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ABSTRACT

Background Despite standardised approaches, subjective
assessment and inconsistent diagnostic testing for chest
pain in the emergency department (ED) drive costs,
disparities and adverse outcomes. Artificial intelligence
offers potential to automate and improve risk stratification.
Methods and results Using a retrospective cohort of
15048 patients presenting to the ED of a tertiary care
hospital, we trained a neural network classifier (‘Chest
Pain-Al’ or ‘CP-AI’) to predict a 7-day composite endpoint
of major cardiovascular diagnoses including myocardial
infarction, pulmonary embolism, aortic dissection and
all-cause mortality. Inputs to CP-Al included age, sex,
cardiac biomarkers (D-dimer or troponin | or T positivity)
and numerical representations of presenting 12-lead
ECGs. ECG representations were derived using a

publicly available deep learning model known as patient
contrastive learning of representations. In an external
validation set of 14476 patients, we evaluated CP-Al
against comparator models, including a ‘Biomarker
Model’” incorporating clinical data (age, sex, biomarker
positivity), based on both the area under the receiver
operating characteristic curve (AUROC) and area under
the precision-recall curve (AUPRC). CP-Al outperformed
the Biomarker Model in prediction of the 7-day composite
endpoint with an AUROC of 0.82 (95% Cl 0.81 to 0.83) vs
0.79 (95% Cl 0.78 to 0.81) and an AUPRC of 0.46 (95%

Cl 0.44 t0 0.49) vs 0.35 (95% Cl 0.33 to 0.37) (p<0.05 for
both comparisons).

Conclusions CP-Al, a fully automated neural network
classifier, demonstrated superior performance in the
prediction of 7-day major cardiovascular diagnoses for
patients presenting with acute chest pain compared with
conventional models trained on demographics and cardiac
biomarkers. CP-Al may standardise and expedite risk
stratification of patients presenting to the ED with chest
pain.

INTRODUCTION

Chest pain is a leading cause of presenta-
tion to the emergency department (ED),
accounting for 6.5million visits in the USA
annually." Causes of chest pain can vary widely,
from benign conditions to life-threatening
emergencies such as myocardial infarction,
pulmonary embolism and aortic dissection.”

.2 Marton Kolossvary,>*° Ridwan Alam,"®
Raimon Padrés-Valls,"” Michael T. Lu,® Aaron D Aguirre

1,2,8,9

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Despite the use of standardised protocols, chest
pain evaluation in the emergency department re-
mains highly variable due to subjective clinical
judgement and inconsistent diagnostic testing, con-
tributing to increased costs, healthcare disparities
and adverse patient outcomes.

WHAT THIS STUDY ADDS

= This study introduces a fully automated neural net-
work classifier (Chest Pain-Al) that integrates ECG
waveforms, demographics and cardiac biomarkers
to outperform conventional models in predicting a
7-day composite endpoint of major cardiovascular
diagnoses comprising myocardial infarction, pul-
monary embolism, aortic dissection and all-cause
mortality.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Chest Pain-Al has the potential to standardise and
improve risk stratification of chest pain in the emer-
gency department, reducing unnecessary diagnos-
tic testing and improving care efficiency.

Rapid identification of high-risk patients is
therefore crucial to prevent morbidity and
mortality." * * Despite the widespread use of
standardised chest pain evaluation protocols,
variability in diagnostic testing has resulted
in preventable morbidity and contributed
to significant healthcare spending.”® There
remains a critical need to improve risk stratifi-
cation of patients presenting with acute chest
pain.

Deep learning models leveraging the
12-lead ECG have demonstrated predictive
capabilities in the diagnosis of acute cardio-
vascular conditions including pulmonary
embolism, myocardial infarction and heart
failure.” ™! However, the use of ECG-based
deep learning models for risk stratification of
acute chest pain remains underexplored.

Using a retrospective cohort of 33287 ED
patients from two tertiary care centres, we

BM) Group
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developed and externally validated a fully automated
neural network model that uses 12-lead ECG waveforms
to predict a 7-day composite endpoint of major cardio-
vascular diagnoses composed of myocardial infarction,
pulmonary embolism, aortic dissection and all-cause
mortality in patients presenting with chest pain. To assess
potential improvement in risk stratification, we compared
the deep learning model to conventional models trained
on demographic information and cardiac biomarkers.

