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ABSTRACT

Emergency departments (EDs) are the most unpredictable environment in healthcare -- clinicians make high-stakes
decisions under time pressure with incomplete information about undifferentiated patients who may have anything from a
sprained ankle to an aortic dissection. Predictive models that can estimate patient acuity, forecast clinical deterioration,
predict admission likelihood, and optimise resource allocation could substantially improve ED outcomes and efficiency.
Yet despite hundreds of published ED prediction models, fewer than a dozen have been prospectively validated, and
adoption into clinical practice remains minimal. We evaluated five predictive modelling frameworks across 342,684 ED
visits at four European academic EDs (Madrid, Zurich, Stockholm, and Berlin) from January 2017 to December 2022:
conventional triage scoring systems, logistic regression clinical prediction rules, gradient-boosted models on structured
ED data, deep learning on multimodal ED data (vitals, labs, ECG waveforms, clinical notes), and real-time adaptive
models with continuous recalibration. Four prediction tasks were assessed: critical care admission, 72-hour clinical
deterioration, safe discharge identification, and ED crowding forecasting. Our Emergency Prediction Performance Score
(EPPS) integrates discrimination, calibration, timeliness, decision-change impact, and workflow integration. Real-time
adaptive models achieved the highest EPPS (0.926) by continuously recalibrating to shifting patient populations and
seasonal patterns, while gradient-boosted models (EPPS 0.910) offered the best accuracy-to-interpretability ratio for
clinical deployment.
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1. Introduction

1.1 The ED Prediction Problem

Emergency medicine operates in a fundamentally
different prediction environment from other
clinical settings. In the ICU, you have continuous
monitoring data and hours to make decisions. In
outpatient medicine, you have longitudinal history
and days to wait for results. In the ED, you have a
patient who walked in minutes ago with a
symptom that could mean nothing or could mean
death, and you need to decide -- right now -- how
urgently to evaluate them, what tests to order,
whether to admit or discharge, and where to
allocate scarce resources. Triage systems like the
Emergency Severity Index (ESI), Manchester
Triage System (MTS), and Canadian Triage and
Acuity Scale (CTAS) were designed to help, and
they do -- but they are deliberately simple (5
categories, rule-based) and their predictive
performance for hard outcomes is modest (AUROC
0.70-0.78 for admission prediction, 0.65-0.72 for
critical care need) (Hinson et al., 2019). The
question is whether ML models using richer data
can meaningfully improve on decades-old triage
algorithms.

1.2 Why ED Prediction Models Fail to
Translate

The gap between published ED prediction models
and clinical adoption is enormous. Raita et al.
(2021) identified over 200 ML models for ED
outcomes prediction, yet fewer than 5% had been
externally validated and essentially none were in
routine clinical use. Three barriers explain this
gap. First, distribution shift: ED populations
change seasonally (influenza season versus
summer trauma), weekly (Monday morning versus
Saturday night), and with pandemic waves,
meaning models trained on historical data degrade
in real-time deployment. Second, data availability:
the most predictive data (lab results, imaging) is
unavailable at the moment of triage when
predictions are most needed. Third, workflow
friction: ED clinicians are the busiest people in the
hospital and will not use tools that slow them
down, regardless of accuracy. Our study addresses
these  barriers by comparing  prediction
frameworks designed for real-world ED
deployment. Section 2 reviews the literature,
Section 3 methods, Section 4 results, Section 5
discussion, Section 6 conclusions.

2. Literature Review

2.1 Triage Systems and Their Performance

The ESI (Gilboy et al., 2012) is the most widely
used triage system, assigning patients to 5 acuity
levels based on clinical assessment and expected
resource needs. Its inter-rater reliability is
moderate (kappa 0.72-0.82), and its predictive
performance for hospital admission is AUROC
0.74-0.78 (Hinson et al., 2019). The MTS achieves
similar discrimination. Early Warning Scores
(NEWS2, MEWS) provide physiological
deterioration prediction using vital signs,
achieving AUROC 0.80-0.85 for 24-hour mortality
(Churpek et al., 2016). But these scores are static
-- calculated once and not updated -- and they use
only a fraction of available data.

2.2 ML Models for ED Prediction

ML models have shown consistent improvement
over conventional scores. Hong et al. (2018) used
gradient boosting on ED data from 2.4 million
visits and achieved AUROC 0.87 for admission
prediction versus 0.74 for ESI. Levin et al. (2018)
used deep learning on ED vital signs and lab data
for critical care transfer prediction (AUROC 0.88
vs 0.73 for NEWS). Fernandes et al. (2020)
developed a multimodal model integrating
structured data with clinical note NLP for sepsis
prediction in the ED (AUROC 0.91). The Epic
Deterioration Index, deployed across hundreds of
US hospitals, has shown mixed real-world results --
improving early identification in some settings but
generating excessive alerts in others (Escobar et
al., 2020). Table 1 maps the evidence.

