclusion criteria were applied to maximise generalis-
ability. This diverse cohort allows for a comprehensive
analysis of factors affecting patient outcomes across dif-
ferent demographic subgroups. Through this approach,
we captured the full range of patient characteristics and
clinical scenarios encountered in emergency care. To
maintain patient confidentiality and comply with ethical
standards, all data were de-identified, with strict proto-
cols in place to ensure data security and privacy through-
out the research process.

Outcome

The primary outcome measures include the risk of mor-
tality, defined as an adverse outcome occurring within the
ED, within 10-days post-discharge, and within 28-days
post-discharge. These time points were selected to capture
both immediate and delayed mortality outcomes, providing
a comprehensive assessment of patient survival following
ED presentation. These outcomes served as target variables
for the development and validation of the IMPACT scor-
ing system, ensuring the model accounts for short-term and
medium-term mortality risks. Statistical analysis evaluates
the combined effect of key patient and operational factors
on these outcomes, supporting the identification of critical
predictors and the construction of a clinically applicable
risk scoring system.

Predictors

The study examines key predictors, including continu-
ous variables such as age, WT, LoS, and CSs, alongside
categorical variables including ethnicity, sex, and TS.
These variables were selected based on their established
importance in determining emergency care outcomes.
Age, WT, LoS, and CSs represent important indicators of
patient condition, care delays, and clinical complexity, all
of which are associated with adverse outcomes [22-25].
Ethnicity and gender were included to account for known
demographic disparities in healthcare access and out-
comes [26, 27]. TSs were incorporated as an immediate
clinical severity assessment recorded at presentation [28].
The CSs were normalised using Z-score normalisation to
ensure comparability across different scales and stabilise
the effect estimates in regression models [29]. Categorical
variables were aggregated into clinically relevant catego-
ries to enhance statistical power and interpretability.

Sample Size

The dataset initially contained 724,830 records, representing
a substantial collection of ED presentations over the specified
study period. No formal sample size calculation was done
because the study is retrospective and based on available
data. After preprocessing and cleaning, including imputation
of missing values, aggregation of categories, normalisation
of CSs, and removal of unrealistic values, the dataset was fil-
tered to 593,673 records to improve consistency.

Missing Data

As ED presentation data and outcome reporting are routinely
captured in New Zealand hospital records, adverse outcomes
were assumed to be complete. Missing values for WT and
LoS were imputed with zero, on the basis that missing values
for these variables predominantly occurred in records where
the administrative pathway was incomplete or the patient
self-discharged, resulting in negligible actual waiting or
care duration. Missing TS values were assigned the lowest
urgency category (TS=35), reflecting the clinical assumption
that the absence of a formal triage classification is most con-
sistent with presentations not requiring urgent prioritisation.
These are acknowledged as strong assumptions; the potential
impact of alternative imputation strategies is discussed in the
Limitations. Records with missing critical predictor vari-
ables were excluded from the final analysis. Data cleaning
also involved removing implausible entries, such as nega-
tive or extreme WTs, which are treated as outliers. Following
these steps, a complete case analysis was used, based on the
assumption that the missing data were missing at random,
supported by the observation that included and excluded
cases had similar baseline characteristics.

Data Analysis

To understand the dataset, identify key patterns, and uncover
relationships between patient characteristics and adverse
outcomes in the ED, a detailed data analysis was performed,
which is detailed in the results section. This process was cru-
cial for detecting trends, outliers, and potential data incon-
sistencies that could impact the accuracy of the results. The
descriptive statistics and visualisations support data quality
assessment, highlight underlying patterns, and inform subse-
quent statistical modelling.

Statistical Analysis
The analysis employed a two-step modelling approach.

A Generalised Linear Model (GLM) identified significant
predictors of mortality as an adverse outcome, providing
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initial insights into the relationships between patient char-
acteristics and outcome risk [30]. GLM was selected for
its ability to provide initial insights into the strength and
direction of associations between patient characteristics
and adverse outcome risk, offering a transparent and inter-
pretable starting point for model development. The second
step implemented regularised logistic regression methods,
including LASSO, Ridge and ElasticNet [31-33] to address
potential multicollinearity among predictors and enhance
model generalisability. The LASSO approach performs
variable selection by shrinking some coefficients to zero,
effectively removing less important predictors from the
model [32]. Ridge regression penalises large coefficients to
prevent overfitting, particularly when predictors are highly
correlated [33]. The ElasticNet combines both techniques,
applying LASSO’s feature selection and Ridge’s shrinkage
simultaneously, which helps handle multicollinearity and
improves model stability and predictive performance [31].
This hybrid modelling strategy was deliberately selected
to balance predictive accuracy with interpretability. Unlike
complex black-box Artificial Intelligence (AI) methods, the
GLM and ElasticNet approaches allow transparent estima-
tion of effect sizes and directionality for each predictor,
ensuring that clinical stakeholders can trace model behav-
iour and understand its rationale for risk estimation.

To evaluate out-of-sample predictive performance and
guard against overfitting, the dataset was randomly parti-
tioned into 80% training and 20% testing subsets prior to
any model development. All reported performance metrics,
including AUROC, precision, recall, F1-score, and accuracy,
were computed exclusively on the held-out test subset. No
information from the test set was used at any stage of model
fitting or predictor selection. These metrics were selected
to provide a comprehensive assessment of the models’ dis-
criminative ability and robustness [34]. AUROC was used to
evaluate the models’ ability to distinguish between patients
at different adverse outcome risks across a range of thresh-
old values, which is critical for risk stratification in clinical
settings. Precision, recall, and F1-score were included to
ensure balanced evaluation of model performance, particu-
larly given the low event rate for the outcomes. Accuracy
was reported to provide an overall measure of correct clas-
sifications but was interpreted alongside the other metrics to
account for class imbalance.

An adverse outcome risk scoring system was developed
based on FElasticNet logistic regression coefficients due to
its ability to simultaneously perform variable selection and
prevent overfitting in high-dimensional settings [35]. The
system calculates individual patient risk through a linear
combination of predictors as it is shown in Eq. (1).

M =Bo+8,(Age) + B, (WT) + 8, (LoS) + ... + B, (Predictor,) (1)

@ Springer

Where M represents the linear predictor, fo is the intercept,
p1, to B, coefficients for each predictor, and the predictor
variables represent patient-specific values. The coefficients
were derived from the ElasticNet model, which balances
feature selection and regularisation to provide stable and
interpretable estimates of predictor importance.

