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Aims Left ventricular ejection fraction (LVEF) is suboptimal as a sole marker for predicting sudden cardiac death (SCD). Machine 
learning (ML) provides new opportunities for personalized predictions using complex, multimodal data. This study aimed to 
determine if risk stratification for implantable cardioverter-defibrillator (ICD) implantation can be improved by ML models 
that combine clinical variables with 12-lead electrocardiograms (ECG) time-series features.

Methods and 
results

A multicentre study of 1010 patients (64.9 ± 10.8 years, 26.8% female) with ischaemic, dilated, or non-ischaemic cardiomy
opathy, and LVEF ≤ 35% implanted with an ICD between 2007 and 2021 for primary prevention of SCD in two academic 
hospitals was performed. For each patient, a raw 12-lead, 10-s ECG was obtained within 90 days before ICD implantation, 
and clinical details were collected. Supervised ML models were trained and validated on a development cohort (n = 550) 
from Hospital A to predict ICD non-arrhythmic mortality at three-year follow-up (i.e. mortality without prior appropriate 
ICD-therapy). Model performance was evaluated on an external patient cohort from Hospital B (n = 460). At three-year 
follow-up, 16.0% of patients had died, with 72.8% meeting criteria for non-arrhythmic mortality. Extreme gradient boosting 
models identified patients with non-arrhythmic mortality with an area under the receiver operating characteristic curve 
(AUROC) of 0.90 [95% confidence intervals (CI) 0.80–1.00] during internal validation. In the external cohort, the 
AUROC was 0.79 (95% CI 0.75–0.84).

Conclusions ML models combining ECG time-series features and clinical variables were able to predict non-arrhythmic mortality within three 
years after device implantation in a primary prevention population, with robust performance in an independent cohort.
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What’s new?

• Patients with a low left ventricular ejection fraction (LVEF ≤35%) 
despite 90 days of optimal guideline-directed medical therapy may 
benefit from prophylactic implantable cardioverter-defibrillator 
(ICD) implantation for prevention of sudden cardiac death (SCD). 
However, LVEF alone is inadequate for predicting the likelihood of 
benefit from prophylactic ICD treatment, especially considering 
the competing risk of nonarrhythmic mortality.

• We developed ML models that incorporate both clinical variables 
and 12-lead electrocardiogram time-series features to predict the 
risk of non-arrhythmic mortality in a primary prevention ICD 
population.

• Accurate prediction of ICD non-benefit was achieved by ML models 
that combined ECG time-series features and clinical variables, dem
onstrating robust performance on an external patient cohort.

• Future studies are warranted to prospectively validate the identified 
ECG features and their electrophysiological substrate for arrhyth
mic risk prediction.

Introduction
Patients with a low left ventricular ejection fraction (LVEF ≤35%) des
pite 90 days of optimal guideline-directed medical therapy benefit 
from prophylactic implantable cardioverter-defibrillator (ICD) 

implantation for prevention of sudden cardiac death (SCD).1–3

However, LVEF alone is inadequate for predicting the likelihood of 
benefit from prophylactic ICD treatment, especially considering the 
competing risk of non-arrhythmic mortality.4 This results in approxi
mately two-thirds of patients with an ICD for primary prevention 
who never receive appropriate ICD-therapy.5 Moreover, advance
ments in medical therapy for heart failure have led to a decrease in 
the risk of ventricular arrhythmia and prolonged life-expectancy, affect
ing the proportion of patients who benefit from ICD treatment.6,7

Conversely, these patients remain at risk for device complications, in
appropriate ICD shock and reduced health-related quality of life.8,9

Various risk scores have been developed to better estimate the propor
tional risks of SCD and non-SCD for heart failure patients who would 
qualify for primary prevention ICD population using clinical variables, 
such as the Seattle Proportional Risk Model (SPRM) and the 
MADIT-ICD score.10–14 The MADIT-ICD score incorporating clinical 
variables recently demonstrated a C-index of 0.67 in predicting mortal
ity without prior ventricular tachycardia/fibrillation (VT/VF) on an ex
ternal cohort.10 Machine and deep learning models are able to detect 
intricate and non-linear interactions and reveal patterns within datasets 
that may not be apparent through traditional statistical methods, pro
viding opportunities for personalized predictions of patient out
comes.15 In particular, the complex interplay between clinical risk 
factors, structural cardiac abnormalities and arrhythmic substrates cap
tured within a machine learning (ML) framework, could potentially im
prove the accuracy of prediction models.15,16 We hypothesized that ML 
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may enable personalized prediction of non-arrhythmic mortality risk 
within 3 years after device implantation, which could be used to refine 
current broad guidelines and aid the decision-making process for ICD 
implantation, using a combination of baseline clinical variables and time- 
series features derived from 12-lead electrocardiograms (ECG).

