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Aims Sudden cardiac arrest (SCA) is a commonly fatal event that often occurs without prior indications. To improve outcomes 
and enable preventative strategies, the electrocardiogram (ECG) in conjunction with deep learning was explored as a 
potential screening tool.

Methods 
and results

A publicly available data set containing 10 s of 12-lead ECGs from individuals who did and did not have an SCA, information 
about time from ECG to arrest, and age and sex was utilized for analysis to individually predict SCA or not using deep con
volution neural network models. The base model that included age and sex, ECGs within 1 day prior to arrest, and data 
sampled from windows of 720 ms around the R-waves from 221 individuals with SCA and 1046 controls had an area under 
the receiver operating characteristic curve of 0.77. With sensitivity set at 95%, base model specificity was 31%, which is not 
clinically applicable. Gradient-weighted class activation mapping showed that the model mostly relied on the QRS complex 
to make predictions. However, models with ECGs recorded between 1 day to 1 month and 1 month to 1 year prior to 
arrest demonstrated predictive capabilities.

Conclusion Deep learning models processing ECG data are a promising means of screening for SCA, and this method explains differ
ences in SCAs due to age and sex. Model performance improved when ECGs were nearer in time to SCAs, although ECG 
data up to a year prior had predictive value. Sudden cardiac arrest prediction was more dependent upon QRS complex data 
compared to other ECG segments.
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Introduction
Sudden cardiac arrest (SCA) affects about 650 000 people per year in 
the USA1 with successful cardiopulmonary resuscitation (CPR) rates 
only around 10%.2 Major limitations in the prevention and treatment 
of SCA are that at least 20%3–5 and up to 50%6 of events are unexpect
ed, roughly 50% of cardiac arrests occur in persons with undiagnosed 
heart disease,3,7–9 and 50% of SCAs are first cardiac events.10 That is, 
many of those who are most likely to need emergency care are the 
most unlikely to expect such an event or to be aware of the need 
to take precautionary or preventative measures. In addition, 60% of 
SCAs occur outside the hospital11 where immediate intervention is 
not available.12,13

Towards improving outcomes and enabling proactions, risk factor 
analysis has been used to predict SCA.14 Age and sex are among 
the most strongly predictive SCA factors14; however, age and sex 
are generic cardiovascular risk factors and are thus not valuable in dis
tinguishing SCA from other potential cardiovascular events. Beyond 
risk factors, the electrocardiogram (ECG) has strong potential as a 
biomarker to predict SCA, especially in the general population via 
users of wearable devices,15 because it is inexpensive, non-invasive, 
provides real-time data, and is particularly valuable for detecting car
diac anomalies.16,17 Summary features extracted from the ECG (e.g. 
QRS duration and QT interval) have been investigated for predicting 
SCA18–21 and are most valuable in combination22 but were found to 
have limited utility.23,24

Instead of using the summary feature extraction approach involving 
predefined clusters of data, an emerging opportunity exists to predict 
SCA using all ECG data and their relations via artificial intelligence. 
Both machine learning25 and deep learning (DL)26,27 have been used 
to analyse patients’ data for SCA prediction; however, DL has even 
more profound potential beyond machine learning because of its ability 
to use large data sets, learn independently, determine non-linear rela
tionships, and be more accurate.27,28

This study aimed to explore the degree to which ECGs collected 
within 24 h prior to an event, in conjunction with age and sex, could 
predict arrest in a specific population with the vision that a broadly re
fined future DL model could utilize ECG data obtained from wearable 
devices to screen the public. Therefore, it was hypothesized that ECG 
data could be used in conjunction with DL algorithms to predict the oc
currence of SCAs. Secondary objectives included determining the fol
lowing: (i) contributions of age and sex, (ii) influence of shockable vs. 
non-shockable rhythms, (iii) impact of ECG data collected beyond 24 h 
prior to arrest, (iv) dependency on the amount of data around the 
R-wave, and (v) value of physiologic features beyond the QRS complex.

