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Abstract. Undifferentiated chest pain is a major driver of emergency
department (ED) overcrowding and contributes to morbidity and mor-
tality. Early risk stratification for major adverse cardiac events (MACE)
allows for early discharge and ED decongestion. We developed a multi-
modal machine learning model integrating EHR data, laboratory results,
demographic and comorbidity features and chest x-ray impressions to
predict 30-day MACE in patients presenting to the ED with chest pain.
Using 49,348 ED encounters from two healthcare systems, our model
achieved a high area under the curve (AUC) of 82.0% at the develop-
ment site and 74.6% at the external validation site. Predictions occurred
within 6 hours of ED arrival and demonstrated consistently high negative
predictive values across time, supporting safe early-rule out. This model
demonstrates the potential of integrating AI modeling to enhance early
MACE risk stratification and improve ED overcrowding and efficiency.

Keywords: MACE · Triage CDSS · Undifferentiated Chest Pain .

1 Introduction

Undifferentiated chest pain is one of the most common reasons for emergency
department (ED) visits, accounting for approximately eleven million annual pre-
sentations in the United States [1]. Although fewer than 10% of these patients
are ultimately diagnosed with acute coronary syndrome (ACS), the need to ex-
clude life-threatening conditions contributes substantially to ED overcrowding,
delays in care, and increased morbidity and mortality [2,3]. This creates a criti-
cal challenge for clinicians, who must rapidly distinguish low-risk from high-risk
patients in a resource-constrained and time-sensitive environment.

Clinical risk scores such as HEART, TIMI, and GRACE are widely used to
stratify risk for major adverse cardiac events (MACE). However, these tools are
limited by reduced sensitivity and negative predictive value (NPV) at common
decision thresholds, limited generalizability to heterogeneous ED populations,
and an inability to incorporate dynamic clinical data such as evolving labora-
tory results and imaging findings [4,5,6]. As a result, they may overestimate
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risk in low-risk patients and contribute to unnecessary admissions and resource
utilization.

The increasing availability of electronic health record (EHR) data provides
an opportunity to develop more accurate, data-driven approaches to early risk
stratification. In this study, we develop and externally validate a multi-modal
machine learning model that integrates structured clinical data, laboratory val-
ues, and imaging-derived features to predict 30-day MACE in ED patients with
chest pain. Our goal is to improve early identification of low-risk patients and
support safe discharge decisions to reduce ED overcrowding.

2 Methods

We conducted a multi-center retrospective cohort study of adult ED patients
at two academic centers. The development cohort was derived from University
of California San Diego Health (UCSD), including encounters from two EDs
between January 2016 and December 2023. External validation was performed
using data from University of California Irvine (UCI), including ED encounters
from January 2023 through August 2024. Institutional review board approval
with waiver of informed consent was obtained at both sites.

We included all adult patients (≥18 years) presenting during the study pe-
riods. Encounters were eligible if a chest radiograph (x-ray) and at least one
troponin measurement were obtained within 6 hours of ED arrival and prior
to any MACE. Predictor variables included the first available values from the
comprehensive metabolic panel, complete blood count, lactate, and B-type natri-
uretic peptide (BNP), measured prior to the prediction time. Up to two troponin
measurements were included if both occurred before the prediction time, defined
as the time of both troponin measurement and chest x-ray availability.

The primary outcome was 30-day MACE, defined using surgical ICD codes
indicating events such as acute myocardial infarction, heart failure, or stroke
occurring within 720 hours of ED arrival, including subsequent readmissions.

The final cohort included 30,614 encounters at UCSD and 18,734 at UCI.
MACE occurred in 240 (0.8%) encounters at UCSD and 479 (2.6%) at UCI.
Cohort characteristics stratified by site and outcome are presented in Table 1.

We also track whether patients are given MACE related IV medications dur-
ing the encounter itself or within 30 days of the encounter start time. These intra-
venous medications include Heparin, Lasix (Furosemide), and Bumex (Bumetanide).
The length of stay in the ED (ED LOS) is measured for all encounters in our
cohorts.

In addition to the aforementioned EHR model input features, we also input
the gender, race, ethnicity, and age of the patient at the encounter start time.
We also note the presence or absence of 15 MACE-related comorbidities from
the problem list of the patient at the encounter start time, such as hypertension,
diabetes, hyperlipidemia.

