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Abstract

Myocardial infarctions (MIs) are often missed
in the emergency department. In managed set-
tings deep learning models have shown promise
in electrocardiogram (ECG) classification. How-
ever, in a real-world scenario there is a lack
of high performing models for classification of
MIs. We developed a ResNet-based deep neu-
ral network to classify the ECG between non-
ST-elevation MI (NSTEMI), ST-elevation MI
(STEMI), and control status in the more chal-
lenging real-world setting. In a test set, our
model discriminates STEMIs/NSTEMIs with
an AUROC of 0.85/0.76 and a Brier score of
0.10/0.18. The model also generalizes well and
obtains a similar performance on an additional
test set collected in the months following the ini-
tial collection and that does not overlap tempo-
rally with the set used for developing the model.
Our results are on par with human-level perfor-
mance reported in previous studies for STEMIs
and above human-level for NSTEMIs.

1. Introduction

Emergency department care costs are high (Galarraga
and Pines, 2016) and rising (Lane et al., 2020) in devel-
oped societies. Based on limited data in a chaotic en-
vironment, emergency doctors must make quick deci-
sions about patients’ probabilities for many diagnoses
and risks. Diagnostic error is commonplace (Medford-
Davis et al., 2016; Moonen et al., 2017), and there
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is need for decision support systems (Wright et al.,
2019). The emergency department handling of my-
ocardial infarctions (MIs) is especially precarious with
10-50,000 missed cases per year at emergency depart-
ments in the United States (Sharp et al., 2021). Less
than half of those hospitalized for a suspected MI are
diagnosed with it (Caulfield and Stephens, 2018).

The ECG can reveal large ST-elevation MIs
(STEMISs), but non-ST-elevation MIs NSTEMIs are
often unremarkable to the human eye on the ECG.
Physicians at all training levels have deficiencies in
ECG interpretation, with an accuracy of 0.69 overall
for practicing physicians and 0.75 for cardiologists
in controlled test settings (Cook et al., 2020), with
similar numbers reported for STEMIs (McCabe et al.,
2013; Soares et al., 2019). Diagnosing NSTEMIs with
ECGs by physicians is much lower rendering this a
particularly difficult problem for humans.

Finding NSTEMIs early and starting treatment
improves patient outcomes (Hamm et al., 2011). Since
NSTEMIs are impossible to reliably diagnose without
blood test, automatically detecting NSTEMIs from an
ECG at the emergency department would enable early
treatment and potentially prevents missing NSTEMIs.

Deep learning has shown recent promise in ECG
classification (Siontis et al., 2021), for common ECG
diagnoses (Ribeiro et al., 2020) as well as for traits
with unclear ECG diagnostic criteria or those not usu-
ally thought of as ECG diagnoses (Cohen-Shelly et al.,
2021; Raghunath et al., 2020; Tison et al., 2019). Even
ECGs that appear normal to the human eye carry
useful information for deep models (Attia et al., 2019;
Raghunath et al., 2020). In the diagnosis of MI deep
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learning is promising (Cho et al., 2020; Liu et al., no temporal overlap with the training dataset. This
2021), but many studies have used limited (Al-Zaiti split can be used to assess the model susceptibility
et al., 2020; Makimoto et al., 2020) or managed (Al- to temporal shifts and trends. We denote this split
Zaiti et al., 2020; Cho et al., 2020; Liu et al., 2021; the temporal test split The 20% split was sampled at
Makimoto et al., 2020; Zhao et al., 2020) datasets. random from entries with an admission date before
Deep learning models using managed datasets and?016-01-01, the same period as for the training split.
those that sought to discriminate STEMIs often re- We denote this split the random test split

ported super-human-level performance (Cho et al.,

2020; Liu et al., 2021). The very few studies that used s pre-processing Data pre-processing s.teps
more real-world-like samples or sought to discrimi- &' described in Figure S2. Next to the ECG tracings

nate also NSTEMIs generally reported human-level as input, we limited ourselves to age and sex, to

or sub-human-level performance (Liu et al., 2021) increase the transportability of the model. The output
We develop and validate a deep Iearr.l,ing baéed are the probabilities of the three mutually exclusive

model for ECG decision support in diagnosing Mls in outcome classes: NSTEMI/STEMI/control.