Methods
Data set
This study was performed with the Nightingale Open Science—Subtyping 
Cardiac Arrest data set29,30 because it is the only publicly available data 
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set to contain ECGs prior to arrests in a large enough volume to enable DL. 
Electrocardiogram recordings consisted of 10-s recordings at a sampling 
rate of 500 Hz across 12 leads from individuals who had their ECGs re
corded between 1 day and 10 years prior to having a cardiac arrest and 
who, upon having SCA, presented in the emergency department (ED) 

(see Supplementary material online, Figure S1). A control group of patients 
consisted of individuals who visited the ED on the same day as a case from 
the SCA group but who did not have a cardiac arrest and who had their 
ECGs recorded within 1 month and 2 years of their visit (see 
Supplementary material online, Figure S2). The data set features a mix 
of presenting SCA rhythms including asystole, pulseless electrical activity, 
and ventricular tachycardia/ventricular fibrillation (see Supplementary 
material online, Figure S3). There were 7015 total subjects in the original 
data set, of which 605 were SCA patients and 6410 were controls 
(Figure 1).

Pre-processing
Each signal was separated into segments (about 10 per signal depending on 
the heart rate) that were centred around the R-waves via high-quality de
tectors.16,31 Intervals of 720 ms (360 ms on either side of the R-wave) 
were used for the base analysis. Therefore, for each individual, ECG data 
consisting of 12 leads and ∼10 cardiac cycles were provided as independent 
inputs to the DL model.

Deep learning model
The DL model was implemented in Python (version 3.10) with TensorFlow 
(version 2.12.0)32 and external libraries (biosppy 1.0.0, matplotlib 3.7.1, 
neurokit2 0.2.4, numpy 1.23.5, pandas 2.0.1, and scikit-learn 1.2.2). The 
model consisted of three modules: ECG, age, and sex data that were pro
cessed separately, and a final layer concatenated the three outputs 
(Figure 2). The ECG module is a sequence of four one-dimensional convo
lutional blocks followed by max pooling. The four blocks used 64, 128, 256, 
and 512 filters while the kernel and max pooling sizes were maintained at 7 
and 2, respectively.

The modules for age and sex used normalized and binary values, respect
ively, and processed them through a dense layer with 16 outputs. An Adam 
optimizer,33 a cross-entropy loss function, and a 0.001 learning rate were 
adopted.

Figure 1. Overview of the selection of subjects and dataset division 
for the base deep learning model.

Figure 2. Architecture of the base deep learning model. CNN is Convolutional Neural Network, Conv1D is one dimensional convolutional layer, 
ReLu is Rectified Linear Unit.
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Training and validation
The model was trained via supervision to classify ECGs as occurring prior to 
a SCA or not (i.e. data input for training included a binary variable for SCA/ 
no-SCA). The data set was randomly split into training (80%), validation 
(10%), and testing (10%) sets while ensuring there was not an overlap of in
dividuals among the sets. Model training was performed using nine-fold 
cross validation for each lead, and final predictions are the average for 
each lead and each cardiac cycle. For both the training and validation sets, 
the area under the receiver operating characteristic (AUROC) curve was 
evaluated.

Testing and post-processing
The model tested whether ECGs were classified as occurring prior to a 
SCA or not, and the classification was the output from the model. That 
is, the binary variable for SCA/no-SCA was not used as an input; instead, 
these data were used as the reference to determine model performance.

Among 50 epochs, the best performing experiment from the validation 
set was selected based on the highest AUROC. With sensitivity set at 95%, 
additional measures of performance including accuracy, F1, positive 

predictive value (PPV), negative predictive value (NPV), and specificity 
were computed.

To gain a visual understanding of the DL model’s decision strategy when 
analysing the temporal evolution of the ECG signal, gradient-weighted class 
activation mapping (GRAD-CAM)34 was utilized. For each lead and each 
SCA of the test set, activation maps were determined as the average of 
the four convolutional neural networks layers from the derivative of class 
outputs, and a final image was obtained by data point matching of the 
map to the ECG. One hundred GRAD-CAM images were then randomly 
selected, and for each lead, subjective tallies were made corresponding to 
the regions of the ECG (i.e. P-wave, P-Q interval, QRS complex, S-T inter
val, and T-wave) that were most influential in determining SCA.