Methods
Study design
A multicenter, retrospective, observational study using patient data ob
tained from two academic hospitals in Amsterdam (Amsterdam Medical 
Center and the VU University Medical Center), The Netherlands, was per
formed. Patients with an LVEF ≤35% implanted with an ICD with or with
out resynchronization therapy (CRT) between 2007 and 2021 for primary 
prevention of SCD were included. All patients were diagnosed with an is
chaemic, dilated, or non-ischaemic cardiomyopathy before implantation 
of the ICD. Implanted devices included single-chamber ICDs (VR), dual- 
chamber ICDs (DR), subcutaneous ICDs (S-ICD), and cardiac resynchroni
zation therapy-defibrillators (CRT-D). ICDs were manufactured by 
Biotronik (Germany), Medtronic (USA), St. Jude Medical/Abbott (USA), 
or Boston Scientific (USA). Patients were followed from device implant
ation onwards. Clinical data at baseline was obtained from the electronic 
health records (EHR). All patients <18 years old at device implantation 
were excluded. This study adheres to the reporting guidelines for 
Transparent Reporting of a multivariable prediction model for Individual 
Prognosis Or Diagnosis (TRIPOD) where applicable.17

Outcome
The outcome of interest was non-arrhythmic mortality within 3 years of 
ICD implantation, defined as all-cause mortality without any appropriate 
ICD-therapy before death. Appropriate ICD-therapy was defined as any 
shock and/or anti-tachycardia pacing (ATP) in response to VT or VF accord
ing to the interpretation of the clinician as reported in the EHR. Secondary 
outcomes were appropriate ICD-therapy and all-cause mortality.

ECG time-series features
Raw format, standard 12-lead 10-s resting ECGs were collected retrospect
ively on both sites and considered eligible if recorded within 90 days prior to 
ICD implantation. ECGs were visually inspected to assess the quality (e.g. 
presence of baseline wander, high-frequency noise, lack of signal in one 
or more leads). ECGs of low quality and/or with pacing artefacts were ex
cluded. If more than one eligible ECG was available per subject, the 
ECG closest to ICD implantation was selected. Detailed description of 
the ECG pre-processing and feature extraction are provided in the 
Supplementary material online, Methods. The pre-processed ECGs were 
characterized by their time-series features, extracted using a systematic fea
ture engineering technique (tsfresh version 0.12.0 in Python 3.6).18 This al
gorithm extracts 65 unique features, calculated using different parameter 
settings, which results in a total of 783 features per 10-s ECG lead. 
Subsequently, a two-step feature selection approach that combined the 
Benjamini-Yekutieli procedure and a recursive feature elimination algorithm 
that removed the lowest importance features was used, which resulted in a 
total of 50 selected features.19 ECG pre-processing steps were identical in 
the development and external testing cohorts. Feature selection was per
formed on the development cohort alone.

Clinical variables
Clinical baseline information from the moment of device implantation 
was extracted from the EHR. Clinical variables included medical history, 
medication usage (i.e. anti-arrhythmic, anti-coagulant, anti-hypertensive, 
lipid-lowering), demographics (age, sex), body mass index (BMI), and labora
tory values (i.e. creatinine, potassium, sodium). Missing data was imputed 
using Random Forests for non-parametric imputation, in two separate pro
cedures for the development and testing cohort [missForest package (v. 
1.5) in Python].20 Variables with ≥30% missing values were excluded (see 
Supplementary material online, Table S1 shows missing values per variable). 
Out-of-bag errors were calculated for each imputed variable. Categorical 

variables were one-hot encoded, continuous variables were standardized 
using z-score.

Model development and evaluation
We compared different supervised ML models: support vector machines 
(SVM), extreme gradient boosting algorithms (XGBoost), and random for
est (RF) classifiers.21 Hyperparameter tuning was performed for each mod
el, and various configurations of model parameters were assessed to find 
the optimal set of hyperparameters. ML models were developed and tested 
using the scikit-learn library (version 1.1.1.) and the XGBoost library (ver
sion 1.6.2.).21,22 All modelling was performed using Python (version 
3.6.7). Internal model evaluation was performed by repeated stratified 
k-fold (k = 10, 5 repeats) cross-validation (CV), to ensure similar propor
tions of the target classes in the train and validation splits. Models were 
trained using a combination of clinical and ECG time-series features (multi
modal ML model), and with ECG features only (ECG ML model). The per
formance of the final model was evaluated on the external testing cohort 
from Hospital B which was not used during model development. The inter
pretation of individual predictions was explained using the SHAP (SHapley 
Additive exPlanations) method.23 The SHAP summary plot presents a com
bination of feature importance and feature effect, represented by each 
point as a Shapley value for a specific feature and instance. To further clarify 
predictions, mean waveforms for predicted high-risk and predicted low 
risk of non-arrhythmic mortality in the external patient cohort were 
displayed.