Lastly, the model uses the most recent chest x-ray impression available at
the time of prediction to capture key MACE risk assessments not present in the
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Table 1. Cohort demographics and outcomes are shown below. These are broken down
by study site and the presence of 30-day MACE, measured from hospital arrival time.

30-day MACE No 30-day MACE

UCSD
(n=240)

UCI
(n=479)

UCSD
(n=30,374)

UCI
(n=18,255)

Patient Characteristics
Age, median (years)
Age, IQR (years)

65.1
[56.7–73.5]

65.3
[56.0–74.6]

61.6
[49.9–72.7]

62.5
[47.8–75.6]

Female (%) 36.3 34.4 44.3 49.2

Black Race (%) 9.58 3.1 14.3 3.3

Asian Race (%) 7.5 21.5 7.6 20.6

White Race (%) 44.6 43.0 49.8 45.4

Hispanic Ethnicity (%) 31.3 37.0 23.0 39.8

Patient Outcomes
ED LOS, median, (hours)
ED LOS, IQR, (hours)

7.3
[4.6–16.8]

10.7
[6.5–25.7]

7.0
[4.9–10.9]

8.7
[5.5–21.8]

Prediction time, median (hours)
Prediction time, IQR (hours)

3.0
[2.0–4.5]

2.5
[1.8–3.2]

2.8
[2.0–4.0]

2.6
[2.0–3.5]

MACE meds during encounter (%) 69.6 78.7 22.7 14.4

MACE meds within 30 days (%) 75.4 82.3 25.0 15.6

EHR. This impression is analyzed using Claude 3.5 Sonnet with instructions to
provide a simple MACE risk assessment level (Low Risk, Borderline, High Risk,
or Imminent) as an input for our model.

These 40 quantitative and categorical model input features are used to train
an XGBoost model [7] to predict MACE within 30 days of the encounter start
time. We use an 80/20 training/testing split of our UCSD encounters, thus train-
ing the model on 24,491 encounters and testing on the remaining 6,123 encoun-
ters. All 18,734 UCI encounters were kept together as an external validation
set.

The modeling pipeline was implemented in a HIPAA-compliant cloud envi-
ronment (AWS EC2), with secure access to Claude via the Amazon Bedrock
Converse API.

3 Results

This model obtains an Area Under the Curve (AUC) of 82.0% on the UCSD
testing set, and an AUC of 74.6% on the UCI external validation set (Table 2).
Model sensitivity is targeted at 70% on the testing set, which determined the
threshold risk score for positive model prediction. At this threshold the Positive
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Table 2. Model Performance at Development Site (UCSD) and Validation Site (UCI).

Study Site AUC AUC-pr Sensitivity Specificity PPV NPV
UCSD 82.0% 4.8% 70.8% 77.3% 2.4% 99.7%
UCI 74.6% 9.7% 30.1% 93.3% 10.6% 98.1%

Fig. 1. Model performance by time of prediction (hours from ED arrival).

Predictive Value (PPV) is low (2.4% for the testing set, 10.6% for the validation
set) but our NPV remains high, which aligns with the model’s goal to allow low-
risk patients to be safely discharged sooner. In the validation set, the sensitivity
falls to 30.1%, suggesting a large distribution shift between these datasets. We
note that the majority of model predictions occurred within 3 hours of ED
arrival, enabling actionable early risk stratification during ED evaluation.

For each study site, we bin the model predictions by hours from hospital
arrival to analyze how the model performance changed with the prediction time
(Fig 1). Since the NPV is the most critical metric for whether our model can
allow earlier patient discharge, we compute a Spearman rank correlation [8]
between hourly NPV and prediction hour of the model. The correlation was
not statistically significant (p=0.35 at UCSD, p=0.16 at UCI), indicating no
evidence of a significant change in NPV by model prediction time.

4 Conclusion & Future Work

ED overcrowding remains a persistent issue that impacts quality of care and
increases patient morbidity and mortality. Chest pain, the second most common
presentation to the ED, adds substantial pressure to already strained clinical
workflows and excessive patient volume. By accurately distinguishing between
low- and high-risk patients, real-time risk stratification tools offer the prospect
of reducing ED crowding by discharging low-risk patients sooner.



AI-Informed 30-Day MACE Risk Predictions in ED Arrivals 5

To improve our model, we would like to add more input features that would
be available soon after a patient arrives in the ED. These desired features in-
clude ECG waveform data, chest x-ray image data, and clinical notes. Perfor-
mance may be improved through site-specific retraining or recalibration at the
validation site.
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