Models and their varying inputs
The base model, X, corresponds to the primary aim of the study and was 
generated by selecting only those SCA patients who had their ECGs re
corded within 1 day of arrests, regardless of presenting rhythm. 
Additional inputs included age and sex and ECG data within a window of 
720 ms around the R-wave. The controls were randomly selected to be 
age and sex balanced with the SCA patients (Table 1). There were 221 car
diac arrest cases, of which 218 were primary arrests, and 1046 controls 
used in the base model.

To explore secondary aims of the study, additional models were created 
in which the inputs were individually varied, resulting in experimental arms 
(Figure 3). Specifically, a model was created in which age and sex were not 
inputs (A1). Another series of models were generated in which the times 
between ECG recording and SCA were varied from <1 week, <1 month, 
between 1 day and 1 month, and between 1 month and 1 year (B1–B4, re
spectively). A third group of models was created by limiting the presenting 
rhythms to those that were non-shockable (C1) or only pulseless electrical 
activity (C2). A final set of models were generated with input data obtained 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Characteristics of the subjects used as input 
for the base model

Variable Controls (n = 1046) Cardiac arrest (n = 221)

Age (years) 69.7 (12.3) 68.5 (15.5)

Sex (men) 549 146

Values are reported as mean (SD).

Figure 3. Conceptual representation of the base model (black), addressing the primary aim, and arms that signify secondary aims. In each arm, one 
input from the base model was changed (demographics, gray; ECG time before SCA, green; presenting rhythm, orange/yellow; window around R wave, 
blue). The base model included age and sex with ECG data less than one day prior to arrest and a window around the R wave of 720 ms (X) as input. d is 
day; w is week; m is month; y is year; ECG is electrocardiogram; SCA is sudden cardiac arrest; PEA is pulseless electrical activity; VT is ventricular tachy
cardia; VF is ventricular fibrillation.
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when the window around the R-wave was 600 or 500 ms (D1 and D2, 
respectively).

Statistical analyses
Comparisons among groups were made using the Kruskal–Wallis test, 
and when differences were detected, the post hoc Dunn test was per
formed to determine significant groupings. The threshold for significance 
was 0.05.

Results
Base model performance
For the base model, X, average AUROC curves for training, validation, 
and testing are shown (Figure 4). With sensitivity fixed at 95% and 
across nine experiments, the base DL model had an average AUROC 
of 0.774, which was 84.8% accurate and 31.1% specific. Other obtained 
values of performance include 91.3% F1, 87.8% PPV, and 52.2% NPV 
(Table 2 and Figure 5).

When considering model output by individual ECG leads, AUROC 
varied between 0.716 and 0.817 (III and V3, respectively), and the per
formance of the model with lead III was significantly lower than that of 
V3 (P = 0.001) (Figure 6). Further, accuracy was between 83.6 and 
86.2% (aVF and V5, respectively), F1 was between 90.6 and 92.0% 
(aVF and V5, respectively), PPV was between 86.7 and 89.2% (aVF 
and V5, respectively), NPV was between 45.2 and 59.0% (aVF and 
V5, respectively), and specificity was between 23.4 and 40.1% (aVF 
and V5, respectively) (Table 3).

Base model explainability
Gradient-weighted class activation mapping visual analysis revealed a 
general emphasis on the QRS complex via all lead configurations 
(Figure 7). Tallies from 100 randomly selected GRAD-CAM images 
showed that all but 2 leads (V3 and V6) had P-wave contributions 
and there were as many as 14 from another lead (V1) (Table 4). All leads 
had T-wave contributions with as few as 3 (AVR) and as many as 22 (V1 
and V4) while all leads involved the QRS complex from as few as 94 
(AVL) to as many as 99 (V3 and V4). The P-Q interval and S-T interval 
were generally not influential in determining SCA.