To convert the linear predictor (M) into a probability of
adverse outcome, the logistic function was applied which is
formulated in Eq. (2).

2

This transformation ensures risk scores range from 0 to 1,
with higher values indicating greater probability of adverse
outcome risk [36-38]. The resulting probability was desig-
nated as the IMPACT risk score. This quantitative measure
of individual patient risk can be interpreted and applied in
clinical practice, enabling healthcare providers to identify
high-risk patients and implement appropriate interventions
to improve outcomes. The predictive performance of the
IMPACT score was subsequently evaluated across ED mor-
tality, 10-days mortality, and 28-day mortality outcomes.
The development process of IMPACT risk score, including
data acquisition, model construction, score generation, and
clinical application, is summarised in Fig. 1.

Results

We performed data preprocessing and cleaning using
Python 3.13.1, Pandas, NumPy, sci-kit-learn, and seaborn.
At this stage, ethnic groups were standardised for analysis
by aggregating granular categories into broader, interpre-
table groups. For example, Pacific Island ethnicities were
grouped under “Pacifica,” while unknown or unclassifi-
able responses were combined into “Other/Unspecified.”
Mortality indicators, initially distributed across multiple
columns under various conditions, were consolidated into
derived binary variables representing overall mortality. Spe-
cific indicators, such as mortality in the ED and mortality
within 10- and 28-day post-discharge, were retained and
analysed separately.

To address missing values and inconsistencies, numeric
columns such as WT, LoS, and TS were processed according
to clinical practices. Missing WT and LoS values typically
occurred when patients were discharged, deceased, or left
the ED before formal processing; these were imputed with
zero to reflect the absence of measurable waiting or stay
time. For TS, missing entries indicated unrecorded scores,
which by default corresponded to the lowest urgency level;
these were replaced accordingly. WTs originally recorded in
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Fig. 1 Development pathway of
the IMPACT risk score
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Table 1 Descriptive analysis
Analysis Dataset (n=593,673)
Continuous Variables (Mean)

Age 40.73
Waiting Time 1.62
Length of stay 5.16
Complexity Score -0.01
Categorical Variables (%)
Sex Male 303,237 (51.1)
Female 290,436 (48.9)
Triage Score Score 1 1886 (0.3)
Score 2 105,253 (17.7)
Score 3 319,317 (53.8)
Score 4 147,957 (24.9)
Score 5 19,260 (3.2)
Ethnicity NZ European 299,525 (50.5)
Maori 172,992 (29.1)
European 45,187 (7.6)
Pacifica 20,925 (3.5)
Asian 20,453 (3.4)
Indian 19,575 (3.3)
MELAA 9856 (1.7)
Other/Unspecified 5160 (0.9)
Mortality ED Mortality 3862 (0.7)
10-Days Mortality 2466 (0.4)
28-Days Mortality 3251 (0.5)

minutes were converted to hours. Negative and extremely
high values were excluded to enhance interpretability and
reduce their influence on the analysis.

CSs, were recorded using two scaling systems: Patient
Clinical Complexity Level (PCCL) until 2023, and Episode
Clinical Complexity Score (ECCS) [39] thereafter, result-
ing in inconsistency. To enable direct comparisons, all CS

values were normalised using Z-score normalisation, cen-
tring around zero with unit variance, preserving distribu-
tional properties [40]. Row missing complexity scores were
marked as zero by default, and a unified complexity metric
was created.

Exploratory Data Analysis

The cleaned and wrangled dataset contained 593,673
records. Table 1 presents descriptive statistics for continu-
ous variables and the distribution of categorical variables,
outlining characteristics used in the analysis. The mean
patient age was 40.73 years and a range of 0 to 121 years.
The mean hospital stay for ED patients was 5.16 h, while the
average WT in the ED was 1.62 h. After Z-score normalisa-
tion, clinical scores (CS) ranged from —0.99 to 0.85 with a
mean of -0.01.

In the demographic distribution, NZ European consti-
tuted the largest ethnic group at 50.5%, followed by Maori
(29.1%), European (7.6%), Pacifica (3.5%), Asian (3.4%),
and Indian (3.3%). Other represented groups were Middle
Eastern, Latin American, and African (MELAA) at 1.7%,
and Other/Unspecified at 0.9%. The sex distribution was
relatively balanced, with 51.1% males and 48.9% females.

In terms of triage distribution, the majority of patients
were categorized as Score 3 (53.8%), followed by Score 4
(24.9%) and Score 2 (17.7%). Less frequent were Score 5
(3.2%) and Score 1 (0.3%), indicating that most patients
presented with moderate levels of urgency rather than the
most critical or least urgent categories.

Regarding mortality, the vast majority of patients sur-
vived across all time frames. ED mortality accounted for
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Fig. 3 Monthly trends for average LoS and average WT in the ED

0.7% of cases, while 10-days and 28-days mortality rates
were 0.4% and 0.5%, respectively. These relatively low
mortality rates highlight the overall resilience of the study
population, while underscoring the importance of identify-
ing subtle predictors of adverse outcomes.

Following the descriptive analysis, the study explored
trends in patient arrivals over time to better understand tem-
poral patterns in ED utilisation for operational purposes,
such as resource planning, staffing, and improving service
delivery. Figure 2 illustrates the monthly number of patients
arriving at the ED between January 2016 and January 2025.
This figure shows a steady month-on-month variation in
patient arrivals, with an upward trend from 2016 to 2019.
The arrival pattern fell significantly at the beginning of 2020
due to the COVID-19 pandemic, likely reflecting a reduc-
tion in in-person visits to the ED [41] From this decline,
the arrivals slowly regained their pace and, after a recovery
period, levelled off, with some stability but a little lower
from late 2020 onwards. The time series exhibits seasonal
variations, which can be interpreted as cyclic demand
related to factors such as winter illnesses or other seasonal
healthcare needs.

Building on the trends for patient arrivals, Fig. 3 drills
deeper into the operational metrics of the ED concerning
average LoS and WT over the same period. The average
LoS follows an upward trend with wide spikes during
2020-2021 and then shoots steeply toward the end of 2024,
indicating either an increase in the complexity of the cases
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or systemic inefficiency. The average WT follows a similar
upward trend, except for the drop at the beginning of 2020,
due to reduced patient arrivals in the wake of the COVID-
19 pandemic. This suggests that pressure on ED operations
has been gradually increasing and justifies the need for
further investigation to understand better and address the
underlying factors.

Figure 4 extends the trends observed in Fig. 3. It pro-
vides LoS, WT, and age distributions for deceased patients.
This figure presents critical information about the nature of
patients who died.