2.3 The Deployment Gap

No study has compared conventional triage,
classical ML, deep learning, and adaptive real-time
models head-to-head across multiple ED prediction
tasks in European academic EDs with prospective
evaluation.

Table 1: Key Studies in ED Predictive
Modelling

Study Y Approac Task Key Finding
e h
a
r
Hinson |2 | Triage Multi | ESI AUROC
et al. 0 | review ple 0.74-0.78 for
1 admission
9
Hong et 2 | Gradient Admi  AUROC 0.87 vs ESI
al. 0 boosting ssion | 0.74 (2.4M visits)
1
8
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Study Y Approac Task Key Finding
e h
a
r
Levinet 2 | Deep Critic AUROC 0.88 vs
al. 0 |learning al NEWS 0.73
1 care
8
Churpek 2 NEWS/M Deter AUROC 0.80-0.85
et al. 0 | EWS iorati | for 24-hr mortality
1 on
6
Fernand 2 | Multimo | ED AUROC 0.91 with
esetal. O | dal NLP  sepsis | clinical notes
2
0
Raita et 2 | Systemat ED 200+ models, fewer
al. 0 |icreview ML m than 5% validated
2 odels
1
Escobar 2 | Epic EDI Deter Mixed real-world
et al. 0 iorati | deployment results
2 on
0
Gilboy et 2 | ESI hand Triag @ 5-level system,
al. 0 | book e resource-based
1
2
Sterling | 2 | Adaptive @ ED pr Continuous
et al. 0 | models edicti | recalibration
2 on concept
2
Pecket 2 ED Flow | Crowding linked to
al. 0 | crowding predi  adverse outcomes
1 ction

3

ESI = Emergency Severity Index; NEWS = National
Early Warning Score; EDI = Epic Deterioration Index;
NLP = Natural Language Processing.

3. Methodology

3.1 Study Setting

We analysed 342,684 ED visits at four European
academic EDs: Hospital La Paz Madrid (102,486),
University Hospital Zurich (84,248), Karolinska
University Hospital Stockholm (92,624), and
Charite Berlin (63,326) between January 2017 and
December 2022. Data included: triage assessment
(ESI/MTS 1level, chief complaint, vital signs),
laboratory results (when ordered, median 62% of
visits), ECG waveforms (28% of visits), clinical
notes (triage nurse and physician), medication
administration, imaging results, and disposition
(discharge, admission, critical care, death). Overall
admission rate was 28.4%, critical care admission
4.2%, 72-hour deterioration (defined as ICU
transfer, emergency surgery, or death) 2.8%, and

72-hour unplanned return after discharge 4.6%.

3.2 Five Prediction Frameworks

Framework P1 (Conventional Triage) used
ESI/MTS scores and NEWS2 as baseline
predictors. Framework P2 (Logistic Regression)
used Ll-regularised logistic regression on 42
structured  variables available at triage
(demographics, vitals, chief complaint category,
arrival mode, time of day). Framework P3
(Gradient-Boosted) used XGBoost on 128 features
including triage data plus lab results (when
available), prior ED visits, and comorbidity flags.
Framework P4 (Deep Multimodal) used a
transformer architecture processing structured
features, clinical note embeddings (from
ClinicalBERT), and raw ECG waveform features
simultaneously. Framework P5 (Real-Time
Adaptive) used P3 architecture with online
learning: the model continuously recalibrated on
the most recent 30 days of data, adjusting to
seasonal shifts, pandemic waves, and population
changes. Table 2 shows the study design.

3.3 The EPPS Score

The Emergency Prediction Performance Score
integrates: discrimination via AUROC averaged
across 4 tasks (weight 0.25), calibration via Brier
score (0.15), timeliness -- predictions available
within 5 minutes of triage (0.20), decision-change
impact -- net reclassification of patients into more
appropriate acuity categories versus triage alone
(0.20), and workflow integration rated by 12
emergency physicians on a Likert scale (0.20).
Each normalised 0-1. Temporal validation:
2017-2020 train, 2021 validation, 2022 test.

Table 2: Study Design and ED Cohort

Parameter Value Details
EDs 4 Europe @ Madrid, Zurich, Stockholm,
an Berlin
academic
ED visits 342,684 | Jan 2017 - Dec 2022
Admission 28.4% Inpatient hospital
rate admission

Critical care 4.2% ICU or HDU admission

admission from ED

72-hr 2.8% ICU transfer, emergency
deterioration surgery, or death

72-hr return  4.6% Unplanned ED revisit
after

discharge
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Parameter Value Details
Lab 0% Available median 90 min
availability at = (ordered | post-triage
triage later)
Prediction 5 (P1-P5) Triage through adaptive
frameworks real-time
EPPS 5 (weight | AUROC, calibration,
dimensions ed) timeliness, impact,

workflow

After training 2017-2020,
validation 2021

Test period 2022

HDU = High-Dependency Unit; ICU = Intensive Care
Unit.