Performance with alternative models
In a model in which age and sex were not considered (A1), the AUROC 
was 0.775 with a specificity of 33.0% (Table 2). Models created via ECGs 
recorded with increasing time from arrest, including <1 week, <1 
month, between 1 day and 1 month, and between 1 month and 1 
year (B1–B4, respectively) had AUROCs of 0.760, 0.734, 0.654, and 
0.574, respectively, corresponding to specificities of 27.9, 25.4, 14.5, 
and 11.1%. When shockable rhythms were not included in an additional 
model (C1), the AUROC was 0.769 and the specificity was 33.1%, and 
when cases of asystole were further removed (C2), the AUROC was 
0.773 with a specificity of 34.8%. When the temporal width around 
the QRS complex was reduced to 600 ms in another model (D1), 
the AUROC was 0.766 and the specificity was 30.8%, whereas when 
the temporal width was reduced to 500 ms (D2), the AUROC was 
0.753 and the specificity was 28.5%. For each alternative model (A1– 
D2), averages across leads were generally consistent, although some 
were significantly different (see Supplementary material online, Tables 
S1–S9). For each alternative model, measures of performance varied 
across leads but were generally consistent with results obtained 
when all 12 leads were considered as an average; however, significant 
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Table 2 Measures of overall performance with sensitivity fixed at 95% for the base model, X, and its variations (A1, B1, 
B2, B3, B4, C1, C2, D1, and D2)

Model Accuracy (%) F1 (%) PPV (%) NPV (%) Specificity (%)

X 84.8 (3.1) 91.3 (1.7) 87.8 (3.1) 52.2 (12.8) 31.1 (10.8)
A1 85.1 (2.8) 91.5 (1.5) 88.2 (2.8) 53.5 (13.3) 33.0 (11.4)

B1 82.2 (3.0) 89.6 (1.6) 84.7 (3.0) 54.7 (13.0) 27.9 (10.0)

B2 79.2 (2.8) 87.6 (1.6) 81.2 (2.8) 57.9 (11.3) 25.4 (8.7)
B3 87.6 (2.4) 93.3 (1.2) 91.6 (2.4) 21.7 (14.1) 14.5 (9.9)

B4 83.3 (2.4) 90.7 (1.3) 86.7 (2.4) 24.1 (15.4) 11.1 (8.1)

C1 87.4 (3.0) 93.0 (1.5) 91.0 (3.0) 46.2 (12.7) 33.1 (11.5)
C2 89.6 (2.7) 94.3 (1.4) 93.6 (2.7) 38.5 (12.4) 34.8 (14.0)

D1 84.7 (3.4) 91.2 (1.8) 87.7 (3.4) 51.4 (14.0) 30.8 (11.5)

D2 84.4 (3.2) 91.0 (1.7) 87.4 (3.2) 50.0 (13.0) 28.5 (10.4)

Values are reported as mean (SD).

Figure 4. Average receiver operating characteristic curves for 
training, validation, and testing.
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Figure 5. AUROC for each model with significant differences. B4 ≠ (X, A1, and B1); B4 ≠ (C1, C2, D1, and D2); B3 ≠ (X, A1, and B1); B3 ≠ (C1, C2, 
and D1).

Figure 6. Model X performance by lead with significant differences. III ≠ V3.
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differences among leads were present (see Supplementary material 
online, Tables S1–S9 and Figures S4–S12).

Discussion
Novelty
This is the first study to utilize the Nightingale Open Science— 
Subtyping Cardiac Arrest data set to predict SCA with DL. This is 
also the first DL application of ECG data to predict SCA in which 

determinations were made about the relative contributions of (i) risk 
factors such as age and sex, (ii) shockable vs. non-shockable rhythms, 
(iii) ECG data collected beyond 24 h prior to SCA, (iv) ECG data in 
varying temporal widths around the R-wave, and (v) regions of the 
ECG beyond the QRS complex.