Figure 4 (a) presents the LoS distribution for deceased
patients. The distribution is unimodal, with most patients
stayed in the ED between 4 and 8 h, peaking around 6 h.
Extended LoS may indicate higher patient complexity or
delays in care, both potentially linked to increased risk of
adverse outcomes. These findings emphasise the the impor-
tance of reducing prolonged LOS to potentially improve
survival rates.

Figure 4 (b) shows the WT distribution for deceased
patients, which is heavily skewed, with most patients expe-
riencing a WT of less than 1 h. This suggest that ED pri-
oritises immediate care for critically ill patients. However,
a subset of the deceased patients experienced longer WT,
which may negatively affect their outcomes. This empha-
sises the need to ensure minimum delay, particularly in
cases related to life-threatening conditions, to improve over-
all quality of care.
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Figure 4 (c) considers the age distribution of the deceased
patients. It follows that adverse outcome is highly concen-
trated in the older age groups. Most of the deaths happened
in patients aged between 70 and 90 years, reflecting the fact
that older patients are more vulnerable because of frailty,
comorbidities, and reduced physiological reserves. On the
other hand, mortalities were very few among the younger
patients, in line with the relative resilience of this demo-
graphic. Figure 4 indicates that shorter WT shows the
responsiveness of EDs for critical cases, while longer LoS
indicates potential bottlenecks in handling complex cases.
Furthermore, strong age-related trends underscore the need
for tailored approaches to improve outcomes among older
patients, who account for the majority of mortalities. Fig-
ure 5 builds on these insights by further exploring the rela-
tionships between LoS, WT, age, and gender in relation to
mortality status.

Figure 5(a) compares the LoS for patients grouped by
mortality status: 0 (alive) and 1 (deceased). The median
LoS for the deceased patients was considerably higher,
with the Interquartile Range (IQR) and maximum values

WT by Mortality Status

0=Alive, 1=Dead

Gender Distribution of Deceased Patients

100

T . $ i

1 Male Female
Gender

(b) (©)

extending well beyond those of survivors. This suggests
that patients who eventually died stayed longer in the ED,
likely due to the complexity of their conditions or clini-
cal deterioration. Figure 5 (b) presents the WT by mor-
tality status. The median WT for both groups was nearly
similar, reflecting that deceased patients were subjected
to prolonged delays before receiving care. These results
underscore that although most critically ill patients were
prioritised, a subset of deceased patients suffered substan-
tial delays that likely contributed to their poor outcomes.
Figure 5 (c) plots the distribution of the age of deceased
patients by gender. The plot shows that males and females
exhibit similar age distributions. No large differences in
medians or IQRs, but the presence of deceased among
younger patients underlines the variability in adverse out-
comes across different age and gender groups.

Given the emphasis on LoS and WT as key drivers of
patient outcomes, the analysis was extended to explore how
these variables vary with age. Figure 6 illustrates this com-
parison by showing the distribution of LoS (a) and WT (b)
across five age categories.
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The trend in Fig. 6 shows the median of LoS rises with
age. Younger age groups, for example, 0-20 and 21-40
years, have shorter LoS, meaning that their stay durations
are less variable. Older patients, especially those aged
61-80 and 81+, have a median LoS representing longer and
more variable stays, mainly due to higher complexity and
greater healthcare need. The right panel plots the distribu-
tion of WT by age. Here, again, median WT is relatively
constant, but the IQRs are wider at older group ages than
0-20. Such patterns imply that most patients get timely
care irrespective of age, but some older individuals receive
significantly delayed care, which can exacerbate risks for
adverse outcomes.

Continuing the analysis, Fig. 7 gives the mortality rates
(a) and the average CS (b) for deceased patients grouped by
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ethnicity. Figure 7 (b) reveals notable disparities in mortal-
ity rates across ethnic groups. European patients exhibit the
highest mortality rates, followed by NZ European, Pacifica
and Maori populations. In contrast, Asians, MELAA, and
Indians have rather low mortality rates. Maori patients pro-
vide the most significant proportion in ED and have mod-
erately high mortality rates; special attention is called for
regarding the issues in health that Maori are experiencing.
Their higher mortality despite comparable triage profiles
suggests structural factors, such as delayed access, differ-
ential follow-up, or systemic bias that may influence out-
comes. Quantifying these gaps establishes a foundation for
targeted equity monitoring within the IMPACT framework.

Figure 7(b) focuses on the average CSs for deceased
patients, providing additional information on these mortality
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trends. Maori and Indian populations have the highest aver-
age CSs, which means that patients from these groups often
come into the hospital with more advanced or severe con-
ditions, probably due to a delay in getting care or a higher
prevalence of comorbidities. Asian and MELAA popula-
tions have relatively lower mortality rates and report lower
average clinical scores, thus perhaps linking clinical com-
plexity to outcome.

3.2 Model Outcomes

A two-step modelling approach was employed, involv-
ing GLM for statistical inference and regularised logistic
regression to improve performance while minimising over-
fitting and multicollinearity. Table 2 represents the result of
the GLM for all three categories of adverse outcomes.

The results show negative intercepts across all models,
indicating a low baseline likelihood of mortality when no
predictors are considered. Ethnicity significantly influences
mortality. Indian and MELAA groups consistently show
negative coefficients, with MELAA having the strongest
protective effect. In contrast, Maori and Pacifica exhibit
increased odds of mortality. Maori show minimal impact
on ED mortality but have elevated odds in the longer time-
frames, suggesting potential disparities that warrant further
investigation. Age is a predictor of increased mortality, with
positive coefficients across all categories. Similarly, CSs
are consistently associated with higher mortality chances,
reflecting the severity of patients’ conditions. In contrast,
higher TSs, indicating less severe cases, are linked to sig-
nificantly reduced mortality probability.

