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A deep learning ECGmodel for identification
and localization of occlusion myocardial
infarction

Stefan Gustafsson 1, Antônio H. Ribeiro 2,3, Daniel Gedon4,5,
Petrus E. O. G. B. Abreu6, Nicolas Pielawski2, Gabriela M. M. Paixão7,
Marco Antonio Gutierrez 8, José Eduardo Krieger 8, FelipeMeneguitti Dias 8,
Antonio Luiz P. Ribeiro 7, Daniel Lindholm 1,9, Thomas B. Schön2 &
Johan Sundström 1,10

Rapid identification and localization of an acute coronary occlusion are vital to
prevent myocardial damage, yet reliance on ST-segment ECG criteria misses
many acute occlusion myocardial infarctions (OMI) and triggers unnecessary
acute angiographies. Here, we present a trained and validated deep learning
model using 540,372 emergency ECGs paired with definitive catheterization
outcomes. Themodel has a C-statistic of ≥0.95 for OMI and ≥0.87 for non-OMI
infarctions and can localize culprit lesions in the three main coronary bran-
ches,which canguide the angiographer. Performance is similar across age, sex,
and ECG hardware subgroups. Obviating dependence on ST-elevations and
troponins, this model for the identification and localization of OMI has the
potential to shorten the time to reperfusion of an acute coronary occlusion
and save resources. Because human oversight of OMI detection on the ECG is
limited, randomized clinical trials with patient-relevant outcomes are
warranted.

Acute myocardial infarction is the leading cause of death globally1.
When a patient presents with a suspected acute coronary syndrome,
the goal is to decide if the patient needs tobeurgently transported to a
coronary intervention lab or if the angiography can wait, e.g., until
office hours. If the coronary artery is acutely occluded, time equals
dyingmyocardium. Theelectrocardiogram (ECG) is, therefore, of great
utility because it can often be obtained already in the ambulance and
couldherald an acute occlusionbeforepermanentmyocardial damage
entails. The current ECG paradigm mainly utilizes the ST-segment for
these decisions, but ST-elevations are only present in a fraction of

acute occlusion myocardial infarctions (OMI)2, ST-elevations can have
other causes thanOMI, and physicians disagree in their interpretations
of ST-elevations3,4. This leads to lost time5,6, lost lives2, and costs and
risks associated with unnecessary coronary angiographies.

Recent dramatic advances in ECG interpretation using machine
learningoffer thepotential to better identify anOMI, potentially saving
time, lives, and costs7. Machine learning models using parameterized8

or raw9 ECG data have shown promise for OMI classification. The ECG
can also be useful for determining the localization of pathologies, and
machine learning models have been shown to have the capacity to
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localize a non-occlusive coronary stenosis, i.e., the potential to localize
coronary artery narrowing in the absence of a complete occlusion10.
Some patients have chronic coronary occlusions in addition to an
ongoing acute OMI,making the choice of which coronary occlusion to
intervene on difficult but critical11. Correctly identifying the localiza-
tion of the acute occlusion would therefore be of great clinical value.
We developed and validated such a machine learning model for the
identification of OMI and its localization, by using more than half a
million ECGs and detailed anatomical coronary angiography and
intervention results in emergency department patients.

Results and discussion
Study population
We utilized 540,372 ECGs from 465,471 emergency department (ED)
visits and 225,824 patients in the Swedish Emergency Department
Database (SwED; Fig. 1)12. Of these ECGs, 1583 (0.3%), 4279 (0.8%), and
534,510 (98.9%) were labeled as OMI, nOMI (myocardial infarction not
classified asOMI), and control (nomyocardial infarction), respectively.
The OMI and nOMI labels were set at time of coronary catheterization
by the coronary angiographer. OMI was defined as the presence of a
newly formed coronary total occlusion or very close to total occlusion
(TIMI blood flow 0). The distinction between an acute and a chronic
occlusion can be made with certainty during the coronary

intervention, based on the characteristics of the occlusion upon
guidewire maneuvering. Of those with an OMI, 595 (37.6%), 359
(22.7%), and 629 (39.7%) had the left main or left anterior descending
artery (LM/LAD), the left circumflex artery (LCX), and the right cor-
onary artery (RCA) as the culprit vessel (the acutely blocked artery
responsible for this myocardial infarction), respectively (Fig. 2A, B).