the emergency department. We tackle a di cult real- Model architecture Our model is an extension of

world scenario with immediate bene ts for practicing Ribeiro et al. (2020), in which the model classi es six

physicians. Our study presents a tentative solution of ECG abnormalities (Alkmim et al., 2012). We used a

an unsolved problem using a novel dataset. ResNet based architecture for unidimensional signals
to process ECG tracings. Age and sex were passed
through a fully connected layer and concatenated with

2. Methods the output of the ResNet. The resulting features were

Data Sample  We utilize a routine 10-second 12- used in the linear classi cation layer. The model archi-
lead ECGs from adult patients attending emergency tecture with its extensions and the hyperparameters

departments in the Stockholm region between 2007 &€ described in Figure S3 and Appendix A.3.
and 2016, that had such a high risk of an acute coro- Génerally, ensembles of neural network models im-
nary syndrome that they were admitted to a coronary Prove predictive perfprmgnce (Hansen and Salamon,
care unit, after obtaining an ECG. After applying the 1990) and model calibration. We therefore expanded
sequence of lters (Figure S1), to ensure inclusion of at ©Ur model as an ensemble of ve model members. The
event before-treatment ECGs as well as con rming the 109its were averaged to obtain the nal prediction.

outcome label, 10,583 patients with 12,311 coronary podel calibration While discrimination (e.g. AU-
care unit admissions and 16,628 ECGs were availableroc) is important, it contains no information about

for analysis. For the labels we use of the high-quality the reliability of probability estimates. Calibration,
SWEQEHEART reglst.ry. . The labels are the d(?CISIOn i.e. if the model's probability estimates re ect the
of a discharging physician that followed the entire pa- ground truth empirical class frequencies, is an im-
tlen'F journey durlng hospitalisation (mclgdlng blood portant model property for clinical use. Since deep
testing for all patients). We can then tie the labels ,qdels are shown to be poorly calibrated (Guo et al.,
to available electronic health records and national 2017), one of our concerns regards calibration.
records, e.g. to connect MI patients to increased Tro-  ag metrics to evaluate calibration, we focus on the
ponin levels (Table S1). Details on data sources and gypected Calibration Error (ECE) and the Brier score
exposures, outcomes are in Appendix A.1 and A2 estimated on the test sets, see Appendix A.5. We

Training and test datasets The studied patients visualize calibration plots of our model in Figure S10.

were divided for training and test in 70%/30% splits  Model analysis o identify possible patterns in the
with records from the same patient in the same split. STEMI/NSTEMI classi cation, we highlight parts of
Patient characteristics uctuated with time and divid-  the ECG that the model focuses on for its prediction
ing the 30% test split into two containing 20% and sing Grad-CAM plots (Selvaraju et al., 2017). Visu-
10% of the complete data allows us to test the model jjization are generated in two steps: In a forward pass

1. ucr.uu.se/swedeheart/dokument-shivariabellista, accessed: ~ ayer). In a_baCkward step .WelcompUte the g.radients
2021-06-25 corresponding to these activations. The gradients are
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averaged to get the proportional importance of each Taple 1: Performance of the model in the two
channel, which is then used to compute a proportional test sets. Given are means and standard
mean of the activations. Positive values were plot- deviations over ten di erent trained models;
ted as purple disks overlaid on top of the ECG, with each of which is an ensemble Consisting of

size proportional to magnitude. One cardiologist (JS) ve model members. We compute AUROC,
inspected the Grad-CAM plots from ten cases with Average Precision and Brier score for STEMI

highest probability for STEMI/NSTEMI, and selected
four representative plots each for illustration.

vs Control and NSTEMI vs Control.

Random Temporal
3. Results Accuracy  Control 0.75 (0.007) 0.44 (0.011)
NSTEMI  0.57 (0.012) 0.72 (0.010)
Of the included 12,311 coronary care unit admissions, STEMI 0.71 (0.013) 0.72 (0.020)
3,993 were rgcorded with .N.STEMl, 1,340 .Wi.th STEMI,  aAUurOC NSTEMI  0.76 (0.003) 0.74 (0.003)
and 6,978 without 'MI. Qllnlcal characterlstlcs_ of the STEMI 0.85 (0.002) 0.82 (0.003)
St”dg samp:.e a.reT"Stt)Td 'S”ZT":‘Db'E? S3 and S“ag e‘; for “Avg. Prec. NSTEMI 069 (0.003) 0.64 (0.005)
our data splits in Table S2. Patients' age and admis- STEMI 0.76 (0.005) 0.64 (0.006)
sion date distributions are shown in Figures S6, S7. .
The performance of our model in the two test Brier N?_;"\EA'\'M 0'119 (0'0011) 0'217 (0'0021)
datasets is listed in Table 1. Note that there exists no S 0.10 (0.001) 0.13 (0.001)
direct baseline since we use a novel dataset and there ECE Multiclass  0.25 (0.004) 0.11 (0.012)