Table 2 The results of the GLM

ED Mortality ~ 10-Days 28-Days
Window Window

Variables Coefficients

Intercept -1.01 -3.28 -3.86
Ethnicity

European -0.25 0.05 0.08

Indian -0.46 -0.25 -0.28

MELAA -0.91 -0.46 -0.14

Maori 0.0031 0.56 0.50

NZ European  -0.15 0.31 0.26

Other/ 0.22 0.82 0.98

Unspecified

Pacifica 0.18 0.44 0.06
Sex

Male 0.04 0.13 0.18

Age 0.05 0.06 0.06

Waiting Time  -0.13 -0.06 -0.04

Length of Stay  0.03 0.04 0.04

Triage Score  -1.27 -0.56 -0.30

Complexity 1.50 1.02 0.85

Score

Gender shows a mild impact, with males having slightly
higher mortality odds than females across all categories.
LoS has a marginally positive association with mortality,
suggesting that extended hospitalisations may correlate
with more severe health issues. However, WT exhibits a
negative relationship with mortality, implying that longer
waits are associated with lower odds of death. This coun-
terintuitive finding may indicate unmeasured confounding
factors influencing the relationship, such as differences in
resource allocation or triage processes. Therefore, Logistic
Regression is necessary here to model the binary nature of
mortality outcomes effectively, capturing the relationship
between predictors and the probability of mortality. Regu-
larisation techniques, such as LASSO, Ridge, or Elastic-
Net, are crucial for addressing issues like multicollinearity
among predictors and preventing overfitting, especially in
complex models with multiple variables. Regularisation
improves the model’s generalisability and ensures more
reliable inferences.

The regularised logistic regression results in Table 3 con-
firm and refine the GLM findings while addressing overfit-
ting and multicollinearity. Across all models and adverse
outcome windows, higher CSs and age remain strong posi-
tive predictors of mortality. A longer LoS also consistently
increases mortality odds. WT continues to show a negative
association with mortality, but its magnitude is small and
warrants further investigation to uncover potential con-
founding factors.

Ethnicity remains a significant predictor. MELAA con-
sistently shows reduced odds of mortality, while Pacifica
and Unspecified groups display higher odds, particularly
for the 10-days window. Maori demonstrate moderately
elevated odds of mortality compared to other groups. The
results also highlight sex differences, with males having
slightly higher likelihood of mortality. To further under-
stand the impact of triage on mortality, TSs were cat-
egorised into discrete groups. The results reveal a strong
protective effect as TSs increase. Patients with scores of 4
or 5 (indicating lower urgency) are significantly less likely
to die across all mortality windows, with progressively
lower odds as the score increases.

Upon analysis, the coefficients derived from the LASSO,
Ridge, and ElasticNet models exhibited considerable simi-
larity across all adverse outcome prediction windows. Given
that ElasticNet integrates the strengths of both LASSO’s
variable selection and Ridge’s management of multicol-
linearity, it was selected to report the statistical results. The
dataset was randomly split into 80% for model development
and 20% for final evaluation. In addition, model develop-
ment was performed on the training set using 5-fold cross-
validation to optimise regularisation parameters and ensure
robust coefficient estimation. This approach effectively
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Table 3 Regularised Logistic Regression Coefficients (LASSO, Ridge, ElasticNet)

Variables ED Mortality 10-Days Window 28-Days Window
LASSO Ridge EN LASSO Ridge EN LASSO Ridge EN
Intercept 3.61 3.61 3.61 0.63 0.58 0.58 -0.40 -0.38 -0.40
Age 1.49 1.49 1.49 1.60 1.60 1.60 1.61 1.60 1.61
Wait Time -0.19 -0.19 -0.19 -0.13 -0.13 -0.13 -0.09 -0.09 -0.09
Length of Stay 1.15 1.15 1.14 1.19 1.17 1.21 1.26 1.18 1.26
Complexity Score 1.74 1.74 1.74 1.15 1.15 1.15 0.93 0.93 0.93
Ethnicity
European 0.02 0.02 0.02 0.04 0.01 0.04 -0.02 -0.03 -0.02
Indian -0.24 -0.24 -0.24 -0.25 -0.25 -0.26 -0.40 -0.35 -0.40
MELAA -0.56 -0.56 -0.56 -0.44 -0.41 -0.44 -0.24 -0.21 -0.24
Maori 0.22 0.22 0.22 0.57 0.54 0.57 0.40 0.38 0.40
NZ European 0.09 0.09 0.09 0.31 0.28 0.31 0.16 0.14 0.16
Other/Unspecified 0.49 0.49 0.49 0.82 0.77 0.82 0.82 0.74 0.82
Pacifica 0.46 0.46 0.46 0.47 0.44 0.47 -0.06 -0.06 -0.06
Sex
Male 0.02 0.03 0.02 0.14 0.14 0.14 0.19 0.18 0.19
Triage Score
Score 2.0 -3.22 -3.22 -3.22 -0.87 -0.80 -0.82 0.09 0.08 0.09
Score 3.0 -4.29 -4.29 -4.29 -1.11 -1.03 -1.06 0.06 0.06 0.06
Score 4.0 -5.15 -5.15 -5.15 -1.98 -1.90 -1.93 -0.53 -0.54 -0.53
Score 5.0 -5.42 -5.41 -5.41 -3.00 -2.80 -2.91 -0.87 -0.80 -0.87
Fig. 8 AUROC plots for the Elas-
tic Net model for all mortality 1.0 1
categories
0.8 A
3
1]
< 0.6
Q
2
=
2
o 0.4
=
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- ED Mortality
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0.0 - 28-Day Mortality

0.0 0.2

balances bias and variance, providing stable and interpreta-
ble coefficients, which is particularly advantageous in data-
sets with correlated predictors. The combined regularisation
of ElasticNet ensures robustness in identifying key predic-
tors such as age, complexity score, and ethnicity, making
it well-suited to capturing nuanced relationships within the
data. Figure 8 presents the AUROC values for the ElasticNet
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model, demonstrating its predictive performance across the
different mortality categories.

The classification report for the ElasticNet models, sum-
marised in Table 4, further reinforces the model’s predictive
reliability across different adverse outcome timeframes. The
model demonstrates strong classification performance for
ED Mortality, achieving an overall accuracy of 0.90, with
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Table 4 Classification report for Elastic-Net models

Model Status Precision Recall f1-Score Accuracy AUROC (95% CI)

Ed-Mortality Alive 0.91 0.88 0.89 0.90 0.953 (0.943-0.964)
Dead 0.89 0.92 0.90

10-Days Window Alive 0.87 0.83 0.85 0.86 0.918 (0.902-0.935)
Dead 0.84 0.88 0.86

28-Days Window Alive 0.86 0.80 0.83 0.83 0.900 (0.884-0.916)
Dead 0.81 0.87 0.84

a high precision-recall balance for both alive (precision:
0.91, recall: 0.88) and deceased (precision: 0.89, recall:
0.92) cases, ensuring robust differentiation between survival
outcomes. For the 10-Days Mortality model, the accuracy
remains high at 0.86, with similar recall values (alive: 0.83,
deceased: 0.88), reflecting its ability to capture short-term
mortality risks with reliable sensitivity and specificity. The
28-Days Mortality model maintains a competitive perfor-
mance with an accuracy of 0.83, where a slightly lower recall
for alive cases (0.80) suggests a marginal trade-off in sensi-
tivity for extended adverse outcome predictions. Across all
models, the f1-scores remain consistently strong, indicating a
well-balanced trade-off between precision and recall. These
findings align with the AUROC values presented in Fig. 8,
affirming the FElasticNet model’s capability to generalise
effectively across different adverse outcome periods while
preserving both interpretability and predictive robustness.