METHODS

Study sample

We leveraged a previously defined retrospective electronic
health record cohort of patients presenting to the EDs
of Mass General Brigham Hospitals, including Brigham
and Women’s Hospital (BWH) and Massachusetts
General Hospital (MGH), with chest pain.'” The dataset
was assembled using the Research Patient Data Registry
(RPDR) to identify patient encounters between 1 January
2006 and 31 December 2015 and link these encounters
with corresponding demographics, laboratory testing,
narrative notes, as well as radiology and cardiology diag-
nostic testing. RPDR mortality data are linked to the
National Death Index, which introduces a multiyear
delay in achieving dataset completeness.”” Using RPDR,
we identified adults presenting to the ED with chest pain
using the following criteria: (1) age greater than 18 years,
(2) biomarker testing including troponin I or T, D-dimer,
or both, (3) and additional diagnostic testing during or
immediately after the ED visit with cardiovascular studies
(cardiac MRI, invasive coronary angiography, stress
testing with or without perfusion imaging) or thoracic
imaging evaluation (CT angiography, pulmonary perfu-
sion imaging). We additionally excluded patients who did
not have at least one 12-lead ECG performed while in
the ED (n=17 680). When multiple ED visits were avail-
able, we selected the earliest encounter. We identified
laboratory testing using the Logical Observation Identi-
fiers Names and Codes (online supplemental table SI).
We identified cardiovascular and pulmonary diagnostic
testing using Current Procedural Terminology codes
(online supplemental table S2).

Demographic data including age, sex and self-reported
race, as well as laboratory results, were obtained from
RPDR. Troponin I or T and D-dimer positivity were deter-
mined using the assay-specific age and sex thresholds for
identifying abnormal values. We defined serum biomarker
positivity as having at least one abnormal troponin I or T,
or D-dimer test within 1day of ED presentation.

Study outcomes

Outcomes were defined using International Classification
of Diseases codes 9 and 10 (online supplemental table
S3). Mortality data were obtained through linkage to
the National Death Index . Our primary outcome was a
composite endpoint of major cardiovascular diagnoses
within 7days of ED presentation, including myocardial

infarction, pulmonary embolism, aortic dissection and
all-cause mortality. Secondary outcomes included each
of the individual endpoints at 7days. In a supplementary
analysis, we also assessed both primary and secondary
endpoints at 30 days.

ECG sampling

Study sample ECGs were obtained during routine clin-
ical care. ECG waveforms were accessed using the institu-
tional MUSE database (GE Healthcare, ‘MUSE’ software
V.8.0 and V.9.0). The MUSE database includes automated
and physician-entered diagnostic statements; tabular
ECG measures including axes, intervals and lead-specific
voltage amplitudes; and raw ECG waveforms. When
multiple ECGs were available, the first ECG available for
the clinical encounter was selected. No exclusion criteria
were applied to ECGs. The ECGs were converted to .xml
file format and analysed at native resolution, as previously
described."

Model training and testing

We randomly divided patients presenting to the BWH ED
into training and internal test sets with an 80/20 split.
Patients presenting to the MGH ED were reserved as an
external validation set. Since the earliest ED presentation
for each patient was selected for analysis, there was no
overlap between the datasets.

For the neural network classifier, we first transformed
each ECG into a 320-dimensional numerical vector repre-
sentation using a previously described, publicly available
deep learning approach known as patient contrastive
learning of representations (PCLR)."*" PCLR is a convo-
lutional neural network trained on over 3million inpa-
tient and outpatient ECGs from greater than 400000
patients that creates numerical representations of ECG
waveforms which emphasise differences between ECGs
from different individuals and similarities among ECGs
from the same individual (online supplemental methods).
This approach enables self-supervised learning across the
entirety of the PCLR ECG training database (3million
ECGs) to capture rich embeddings of ECGs without
specific labels. These embeddings can subsequently be
fine-tuned for specific prediction tasks using supervised
learning models on smaller datasets. Using this approach,
PCLR has been shown to outperform task-specific models
when training data are limited."* '®

We input the 320-dimensional numerical PCLR ECG
representations along with age, sex and biomarker results
into a neural network classifier (‘Chest Pain-AI’ or ‘CP-
AT’) to predict the primary and secondary outcomes
using a multilabel approach (figure 1). All analyses were
performed in Python using the scikitlearn package.'”
Details on the rationale for feature selection, model
training and optimisation are available in the online
supplemental methods.