We split the SwED data on patients (not ECGs), using 70% for
training, 10% for validation, and 20% for testing. The test data com-
prised one random set and one temporal set (including patients whose
first visit occurred in the final study year), which is further described in
Fig. 1. The numbers in each outcome class (defined in Supplementary
Fig. 1) and data splits are shown in Supplementary Table 1, and the
numbers in each sub-class over time are shown in Supplementary
Figs. 5, 6. The number of samples in each sub-class increased over the
years. This increase was likely due to multiple factors, e.g. including
expanded ECG data coverage and changes in clinical care such as a
growing proportion of non ST-elevation myocardial infarction
(NSTEMI) and elderly patients with available angiography, as shown in
the SWEDEHEART Annual report 202413.

Compared with the temporal test set, the random test set inclu-
ded more patients with multiple ED visits in the SwED data (over a
longer time span), were on average older, and had more prevalent
cardiovascular comorbidities. The clinical characteristics by OMI class
are shown in Supplementary Table 6 for all data splits of SwED com-
bined, showing that the OMI cases were on average younger than the
nOMI cases, had a higher proportion of men, and had fewer known
underlying cardiovascular comorbidities and use of cardiovascular
drugs at the time of the ED visit. The OMI cases also have markedly
elevated levels of cardiac troponin levels, an elevated risk of death
within 30 days (Supplementary Table 6), all underwent percutaneous
coronary intervention (PCI) within the first week after ED admission
(Supplementary Fig. 7), and among those who received stents, 36%
required multiple stents (compared to 30% for nOMI).

Model performance in internal test sets
The model performance in the random and temporal test sets is pre-
sented in Fig. 2C (discriminative performance of the super-classes of
the model), Supplementary Fig. 8 (discriminative performance of the
super and sub-classes of the model), and Supplementary Table 2
(metrics of both discrimination and calibration for all super- and sub-
classes, including model uncertainty from non-parametric bootstrap).
Supplementary Fig. 9 presents the receiver operating characteristic
(ROC) and precision-recall curves across both test datasets. These
above-mentioned results presentmetrics comparing one given class vs
all the other classes (OvA) or multiclass comparisons. Supplementary
Fig. 10presentsmetrics for one vs one (OvO) comparisons. In the SwED
test sets, the model demonstrated excellent discriminative perfor-
mance for the OMI super-class, achieving an OvA C-statistic of ≥0.95.
For the nOMI super-class, the model yielded an OvA C-statistic of
≥0.87. The model also performed well in identifying the OMI culprit
vessel, but with variability in the results for some specific sub-classes
and test splits. This applied to OvA comparisons, while the dis-
criminative performance was poor for one OvO comparison between
OMI LCX and OMI RCA. At a false positive rate of 5%, the model
achieved a sensitivity of 0.87 for OMI across both SwED test sets.

In both SwED test sets combined, themodel captured significantly
more STEMIs compared with the automatic 12SL diagnosis statements
(part of the GE MUSE data format) at the same number of false posi-
tives (Supplementary Tables 10, 11). A total of six STEMI ECGs, which
were correctly called in the diagnosis statements, had a low predicted
probability of STEMI from our model. A manual evaluation of these
(J.S., consultant cardiologist), revealed that all except one had an
unclear ST-pattern that should not result in a confident STEMI diag-
nosis. When it comes to missed STEMI cases, it should be noted that
our dataset contains some STEMI label noise, as shown in a previous

A

B

Fig. 1 | Flowchart describing the creation of the main study sample. Panel
A shows inclusion and exclusion criteria for the main study sample (the Swedish
EmergencyDepartment database [SwED]). There are threemain quantities whereN
ECGs > N patient visits > N patients. Panel B shows data splits of the derived main
study sample. The sets (training, validation, test random, test temporal) are created
so that a patient can only belong to one set (to prevent any information leakage
between the sets). The validation and test sets are further restricted so they use at
maximum one ECG per patient visit. The training, validation and random test set
includes patients drawn at randomwhereas the temporal test set includes patients
with their first available ECG recording during the last year (2016).
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study12. The STEMI label was determined at discharge from the cor-
onarycareunit or emergency roomwhen thewhole care episode could
be summarized. The ECGs in the test sets of this study may hence not
always be the ones guiding the final diagnosis.

External validation
We also tested model performance in the publicly available PTB-XL
dataset (European), the CODE-II dataset (Brazilian; 12 regions), and
the InCor dataset (Brazilian; São Paulo). The model’s discriminative
performance for OMI vs control was good (C-statistic of 0.83) in the
InCor external validation set and with comparable results in evalua-
tions stratified by ECG vendor (GE MUSE and Mortara) (Supple-
mentary Table 8), and the model performance was better for OMI-
STEMI than OMI-NSTEMI (0.96 vs 0.82, as shown in Supplementary
Table 9). In addition, the model achieved excellent performance
(Supplementary Table 3) in differentiating STEMI vs control as well as
LBBB vs control (the only available labels in CODE-II and PTB-XL,
relevant for this study). The control group in CODE-II mostly includes
normal ECGs and the control group in PTB-XL includes normal

controls. The performance was mostly comparable across age, sex,
and comorbidity strata in the CODE-II external validation set (Sup-
plementary Tables 12, 13). Calibration plots indicated acceptable
agreement between predicted probabilities and observed outcomes,
as shown in Supplementary Fig. 11. The calibration plots are pre-
sented for the super-class outcomes with a sample size that gives
adequate resolution in the plots.