3.3 IMPACT Risk Scoring

The IMPACT risk scoring system provides a structured
method to calculate patient-specific risk scores based on
predictors identified through the ElasticNet logistic regres-
sion model. For example, the risk score for ED mortality is
calculated by combining relevant predictors, such as age,
waiting time, length of stay, complexity score, ethnicity,
sex, and triage score, using regression coefficients derived
specifically for this model. The resulting linear predictor is
then converted into a risk probability using the logistic func-
tion. As an example, Eq. (3) shows how patients’ risk of ED
Mortality can be calculated.

Mpp = 3.61+1.49 (Age) + (~0.19) (WT) + 1.14 (LoS) +
1.74(CS) + 0.02 (Sex) + (—3.22) (T'S2) + (—4.29) (T'S3)
+ (—5.15) (T'S4) + (—5.41) (T'S5) + 0.02 (European)
+(=5.15) (T'S4) + (~5.41) (T'S5) + 0.02 (Buropean) + 3)
(—0.24) (Indian) + (—0.56) (M ELAA) + 0.22 (M?0ri) +
0.09 (NZ Europ) + 0.49 (Other) + 0.46 (Paci fica)

The resulting linear predictor is then converted into a risk
probability using the logistic function as it is illustrated in

Eq. (4)

“4)

Similar risk-scoring equations can be constructed for
predicting mortality within the 10-days and 28-days
timeframes post-ED visit, using their respective model
coefficients. Each equation generates a probability score
ranging from 0 (lowest risk) to 1 (highest risk). Once cal-
culated, these risk scores can be integrated directly into
patients’ records, ensuring that comprehensive risk assess-
ment data is readily available and continuously accessible
within clinical systems.

Discussion

Recognising the complex and dynamic nature of ED environ-
ments, where patient outcomes are influenced by a range of
interrelated clinical, operational, and demographic factors,
this research sought to move beyond the limitations of prior
studies that predominantly examined individual risk factors
in isolation. By systematically incorporating key predictors
into a unified, analytically robust framework, IMPACT was
designed to capture the synergistic interplay among these
variables. This approach offers a more comprehensive and
accurate assessment of patient risk, ultimately supporting
improved clinical decision-making, resource allocation,
and operational efficiency within emergency care settings.
In addition, the interpretability of the IMPACT framework
strengthens its clinical applicability. By combining a trans-
parent logistic regression with ElasticNet regularisation, the
model maintains clarity in how each variable contributes to
patient risk while ensuring robust predictive accuracy.

The analysis revealed several critical insights into the
multifactorial determinants of ED patient outcomes, par-
ticularly regarding operational metrics, clinical factors, and
demographic disparities. One of the most notable findings
was the negative association between WT and adverse out-
come, contrasting with earlier studies that reported longer
WT as a risk factor for increased mortality [23]. In this
study, patients who waited longer demonstrated slightly
lower odds of adverse outcome. This association should not
be interpreted causally. Rather, it is consistent with triage-
induced prioritisation effects. Patients with the highest acu-
ity are triaged at lower TS scores, seen immediately, and are
also at the greatest intrinsic risk of mortality. Consequently,
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shorter WT is a marker of clinical urgency, not of poorer
care. WT therefore functions in this model as an operational
correlate of acuity, not an independent protective factor.
This system prioritises critically ill patients for immediate
care, while less critical patients experience longer WTs.
Consequently, shorter WT often reflects condition sever-
ity rather than care quality, indicating the need for urgent
intervention. The discrepancy between our findings and
previous research likely stems from differences in study set-
tings, patient populations, and healthcare system structures,
emphasising that WT alone cannot serve as a reliable indi-
cator of care quality without considering contextual factors
such as triage decisions, resource availability, and patient
acuity. It is further noted that TS is included as an indepen-
dent predictor within the IMPACT model, providing partial
statistical control for the acuity confounding between WT
and outcome. A formal WT x TS interaction term would
address this confounding more rigorously and is identified
as a priority for future model refinement.

Conversely, the positive association between LoS and
adverse outcome was consistent across all timeframes.
Patients who remained in the ED longer consistently exhib-
ited higher risks, underscoring the impact of delays within
the emergency care pathway. This relationship likely
reflects several contributing factors, including delayed
access to definitive care, complications arising from pro-
longed hospitalisation, and the greater clinical complex-
ity of patients requiring extended ED management. These
findings are consistent with prior research by Jones et al.
[9] and Wessman et al. [25], reinforcing the established
link between prolonged LoS and adverse outcomes.
Importantly, the results highlight that systemic inefficien-
cies, such as bottlenecks in patient flow, delayed inpatient
admissions, and constrained resource availability, are not
merely operational challenges but directly translate into
increased adverse outcome risks. Addressing LoS-related
inefficiencies is therefore essential for both optimising ED
operations and improving patient survival. These insights
further illustrate how an interpretable analytical model can
uncover operational drivers of mortality, enabling clini-
cians and managers to act on transparent, evidence-based
findings rather than unclear statistical outputs.

Clinical complexity and demographic factors played
crucial roles. Higher CS and advanced age were strong
predictors of increased adverse outcome, reflecting the
vulnerability of older patients due to frailty, comorbidities,
and reduced physiological reserves. The protective effect of
higher TS (indicating lower urgency) validated the effec-
tiveness of triage systems in correctly identifying and prior-
itising patients based on clinical urgency, demonstrating the
importance of accurate triage in improving ED efficiency
and patient safety. While triage remains central to patient
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prioritisation, the IMPACT framework extends its clinical
utility by quantifying the probability of adverse outcomes
rather than assigning categorical urgency levels. As tri-
age score is one of the model’s core predictors, IMPACT
complements and strengthens current triage systems by
translating patient and operational data into continuous risk
estimates. Following prospective validation, this framework
could enable clinicians to identify high-risk patients earlier
and make more informed decisions about escalation and
resource allocation.