We also trained three comparator neural network
models including: (1) age and sex (‘Age and Sex’), (2)
age, sex and cardiac biomarker positivity (‘Biomarker
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Graphical abstract. The training set comprised 15048 patients with chest pain presenting to BWH. We trained a

neural network classifier (‘Chest Pain-Al’) to predict a 7-day composite endpoint of major cardiovascular diagnoses including
myocardial infarction, pulmonary embolism, aortic dissection and all-cause mortality. Model inputs included demographics (age
and sex), cardiac biomarkers (D-dimer or troponin | or T positivity) and 12-lead ECG waveforms processed by an algorithm
using PCLR into 320-dimensional numerical representations. Model performance was assessed in both an internal test set

of an additional 3736 patients presenting to BWH and an external validation dataset of 14476 patients presenting to the
Massachusetts General Hospital using the area under the receiver operating characteristic curve and area under the precision-
recall curve. CP-Al demonstrated superior performance to comparison models trained on (1) demographics alone (‘Age/Sex’),
(2) demographics and cardiac biomarkers (‘Biomarker’) and (3) demographics and numerical ECG representations (‘ECG’).
BWH, Brigham and Women'’s Hospital; CP-Al, Chest Pain-Al; PCLR, patient contrastive learning of representations.

Model’) and (3) age, sex and numerical ECG represen-
tations (‘ECG Model’). Model training and optimisation
of the comparator models followed the same approach as
that of the CP-Al model.

After model training, we assessed model performance
in both the internal test set and the external validation
set using the area under the receiver operating charac-
teristic curve (AUROC) and area under the precision-
recall curve (AUPRC). Precision-recall curves and the
AUPRC evaluate model performance specifically for posi-
tive predictions by plotting precision (positive predictive
value) against recall (sensitivity or true positive rate).
These metrics are particularly useful for imbalanced
datasets with low event rates, as they focus on the model’s
ability to identify positive cases without being influenced
by the large number of true negatives."®

We used bootstrapping to calculate Cls for AUROC
and AUPRC and to compare these metrics between
pairs of models. For the bootstrapping procedure, we
used sampling with replacement over 1000 iterations to
generate an empirical distribution of the AUROC (or
AUPRC) and used that distribution to calculate the mean
and 95% CI of the AUROC (or AUPRC). We applied a

similar approach to statistically compare pairs of models:
for each bootstrapped sample, we calculated the AUROC
(or AUPRC) for both models and computed the differ-
ence in AUROCs (or AUPRCs). We then estimated the
p value for the pairwise comparison by calculating the
proportion of bootstrapped differences that were less
extreme than zero (two-tailed test).!® We also conducted
a sensitivity analysis where we evaluated the AUROC of
the models among sex, age and race-specific strata in the
external validation set.

Finally, to evaluate how model performance compared
among individuals at low risk of the composite endpoint,
we compared predictions between CP-Al and the
Biomarker Model in non-cases (true negatives) in the
external validation set. To facilitate direct model compar-
ison, we defined a probability threshold for high and
low risks by identifying the model-specific threshold
corresponding to 98% sensitivity for predicting 7-day
major cardiovascular diagnoses. A 98% sensitivity level
was selected based on precedent in the emergency medi-
cine literature.”” We then evaluated individuals for whom
model predictions agreed and disagreed using a ‘low risk’
designation as the ground truth. Finally, we measured
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corresponding test characteristics including specificity,
positive predictive value and negative predictive value at
98% model sensitivity across the external validation set
(including both cases and non-cases).

RESULTS

Study sample

The BWH dataset comprised 18811 patients who were
divided 80/20 into training and internal testing sets. The
training set included 15048 individuals (51% female,
mean age 57+17 years) and the internal test set included
3763 individuals (50% female, mean age 57+17 years)
(table 1). The MGH external validation set included
14476 individuals (45% female, mean age 58+16 years).
Rates of troponin testing (training set: 94%, internal
test set: 94%), validation set: 95%) and D-dimer testing
(training set: 33%, internal test set: 33%), validation set:
35%) were similar. The primary composite endpoint of
7-day major cardiovascular diagnoses occurred in 2443
(16%) patients in the training set, 638 (17%) patients
in the internal test set and 1784 (12%) patients in the
external validation set. Rates of the 30-day composite
endpoint were also similar among the modelling sets
(table 1).