Robustness and subgroup analyses
To assess the robustness of our model and rule out the influence of
proxy variables, we stratified performance by several potential con-
founders. Stratified C-statistics are presented in Supplementary Fig. 12
for the following subsets: age tertiles, sex, did the patient visit the
emergency department at Karolinska Hospital (main source of the
training data) or another emergency department in the Stockholm
region, ECGs recordedusing themost commonmachine type (MAC55)
or not, ECGs recorded using themost common software (v237) or not,
prior hospitalization due to cardiovascular disease, and prevalent left
bundle-branch block (LBBB). The discriminative performance was

A C

B

Fig. 2 | Localization of occlusion myocardial infarctions and model perfor-
mance. Panel A shows an anatomical heart with the three main branches of the
coronary tree, where the model tries to predict the location of an occlusion. RCA
(right coronary artery) in purple, LM/LAD (left main coronary artery+left anterior
descending artery) in red, and LCX (left circumflex artery) in green, where a lighter
color corresponds to a coronary artery that is hiddenbehind the current viewof the
heart. Adapted from File:Coronary arteries.svg by Patrick J. Lynch (Wikimedia
Commons), CC BY-SA 3.0 https://creativecommons.org/licenses/by-sa/3.0. Panel
B shows a schematic illustration of the coronary artery segments centered around

the aorta. The same color scheme is used as in Panel A, but the color intensity
corresponds to how frequent occlusion myocardial infarctions (OMI) were in the
given segment. Panel C shows the discriminative performance (C-statistic) when
comparing a given class (x-axis) with all other classes in the random or temporal
test set. The dashed horizontal line represents a random guess. Different sub-
classes of MI are evaluated: with/without occlusion MI (OMI/nOMI), with/without
the presence of a ST-segment elevation (STEMI/NSTEMI), and OMI culprit vessel
localization (RCA, LM/LAD, or LCX).

Article https://doi.org/10.1038/s41467-026-73023-1

Nature Communications |         (2026) 17:4336 3

https://creativecommons.org/licenses/by-sa/3.0
www.nature.com/naturecommunications


mostly comparable across strata, but some differences should be
highlighted. The model performed better in patients without LBBB,
younger patients, and patients without prior cardiovascular disease
hospitalizations. Comparable results were seen across year tertiles as
shown in Supplementary Fig. 13.

Some comorbidities were over- or underrepresented among
certain high probability misclassifications, as shown in Supplemen-
tary Table 4. A manual review (G.M.M.P., consultant cardiologist) of
CODE-II ECGs misclassified with a high probability suggested that
many discrepancies were due to incorrect reference diagnoses. In
several cases, the reviewer agreedmore with the model than with the
original label. Among the false positives, all ECGs showed ST-
segment elevation, with eight displaying classic STEMI patterns and
two showing features of pericarditis or a dyskinetic segment. Half of
the false negatives showed clear STEMI patterns, while the rest
included confounding features such as LBBB, subendocardial ische-
mia, left ventricular hypertrophy, premature ventricular contrac-
tions, sinus tachycardia, and atrial fibrillation with high ventricular
rate, which may explain the model’s low confidence (Supplementary
Table 5). The false negatives with a clear ST-segment elevation had
other ECG abnormalities, such as left intraventricular conduction
disturbances and atrial fibrillation with a high ventricular rate.

The model displayed excellent discrimination but lower average
precision. It appropriately expressed uncertainty in terms of low
class probabilities in challenging cases, such as ECGs with technical
noise that the normalization had not removed, in cases with very
early ECGs on arrival at the ED or very late when thrombolysis
treatment or even PCI may have been performed, and with possible
(but not probable) STEMI in PTB-XL. Amanual review (J.S., consultant
cardiologist) of SwED test set patients with multiple ECGs from the
same visit, where the model outputs very different probabilities was
performed. The evaluation showed that the ECGs given a high OMI
probability indeed had a clear infarction pattern whereas ECGs with a
low probability often had issues such as a much weaker infarction
pattern or major technical noise.