Model implications
Output from the base model demonstrates that 10 s of ECG data col
lected 24 h prior to an SCA can predict 95% of SCA events. While the 
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Table 3 Measures of performance for the base case for each lead for the base model, X, with sensitivity fixed at 95%

Lead Accuracy (%) F1 (%) PPV (%) NPV (%) Specificity (%)

X I 85.4 (3.0) 91.6 (1.8) 88.4 (3.4) 55.6 (13.8) 35.6 (13.4)

II 84.9 (2.6) 91.3 (1.7) 87.9 (3.2) 56.2 (6.8) 33.7 (6.3)

III 84.8 (1.6) 91.3 (1.1) 87.9 (2.0) 50.9 (16.0) 29.6 (11.2)
aVR 84.4 (2.8) 91.0 (1.8) 87.4 (3.2) 52.9 (10.0) 30.1 (7.8)

aVL 84.5 (1.4) 91.1 (1.0) 87.5 (1.9) 50.9 (15.1) 28.7 (9.8)

aVF 83.6 (2.2) 90.6 (1.4) 86.7 (2.6) 45.2 (15.2) 23.4 (10.5)
V1 84.0 (2.3) 90.9 (1.5) 87.1 (2.9) 48.5 (11.5) 25.7 (6.1)

V2 84.5 (2.8) 91.1 (1.8) 87.6 (3.3) 50.0 (14.2) 28.6 (11.8)

V3 85.6 (4.2) 91.7 (2.5) 88.7 (4.6) 55.0 (12.0) 36.9 (18.3)
V4 84.7 (3.3) 91.3 (2.0) 87.8 (3.7) 51.4 (12.4) 30.8 (10.7)

V5 86.2 (3.1) 92.0 (1.9) 89.2 (3.5) 59.0 (9.7) 40.1 (12.8)

V6 84.6 (2.3) 91.2 (1.5) 87.6 (2.7) 50.8 (16.6) 29.4 (11.3)

Values are reported as mean (SD).

Figure 7. Representative GRAD-CAM images from the base case, X, in which only the QRS complex was highlighted. The color map is white (no 
activation) to red (full activation).
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number of false positives is too high to enable its direct application, the 
model demonstrates that there is promise for a broadly refined future 
DL method that utilizes ECGs obtained from wearable devices to 
screen the public for SCA. Therefore, the current data justify explor
ation of prospective DL models built from larger and more diverse 
data sets.

Currently, some of the most influential factors in predicting SCA are 
age and sex.14 In our models, differences in the ECG explained the con
tribution of age and sex in predicting SCA because the exclusion of age 
and sex did not change model performance. The explanation of age and 
sex is significant because the model is specific for SCA whereas age and 
sex are generic cardiovascular risk factors and thus do not differentiate 
SCA from other possible cardiovascular disorders. The finding is also im
portant because age has a strongly positive and non-linear relationship 
with SCA,35,36 and sudden cardiac death is two to three times more 
common in men than in women,37–39 making SCA prediction via trad
itional tools such as linear regression more challenging whereas DL can 
explain these factors without adjustments. Finally, the model explaining 
age and sex is significant because these demographics are some of the 
few additional inputs beyond the ECG that would be commonly available 
to screen the public for SCA, and even they are not needed, which de
monstrates the robustness and practicality of the approach.

The analyses were not able to determine differences among the ar
rhythmias associated with SCA. Removing the shockable rhythm arrests 
from the analysis did not influence model performance. This was also 
true when further removal excluded the asystole cases and left only 
pulseless electrical activity arrests for analysis. Nonetheless, the number 
of cases among the various presenting rhythms may not have been large 
enough to substantially influence model performance. In particular, a 
model based exclusively on shockable rhythms was not created because 
these arrests were <20% of those arrest rhythms in the data set and 
were thus not of sufficient quantity to independently consider.

Models that varied the time between ECG recording and SCA 
showed that physiologic differences indicative of an event are evident 
up to a year in advance, suggesting a chronic pathologic process leading 
to arrest in a large number of individuals. The finding is significant be
cause it further encourages analysis of ECGs with DL as a potential 
screening tool in that it would allow more opportunity for prevention 
and intervention than if SCA were strictly an acute process. However, 

with longer time between ECG recording and arrest, model perform
ance significantly diminished.