Demographic disparities were evident, particularly con-
cerning ethnicity. Maori and Pacifica populations exhib-
ited higher mortality rates compared to other groups, while
MELAA and Indian populations showed lower rates. These
findings align with [17], which documented higher mor-
tality and re-presentation rates among Maori compared to
non-Maori populations in New Zealand. The persistence
of these disparities, despite national health initiatives,
underscores the complexity of addressing health inequities
and the need for systemic changes in healthcare delivery,
resource allocation, and cultural competence. These find-
ings highlight the importance of adopting an integrative,
multifactorial approach to adverse outcome risk prediction
in ED settings, as initially proposed. In practical terms, the
IMPACT framework can be used to flag disproportionate
mortality risks among Maori and Pacifica patients during
ED presentations, prompting early clinical review or escala-
tion of care. At a policy level, aggregated IMPACT data can
inform equity-focused performance indicators, guide tar-
geted resource allocation across high-need regions, and sup-
port the design of culturally responsive clinical pathways
and workforce development programmes aimed at reducing
these disparities.

The study’s findings have substantial implications for
ED policy development, operational planning and clinical
practice. IMPACT is designed to integrate multifactorial
risk factors into a unified scoring model for retrospective
risk stratification and service evaluation. In future work, it
offers the potential to inform ED workflow improvements
through prospective risk assessment. When embedded
within electronic health record systems, IMPACT could
enable continuous, automated monitoring of incoming ED
patients, identifying individuals at heightened risk through
dynamic clinical alerts. This early identification facilitates
timely clinical interventions, targeted diagnostic testing,
and prioritised care pathways, thereby improving patient
outcomes. Moreover, by stratifying patients based on
objective risk metrics, the system can support more effi-
cient resource allocation, ensuring that critical resources,
such as intensive care beds, specialist consultations, and
inpatient admissions, are prioritised for those who would
benefit most [42].
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Model calibration, the correspondence between predicted
probabilities and observed event rates, is an important dimen-
sion of predictive model performance that complements dis-
criminative accuracy. Formal calibration assessment has not
been conducted in the present study and is acknowledged as
a limitation. However, the use of ElasticNet regularisation
inherently dampens coefficient magnitude and reduces the
risk of overfitting, which generally supports well-calibrated
probability estimates. The high AUROCs observed are con-
sistent with the inclusion of strongly discriminative predic-
tors, the discriminative value of which has been reported
in comparable ED mortality models. Formal prospective
calibration assessment will be required prior to any clinical
deployment of the IMPACT score.

Given the dynamic and unpredictable nature of ED
presentations, a responsive and adaptive risk assessment
approach is essential. While the current version of IMPACT
demonstrates strong retrospective discriminative perfor-
mance, a prospective real-time deployment would require a
revised model restricted to predictors available at the time
of triage, notably excluding LoS, which is only known at
discharge. Such a triage-time version of IMPACT is iden-
tified as a direction for future work. Additionally, clinical
utility could be further enhanced by incorporating real-time
clinical data streams as they become available during the
ED encounter. Integrating continuous monitoring inputs
such as vital signs, laboratory results, and ongoing clinical
observations would allow the model to dynamically update
patient risk profiles as new information becomes available,
enabling the early identification of clinical deterioration
before critical events occur [43]. Such an enhancement
would support a shift from static, one-time risk prediction
toward a dynamic, real-time surveillance system within the
ED environment. Furthermore, the system’s ability to esti-
mate 10-days and 28-days adverse outcome risks extends
its relevance beyond the immediate ED encounter, offer-
ing significant value for structuring transitional and post-
discharge care planning. Stratifying patients by their risk of
short-term adverse outcomes would allow healthcare teams
to allocate follow-up resources more effectively, particu-
larly for vulnerable populations such as Maori and Pacific
communities, who historically experience higher rates of
post-discharge morbidity and mortality.

The methodology demonstrates the potential for broader
application across a range of clinical contexts beyond the
ED. This approach could be extended into inpatient care
pathways, surgical triage systems, and the management
of chronic disease populations. This extensibility supports
standardised risk assessment throughout the healthcare

system, enabling consistent evaluation across departments.
Furthermore, the structured nature of IMPACT positions
it well for integration with broader healthcare analytics
platforms and Al initiatives. Embedding the model within
Al-driven ecosystems would allow for continuous refine-
ment of predictive accuracy through the incorporation of
real-time data inputs and iterative machine learning algo-
rithms. Maintaining interpretability across these extended
applications will remain central to IMPACT’s design,
ensuring transparency and accountability as it scales within
Al-driven healthcare systems. In addition, prospective test-
ing within live emergency department workflows will be
essential to evaluate the model’s real-time performance and
clinical impact. These steps will support the full integration
of IMPACT into decision-support systems, ensuring its reli-
ability, scalability, and practical value for routine use.

This study has several limitations that should be acknowl-
edged to ensure transparent interpretation of the findings.
Although rigorous data cleaning and imputation procedures
were applied, data quality issues such as missing values and
occasional coding inconsistencies may have influenced the
robustness of results. The absence of cause-of-death infor-
mation limited the ability to attribute mortality events to
specific clinical conditions; this will be addressed in future
work through the inclusion of Diagnosis-Related Group
(DRG) [39] and International Classification Diseases, Tenth
Revision (ICD-10) codes [44]. Additionally, certain poten-
tially influential variables, such as socioeconomic status,
pre-existing comorbidities, and hospital staffing levels,
were not available in the dataset and may have acted as
unmeasured confounders. As the analysis was conducted
using data from a single tertiary hospital, generalisability
to other healthcare settings may be limited. Future studies
involving multi-centre validation and more comprehensive
variable inclusion will be important to strengthen the mod-
el’s applicability and support equitable, system-wide imple-
mentation. The imputation of missing WT and LoS values
with zero, and missing TS with the lowest urgency category,
represents a strong assumption that may introduce system-
atic bias if missingness is informative (e.g., if patients with
missing WT differ systematically from those with recorded
values). A formal sensitivity analysis using alternative strat-
egies such as median imputation or multiple imputation by
chained equations was not conducted and is identified as a
methodological priority for future work. Model calibration
has not been formally assessed in this study. Brier scores,
calibration curves, and related metrics should be computed
and reported in future validation work prior to clinical
deployment.
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Conclusion

This study makes several notable contributions to both aca-
demic knowledge and healthcare practice. It introduces the
IMPACT framework, a risk scoring system that integrates
operational, clinical, and demographic factors into a single,
interpretable model, advancing beyond traditional single-
factor predictors in emergency care.