Limitations
Weaknesses include no availability of external validation sets with OMI
culprit localization. However, we have included three external valida-
tion sets that together capture different geographical regions,
machine types, years, and labels for OMI, STEMI/NSTEMI, and LBBB.
Certain subgroups remain an issue; perimyocarditis still12 raises some
confusion for the model, and discrimination of nOMI in the LBBB
subgroup is poor but better than chance (Supplementary Table 4,
Supplementary Fig. 12). The challenge in separating between OMIs
with occlusions in LCX and RCA is not unexpected; the origin of the
posterior descending artery is more often the RCA than the LCX
(Fig. 1A+B). This discrimination is challenging also for humans using
ECGs14. The number of cases in some of the outcome classes is modest
(Supplementary Table 1), with quite few ECGs to learn from in training
and few ECGs in evaluation leading to some uncertainty. Still, the
results across outcome classes are encouraging, but some outcome
classes such as the LCX culprits would likely benefit from a larger
sample size in a future similarmodel. The CODE-II dataset lacks paired
coronary angiography, so it should be noted that acute coronary
occlusion cannot be confirmed for those with a STEMI label.

Strengths and clinical implications
Strengths of this study include a strict OMI definition based solely on
catheterizationdata that candifferentiate acute fromchronic coronary
occlusions. OMI definitions that rely on cardiac troponin levels are
suboptimal for several reasons. First, STEMI cases are rushed past the
ED to the catheterization lab without stopping for cardiac troponin
testing. Second, troponin levels are low in themost acute phase. Third,
the acuity of less than total or near-total occlusions is unknown. Our

model does not rely on troponins or any other external dependencies
that may lead to delays. Most myocardial infarction deaths occur in
low- andmiddle-income countries, where timely access to reperfusion
therapy isoften limited. In these settings, accurate and affordable tools
such as machine learning-based ECG interpretation could play a vital
role in increasing access to early diagnosis and life-saving treatment15.
An unanticipated observation is that our model’s STEMI predictions
outperform a STEMImodel trained on the CODE-II dataset itself, when
testing it on theCODE-II dataset. This leads us to conclude that amodel
trained on human labels (the CODE-II data) can reach the best con-
ceivable human level, while a model trained on objective outcome
labels (our coronary catheterization data) can acquire beyond-human
capabilities, even when the test set is based on human labels. Given
that thenumber of cases in theoutcomeclasses varies over the years, it
is reassuring that ourmodel does not only performwell in the random
test set but also in the temporal test set (reflecting the last year of
clinical practice in the main study sample). The model also shows
promising performance for OMI, STEMI-OMI and NSTEMI-OMI in the
external validation set InCor (Brazilian data collected 2017–2024 and
including the separate ECG vendor Mortara).

We herein developed and validated a machine learning model
for the identification and localization of OMI. The clinical usefulness
of such a model can be substantial as it can (1) identify OMI patients
that are in need of urgent revascularization, and avoid acute acti-
vation of the catheterization lab if there is no OMI; and (2) inform
the angiographer on which is the most likely culprit, in the case of
concurrent chronic occlusions11. This is a major development over
the current STEMI/NSTEMI paradigm, as ST-elevations are only
present in a fraction of OMIs in need of acute revascularization2,
leading to unnecessary delays5,6, deaths2, and costs. Prior machine
learning models using ECG data8,9 have shown high performance for
classification of OMI. Our model reached similar or higher perfor-
mance and can additionally point out the localization of the occlu-
sion. Our findings further strengthen the notion that OMI is a
potentially useful clinical entity, and the potential usefulness of
machine learning models for its timely detection and localization.
Because human oversight of OMI detection on the ECG is limited,
randomized clinical trials with patient-relevant outcomes are nee-
ded before clinical deployment of such models.

Methods
The study was approved by the Swedish Ethics Authority, accession
numbers 2022-07108-01, 2023-05042-02, 2023-09-22, and 2024-
04058-02 (SwED), and also approved by the Research Ethics Com-
mittee of the Universidade Federal de Minas Gerais, CAAE
85892325.1.0000.5149 (CODE-II) as well as the Research Ethics Com-
mittee of the Clinics Hospital, Heart Institute, University of São Paulo
Medical School, CAAE 45070821.3.0000.0068 (InCor). For SwED,
informed consent was waived by the Swedish Ethical Review Authority
(on the basis of public interest, in accordance with GDPRArticle 9(2)(j)
and the Swedish Ethical Review Act [2003:460]). For CODE-II, as this
was a secondary analysis of anonymized data, the Research Ethics
Committee of the Universidade Federal de Minas Gerais waived the
requirement for individual informed consent.