Model performance also had a diminishing trend with decreasing 
width around the QRS complex. The finding implies that ECG data re
lationships beyond the QRS complex confer information about an im
pending SCA. The varying width data are significant because they show 
that as much of the ECG should be included for SCA prediction as pos
sible with the entirety of the signal being ideal.

Gradient-weighted class activation mapping analysis showed that the 
most relevant ECG features (in order of importance) are the QRS com
plex followed by the T-wave and then the P-wave. This result suggests 
that differences during ventricular depolarization and repolarization 
predict SCA and that atrial depolarization may also play a role. 
Whether this influence is due to electrical or mechanical dysfunction 
or both is yet to be determined. Gradient-weighted class activation 
mapping data in conjunction with analyses that isolate presenting 
rhythms could give prospective insight into pathologic mechanisms 
and anatomic sources of dysfunction that lead to SCA.

Comparison to prior sudden cardiac arrest 
prediction tools
The only other similar study utilizing DL with ECG data to predict SCA 
was performed by Kwon et al.27 Consistent with some of the data from 
our study, ECG data were collected 24 h prior to arrest. However, be
yond our scope, Kwon et al. performed both internal and external val
idation and reported AUROCs of 0.91 and 0.95, respectively. While 
these levels of performance are notably higher than ours, the data uti
lized for training and validation by this group are unbalanced, featuring 
relatively few cardiac arrests, which we believe facilitates the high 
AUROC and simultaneously results in their PPV of only around 8% 
as compared to our 88% PPV. Consistent with our findings, Kwon 
et al. showed that model performance among leads was comparable 
and described that the DL models’ decision strategy primarily involved 
the QRS complex but also had contributions from other unspecified 
and not quantified temporal regions of the ECG.

Another study by the same group utilized DL to predict in-hospital 
SCA using heart rate, systolic blood pressure, respiratory rate, and 
body temperature and showed an AUROC of 0.85 and up to 76% sen
sitivity with 76% specificity, which outperformed logistic regression.26

Of note, this DL algorithm used summary features of multiple physio
logic signals rather than entire waveforms, and it is not clear if the ECG 
was utilized; heart rate could have been derived manually via ausculta
tion or from analysis of the blood pressure waveform. While this ap
proach is notable for its in-hospital capabilities, due to the reliance on 
up to four signals, it is not practical to employ for ECG prediction in 
the out-of-hospital setting, which is where 60% of SCAs occur.11

Even though the analysis here did not examine the relative contribu
tions of ECG summary features in predicting SCA, it is reasonable to 
expect that the DL models captured their influence because they are 
weaker risk factors than age and sex,14 which were explained. In theory, 
ECG analysis with DL is likely superior to other methods for SCA pre
diction because DL models can utilize characteristics that are beyond 
the threshold of human perception whereas the ECG summary fea
tures are only comprised of discrete portions of the ECG and result 
in a loss of information.

Other studies involving SCA prediction utilize either summary fea
tures extracted from the ECG18–21 and/or other physiologically based 
metrics such as left ventricular ejection fraction7,22,40 as input to statistical 
models and then report findings via odds ratios or relative risks. The end
point of our study was the classification of an ECG as either a SCA or a 
control, and thus, the only appropriate way to express model perform
ance is via measures of performance (e.g. AUROC, sensitivity, and 
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Table 4 Tallies of the major contributing segments of 
the electrocardiogram to sudden cardiac arrest 
determination from 100 randomly selected 
gradient-weighted class activation mapping images from 
the base case, X

P-Wave P-Q 
interval

QRS 
complex

S-T 
interval

T-Wave

I 5 1 96 0 18

II 6 2 96 0 12

III 3 0 96 0 5
aVR 1 0 96 0 3

aVL 5 0 94 0 8

aVF 4 1 96 0 5
V1 14 0 95 0 22

V2 5 1 99 1 17

V3 0 0 99 0 16
V4 2 0 99 1 22

V5 4 0 98 0 20

V6 0 0 98 1 11
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specificity). Therefore, the results of our DL model cannot be resolved 
with studies that utilized traditional approaches.