are no openly accessible datasets with NSTEMIs. In
the random test set, STEMIs could be discriminated
with fair precision, with an AUROC of 0.85 and a 4. Discussion
Brier score of 0.10. Discrimination of NSTEMIs was
poorer, with an AUROC of 0.76 and a Brier score This study deals with the relevant population of all-
of 0.18. Therefore, our model achieves human-levelCOMer patients at emergency departments, represent-
performance in classifying STEMIs and super-human- ing the real-world experience for doctors with ECGs.
level performance for NSTEMI. The performance in Notably, in Sweden pre-hospital ECGs (e.g. in ambu-
the temporal test set, that did not overlap in time lances) are sent to coronary care units for immediate
with the development set, was similar. Controls were diagnosis. Hence, obvious STEMI cases bypass the
classi ed with lower accuracy in the temporal test set. €mergency department and transfer straight to the
Further results are shown in Figure 1. The left plot coronary intervention lab upon arrival to hospital,
shows the development of the model with incorpora- réndering the STEMIs in the present study the less
tion of more advanced model and training techniques OPvious cases and the walk-ins. Further, we did not ex-
compared to Ribeiro et al. (2020). The middle and clude di cult cases, comorbidities, or previous Mis?.
right plots show the receiver-operator and precision-  Other studies have shown similar performance to
recall curves on the tempora| test sp"t_ ours in representative settings (Liu et al., 2021), with
Inspecting Grad-CAM plots yielded new insights. reports of very good performance in managed set-
Figure 2 illustrates STEMIs and an NSTEMI correctly  tings (Cho et al., 2020; Liu et al., 2021). Our study
classi ed with high probability. These illustrations are ~ di ers as it is a multicenter study using data of con-
cropped versions of Figure S4 and S5. For STEMIs in secutive patients with very few exclusions, and with
Figure 2 (left) the model focuses on the ST-segment, |abeling by many doctors. As controls, our study uses
where a human would look. In Figure 2 (middle), all hard cases that raised a high suspicion of a Ml
the model focused on the down-sloping part of the and were admitted to a coronary care unit, and no
T-wave, where a human would not focus for a STEMI €asy non-MI cases, which sets it apart from previous
diagnosis. For NSTEMIs in Figure 2 (right) the model studies that included such controls (Liu et al., 2021)
focuses on the ST_Segment_ Humans would agreé)r not Clearly described the controls (ChO et al., 2020)
with the model that the ST-segment depressions look
potentially ischemic; but would not suspect ischemia
based on the ECGs in panels C and D of Figure S5.
More results are attached in Appendix B.

2. Except for technical reasons, we removed potentially linked
hospitalizations for the same MI, and LBBBs, which cannot
per se identify an acute Ml from a single ECG, but need a
prior ECG for comparison.
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Figure 1: (Left) AUROC of model improvements for di erent training extensions. (Middle) ROC curve for
temporal test split. All 10 seeds are plotted. Shown is class vs all(Right) Precision-Recall curve
for temporal test split. Iso-F; curves in the background. Full gures in Appendix A.4 and B.

Figure 2: Correctly classi ed examples with high probability with corresponding Grad-CAM plots. We show
leads V4 and V5 of the examples(Left) STEMI with typical ST-segment elevation highlighted.
(Middle) STEMI with another feature highlighted that is not typical to doctors (establishing
the relevance of it would need additional study). (Right) NSTEMI with typical but unspecic
ST-segment depression highlighted.

The Grad-CAM pilots in Figures S4 and S5 provide temporal test set than in the random test set. Fur-
important insights: In half of the panels the model thermore, the label in our study was determined at
recognizes the same features that humans would. Indischarge from the coronary care unit, when the whole
the other half the model nds features that are novel care episode could be summarized. The ECGs in the
or imperceptible to physicians, indicating possible test sets of this study may hence not always be the
traits. Variants of such model analysis can likely give ones guiding the nal diagnosis. We mitigate that
useful clinical and pathophysiological clues in many to some extent by using multiple ECGs if available
medical elds. within the day before admission in the training set,

our model's misclassi cations as STEMI follows but not in the test sets. On the other hand, the hind-

known clinical and machine learning patterns, with sight allows for more stable labels for the episode as a

myocarditis as an important impostor (Tanguay et al., whole, which is the ultimate goal for the classi cation.
2019). The conditions over-represented in those mis-
classi ed as NSTEMI were logical to some extent,

such as aortic stenosis and pulmonary edema; the
late-stage diabetes traits more surprising.