For InCor, informed consent was waived due to the retrospective
nature of the study, which exclusively used previously collected and
fully anonymized data extracted from electronic health records (EHR),
with no direct patient contact or intervention. This approach complies
with applicable ethical and regulatory frameworks. The Research Eth-
ics Committee of the Heart Institute (InCor), Hospital das Clínicas da
Faculdade deMedicina da Universidade de São Paulo, determined that
the use of de-identified, retrospective data poses minimal risk to par-
ticipants and does not require individual informed consent, in accor-
dance with national regulations (e.g., CNS Resolution No. 466/2012
and complementary guidelines).
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Main study sample
The main study sample used in training and validation of the model
was obtained from a subset of the Swedish Emergency Department
Database (SwED), as described in a previous study of the prediction of
ST-elevation and non-ST-elevation myocardial infarction (STEMI and
NSTEMI)12. In brief, the SwED sample includes patients ≥18 years old
with a Swedish personal identifier number and available ED data from
multiple emergency departments in Sweden, between 2003 and 2017.
The sample was linked to national registries (the patient [inpatient and
specialized outpatient], prescribed drug, and death registries),
national quality registries (SWEDEHEART [Swedish Web-system for
Enhancement and Development of Evidence-based care in Heart dis-
ease Evaluated According to Recommended Therapies; a Swedish
nation-wide quality register] sub-registries RIKS-HIA [Register of
Information and Knowledge About Swedish Heart Intensive Care
Admissions] and SCAAR [Swedish Coronary Angiography and Angio-
plasty Registry]), as well as a regional database of ECGs (Karolinska
ECG database) and electronic health records.

ECG availability restricted the present study to the Karolinska ECG
database, Stockholm, Sweden and the years covered by all required
data sources at time of the SwED data extraction was limited to 2005-
2016. The Karolinska ECG database mainly consists of patients
admitted to theKarolinskaHospital, Stockholm, Sweden (85%) but also
includes other Region Stockholm hospitals such as Södertälje and
Norrtälje. Hence, the study sample included all adult patients who
presented to the emergency department (ED) in Region Stockholm,
Sweden, between 2005 and 2016, where a standard 12-lead ECG was
recorded within 24 h of their visit. The inclusion and exclusion criteria
used to define the study sample are described in Fig. 1, which were
largely consistent with the prior study12. Notable differences were the
requirement that all myocardial infarction (MI) cases have undergone
angiography within seven days of their ED visit (in order to differ-
entiate between OMI and nOMI as well as to determine localization),
the additional inclusion of patients with prevalent left bundle branch
block (LBBB; as this is a non-negligible fraction of all acute occlusions
that any MI model should be able to identify), and the inclusion of
controls from the years 2005–2006 (the granular MI sub-classes
described below were not recorded for these years, hence only con-
trols were included).

Exposures and outcomes
High-quality data on exposures and outcomes were available from
emergency department discharge records, electronic health records,
the SWEDEHEART registry, and linked hospitalizations, with patient
records joined using the Swedish personal identifier number.

The exposures included digital ECG data, age at time of the ED
visit, and sex. Sex was determined using the Swedish personal identi-
fier number. The ECG recordings were available in the GE MUSE (v9)
XML format, with each lead represented by a numerical signal vector
together with detailed meta-data of the recording. Standard 10-sec-
ond, 12-lead ECG recordings sampled at 250–500Hz and stored with a
resolution of 4.88 µV per least significant bit in a 16-bit format
(dynamic range of around ±160mV) were used; eight leads were
retained (I, II, V1–V6) as four of the standard leads are linear combi-
nations of these and thus redundant. All ECGs had baseline wander
removed, were resampled to 400Hz, and all leads were zero-padded
to a fixed length of 4096 samples.

The outcome labels are primarily defined using data from the
SWEDEHEART quality registry where an overall data accuracy of
around 96% has been reported from monitor visits. Further, SWEDE-
HEART has a coverage of 100% for Swedish patients undergoing
angiography, which is an inclusion criteria for the myocardial infarc-
tion cases in the present study16. The study extended the three out-
come classes of the prior study12 (control, STEMI, andNSTEMI) into ten
mutually exclusiveMI sub-classes, incorporating additional granularity

regarding OMI and culprit vessel localization (definitions described
below). Additionally, controls were stratified into those with and
without perimyocarditis, a subgrouppreviously found tobe frequently
misclassified as STEMI12. The MI sub-classes included:
1. Control with perimyocarditis
2. Control without perimyocarditis
3. NSTEMI, nOMI
4. NSTEMI, OMI, LM/LAD
5. NSTEMI, OMI, LCX
6. NSTEMI, OMI, RCA
7. STEMI, nOMI
8. STEMI, OMI, LM/LAD
9. STEMI, OMI, LCX
10. STEMI, OMI, RCA