Clinical considerations
In our study, sensitivity was set at 95% while all other performance me
trics were dependent. In general, sensitivity and specificity are negatively 
correlated, and therefore, the lower the sensitivity, the higher the speci
ficity. However, it is uncertain as to whether decreasing sensitivity to in
crease specificity could result in a combination that is clinically relevant 
because such thresholds have not been defined. Nonetheless, in the the
oretical application of the current model, having more than half false po
sitives when the annual individual risk of SCA is 0.03–0.10%14 would 
create a combination of apathy among users and an unrealistic and un
necessary burden on EDs. Nonetheless, output from the current models 
shows that age and sex do not improve prediction and do not need to be 
included, ECGs up to a year prior to an SCA event have predictive value 
and should be used as input, and, if possible, the entirety of the ECG signal 
should be used as input, despite the decision strategy relying most on the 
QRS complex and T- and P-waves, in that order.

The use of a future DL model to screen for SCA via ECG data could 
be highly impactful because 20–50% of SCA cases have no previously 
identified heart disease,3–6 50% of SCAs are first cardiac events,10

and over 60% of cardiac arrests occur outside the hospital41 where de
lays in initiating CPR and defibrillation are common, bystander CPR is 
suboptimal,42 and there is a lack of epinephrine until paramedics arrive. 
Also, the proliferation of ECG recording wearable devices makes such 
an application readily available as a potentially inexpensive yet practical 
SCA screening tool for the general public. Widespread adoption could 
improve outcomes, enhance proactions, and thereby decrease depend
ency on paramedics for emergency transport and resuscitation.

Limitations
This study was limited in that all data were provided via the National 
Taiwan University Hospital; thus, the study population is not diverse en
ough to make conclusions that are generalizable to western populations. 
A second limitation is that this was a retrospective, case–control study in 
which the incidence of SCA is greatly inflated relative to the general 
population. Also, the SCA group here had a disproportionately large 
number of men. Thus, a more sex-balanced prospective cohort study 
is necessary to allow more confidence in the findings. Third, other DL 
models were not explored, and as a result, there may be alternative 
methods available that are more predictive of SCA. Fourth, comorbidity 
and other clinical data are not available for the control group, thus pre
venting the use of that information in the overall model. Fifth, with fur
ther regard to the control group, precise times for each individual 
follow-up from ECG recording to ED visit are not specifically known, 
and it cannot be guaranteed that members of the control group did 
not have cardiac arrests after their follow-up periods. Sixth, only those 
data certain widths around the QRS complex were utilized because 
the model would not converge when the entire signal was input, and it 
cannot be guaranteed that the entire T-wave was consistently captured. 
Finally, DL is highly dependent on large data sets, and a few hundred cases 
may not be enough to reveal the full potential of its algorithms to predict 
SCA exclusively from ECG waveforms. Overcoming these issues is ne
cessary to create a generalized screening tool for SCA.

Conclusions
This study shows that 10 s of single-lead ECG data enables the prediction 
of an impending SCA within 24 h with 95% sensitivity and 31% specificity, 
which demonstrates potential for screening via DL. This method also ex
plains differences in SCAs due to age and sex. Further, model perform
ance improved when ECGs were nearer in time to SCAs, although ECG 

data up to a year prior had predictive value, suggesting that SCA com
monly involves a chronic pathologic process. Sudden cardiac arrest pre
diction is also mostly dependent upon the QRS complex, implicating 
ventricular contraction as the primary source of dysfunction; however, 
the T- and P-waves had influence, suggesting that ventricular repolariza
tion and atrial depolarization also contribute to dysfunction. Studies with 
larger data sets and more diverse patients are necessary to confirm these 
findings and to potentially increase specificity.
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