Statistical analysis
Continuous variables were presented by their median, mean, interquartile 
range (IQR), and standard deviation. Categorical sociodemographic and clinical 
variables were presented as frequencies (percentages) and compared using 
Fisher’s exact test when appropriate, otherwise using Chi-square test. 
Model performances were assessed by using the following metrics: area under 
the receiver operating characteristics curve (AUROC), area under the preci
sion recall curve (AUPRC), F1-score, sensitivity, and specificity. Youden’s J 
index was used to find the optimal threshold on the receiver operating char
acteristic (ROC) curve for classification. Model calibration was visualized 
by plotting the calibration curve and assessed by its slope and intercept. 
Confidence intervals (CI) and standard errors (SE) around the performance 
measures were obtained using 2000 bootstrap samples. To assess the robust
ness of the model, the performance was assessed in the following 
sub-populations: with or without CRT-D, old vs. young (age 65 years), male 
vs. female, ischaemic vs. non-ischaemic cardiomyopathy, implantation before 
2013 vs. after 2013 and guideline-directed medical therapy vs. non-guideline 
directed medical therapy (GDMT). Optimal GDMT was defined as 
β-blocker, angiotensin-converting enzyme (ACE) inhibitors/angiotensin recep
tor blockers (ARB) inhibitors, and a mineralocorticoid receptor antagonists 
(MRA). On top of evaluating model performance, we analysed the potential 
clinical value of the model through decision curve analysis. The decision curve 
depicts the net benefit of the model, defined as the weighted combination of 
true positive and false positive predictions (i.e. incorrect withholding of an ICD), 
for a wide range of risk thresholds.24 Survival analysis was performed using the 
Kaplan–Meier method, and survival curves for low risk, intermediate risk and 
high-risk predicted probability quantiles were compared using the log-rank 
test. The predicted probability for the ECG ML model was dichotomized to 
low and high ECG-scores relative to Youden’s J index. Multivariate Cox pro
portional hazard models with the ECG ML predicted probability and clinical 
covariates age, sex, non-sustained VT, BMI, ventricular rate, myocardial infarc
tion, cerebral vascular accident, diabetes mellitus, atrial arrhythmia, and CRT-D 
as independent variables. Schoenfeld residuals were used to check the propor
tional hazards assumption. A two-sided P-value <0.05 was considered signifi
cant. Statistical analyses were performed using R statistical software (version 
3.6.2, R Core Team).25

Ethics
The requirement for written informed consent for this retrospective study 
was waived by the Institutional Review Board, as the medical research in
volving Human Subjects Act did not apply.
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Role of the funding source
The funding source had no role in the study design, data collection, data ana
lyses, interpretation, or writing of report.

Results
Cohort description
Figure 1 displays the patient selection flow diagram. The development 
cohort (Hospital A) consisted of 1871 ICD recipients; the external test
ing cohort (Hospital B) consisted of 1261 patients. Selection of patients 
with an ECG within 90 days before ICD implantation resulted in 1799 
patients in the development cohort and 1144 patients in the external 
testing cohort. Exclusion of patients with an ICD indication for second
ary prevention of SCD, patients with LVEF >35%, and patients with a 
primary arrhythmia syndrome resulted in a dataset of in total 1010 pa
tients. The development cohort consisted of 550 patients, the external 
cohort consisted of 460 individuals. Patient characteristics of both pa
tient cohorts are displayed in Table 1. Significant differences were ob
served between the development cohort and external testing cohort 
in age hypertension, hypercholesterolaemia, atrial arrhythmia, and con
genital heart disease. The distribution in aetiology of cardiomyopathy, 
prior ventricular arrhythmias before implantation, and implanted device 
were significantly different between the two cohorts. A total of 382 
(37.8%) patients were implanted with a CRT-D, 246 (24.4%) patients 
were using guideline-directed medical therapy (GDMT) at baseline.

At 3-year follow-up, 162 (16.0%) patients had died of which 118 
(72.8%) were classified as having non-arrhythmic mortality. In total 
196 (19.4%) patients received appropriate ICD-therapy, 104 patients 
(10.3%) received appropriate shock, 44 received ATP followed by 
shock (4.4%), and 48 received ATP only (4.8%). There were significant 

differences between the development cohort and external testing 
cohort in all-cause mortality (13.5% vs. 19.1%, P = 0.018) and non- 
arrhythmic mortality (9.5% vs. 14.3%, P = 0.021). An overview of pa
tient outcomes is shown in Table 2, survival curves are shown in 
Supplementary material online, Figure S1. Patients with a CRT-D had 
a higher risk of non-arrhythmic mortality (P = 0.028) and all-cause 
mortality (P = 0.031), and a lower risk of appropriate ICD-therapy 
(P = 0.031) compared to ICD patients (see Supplementary material 
online, Figure S1B).