MI was defined as a new onset acute myocardial infarction
(ICD10:I21-I23 set as diagnosis) as described previously12, and the
sub-class OMI was defined as a newly formed occlusion with com-
plete or close to complete blockage requiring more urgent inter-
vention as opposed to old chronic occlusions/stenosis in the other
MI cases that have slowly been built up (where the heart, to some
extent, might have adapted, by forming collateral vessels bypassing
the blockage). OMI was defined based on the SWEDEHEART SCAAR
variable OCKL. The culprit vessel of the OMI was defined as the
segment marked as having the newly formed occlusion, based on the
characteristics of the occlusion upon guidewire maneuvering. The
SCAAR database contains information on the coronary segments
affected, with twenty segment labels according to a modified version
of a previous definition17. The fraction of MI cases with an occlusion
in some of these segments is very small, and it is sufficient to inform
the angiographer on which is the most likely culprit; therefore the
segments were grouped into the three main branches: left main
coronary artery together with the left anterior descending artery and
the intermediary (LM/LAD), left circumflex artery (LCX), and right
coronary artery (RCA) as illustrated in Fig. 2, which shows all seg-
ments together with the main branches.

Instead of excluding patients with prevalent LBBB as in the
STEMI/NSTEMI study, the presence of LBBB was incorporated as a
separate outcome label that could co-occur with the ten MI classes.
LBBB classification was based on the LBBB predictions from an
external, machine learning model trained on Brazilian data, which
has been shown to outperform cardiology resident medical doctors
in the classification of LBBB from ECGs18. Themodel predictions were
supplemented with prevalent ICD10:I44.6-I44.7 diagnoses from the
patient registry and SWEDEHEART annotations of LBBB, i.e. any
diagnosis set up until the ED visit from all available diagnosis data of
the patient. A patient was classified as having an LBBB at the ED visit if
all ECGs of the ED visit had a Pr(LBBB) ≥0.5 (cutoff selected by visual
inspection of Supplementary Fig. 2) or if a prevalent LBBB diagnosis
was present in any of the other data sources. The exact type of LBBB
(incomplete or complete) is not always known in the Swedish patient
registry data due to inexact ICD10-SE codes set. However, for
patients with an exact ICD10-SE code set, 97% were complete LBBB
(ICD10-SE:I44.6A). In the Brazilian model used to complement our
labels, the outcome was complete LBBB only, hence our LBBB defi-
nition corresponds to complete LBBB.

Outcome combinations
For the ten non-overlapping MI outcome sub-classes, several super
categories were of particular interest:

• OMI = combination of all OMI classes
• OMI LM/LAD = combination of all OMI classes with LM/LAD as the
culprit vessel

• OMI LCX = combination of all OMI classes with LCX as the
culprit vessel
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• OMI RCA = combination of all OMI classes with RCA as the
culprit vessel

• MI = combination of all MI classes
• NSTEMI = combination of all NSTEMI classes
• STEMI = combination of all STEMI classes

The ability to predict each individual OMI case – along with their
location – is paramount in order to inform the angiographer on which
is the most likely culprit in high urgency patients. Compared to the
previous STEMI/NSTEMI study, predicting all MI cases not only has
clinical applications but also helps evaluating model performance in
test sets where only MI (yes/no) labels are available.

Data splitting
Data were split into 70% training, 10% validation, and 20% test sets,
where a patient couldonly be included in one of these sets. The test set
was further divided into a random test set and a temporal test set, with
the latter including patients whose first visit occurred in the final year
(≥2016-01-01) of the study period, which is further described in Fig. 1.
To augment the training data, multiple ECGs recorded at the same ED
visit of a patient were used. In contrast, only one ECG per ED visit of a
patient was used for validation and testing, and if multiple ECGs had
been recorded at the ED visit for patients in the validation or test set,
only one of these ECGs were retained at random.

Model architecture and training
Themodel was based on a convolutional neural network (CNN) using
a residual network (ResNet) architecture with skip connections,
adapted for one-dimensional ECG signals. The model architecture
has been described previously18, and the present study extends that
previous model architecture. In addition to the ECGs, age and sex
were used as predictors (age was mean-centered and re-scaled to
unit variance using mean = 61.9 and sd = 19.5). Age and sex were first
mapped to a higher-dimensional space (n = 64), through a fully
connected linear layer using ReLU activation to capture non-linear
relationships. Age, sex, and ECGs were then concatenated before the
final fully connected prediction layer. As in the STEMI/NSTEMI study,
an ensemble of five independently trainedmodelmembers was used,
with their logits averaged to generate final predictions, i.e. output
predicted probabilities of theMI sub-classes, control sub-classes, and
LBBB, as diagnosis at time of the ECG. The same hyperparameters as
in the STEMI/NSTEMI study were used. Besides the weighted loss
described below, the model architecture of the present study is
identical to that of the STEMI/NSTEMI study12.