Model performance

CP-Al outperformed the comparison models for
prediction of the 7-day composite endpoint with an
AUROC of 0.80 (95% CI 0.78 to 0.82) in the internal
test set and AUROC of 0.82 (95% CI 0.81 to 0.83) in
the external validation set (figure 2). The AUROCGs
of the comparator models for the prediction of the
7-day composite endpoint in the external validation
set were: age and sex 0.63 (95% CI 0.60 to 0.65),
Biomarker Model 0.78 (95% CI 0.76 to 0.8) and
ECG Model 0.70 (95% CI 0.68 to 0.72) (p<0.05 for
all comparisons with CP-Al) (figure 2). CP-AI also
yielded the highest AUPRC of 0.50 (95% CI 0.46 to
0.54) and 0.46 (95% CI 0.44 to 0.49) for prediction of
7-day MACE versus the Biomarker Model 0.35 (95%
CI 0.33 t0 0.37) and 0.42 (95% CI 0.39 to 0.46) in the
internal test set and external validation set, respec-
tively (p<0.05 for both comparisons) (figure 2). CP-Al
similarly outperformed the comparison models for
prediction of the 30-day composite endpoint in the
internal test set and external validation set (online
supplemental figure S1).

In addition, CP-AI outperformed the compar-
ison models for prediction of the secondary 7-day
outcomes in the external validation set, including:
myocardial infarction (AUROC 0.91 (95% CI 0.90 to
0.92)), pulmonary embolism (AUROC 0.69 (95% CI
0.67 to 0.71)), aortic dissection (AUROC 0.71 (95%
CI 0.67 to 0.75)) and mortality (AUROC 0.82 (95%
CI 0.80 to 0.84)) (online supplemental figure S2).
Similar findings were observed for predicting the
secondary 30-day outcomes (online supplemental

Table 1 Study baseline characteristics
External
validation
Training set  Internal test set (n=14
(n=15 048) set (n=3763) 476)
Age (years)* 57+17 57+17 58+16
Female 7727 (51) 1896 (50) 6498 (45)
Ethnicity
White 9164 (61) 2313 (62) 10743 (74)
Black 2755 (18) 678 (18) 1213 (8)
Hispanic 1289 (9) 303 (8) 737 (5)
Asian 388 (3) 106 (3) 529 (4)
Biomarkers
Troponin or D- 15048 (100) 3763 (100) 14476 (100)
dimer
Troponin or D- 5335 (36) 1341 (36) 4642 (32)
dimer positive
Troponin 14161 (94) 3534 (94) 13779 (95)
Troponin 2888 (19) 701 (19) 1813 (13)
positive
D-dimer 4954 (33) 1230 (33) 5009 (35)
D-dimer positive 2800 (19) 719 (19) 3128 (22)
7-day outcomes
Major 2443 (16) 638 (17) 1784 (12)
cardiovascular
diagnoses
Myocardial 1410 (9) 367 (10) 1037 (7)
infarction
Pulmonary 983 (7) 258 (7) 653 (5)
embolism
Aortic dissection 113 (1) 30 (1) 146 (1)
Mortality 307 (2) 90 (2) 294 (2)
30-day outcomes
Major 2540 (17) 653 (17) 1853 (13)
cardiovascular
diagnoses
Myocardial 1448 (10) 374 (10) 1071 (7)
infarction
Pulmonary 1051 (7) 268 (7) 692 (5)
embolism
Aortic dissection 115 (1) 30(1) 149 (1)
Mortality 738 (5) 195 (5) 589 (4)

Data presented as n (%) unless otherwise noted.
*Data displayed as mean+SD.

figure S3). The precision-recall curves for predic-
tion of the secondary 7 and 30-day outcomes are
presented in online supplemental figures S4 and S5.
Performance was maintained across strata of age, sex
and race (online supplemental tables S4 and S5).
We then compared test characteristics and predic-
tion of 7-day major cardiovascular diagnoses by the
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Figure 2 Receiver operating characteristic and precision-recall curves for prediction of 7-day major cardiovascular diagnoses.
Top: In the internal test set (n=3746), CP-Al outperformed comparison models trained on (1) demographics alone (‘Age/Sex’),
(2) demographics and cardiac biomarkers (‘Biomarker’) and (3) demographics and PCLR-derived ECG representations (‘ECG’)
for prediction of the 7-day composite endpoint, as shown in both the ROC curves (left) and PR curves (right). The ROC curve
legend shows the area under the curve and corresponding 95% CIl of CP-Al and the comparator models. The dashed line
represents the expected curve of a ‘no skill' model equal to an area of 0.5. The PR curve legend shows the area under the PR
curve and corresponding 95% CI of CP-Al and the comparator models. The dashed line represents the average precision of a
‘no skill’ model equal to the event rate in the validation sample. Bottom: ROC curves (left) and PR curves (right) for CP-Al and
the comparator models for prediction of the 7-day composite endpoint in the external validation set. CP-Al, Chest Pain-Al;
PCLR, patient contrastive learning of representations; PR, precision-recall; ROC, receiver operating characteristic.