Multimodal ML model
The predictive performance during model development and internal 
validation was highest for the XGBoost model. On internal validation, 
the model predicted non-arrhythmic mortality at 3 years with an 
AUROC of 0.897 ± 0.05 and an AUPRC of 0.546 ± 0.18. External val
idation of the model in an external patient cohort showed an AUROC 
of 0.792 (95% CI: 0.746–0.841) and an AUPRC of 0.414 (95% CI: 
0.284–0.500), Figure 2 displays the ROC and Precision-Recall curves. 
The model sensitivity, specificity, F1-score, calibration intercept, and 
calibration slope for the external testing cohort are presented in 
Table 3. The calibration plot shown in Supplementary material online, 
Figure S2 indicates that the model underestimates at low probabilities, 
high predicted probabilities were rare as shown in the grey histogram of 
the prediction distributions. Kaplan–Meier survival curves were plotted 
to visualize non-arrhythmic mortality in the external testing cohort dur
ing 3-year follow-up stratified by predicted probability, as depicted in 
Figure 3. The probability of non-arrhythmic mortality at 3-year follow- 
up for the low, intermediate and high predicted risk groups were re
spectively 3.3%, 12.7%, and 31.7% (P < 0.001). The performance of 
the multimodal ML model on the outcomes appropriate ICD-therapy 
and all-cause mortality are displayed in Supplementary material 

Training and validation: Development cohort External testing cohort

Hospital B
1261 individuals

460 patients (LVEF£35%, primary 
prevention ICD), implantations 

between 2007–2018

567 patients excluded 
because of LVEF >35% 
and/or secondary 
prevention and/or with 
primary arrhythmia 
syndrome

Test
460 individuals

Hospital A 
1871 individuals

550 patients (LVEF£35%, primary 
prevention ICD), implantations 

between 2010–2018

Training
495 individuals

Validation
55 individuals

692 patients (LVEF£35%, primary 
prevention ICD)

577 patients (LVEF£35%, primary 
prevention ICD)

1107 patients excluded 
because of LVEF >35% 
and/or secondary 
prevention and/or with 
primary arrhythmia 
syndrome

142 patient with follow-up of  
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117 patient with follow-up of  
<36 months

Hospital A
1799 individuals

Hospital B
1144 individuals

117 patients without an 
ECG ³0 days before ICD 
implantation

72 patients without an ECG
³90 days before ICD
implantation

Figure 1 Flowchart of patient selection and assignment to the training cohort and the testing cohort.
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Table 1 Baseline characteristics of the development cohort and the external testing cohort

Development cohort (n = 550) External testing cohort (n = 460) P-value

Age, mean (SD) 64.4 (11.4) 67.0 (9.4) <0.001

Sex, male (%) 407 (74.0) 350 (76.1) 0.491

BMI, mean (SD) 27.3 (3.7) 27.1 (4.4) 0.336

OHCA, n (%) 22 (4.0) 11 (2.4) 0.210

Cardiomyopathy, n (%)

Ischaemic 296 (53.8) 262 (57.0) <0.001

Dilated 185 (33.6) 195 (42.4)

Non-ischaemic 69 (12.5) 3 (0.7)

Prior ventricular arrhythmia, n (%)

VF 14 (2.5) 18 (3.9) 0.024

Sustained VT 12 (2.2) 2 (0.4)

Non-sustained VT 72 (13.1) 43 (9.3)

Medical history, n (%)

Myocardial infarction 292 (53.1) 228 (49.6) 0.292

Percutaneous coronary intervention 202 (36.7) 165 (35.9) 0.829

Coronary artery bypass grafting 97 (17.6) 97 (21.1) 0.192

Cerebral vascular accident 81 (14.7) 51 (11.1) 0.106

Peripheral artery disease 29 (5.3) 35 (7.6) 0.165

Atrial arrhythmia 191 (34.7) 121 (26.3) 0.005

Congenital heart disease 7 (1.3) 0 (0) 0.018

COPD 51 (9.3) 49 (10.7) 0.532

Diabetes mellitus 144 (26.2) 126 (27.4) 0.718

Hypertension 228 (41.5) 251 (54.6) <0.001

Hypercholesterolaemia 88 (16.0) 242 (52.6) <0.001

Laboratory, mean (SD)

Sodium, mmol/L 139.3 (2.8) 139.5 (2.7) 0.146

Potassium, mmol/L 4.3 (0.4) 4.4 (0.5) 0.004

Creatinine, µmol/L 109.8 (63.5) 106.8 (61.4) 0.454

Medication, n (%)

Vitamin K antagonist 175 (31.8) 209 (45.4) <0.001

Diuretics 377 (68.5) 315 (68.5) 1.000

ARB/ACEi 34 (24.4) 76 (16.5) 0.003

Sotalol 24 (4.4) 6 (1.3) 0.008

Digoxin 49 (8.9) 36 (7.8) 0.615

Amiodarone 43 (7.8) 23 (5.0) 0.094

β-blocker 430 (78.2) 384 (83.5) 0.041

NOAC 55 (10.0) 9 (2.0) <0.001

Mineralocorticoid receptor antagonist 177 (32.2) 179 (38.9) 0.030

Device type, n (%)