The model was trained using cross-entropy loss for the MI sub-
classes and binary cross-entropy loss was used for LBBB. These losses
were combined as:weightCE*lossCE +weightBCE*lossBCE, whereweightCE
+weightBCE = 1. A hyperparameter search was conducted for deter-
mining the optimal BCE:CE weight ratio while all other hyperpara-
meterswere heldfixed. The BCE:CEweight ratio of 0.3 yielded the best
performance trade-off between MI sub-class and LBBB classification
(Supplementary Fig. 3). The model loss was minimized over up to 150
epochs (Supplementary Fig. 4).

Model validation sets
The model was primarily evaluated in the SwED random and tem-
poral test set described above, drawn from the same database used
to train the model, including all outcomes which the model was
trained to predict. Further, two external validation sets (PTB-XL and
CODE-II) including labels only for STEMI vs not STEMI were used to
evaluate the model’s discriminative performance for STEMIs. Finally,
the InCor test dataset was included to evaluate the model’s perfor-
mance for OMI and STEMI/NSTEMI.

The PTB-XL is a publicly available European database of 21,837
10-second 12-lead ECGs annotated with 71 different ECG statements,

including cases of myocardial infarction19,20. From PTB-XL, 63 acute
myocardial infarction cases with a confirmed ST-elevation, 279
LBBBs and 197 randomly selected normal controls without ST-
elevation were manually curated from the PTB-XL database. The
inclusion criteria of the PTB-XL external validation set used in this
study is summarized in the Supplement.

The CODE-II dataset21 is an updated version of the first CODE
dataset18, with exams collected and annotated using significant
improvements in the internal operational system of the Telehealth
Network of Minas Gerais (TNMG), Brazil. This system ensures stan-
dardized, high-quality ECG diagnostic classes. The dataset comprises
2,735,269 exams from 2,093,807 unique patients, recorded between
January 2019 and December 2022. For this study, only the first exam
from each patient was included, resulting in a total of 2,093,807
exams. The dataset primarily includes patients from primary care
centers, alongwith some fromhospitals, emergency departments, and
ambulances. Themedian age is 54.2 years (IQR: 40.9, 66.3), with 40.9%
of the patients being male. Among the 66 ECG CODE diagnostic clas-
ses, there is one comparable to STEMI (2735 exams, 0.1%) and LBBB
(40,380 exams, 1.9%) diagnostic classes, with the remaining classes
aggregated as not STEMI (2,081,141 exams, 99.4%) for this study.
Overlap is observed between exams labeled as LBBB with STEMI (56
exams) and not STEMI (30,393 exams).

The InCor-OMI external validation set comes from a single-center
cohort with 10 s 12-lead ECGs acquired from patients presenting to the
emergency department of the Heart Institute (InCor) of the University
of São PauloMedical School, Brazil. A total of 401 ECG exams recorded
between 2017 and 2024were included for evaluation of this study. The
median age was 67.0 years (IQR: 57.0, 76.0), and 63.3% of the patients
were male. Each exam is labeled for the presence of occlusion myo-
cardial infarction by manual review of emergency clinical notes and
coronary angiography reports by a trained cardiologist. Patients were
included in the OMI group if they underwent coronary catheterization
during the ED admission and had at least one culprit coronary lesion
with ≥95% obstruction. Controls free from OMI were randomly sam-
pled from ED patients admitted during the same period as the OMIs
who did not undergo coronary catheterization at any point during
their hospital stay. In total, 41.1% OMI were included (Supplementary
Table 7) and these were further annotated as STEMI or NSTEMI by a
cardiologist who assessed the presence of a ST-elevation. ECGs were
acquired from two vendors: Mortara (70.8%) and GE MUSE (29.2%).

To better understand the model’s classification errors in the
CODE-II dataset, we manually reviewed 20 ECGs that were mis-
classified by the model. This set included 10 false positives,
defined as cases not labeled as STEMI where the model predicted
a STEMI probability greater than 0.9, and 10 false negatives,
where STEMI cases received a predicted probability less than 0.1.
The ECGs were reviewed by a consultant cardiologist (G.M.M.P.),
who was aware of the predicted probability.

We also compared the model’s prediction of STEMI versus
the GE MUSE 12SL automatic diagnosis statements as described in
the Supplement.