We present a deep learning model with performance
that is comparable to cardiologist performance re-
ported in previous studies (Cook et al., 2020) in clas-

An important limitation is the lack of an external sifying STEMIs and above human performance for
validation sample. We did hold out the 10% most NSTEMIs. We do so in a real-world sample of emer-
recent episodes for a temporal test set; many circum-gency department patients with a high suspicion of
stances in that set would be similar to those in the acute coronary syndrome. Considering the high and
training set, but a restructuring of the Stockholm re- rising emergency department costs and the high num-
gion emergency department logistics during the study bers of missed Mls, our model could be of clinical
period did change the composition of the sample. This value for ECG decision support at this stage, with
likely explains the poorer accuracy of controls in the promise of further performance improvement.
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Appendix A. Supplementary Methods
A.1. Data sources

Adult patients (18 years old) with available emergency department data from 6 emergency departments in
the Stockholm region, Sweden, between 2003 and 2017 were collected. The sample was linked to national
registries (the in-patient, prescribed drug, and death registries), national quality registries (SWEDEHEART
[Swedish Web-system for Enhancement and Development of Evidence-based care in Heart disease 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 Angioplasty Registry]), as well as a regional database of ECGs (Karolinska
ECG database) and electronic health records. All data sources covered the time period 2007-2016 or longer.
Characteristics have been described for STEMI (Szummer et al., 2017) and NSTEMI (Szummer et al.,
2018) patients in SWEDEHEART during the present study period, and the study sample has been partially
described previously (Af Ugglas et al., 2020).

The procedure and criteria used to de ne the study sample are described in Figure S1. In total, 23,244
patients had at least one registered coronary care unit admission at any time and at least one valid ECG
recording at any time. We apply the lIters in Figure S1 to ensure inclusion of at-even before-treatment
ECGS (ECG collected on or one day before the day of the coronary care unit admission without any record
of recent intervention) as well as con rming the outcome label (NSTEMI/STEMI/control status available,
and ICD10:121 without a left bundle branch block for the myocardial infarctions) which both reduces the
sample size to the studied 10,583 patients.

The outcome label used, NSTEMI/STEMI/control, is the standard INFARCTTYPE variable in SWEDE-
HEART RIKS-HIA. It captures the view of the whole cycle of care by the attending cardiologist at time of
discharge from the coronary care unit, who has access to all relevant patient data, including but not limited
to singles ECGs, continuous ECG monitoring, cardiac enzyme series and other lab data, and angiographic
and echocardiographic results. Regular monitoring of the SWEDEHEART registry shows a data accuracy of
around 96% (Jernberg et al., 2010).

The study was approved by the Swedish Ethical Review Agency, application number 2020-01654.

A.2. Exposures and outcomes

High-quality data on the exposures and outcomes were available for all included patients from discharge
records from the emergency departments, from linked hospitalizations, and from the SWEDEHEART registry.

De nitions used are listed in Table S3. As exposures, we used digital ECG data, age and sex, as in a previous
study (Cho et al., 2020). Standard 10-second 12-lead ECG recordings sampled at 250 to 500Hz were used;
8 leads were used in the present study as 4 of the standard leads are functions of these 8 and are hence
redundant. The outcome label was NSTEMI/STEMI/control status, as registered in SWEDEHEART by

the attending cardiologist at time of discharge from the coronary care unit. Details are described in the
Supplementary Methods. We only included cases with complete data on these few exposures and outcomes.