Single-chamber 205 (37.3) 95 (20.7) <0.001

Dual-chamber 65 (11.8) 179 (38.9)

CRT-D 203 (36.9) 179 (38.9)

S-ICD 77 (14.0) 7 (1.5)

Abbreviations: ACEi, angiotensin-converting enzyme inhibitor; ARB, angiotensin receptor blockers inhibitors; BMI, body mass index; COPD, Chronic obstructive pulmonary disease; CRT, 
cardiac resynchronization therapy; NOAC, novel oral anti-coagulant; OHCA, out-of-hospital cardiac arrest; S-ICD, subcutaneous ICD; SD, standard deviation; VF, ventricular fibrillation; 
VT, ventricular tachycardia.
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online, Table S2. No differences in AUROC were observed for sub
groups, the AUPRC was higher in a CRT-D population and in patients 
older than 65 year (see Supplementary material online, Figure S5). The 
MADIT-ICD score had an AUROC of 0.67 in the external cohort.

ECG ML model
The ECG ML model reached an AUROC of 0.742 (95% CI: 0.689–0.797) 
and an AUPRC of 0.326 (95% CI: 0.216–0.410) on the external testing co
hort. The sensitivity, specificity, F1-score, calibration intercept, and calibra
tion slope for the external testing cohort are shown in Table 3 (calibration 
plots Supplementary material online, Figures S3 and S4). There was a sig
nificant association between low vs. high ECG-score and non-arrhythmic 
mortality [hazard ratio (HR) 5.54, 95% CI: 2.91–10.54, P < 0.001] adjusted 

for clinical covariates (see Supplementary material online, Figure S6). Other 
significant associations were found for age (HR 2.66 for ≤75 vs.  > 75 
years, 95% CI: 1.59–4.45, P < 0.001) and CRT-D implanted (HR 2.07, 
95% CI: 1.23–3.49, P = 0.006).

Model explainability
Supplementary material online, Figures S7–SS9 show SHAP summary 
plots with the 50 features with the highest feature importance in des
cending order for the multimodal ML model for non-arrhythmic mor
tality, appropriate ICD-therapy, and all-cause mortality. Age and serum 
creatinine had the highest feature importance followed by some of the 
ECG time-series features for prediction of non-arrhythmic mortality. 
For both prediction of non-arrhythmic mortality and appropriate 
ICD-therapy, features representing the decomposed ECG into its fre
quency components were consistently of high importance. The Fourier 
coefficients corresponding lower frequencies were particularly import
ant for prediction of appropriate ICD-therapy, as compared to higher 
frequencies for non-arrhythmic mortality (see Supplementary material 
online, Figure S12).

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

Table 2 Incidence of outcomes in the development cohort and 
external testing cohort

Development 
cohort  

(n = 550)

External 
testing 
cohort  

(n = 460)

P-value

All-cause mortality, 

yes (%)

74 (13.5%) 88 (19.1%) 0.018

Appropriate 

ICD-therapy, yes 
(%)

113 (20.5%) 83 (18.0%) 0.357

ATP 25 (4.5%) 23 (5.0%)

ATP and shock 24 (4.4%) 20 (4.3%)

Shock 64 (11.6%) 40 (8.7%)

Non-arrhythmic 

mortality, yes (%)

52 (9.5%) 66 (14.3%) 0.021

Abbreviations: ATP, anti-tachycardia pacing; ICD, implantable 
cardioverter-defibrillator.
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Table 3 Comparison of model performances in the external 
patient cohort

Multimodal model ECG model

AUROC 0.792 (0.746–0.841) 0.742 (0.689–0.797)

AUPRC 0.414 (0.284–0.500) 0.326 (0.216–0.410)

Calibration slope 1.048 (0.727–1.430) 0.382 (0.669–0.968)

Calibration intercept 0.072 (0.046–0.100) 0.098 (0.068–0.127)

F1-score 0.746 (0.714–0.778) 0.658 (0.621–0.693)

Sensitivity 0.703 (0.664–0.741) 0.600 (0.558–0.641)

Specificity 0.696 (0.654–0.738) 0.564 (0.520–0.609)

Abbreviations: AUROC, area under the receiver operator curve; AUPRC, area under 
the precision recall curve.
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Mean waveforms for high predicted risk (orange) vs. low predicted 
risk (green) of non-arrhythmic mortality are displayed in Figure 4, 
Supplementary material online, Figure S10 shows the mean waveforms 
for prediction of appropriate ICD-therapy. Mean waveforms for indivi
duals with predicted non-arrhythmic mortality showed smaller T-wave 
and larger R-wave amplitudes in the precordial leads and a shorter 
QRS-duration. In a CRT-D only population the anterior leads showed 
deeper Q-waves for the high predicted probability of non-arrhythmic 
mortality (see Supplementary material online, Figure S11). Mean wave
forms for high predicted risk of appropriate ICD-therapy showed 
ST-T-wave abnormalities in the precordial leads, characterized by low
er T-wave amplitudes, flattened ST-segments and shallow S-waves in 
the anterior leads.