Beyond confirming known risk factors, IMPACT
reframes how emergency department performance and
patient outcomes can be evaluated. By translating complex
patient and operational data into actionable risk probabili-
ties, IMPACT enables continuous performance assessment,
equitable benchmarking, and proactive identification of sys-
temic bottlenecks. The discovery of the inverse relationship
between waiting times and adverse outcomes challenges
conventional interpretations of ED efficiency metrics and
highlights the need for context-sensitive evaluation. The
integration of ethnicity within the model allows for system-
atic equity monitoring, offering a data-driven mechanism to
identify and address disparities affecting Maori and Pacifica
populations. This capability extends beyond analytics to
support policy reform, targeted resourcing, and the develop-
ment of culturally responsive care strategies.

In its current form, IMPACT is a retrospective risk-strat-
ification and service-evaluation framework rather than a
deployed point-of-care tool. With further development, spe-
cifically, the framework could form the analytical basis for a
future clinical decision-support system embedded within elec-
tronic health record workflows. Looking ahead, developing an
automated, dynamic system capable of continuously updating
individual risk scores will further enhance its predictive utility
and responsiveness. Finally, multi-centre validation and pro-
spective testing will ensure the model’s scalability and gener-
alisability, supporting its adoption as a national framework for
equitable, data-informed emergency care delivery.

Author Contributions H.R.P. conducted the data extraction, prepro-
cessing, and statistical analysis, and contributed to drafting the methods
and results sections. A.L.M. provided consultation, contributed to the in-
terpretation of findings, and assisted in drafting the methods and discus-
sion. S.M. conceptualised and supervised the study, coordinated project
administration, and critically revised the manuscript for intellectual
content. J.Y. supported model development, contributed to the design of
the analytic framework, and assisted in manuscript editing. All authors
reviewed, edited, and approved the final version of the manuscript.

Funding This research did not receive any external funding.

Data Availability In accordance with New Zealand’s data sovereignty
regulations, including the Privacy Act 2020, the dataset contains sensi-
tive personal information and cannot be publicly shared to safeguard
patient privacy. Access is restricted and requires ethical approval and
compliance with national data protection standards. Researchers inter-
ested in accessing similar data should contact Health New Zealand and
follow the necessary ethical and legal procedures.

@ Springer

Declarations

Ethics Statement This study received ethical approval from the Auck-
land University of Technology Ethics Committee (AUTEC 24/96) and
was registered with Health New Zealand (HNZ) Te Whatu Ora Waika-
to District. The study also adhered to national ethical and regulatory
standards, with de-identified data usage approved by HNZ personnel.

Competing interests The authors declare no competing interests.

Consent for Publication All materials in this study are original and do
not require publication consent. The manuscript contains no identifi-
able personal information, as all data used were fully de-identified.

Consent to Participate Individual informed consent was not required
for this study, as it involved the secondary analysis of a fully de-iden-
tified dataset. The use of these data without participant consent was
approved by the Auckland University of Technology Ethics Commit-
tee (AUTEC 24/96) and HNZ, in accordance with the New Zealand
Privacy Act 2020 and applicable national ethical standards.

Clinical Trial Clinical trial number: not applicable.

References

1. Samadbeik, M., et al., Patient flow in emergency departments:
a comprehensive umbrella review of solutions and challenges
across the health system. BMC Health Services Research, 2024.
24(1): p. 274.

2. Chrusciel, J., et al., Impact of the implementation of a fast-track
on emergency department length of stay and quality of care indi-
cators in the Champagne-Ardenne region: a before—after study.
BMJ open, 2019. 9(6): p. €026200.

3. Ahsan, K.B,, et al., Emergency department resource optimisation
for improved performance: a review. Journal of Industrial Engi-
neering International, 2019. 15(Suppl 1): p. 253-266.

4. Alnahari, A. and A. A’aqoulah, Influence of demographic factors
on prolonged length of stay in an emergency department. PloS
one, 2024. 19(3): p. €0298598.

5. Ba-Aoum, M., et al., Statistical analysis of factors influencing
patient length of stay in emergency departments. International
Journal of Industrial Engineering and Operations Management,
2023. 5(3): p. 220-239.

6. Kim, K.J. and I. Tagkopoulos, Application of machine learning in
rheumatic disease research. Korean Journal of Internal Medicine,
2019. 34(4): p. 708-722.

7. Alsaif, B., A. Alotaibi, and W. Alhammad, Overcrowding in the
emergency department: a bed management strategy. Intl J Med
Sci Den Res, 2022. 5(6): p. 53-66.

8. Watson, A. and W.P. Stuart, Improving Safety and Quality With
an Emergency Department Overcrowding Plan. Journal of Emer-
gency Nursing, 2023. 49(5): p. 680—693.

9. Jones, S, et al., Association between delays to patient admission
from the emergency department and all-cause 30-day mortality.
Emerg Med J, 2022. 39(3): p. 168—173.

10. Lee, K.S., et al., Patient and hospital characteristics predict pro-
longed emergency department length of stay and in-hospital mor-
tality: a nationwide analysis in Korea. BMC Emerg Med, 2022.
22(1): p. 183.

11. Oh, W.-O. and M.-J. Jung, Triage—clinical reasoning on emer-
gency nursing competency: a multiple linear mediation effect.
BMC nursing, 2024. 23(1): p. 274.



Journal of Medical Systems

(2026) 50:135

Page 150f 15 135

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Porto, B.M., Improving triage performance in emergency depart-
ments using machine learning and natural language processing: a
systematic review. BMC Emergency Medicine, 2024. 24(1): p. 219.
Sax, D.R., et al., Evaluation of the emergency severity index in
US emergency departments for the rate of mistriage. JAMA Net-
work Open, 2023. 6(3): p. €233404-¢233404.

Suamchaiyaphum, K., A.R. Jones, and A. Markaki, Triage accu-
racy of emergency nurses: an evidence-based review. Journal of
Emergency Nursing, 2024. 50(1): p. 44-54.

Paling, S., et al., Waiting times in emergency departments: explor-
ing the factors associated with longer patient waits for emergency
care in England using routinely collected daily data. Emergency
Medicine Journal, 2020. 37(12): p. 781-786.

Jones, P., et al., Effect of the Shorter Stays in Emergency Depart-
ments time target policy on key indicators of quality of care.
NZM]J, 2017. 130(1455): p. 35-44.