A.3. Model architecture

Our model is an extension of a previous study (Ribeiro et al., 2020) where the authors performed an extensive
hyperparameter search. We performed on top a study about the scalability of the model. We scaled model
depth by factors of f 1; 2; 3; 4g and width by f 1; 1:5; 2g (only for depth up to 2 because of model size issues)
and found that a depth scaling with a factor of 2 from the original study helps performance, which yields
the ResNet model structure of Figure S3. We extend the model with SE blocks. We experiment with SE
reduction factors of f 2; 4; 8; 16; 32g. For the embedding of the phenotypes age and sex we test with adding
f [batch normalization, ReLU], ReLU, [batch normalization, ReLU, Dropout (0.2)] g after the linear layer and
nd that ReLU activation alone is the best option. The size of the linear layer for the phenotypes embedding
is heuristically chosen.
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A.4. Model training procedure

The model was trained by minimizing the cross entropy loss using the Adam optimizer with default parameters
and learning rate of 10 ® for 200 epochs using a batch size o256 We used a cosine learning rate
scheduler (Loshchilov and Hutter, 2017) which reduces the learning rate according to a cosine function from
the initial learning rate to zero over the epochs. Initially, we warmed up the learning rate linearly over 15
epochs which helps to improve generalization. In addition to the dropout with dropout probability of 0:5
within the ResNet blocks we used dropout on the linear classi er with value0:2. Furthermore, we regularized
with weight decay of 0:005 and label smoothing (Mdller et al., 2019) with value of 0:15. In addition to the
training data set we made use of ECG exams of patients who had multiple exams in the same coronary care
unit admission for training. We consider this as a form of data augmentation since these exams have the
same label but are recorded at di erent times and therefore with a di erent state of the patient and possibly
placement of the ECG leads. We denoted this additional dataset an augmentation dataset, and included it
for training but not for validation. This is common practice in deep learning training in order to get correct
validation metrics which resemble the test dataset.

We evaluated the hyperparameters with a 5-fold cross-validation approach where the metrics were averaged
over all folds. Our hyperparameter tuning objective was to reduce over tting while increasing accuracy,
AUROC, average precision and model calibration in terms of ECE.

We consider the basic model (Ribeiro et al., 2020) with the depth scaling factors and without SE blocks
and iteratively extend the model training procedure. First, we test di erent training and validation batch
sizesf 32;64; 128 2569 and nd no signi cant performance di erences and therefore choose256 which yields
the fastest training speed. For the optimizer and learning rate we experiment withf SGD, ADAM g (Kingma
and Ba, 2015) both using learning rates inf 0:5; 0:1; 0:01; 0:001g and momentum f 0:7; 0:8; 0:9g for SGD. We
denote the model trained with these settings as the baseline model.

We extend the training procedure iteratively with eight training procedure and architecture options following
previous recommendations of modern ResNet tuning to improve model performance (Bello et al., 2021; He
et al.,, 2019). For each of the options we choose the best performing parameters before checking the next
extension. We highlight the best performing parameter for an option italic. 1. Training dataset: only training
data or with additional augmentation dataset 2. Learning rate scheduler: multistep learning rate scheduler
with decrease by factor 10 at epoch 75, 125, 175 @mosine learning rate schedulerwith linear warmup for
f0;5; 10; 15, 20g epochs (Liu et al., 2020). 3. Label smoothing: smoothing valué 0:0; 0:05; 0:1; 0:15; 0:2g. 4.
Additional dropout on the nal linear layer with value f0:2;0:3;0:4;0:59. 5. Re-evaluation of weight decay
value with value f 0:05; 0:01; 0:005, 0:001; 0:0005. 6. Additional SE net with reduction factor f 32 16;8;4;2g. 7.
Additional age and sex embedding with architecture choice as described above. 8. Additional ensemble-based
model with heuristically chosen ve ensemble members.

The results for the eight options are shown in Figure S8 for accuracy, AUROC, average precision and ECE
as examples. The plots show mean and standard deviation over the ve cross-validation folds. This indicates
that each option increases at least one of the metrics on average and does not reduce the others signi cantly.
Not that ECE should be minimized.

A.5. Model calibration

We use ECE and Brier score as metrics to evaluate model calibration. ECE is the weighted absolute di erence
between the class membership and the estimated probability for that class averaged ovd5 bins, while the
Brier score measures the average squared error on the probability scale. Both metrics are applicable to both
binary and multiclass problems.

We tried to improve upon the original calibration by temperature scaling (Guo et al., 2017), vector
calibration (Guo et al., 2017), and Dirichlet calibration (Kull et al., 2019). None of those methods succeeded
in improving the model calibration. Further work is necessary to investigate the possibility to improve model
calibration beyond our current setting.
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A.6. Model evaluation

We tested the over/underrepresentation of inpatient care diagnoses at the time of the cardiac intensive
care among correctly classi ed versus misclassi ed patients with a predicted probability> 0:5 in pairwise
independent tests.