Net benefit curve
Figure 5 displays the net benefit curve for the multimodal ML model. 
Not using a model would assume that all subjects have the same risk 
and is illustrated by the two alternatives of either assuming all are at 
low risk or that all are at high-risk of non-arrhythmic mortality 3 years 
following ICD implantation. According to Figure 5, the most significant 
benefits would be gained when probabilities between 10% and 40% 
would be used as threshold. For example, at a decision threshold of 
20% for the 3-year risk of non-arrhythmic mortality, the multimodal 
ML model would achieve a net benefit of 0.042 over assessing all pa
tients as low risk of non-arrhythmic mortality. This would translate 
to identifying 42 additional true cases of non-arrhythmic mortality 
per 1000 subjects, without increasing the number of false positive pre
dictions, compared to a situation where all individuals were considered 
at low risk of non-arrhythmic mortality.

Discussion
We present the development and external validation of a multimodal 
ML model for risk prediction of non-arrhythmic mortality 3 years fol
lowing device implantation. Accurate risk-stratification tools for guiding 
primary prevention ICD implantation are essential for balancing an 

individual’s risk of non-arrhythmic mortality and malignant ventricular 
tachyarrhythmias.4 By leveraging ML techniques to extract time-series 
features from real-world 12-lead ECG signals, we were able to achieve 
accurate personalized predictions on an independent external testing 
cohort.5,10,11,26 Second, we further observed that the probabilities ob
tained using an ECG ML model could provide additional predictive value 
on top of standard clinical variables. On balance, our findings suggest 
that time-series characteristics derived from 12-lead ECG have predict
ive value and could improve risk-stratification tools to guide ICD 
implantation.

Patient selection for ICD implantation
In line with prior studies, we observed that the non-arrhythmic mortal
ity accounted for 72.8% of the total mortality at 3-year follow-up.5

Conversely, these patients have been exposed to potential side-effects 
of device implantation, inappropriate ICD-therapy, and reduced 
health-related quality of life.8,9 The presented multimodal ML model 
was developed with the aim to inform clinicians on the patient’s risk 
of having no benefit from an ICD due to the competing risk of (early) 
non-arrhythmic mortality. This information could aid physicians to de
fer ICD implantation in patients with high probability of non-arrhythmic 
mortality, and provide tools for better informed shared decision mak
ing. Various prediction models have been developed to improve patient 
selection for primary prevention of ICD implantation, using a combin
ation of clinical variables, electrophysiological signals, and cardiac im
aging.10–14 The Dutch outcome in ICD-therapy (DO-IT) study 
developed and validated a model for all-cause mortality and ICD shock 
using medical history, medication, and laboratory values.27 At external 
validation, these models had a C-statistic of 0.74 (95% CI: 0.70–0.78) 
and 0.60 (95% CI: 0.53–0.67), respectively. In terms of non-arrhythmic 
mortality, validation of three predictions risk-scores [Functional class, 
Age, Diabetes mellitus, Ejection fraction and Smoking, Multicenter 
Automatic Defibrillator Implantation Trial (MADIT), and Seattle 
Heart Failure Model for Defibrillator] on an external cohort showed 
AUROCs of 0.66, 0.69, and 0.75.5 We aimed to identify ECG features 
that reflect arrhythmic risk and could complement these clinical predic
tors, which led to an AUROC of 0.897 during internal validation and 
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0.792 on external validation. Additionally, the net benefit curve, a 
weighted ratio between true positive and false positive predictions at dif
ferent risk thresholds, was used to explore the theoretical clinical utility 
of the multimodal ML model. Currently, in hypertrophic cardiomyop
athy patients, the risk threshold to consider an individual at high-risk 
of SCD requiring ICD treatment is between 4% and 6%, however, 
such a threshold has not been defined for non-arrhythmic mortality.28

Based on decision curve analyses for the multimodal ML model, a risk 
threshold for non-arrhythmic mortality above 10% but below 40%, 
to guide ICD implantation would have conferred benefit over a situ
ation where all individuals were considered to be at low risk of non- 

arrhythmic mortality. Selecting probability thresholds for non- 
arrhythmic mortality to guide ICD implantation remains challenging 
due to the difficulty in quantifying the consequences of false predictions, 
such as incorrect withholding of ICD implantation in patients who ex
perience sustained ventricular arrhythmias or complications from the 
ICD in patients without ventricular arrhythmias. Nonetheless, for these 
findings to be translated to a clinical setting and aid the decision-making 
process for ICD implantation, a clinically defined threshold probability 
is crucial.24