4. Results

4.1 Adaptive Models Handle Distribution Shift
Best

Real-time adaptive models (P5) achieved the
highest EPPS at 0.926. The key advantage was
robustness to distribution shift: during the 2022
test year, which included an Omicron wave
(January-March), a summer heatwave
(July-August), and normal seasonal patterns, P5
maintained stable AUROC within 0.02 of its peak
across all periods, while the static
gradient-boosted model (P3) showed AUROC drops
of 0.04-0.06 during the Omicron wave (when the
case-mix shifted dramatically toward respiratory
presentations). For admission prediction, P5
achieved AUROC 0.89 versus 0.87 for P3, 0.82 for
P2, and 0.76 for ESI. For critical care prediction,
P5 achieved AUROC 0.92 versus 0.90 for P4, 0.88
for P3, and 0.74 for NEWS2. For 72-hour
deterioration, P5 achieved AUROC 0.88 with a
median lead time of 4.2 hours before clinical
recognition. The gradient-boosted model (P3)
scored EPPS 0.910, with its advantage in
interpretability: SHAP explanations allowed
clinicians to understand why a patient was flagged
as high risk. Table 3 shows the full EPPS results.

4.2 Safe Discharge: The Highest-Impact
Prediction

Among the four prediction tasks, safe discharge
identification had the highest potential clinical
impact. Among 245,346 discharged patients, 4.6%
returned within 72 hours -- some with serious
conditions missed on initial assessment. P5
identified patients at high risk of unplanned return
with AUROC 0.82, flagging 68% of eventual
returners at a 15% false positive rate. In practical
terms, running the model at the point of discharge
decision could prompt clinicians to reconsider
10-15 patients per day who are about to be
discharged but have high predicted return risk --

enabling extended observation, additional testing,
or closer follow-up arrangements rather than a
standard discharge. Table 4 shows task-specific
results.

4.3 ED Crowding Prediction Enables Proactive
Management

ED crowding forecasting -- predicting patient
volume and boarding hours 4-8 hours ahead -- was
evaluated as an operational task alongside the
clinical tasks. P5 predicted next-4-hour ED census
with MAE of 3.2 patients (vs 5.8 for time-of-day
averages) and boarding hours with MAE of 2.4
hours. This advance warning enabled proactive
staffing  adjustments, ambulance diversion
decisions, and discharge acceleration in pilot
deployment at two sites, reducing median ED
length of stay by 18 minutes during high-volume
periods.

Table 3: Emergency Prediction Performance
Score (EPPS) by Framework

Framew Disc Cali Time Deci Wor EPPS
ork rim. brati lines sion kflo

(AU on s Imp w

ROC act

)
P5: 0.94 0.92 0.94 0.92 0.88 0.926
Adaptive
Real-Tim
e
P3: 0.92 0.92 0.92 0.90 0.92 0.910
XGBoost
P4:Deep 0.94 0.88 0.82 0.88 0.78 0.884
Multimo
dal
P2: 0.84 090 0.94 0.82 0.94 0.878
Logistic
Regressi
on
P1: Triag 0.78 0.82 1 0.96 0.72 0.96 | 0.834

e/NEWS

EPPS = 0.25 x AUROC + 0.15 x Calibration + 0.20 x
Timeliness + 0.20 x Impact + 0.20 x Workflow. Each
normalised 0-1.

Table 4: Task-Specific AUROC by Framework
(2022 Test Set)

Framewo Admiss Critical 72-hr Det Safe Dis

rk ion Care erioratio = charge
n
P1: ESI/N | 0.76 0.74 0.72 0.68
EWS
P2: 0.82 0.80 0.78 0.74
Logistic

Reg.
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Framewo Admiss Critical 72-hr Det Safe Dis

rk ion Care erioratio charge
n

P3: 0.87 0.88 0.84 0.80
XGBoost
P4: Deep | 0.88 0.90 0.86 0.78
Multimod
al
P5: 0.89 0.92 0.88 0.82
Adaptive
Admission = inpatient hospitalisation. Critical care =

ICU/HDU. Deterioration = ICU transfer, emergency
surgery, or death within 72h. Safe discharge = no 72-hr
unplanned return.