Appendix B. Supplementary Results

While each of the model and training modi cations to the original model architecture (Ribeiro et al., 2020)
were e ective in some metrics and overall contributed to the performance of our model, Figure S8 shows
that two changes were more important: the extension of our original dataset with the augmentation training
dataset, and the use of an ensemble-based model.

Additionally to the results in Figure 1 (middle and right) where the AUROC and precision-recall curve for
the temporal test split are shown, Figure S9 shows the curves for the random test split.

Characteristics of hospitalizations with misclassi ed ECGs are described in Table S4. Among the misclassi-
ed ECGs, those misclassi ed as STEMI more often had myocarditis, other severe infections, emaciation,
neurological traits, and adverse drug reactions among the diagnoses at the coronary care unit hospitalization;
those misclassi ed as NSTEMI more often had late-stage diabetes, aortic stenosis, and pulmonary edema.

Appendix C. Supplementary Discussion - Limitations

More limitations than the ones mentioned in section 4 are the following. The sample size was limited, albeit
on par with other similar studies (Cho et al., 2020). Sample sizes needed for machine learning methods are
often tenfold larger than those needed for traditional statistical modeling (van der Ploeg et al., 2014).

While the calibration of our model was better than that of comparable models, there is still room for
improvement; this is an underappreciated property in general.

We did not consider transferring learned features, only model architecture, from a previous study (Ribeiro
et al., 2020). An exploration of potential improvements in model convergence speed and nal performance
boost by pretraining on a di erent ECG classi cation task with a dataset in a di erent context may be useful,
but may also introduce model biases from the other dataset.
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Appendix D. Supplementary Figures

Figure S1: Derivation of the study sample. Data linkage of Stockholm region emergency department
visits to national and regional registries and electronic health records, together with inclu-
sion/exclusion criteria applied to de ne the study sample. SWEDEHEART, Swedish Web-system
for Enhancement and Development of Evidence-based care in Heart disease Evaluated According
to Recommended Therapies; RIKS-HIA, Register of Information and Knowledge About Swedish
Heart Intensive Care Admissions.
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Figure S2: Data pre-processing. We re-sampled all ECGs to 400 Hz and zero-padded to a xed length of
4096 samples, since the convolution-based model requires a xed input size. For duplicated ECGs
with identical data and collection time the rst copy was kept and ECGs where one or more
required leads were missing or contained all-zero entries were removed. We used one-hot encoding
for sex and normalized the age with mean and standard deviation of the training dataset.
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(a) (b)

Figure S3: Deep neural network model architecture. The left panel is a high-level model for ECG
classi cation consisting of one line to extract features from the ECG exam and one for features
from phenotypes age and sex. The light green block contains a convolutional layer followed by
a batch normalization for rescaling the output and a ReLU activation function. This layer is
followed by four sets of residual blocks in light blue. The name of the block indicates the lIter
size of the convolutions, the number of lters and the downsampling factor (if applicable). Note
that we downsample the signal by a factor of% in the beginning of each set of residual blocks.
The right panel illustrates the content of each residual block. Dropout is used after each nonlinear
activation function as regularization. Only the rst residual block does not contain the rst batch
normalization, ReLU and dropout layer since these layers are already applied after the initial
convolution layer. We extended the initial architecture (Ribeiro et al., 2020) with Squeeze and
Excite (SE) blocks with reduction factor of 16. This operation helps to weight the channel wise
information. Downsampling residual blocks consist in the residual skip connection (dashed lines)
of a MaxPooling operation followed by a convolutional layer with Iter length 1 to match the
dimensions with the main branch for the summation. The remaining skip connections (full lines)
do not contain any operations since input and output dimensions of the residual block are equal.
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Figure S4: Four representative STEMIs correctly classied with high probability. Four Grad-
CAM plots of STEMIs correctly classi ed with high probability, highlighting the parts in the
ECG that the model focuses on for its prediction. Gradients corresponding to the activations in
the rst convolutional layer of the neural network are averaged to get the proportional importance
of each channel, which is then used to compute a proportional mean of the activations. Positive
values obtained were plotted as blue disks overlaid on top of the ECG, with size proportional to
its magnitude.

14



	Introduction
	Methods
	Results
	Discussion
	Supplementary Methods
	Data sources
	Exposures and outcomes
	Model architecture
	Model training procedure
	Model calibration
	Model evaluation

	Supplementary Results
	Supplementary Discussion - Limitations
	Supplementary Figures
	Supplementary Tables