Similar to the previously reported accuracy of the MADIT-ICD score 
in an external patient cohort from the RAID randomied trial, the 

Low predicted risk of non-arrhythmic mortality

I II III

aVR aVL aVF

V1 V2 V3

V4 V5 V6

High predicted risk of non-arrhythmic mortality

Figure 4 Mean ECG waveforms for multimodal ML model predictions of non-arrhythmic mortality (orange: high predicted risk of non-arrhythmic 
mortality, green: low predicted risk of non-arrhythmic mortality). The heatmap indicates the magnitude of the (normalized) differences between the 
two waveforms.
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MADIT-ICD score had an AUROC for non-arrhythmic mortality of 
0.67 in our external patient cohort.10 Despite the substantially higher 
predictive accuracy of the multimodal ML model in the external cohort, 
it should be noted that the model was developed and validated on 
retrospective data that could make it susceptible to unfair predictions 
within underrepresented subgroups. One of such is patients with 
CRT, where there is a challenge of balancing the risks of malignant ven
tricular arrhythmias and non-arrhythmic mortality as CRT affects non- 
arrhythmic mortality and pro-arrhythmic risks.29–31 Kaplan–Meier 
time-to-event analyses demonstrated higher non-arrhythmic mortality 
in CRT-D patients compared to patients with an ICD, potentially attrib
uted to the anti-arrhythmic effect exerted by CRT. Both the 
MADIT-ICD score and the multimodal ML model, which was trained 
on a real-world ICD population (37.8% had CRT), showed differences 
in AUROCs between CRT-D only (0.81, 95% CI: 0.73–0.88) and 
ICD-only populations (0.72, 95% CI: 0.60–0.81), which emphasizes 
the relevance of validating model performance in subgroups.32 In line 
with prior observational studies, the retrospective nature of this study, 
and inherent lack of information on the patient selection for CRT, may 
have introduced selection bias, as patients who receive CRT may differ 
in important ways from those who do not.33,34 Future studies may pro
vide additional insights into the differences in arrhythmic substrate and 
triggering mechanisms among different clinical phenotypes, including 
patients undergoing CRT, and their impact on time-series ECG data. 
In addition, guideline-recommended medical therapy for heart failure 
with reduced ejection fraction has changed over the past years to 
include β-blockers, ACE-inhibitors/ARB, angiotensin receptor neprily
sin inhibitors (ARNI), sodium-glucose cotransporter 2 inhibitors 
(SGLT2) inhibitor, and MRA.35 These have reduced mortality risks in 
primary prevention ICD patients, affecting the balance between non- 
arrhythmic and arrhythmic mortality.36 The multimodal ML model de
monstrated similar AUROC and AUPRC between patients using 
GDMT (comprising 24.4% of patients) and non-GDMT, nevertheless 
the effect of more novel heart failure medication such as SGLT2 

inhibitors and ARNI on the model performance is unclear. 
Prospective validation to assess the robustness of the model in a con
temporary, real-world ICD population is pivotal for clinical adoption.

Machine learning for outcome prediction
Features derived from non-invasive electrophysiological signals have 
been demonstrated to reflect arrhythmic risk, such as T-wave alter
nans, heart rate variability, and fragmented QRS.37,38 In particular, there 
has been a growing interest in using non-linear dynamic analyses of 
ECGs to identify predictors for ventricular arrhythmias.15,39–42

Periodic repolarisation dynamics (PRD) have been proposed as a meth
od to quantify sympathetic modulation of ventricular repolarisation by 
measuring low frequency (<0.1 Hz) oscillations in the T-wave vector.40

In addition, fibrosis and scar lead to structural changes that may impact 
repolarisation and induce phasic increases in dispersion of repolarisa
tion (at least partly) reflected by PRD.43 From the SHAP summary 
plots, we observed that the Fourier coefficients that correspond to 
low frequencies were particularly important for prediction of appropri
ate ICD-therapy (see Supplementary material online, Figure S12). This 
observation aligns with previous reports of PRD’s predictive value for 
the onset of ventricular arrhythmias, and merits further examination 
to better understand the pro-arrhythmic mechanisms and the potential 
use as a predictor of arrhythmic risk.