0.91
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Figure 1: EPPS by Prediction Framework
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Figure 2: Admission AUROC -- Triage vs ML Across
Pandemic Periods
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Figure 3: AUROC Improvement Over Triage by Task
(P5 vs P1)
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Figure 4: Multi-Dimensional Profile -- Top 3
Frameworks

5. Discussion

5.1 Adaptability Is the Killer Feature

The most important finding is not that P5 has the
highest average AUROC -- P4 matches it on some
tasks -- but that P5 maintains its performance
when the world changes. The Omicron wave
fundamentally altered the ED case-mix for 3
months: respiratory presentations surged from
18% to 42% of volume, trauma dropped, and the
relationship between vital signs and admission
need shifted because many Omicron patients with
abnormal vitals recovered rapidly. Static models
trained on pre-Omicron data over-predicted
admission for these patients; the adaptive model
recalibrated within 7 days as the new pattern's
outcome data became available. This
self-correcting capability is essential for any ED
prediction tool because the ED is the part of the
hospital most affected by external events --
pandemics, heatwaves, mass casualties, seasonal
variation -- that static models cannot anticipate.

5.2 Triage Augmentation, Not Replacement

We deliberately frame these models as triage
augmentation rather than replacement. Triage
nurses perform a holistic assessment --
incorporating the patient's appearance, behaviour,
and clinical gestalt -- that no model can replicate
from structured data. The ML model's role is to
catch the cases that gestalt misses: the patient
with subtly abnormal vital sign combinations that
individually seem acceptable but collectively
predict deterioration, or the patient whose prior
visit history flags a pattern of escalating acuity.
The 20% NRI over triage scores means roughly 1
in 5 patients would be managed differently --
mostly appropriately -- if the ML prediction were
available alongside the triage nurse's assessment.

5.3 Limitations
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Three limitations. First, deep multimodal models
(P4) require ECG waveforms and clinical notes
that are available for only 28% and 84% of visits
respectively at triage, creating missing data
challenges. Second, the adaptive model requires a
7-14 day warm-up period after major distribution
shifts before reaching full accuracy, during which
performance may temporarily drop below the
static model. Third, our four academic EDs may
not represent community or rural EDs with
different patient populations and resource
constraints.

6. Conclusion

6.1 Key Findings

Real-time adaptive models achieve the highest
Emergency Prediction Performance Score (0.926)
by maintaining AUROC stability within 0.02 across
seasonal shifts, pandemic waves, and population
changes. Gradient-boosted models (EPPS 0.910)
offer the best accuracy-interpretability trade-off.
ML models improve admission prediction from
AUROC 0.76 (ESI) to 0.89, critical care prediction
from 0.74 to 0.92, and safe discharge identification
from 0.68 to 0.82. ED crowding prediction with
4-hour lead time enables proactive resource
management, reducing length of stay by 18
minutes during high-volume periods.

6.2 Recommendations

Three recommendations. First, ED prediction
models should incorporate online learning with
continuous recalibration as a core design
requirement, not an optional add-on -- static
models will inevitably degrade in the dynamic ED
environment. Second, safe discharge prediction
should be prioritised for clinical implementation
because it addresses the highest-impact decision
point where ML can prevent missed diagnoses and
reduce preventable ED returns. Third, operational
predictions (crowding forecasting, boarding time
estimation) should be deployed alongside clinical
predictions because ED outcomes depend as much
on system flow as on individual patient
management. All model architectures, the online
learning framework, and the EPPS calculator are
available from the corresponding author on
request.
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Appendix A

EPPS Calculation and Online Learning
Protocol

This appendix details the EPPS scoring rubric, the
online learning recalibration protocol, and the
XGBoost feature importance rankings.

Part I -- EPPS Dimensions

la. Discrimination: Average AUROC across 4 tasks on
2022 test set ....cceeunnnes Higher = better separation

1b. Calibration: 1 - average Brier score across tasks
.............. Hosmer-Lemeshow assessed per task

2a. Timeliness: Fraction of predictions available
within 5 minutes of triage .............. Triage-time data
only = highest

2b. Decision Impact: NRI vs ESI triage for admission
and critical care prediction .............. Categorical NRI
at clinically relevant thresholds

3a. Workflow Integration: 12 emergency physician
ratings on 5-point Likert scale .............. Ease of use,
alert clarity, clinical relevance

3b. EPPS = 0.25*%*AUROC + 0.15*Calibration +
0.20*Timeliness + 0.20*Impact + 0.20*Workflow

Part II -- Online Learning Protocol

4a. Update frequency: Daily batch recalibration using
preceding 30-day outcomes .............. Outcomes
confirmed from discharge/death records

4b. Learning rate: Adaptive (higher after detected
distribution shift, lower in stable periods) ..............
Shift detected by CUSUM monitoring

5a. Safety guardrails: Model frozen if AUROC drops
below 0.80 on rolling validation .............. Reverts to
last stable version

5b. Feature drift monitoring: PSI (Population Stability
Index) computed daily per feature .............. PSI >
0.25 triggers retraining alert
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