Curtis, E., et al., Examining emergency department inequities in
Aotearoa New Zealand: Findings from a national retrospective
observational study examining Indigenous emergency care out-
comes. Emergency Medicine Australasia, 2022. 34(1): p. 16-23.
Collins, G.S., et al., Transparent reporting of a multivariable pre-
diction model for individual prognosis or diagnosis (TRIPOD)
the TRIPOD statement. Circulation, 2015. 131(2): p. 211-219.
Moons, K.G., et al., Transparent Reporting of a multivariable pre-
diction model for Individual Prognosis or Diagnosis (TRIPOD):
explanation and elaboration. Annals of internal medicine, 2015.
162(1): p. W1-W73.

Health New Zealand. National Minimum Dataset (Hospital
Events). 2023 [cited 2025 April 13]; Available from: https://www
.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/n
z-health-statistics/national-collections-and-surveys/collections/n
ational-minimum-dataset-hospital-events.

Health New Zealand. National Non-Admitted Patient Collection.
2023 [cited 2025 April 13]; Available from: https://www.tewha
tuora.govt.nz/for-health-professionals/data-and-statistics/nz-heal
th-statistics/national-collections-and-surveys/collections/nationa
l-non-admitted-patient-collection.

Ehrlington, S.M., et al., Frailty is associated with 30-day mor-
tality: a multicentre study of Swedish emergency departments.
Emergency Medicine Journal, 2024. 41(9): p. 514-519.
Guttmann, A., et al., Association between waiting times and short
term mortality and hospital admission after departure from emer-
gency department: population based cohort study from Ontario,
Canada. Bmj, 2011. 342.

Ruge, T, et al., Age is associated with increased mortality in the
RETTS-A triage scale. BMC geriatrics, 2019. 19: p. 1-6.
Wessman, T., et al., The association between length of stay in
the emergency department and short-term mortality. Internal and
emergency medicine, 2022. 17(1): p. 233-240.

Tsai, J.W., et al., Race and ethnicity and emergency department
discharge against medical advice. JAMA Network Open, 2023.
6(11): p. 2345437-e2345437.

Wanrooij, V.H., et al., Sex differences in clinical presentation and
mortality in emergency department patients with sepsis. Annals
of Medicine, 2023. 55(2): p. 2244873.

Ganjali, R., et al., Accuracy of the emergency department triage
system using the emergency severity index for predicting patient
outcome; a single center experience. Bulletin of Emergency &
Trauma, 2020. 8(2): p. 115.

Cabello-Solorzano, K., et al. The Impact of Data Normalization
on the Accuracy of Machine Learning Algorithms: A Comparative
Analysis. in 18th International Conference on Soft Computing

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Models in Industrial and Environmental Applications (SOCO
2023). 2023. Cham: Springer Nature Switzerland.

Akram, M., et al., Modelling count, bounded and skewed con-
tinuous outcomes in physical activity research: beyond linear
regression models. International Journal of Behavioral Nutrition
and Physical Activity, 2023. 20(1): p. 57.

Zou, H. and T. Hastie, Regularization and Variable Selection Via
the Elastic Net. Journal of the Royal Statistical Society Series B:
Statistical Methodology, 2005. 67(2): p. 301-320.
Freijeiro-Gonzalez, L., M. Febrero-Bande, and W. Gonzalez-
Manteiga, A Critical Review of LASSO and Its Derivatives for
Variable Selection Under Dependence Among Covariates. Inter-
national Statistical Review, 2022. 90(1): p. 118-145.

Pavlou, M., et al., Review and evaluation of penalised regression
methods for risk prediction in low-dimensional data with few
events. Statistics in medicine, 2016. 35(7): p. 1159-1177.
Sathyanarayanan, S. and B.R. Tantri, Confusion matrix-based
performance evaluation metrics. Afr. J. Biomed. Res, 2024.
27(4): p. 4023-4031.

Musib, L., et al., Priority-Elastic net for binary disease outcome
prediction based on multi-omics data. BioData Mining, 2024.
17(1): p. 45.

Pavlou, M., et al., How to develop a more accurate risk prediction
model when there are few events. BMI: British Medical Journal,
2015.351: p. h3868.

Kim, M.-h., et al. Improving risk prediction for depression via
elastic net regression-results from korea national health insurance
services data. in AMIA annual symposium proceedings. 2017.
Zou, W, et al., An elastic net regression model for predicting the
risk of ICU admission and death for hospitalized patients with
COVID-19. Scientific Reports, 2024. 14(1): p. 14404.

Health New Zealand. Data references. 2023 [cited 2025 April
13]; Available from: https://www.tewhatuora.govt.nz/for-health-
professionals/data-and-statistics/nz-health-statistics/data-referen
ces.

Kim, Y.-S., et al., Investigating the impact of data normalization
methods on predicting electricity consumption in a building using
different artificial neural network models. Sustainable Cities and
Society, 2025. 118: p. 105570.

Cho, Y., et al., Coronavirus disease pandemic impact on emer-
gency department visits for cardiovascular disease in Korea: A
review. Medicine, 2023. 102(47).

Kimmel, H.J., et al., Real-time emergency department electronic
notifications regarding high-risk patients: A systematic review.
Telemedicine and e-Health, 2019. 25(7): p. 604-618.

Leenen, J.P., et al., Current evidence for continuous vital signs
monitoring by wearable wireless devices in hospitalized adults:
systematic review. Journal of medical Internet research, 2020.
22(6): p. e18636.

World Health Organization. International Classification of Dis-
eases (ICD). [cited 2025 April 13]; Available from: https://www.
who.int/standards/classifications/classification-of-diseases.

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.

@ Springer


https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-minimum-dataset-hospital-events
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-non-admitted-patient-collection
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-non-admitted-patient-collection
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-non-admitted-patient-collection
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/national-collections-and-surveys/collections/national-non-admitted-patient-collection
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/data-references
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/data-references
https://www.tewhatuora.govt.nz/for-health-professionals/data-and-statistics/nz-health-statistics/data-references
https://www.who.int/standards/classifications/classification-of-diseases
https://www.who.int/standards/classifications/classification-of-diseases

	﻿IMPACT: Integrated Model For Patient Acuity, Care, And Triage Efficiency In Emergency Department
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Data Source
	﻿Study Population
	﻿Outcome
	﻿Predictors
	﻿Sample Size
	﻿Missing Data
	﻿Data Analysis
	﻿Statistical Analysis

	﻿Results
	﻿Exploratory Data Analysis
	﻿3.2 Model Outcomes
	﻿3.3 IMPACT Risk Scoring

	﻿Discussion
	﻿Conclusion
	﻿References