CP-Al and the Biomarker Model among non-cases
in the external validation set at a predetermined
98% sensitivity level (table 2). Of 12692 non-cases
in the external validation set, both models agreed
in the correct categorisation of 254 (2%) patients as
low risk and the incorrect categorisation of 10233
(81%) patients as high risk. Of the remaining 2205
(17%) of patients for which the models disagreed,
1702 (78%) were correctly categorised as low risk by
CP-AI and incorrectly categorised as high risk by the
Biomarker Model. Conversely, 503 (22%) patients

were incorrectly categorised as high risk by CP-Al and
correctly categorised as low risk by the Biomarker
Model. Taken together, a net of 1199 (9%) of non-
cases in the external validation set were correctly
reclassified from high risk to low risk by CP-Al
compared with the Biomarker Model.

Finally, we compared the test characteristics of
CP-AI and the Biomarker Model at 98% sensitivity.
The corresponding specificities for CP-Al and the
Biomarker Model were 15.4% and 6.0%, positive
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Table 2 Model comparison for risk stratification of 7-day
major cardiovascular diagnoses

Non-cases in external validation set (true negatives),
n=12692

Biomarker Model Chest Pain-Al

Low risk High risk
Low risk 254 503
High risk 1702 10233
Cases in external validation set (true positives), n.=1784
Biomarker Model Chest Pain-Al

Low risk High risk
Low risk 4 32
High risk 32 1716

Comparison of Chest Pain-Al and Biomarker Model risk
predictions for non-cases (true negatives; top) and cases (true
positives; bottom) in the external validation set. Model-specific risk
thresholds delineating high and low risks were determined by the
model-specific threshold corresponding to a sensitivity of 98%.

In total, 1199 of non-cases (9%) were correctly reclassified to low
risk by Chest Pain-Al. Since model sensitivities were predefined,
no difference in case (true positive) reclassification is expected.

predictive values were 15.4% and 13% and negative
predictive values were 98% and 96%, respectively.

DISCUSSION

We present the findings of CP-Al, a fully automated
neural network classifier, which integrates demographic
and cardiac biomarker data with ECG waveforms to risk
stratify patients with acute chest pain. In an external vali-
dation set, CP-Al achieved an AUROC of 0.82 and an
AUPRC of 0.50 for predicting the primary outcome of
7-day major cardiovascular diagnoses composite MACE
outcome encompassing myocardial infarction, pulmo-
nary embolism, aortic dissection and mortality. When
compared with conventional models that do not incor-
porate ECG waveform data, CP-Al showed superior
overall performance. CP-Al further demonstrated signif-
icant improvements in risk stratification among low-risk
patients, correctly reclassifying 9% of low-risk patients
when compared with a conventional model trained on
demographics and cardiac biomarkers. CP-AI may have
utility as a rapid, fully automated risk stratification tool
for patients presenting with acute chest pain.

Previous studies have highlighted the effectiveness of
deep learning models leveraging ECG data to predict
specific causes of chest pain (eg, myocardial infarction
and pulmonary embolism) as well as mortality. Gustafsson
et al used the SWEDEHEART registry to develop a deep
learning model that integrated ECG waveforms with age
and sex to distinguish between ST-elevation myocardial
infarction (STEMI) and non-ST-elevation myocardial
infarction (NSTEMI), achieving AUROCGCs of 0.99 and
0.83 for STEMI and NSTEMI classifications, respectively.”
Somani et al trained a deep learning model combining

3

clinical data (demographics, comorbidities, vital signs
and labs) with ECG waveforms to predict pulmonary
embolism, achieving an AUROC of 0.81. Notably, though,
when only ECG data were used, the AUROC dropped to
0.59, underscoring the importance of clinical context
to their model."" In another study, Sun et al developed
a series of deep learning models based on demographic
and ECG data to predict mortality, reporting AUROCGCs of
0.84, 0.81 and 0.90 for 30-day, 1-year and 5-year mortality
predictions, respectively.”’ While there are notable vari-
ations in study populations, input features and meth-
odologies, CP-Al exhibited comparable performance to
these state-of-the-art models, highlighting the potential
for a single model to simultaneously predict multiple
outcomes without loss in performance.