Metrics of discrimination and calibration
The C-statistic and average precision were calculated to evaluate the
model’s discriminative performance. These metrics were primarily
assessed using one vs all other (OvA) comparisons, where each class
was evaluated against all other classes combined, resulting in the
‘rest’ group being dominated by controls without myocarditis or
pericarditis. Additionally, C-statistics were also computed using one
vs one (OvO) comparisons, where each class was directly compared
to another specific class.

As metrics of model calibration, the Brier score and the Expected
Calibration Error (ECE) were calculated. The Brier scorewas calculated
as the mean squared error on the probability scale, both in binary OvA
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calculation but also as multiclass calculation, averaging the OvA Brier
scores across all classes. The Expected Calibration Error (ECE) was
computed as the weighted average of the absolute differences
between the accuracy and the predicted confidence within 10 prob-
ability bins. Confidence for each prediction was defined as the max-
imum predicted probability across classes, reflecting the model’s
certainty in its top choice.

We visualized the calibration of our model using continuous
calibration plots of the observed case frequency vs the average pre-
dicted probability. We used the combined random and temporal test
set for theseplots to increase the total number of cases and calibration
resolution. Model calibration was assessed using both a logistic cali-
bration intercept and slope and a flexible smooth calibration curve
estimated via a penalized thin-plate regression spline within a gen-
eralized additive model.

Confidence intervals (95%) were calculated by non-parametric
bootstrapping using the percentile method on 2000 draws, unless
otherwise stated. The bootstrap sampling was stratified so that each
draw included the same number of cases as in the original data.

Model performance in subgroups
We evaluated whether the model made incorrect predictions (with a
high probability) for any of the recorded comorbidities of the
patients. For each outcome class, we selected all records with a
predicted probability of the class >0.5. Among these, we compared
correctly versus incorrectly classified patients based on the true
class labels. A two-sided non-parametric conditional independence
test based on the maximum test statistic (via the coin package) was
then used to assess whether specific 3-character ICD-10 diagnosis
codes were over- or underrepresented among the misclassified
patients vs correctly classified patients. All available 3-character ICD-
10 codes were tested, and those with a false discovery rate (FDR) <
0.01 were highlighted.

In a manually selected list of subgroups, where the model
performance might differ, we calculated the C-statistic in OvA
comparisons. Given that some subgroups are small, we used the
combined random and temporal test set in SwED for the groups
control, nOMI, and OMI.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The SwED data are available from the Swedish Board of Health and
Welfare and the included healthcare regions, but restrictions apply to
the availability of these data, which were used under license for the
current study and cannot be publicly shared. This license does not
allow data sharing, to protect patient privacy. Contact the corre-
sponding author (johan.sundstrom@uu.se) for any questions related
to how to request the data from the original data holders (the
healthcare regions and health authorities). Such requests require
ethical approval from the SwedishEthics Authority and areexpected to
take several months to process. The PTB-XL database is a publicly
available resource19,20, which was downloaded from https://doi.org/10.
13026/zx4k-te85 for the present study. The full CODE-II data cannot be
made publicly available, in accordance with the principle of minimiz-
ing risks that come with unrestricted direct access. Smaller datasets
with limited details on patients will be made available upon
publication21. The data is available for non-commercial purposes, for
research or educational institutions. Data access requests should be
forwarded to the telehealth center of Minas Gerais (telessaude.hc-
ufmg@ebserh.gov.br), with antonio.horta.ribeiro@it.uu.se in copy.
The request will be processed within one month. We recommend
double-checking the original CODE-II publication for additional

information. The anonymized InCor dataset consists of personal data
fromBrazilian individuals and is subject to the Lei Geral de Proteção de
Dados (LGPD), which establishes strict requirements for data protec-
tion, privacy, and governance. It cannot be shared publicly for privacy
reasons. Requests for access to InCor-deriveddata for non-commercial
purposes by research or educational institutions will be evaluated on a
case-by-case basis. Requests must be submitted to Prof. Jose Eduardo
Krieger (j.krieger@hc.fm.usp.br) and include: (i) the study protocol,
(ii) institutional affiliation of the investigators, (iii) ethics approval or
waiver, when applicable, (iv) a data protection plan, and (v) a detailed
description of the requested variables and intended analyses. All
requests will undergo institutional and ethical review, with an expec-
ted response time of up to two months, subject to applicable review
processes. If approved, access will be granted under a formal Data Use
Agreement (DUA), which prohibits data sharing, commercial use,
attempts at re-identification, and unauthorized linkage with external
datasets, in compliance with applicable data protection regulations.

Code availability
All code is available at https://github.com/stefan-gustafsson-work/omi
andparameter/hyperparameter estimates of the presentedmodels are
available upon request from the corresponding author.
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