Moreover, artificial intelligence (AI) facilitates automated extraction 
of features from signals that have predictive capacity for mortality and 
ventricular tachyarrhythmia.39,44–46 The value of time-series features 
extracted from electrophysiological signals as input for ML models 
was previously demonstrated by Rogers et al. who applied this to the 
ventricular monophasic action potential (MAP) of 42 patients with is
chaemic cardiomyopathy.46 This ML model trained on time-series fea
tures alone reached an AUROC of 0.90 for sustained VT/VF (95% CI: 
0.76–1.00) on 10-fold CV. Aside from electrocardiographic features, 
the presence of ventricular fibrosis assessed by late gadolinium is a 
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promising risk marker for ventricular arrhythmia risk.47,48 The recent 
Survival Study of Cardiac Arrhythmia Risk prediction model that was 
developed to predict the 10-year risk of SCD using a combination of 
clinical features and raw cardiac magnetic resonance images (CMR) 
confirmed the high potential of CMR data as input to a deep learning 
model.49 External validation of this model on a cohort of patients 
with mild to moderate LVEF reduction who did not qualify for an 
ICD yielded an AUROC of 0.72 and AUPRC of 0.73.49 Furthermore, 
the ongoing PROFID project funded by the European Union aimed 
to develop a personalized prediction of SCD after myocardial infarction 
using CMR and clinical data, however, no model based upon baseline 
characteristics and imaging substantially improved the predictive per
formance of LVEF.50 Considering the potential prognostic information 
in both CMR, ECG, and clinical parameters, we ultimately envision a 
multimodal model that exploits features from each modality for perso
nalized prediction of SCD.

Explainability of model predictions
Machine learning is often criticized for a lack of transparency on the ba
sis for model predictions, nevertheless explainability and actionability of 
ML predictions are necessary for the adoption of an AI-based tool in 
clinical practice. Our models were developed using times-series fea
tures extracted from the ECGs which are all to a certain extent 
human-interpretable, however, the relationship between cardiac path
ology, specific physiological events, and these time-series features is 
largely unknown. We aimed to clarify model predictions by calculating 
SHAP values and visualizing the mean ECG waveforms for model pre
dictions. Although mean waveform analysis is constrained as the time- 
series features extracted may capture variations between beats rather 
than solely the QRS-T morphology, we observed substantial differ
ences between high vs. low predicted probabilities of non-arrhythmic 
mortality and appropriate ICD-therapy. Mean waveform analysis 
demonstrated distinct differences in the morphology of the 
ST-segments and T-wave reflecting ventricular repolarisation, especially 
in precordial leads. Over the past decade, multiple parameters that re
flect T-wave morphology, or changes in T-wave morphology over time, 
have been associated with ventricular arrhythmia risk.51,52 Moreover, a 
recent subanalysis of the prospective EU-CERT-ICDs study of primary 
prevention ICD patient (no CRT) evaluated several electrocardio
graphic variables (e.g. fragmented QRS, early repolarisation, T-wave in
version), reporting that the presence of pathological Q-waves was 
found to be the only electrocardiographic predictor for ICD benefit.53

In our waveform analysis, the prominence of the Q-waves was not dif
ferent between high vs. low predicted probabilities of non-arrhythmic 
mortality or appropriate ICD-therapy, however, in a CRT-D only 
population we found Q-waves in the anterior leads to be more prom
inent for high-risk of non-arrhythmic mortality. Future investigations 
are necessary to clarify the prognostic relevance of Q-waves in a 
CRT-D population, and the correlations between these novel time- 
series ECG features and established ECG variables reflecting T-wave 
morphology.

Limitations
One of the major limitations of this study is the discrepancy between 
appropriate ICD-therapy and actual SCD. Previous research has shown 
that appropriate ICD-therapy does not necessarily equate to SCD, 
which may lead to an overestimation of the proportion of patients 
who truly benefit from the ICD.54 In addition, variations in device pro
gramming at baseline and during follow-up may have affected the inci
dence of appropriate ICD-therapy. Due to the retrospective nature of 
this study, programming details could not be included in analyses. 
Secondly, our dataset did not include clinical variables that are known 
to have predictive capacity such as imaging data.10 Thirdly, the current 
model requires manual selection of ECGs of sufficient quality and 

excludes ECGs where cardiac pacing is present, which may affect the 
generalisability of the model. Moreover, to utilize the multimodal model 
for clinical purposes a set of ECG features needs to be extracted that go 
beyond standard ECG parameters, either manually or through a sys
tematic feature engineering technique, which may require additional re
sources. Finally, changes in the guidelines for optimal medical therapy 
and CRT have changed considerably of the past decade, and have af
fected the prevalence of non-arrhythmic mortality and ventricular ar
rhythmias. By training the multimodal ML model on a real-world ICD 
population including CRT, and assessing model performance on sub
groups, we aimed to assess the robustness of the model and potential 
data drift. For clinical uptake of the multimodal ML model, we aim to 
perform external, prospective validation on other cohorts to assess 
the stability in model performance.

Conclusion
Multimodal ML models can leverage ECG time-series features and clin
ical data to achieve accurate and personalized predictions of non- 
arrhythmic mortality risk in a primary prevention ICD population. A 
digital tool that provides clinicians with a personalized risk-score for 
early non-arrhythmic mortality could aid the decision-making process 
for ICD-implantation. The presented multimodal ML model outper
formed established clinical prediction scores in an external patient co
hort, however, future studies are warranted to prospectively validate 
the identified ECG features and their electrophysiological substrate 
for arrhythmic risk prediction.

Supplementary material
Supplementary material is available at Europace online.
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