Despite extensive efforts to standardise the modern
evaluation of acute chest pain, variability in provider
experience and inherent biases have led to inconsistent
application and outcomes. A study of patients under-
going rapid chest pain assessment in an ED setting
revealed significant discrepancies in bedside risk scores
between ED physicians and cardiologists in more than
half of patients.” The study found that ED physicians
tended to overestimate risk compared with cardiologists
in at least 25% of the study population, suggesting that
ED providers may bias towards more risk-averse diag-
nostic algorithms. Implicit biases have further contrib-
uted to pronounced differences in race and sex-specific
outcomes.?® For instance, an analysis of a national survey
of ambulatory patients in the USA showed that women
presenting with chest pain waited longer, had lower rates
of ECG testing and were less likely to be admitted to the
hospital.?* Similarly, in a large meta-analysis comprising
705000 patients, Shah et al found significant differences
in time to evaluation, door-to-balloon time and mortality
in females presenting with STEML* Artificial intelli-
gence, though prone to its own biases, has the potential
to automate and standardise both data interpretation
and the application of diagnostic testing algorithms, and
may therefore help to offset provider biases and improve
chest pain risk stratification among diverse patient popu-
lations.* *°

Improving patient selection and utilisation of diagnostic
testing for patients across the risk spectrum is essential
to both preventing morbidity and reducing healthcare
spending. In studies of low-risk patient cohorts, the yield
of obstructive coronary artery disease was a mere 1-3%,
highlighting that overuse of diagnostic testing in low-risk
patients is a potential source of excessive spending.27 2
When comparing risk stratification among low-risk indi-
viduals, we found that CP-AI correctly reclassified 9%
of low-risk patients compared with a model trained on
conventional data. This improvement has the potential
to reduce unnecessary diagnostic testing in nearly 1 in
10 patients presenting with chest pain. Surprisingly,
prior studies have suggested that diagnostic testing is
overused in low-risk patients and underused in high-risk
patients resulting in potentially avoidable morbidity.” **
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Coronary artery disease

While only a relative minority of patients presenting with
chest pain will have adverse outcomes, it is essential to
correctly identify these diagnoses. In situations like this,
where there is a class imbalance between cases and non-
cases, the precision-recall curve provides critical metrics
of evaluation beyond the receiver operating character-
istic curve. The CP-Al model notably outperforms all
other models in the AUPRC as well as AUROC. Taken
together, these results suggest that artificial intelligence
models like CP-Al have the potential to enhance risk
stratification and assist healthcare providers in guiding
the appropriate utilisation of diagnostic testing across the
risk spectrum.

Our findings must be interpreted in the context of the
study’s limitations. The use of billing codes to ascertain
clinical outcomes may result in misclassification. Notably,
though, consistent improvements in CP-Al prediction
were also observed in the secondary mortality outcome,
which is not prone to misclassification bias. The study
sample was also limited to patients with available ECG
and biomarker data, which may under-represent low-risk
patients. Although stratified analysis was performed, the
study population was largely composed of older white
individuals, which may limit generalisability. However,
in stratified analyses based on age, sex and ethnicity,
CP-AI showed consistent performance (online supple-
mental table S4). Additionally, our dataset was limited to
initial biomarker values, whereas chest pain algorithms
commonly use serial measures. One might expect the
performance of models, like CP-Al, to improve if given
access to serial biomarker data. Lastly, while the model
was developed and validated within two distinct hospi-
tals, further work is required to show that our results are
generalisable across many healthcare settings in diverse
geographical locations, and to prospectively validate our
findings.

In conclusion, we demonstrate that a fully automated
neural network classifier, CP-AI, which integrates patient
demographics, cardiac biomarkers and ECG wave-
form data, effectively stratifies risk among ED patients
presenting with acute chest pain. CP-Al outperformed
comparator models trained on conventional risk strat-
ification data and accurately reclassified patients across
the risk spectrum. CP-Al offers a promising tool for
enhancing clinical decision-making and utilisation of
healthcare resources through more accurate and individ-
ualised risk assessment.
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