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Glossary

BERT: bidirectional encoder representations from transformers
CHUM: Centre hospitalier de I’Université de Montréal

CLSA: Canadian Longitudinal Study on Aging

CSH: Cedars Sinai Hospital

EHC: external private health center datasets (UCSF, UW, NYP, JGH, MGH, CSH, CHUM)
EPD: external public datasets (CLSA, MIMIC-IV, PTB, UKB)
ECG: electrocardiogram

FPR: false positive rate

GMAC: Giga Multiply-Accumulate Operations

GPU: Graphic processing unit

1AF5: incident atrial fibrillation at 5 years

JGH: Jewish General Hospital

LQTS: Long-QT syndrome

LVEF: left ventricular ejection fraction

MAE: mean absolute error

MIA: membership inference attacks

MIMIC: Medical Information Mart for Intensive Care

MGH: Massachusetts General Hospital

MMAC: Mega Multiply-Accumulate Operations

MHI: Montreal Heart Institute

MHI-ds: Montreal Heart Institute Dataset

NYP: New York-Presbyterian Hospital

PTB: Physikalisch-Technische Bundesanstalt
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RLM: Representation Learning with Masking

SL: supervised learning

SSL: self-supervised learning

t-SNE: t-distributed stochastic neighbor embedding

TPR: true positive rate

UCSF: University of California San Francisco Medical Center
UKB: UK Biobank

UW: University of Washington Medical Center

VUS: variants of uncertain significance

WCR: Wav2Vec + Contrastive Multi-segment Coding + Random Lead Masking

Key words: Electrocardiogram, Artificial intelligence, Foundation model, Fairness, Privacy,

Generalizability
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Abstract

Background:

The 12-lead electrocardiogram (ECG) remains a cornerstone of cardiac diagnostics, yet
existing artificial intelligence (AI) solutions for automated interpretation often lack
generalizability, remain closed-source, and are primarily trained using supervised learning,
limiting their adaptability across diverse clinical settings. To address these challenges, we
developed and compared two open-source foundational ECG models: DeepECG-SSL, a self-

supervised learning model, and DeepECG-SL, a supervised learning model.
Methods:

Both models were trained on over 1 million ECGs using a standardized preprocessing pipeline
and automated free-text extraction from ECG reports to predict 77 cardiac conditions.
DeepECG-SSL was pretrained using self-supervised contrastive learning and masked lead
modeling. The models were evaluated on six multilingual private healthcare systems and four
public datasets for ECG interpretation across 77 diagnostic categories. Fairness analyses
assessed disparities in performance across age and sex groups, while also investigating fairness

and resource utilization.

Results:

DeepECG-SSL achieved AUROCSs of 0.990 (95%CI 0.990, 0.990) on internal dataset, 0.981

(95%CI1 0.981, 0.981) on external public datasets, and 0.983 (95%CI 0.983, 0.983) on external
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98  private datasets, while DeepECG-SL demonstrated AUROCs of 0.992 (95%CI 0.992, 0.992),

99  0.980 (95%CI 0.980, 0.980) and 0.983 (95%CI 0.983, 0.983) respectively. Fairness analyses
100 revealed minimal disparities (true positive rate & false positive rate difference<0.010) across
101  age and sex groups. Digital biomarker prediction (Long QT syndrome (LQTS) classification,
102  S-year atrial fibrillation prediction and left ventricular ejection fraction (LVEF) classification)
103  with limited labeled data, DeepECG-SSL outperformed DeepECG-SL in predicting 5-year
104  atrial fibrillation risk (N=132,050; AUROC 0.742 vs. 0.720; A=0.022; P<0.001), identifying
105 reduced LVEF <40% (N=25,252; 0.928 vs. 0.900; A=0.028; P<0.001), and classifying LQTS

106  syndrome subtypes (N=127; 0.931 vs. 0.853; A=0.078; P=0.026).

107

108 Conclusion:

109  Byreleasing model weights, preprocessing tools, and validation code, we aim to support robust,
110  data-efficient Al diagnostics across diverse clinical environments. This study establishes self-
111 supervised learning as a promising paradigm for ECG analysis, particularly in settings with
112  limited annotated data, enhancing accessibility, generalizability, and fairness in Al-driven

113  cardiac diagnostics.

114

115  Key Question:

116  Can self-supervised (SSL) learning yield ECG-based Al foundational models with enhanced
117  performance, fairness, privacy, and generalizability compared to traditional supervised
118  learning (SL) approaches?

119
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Key Finding:

Our evaluation of DeepECG-SL and DeepECG-SSL across seven external health center
datasets and four international publicly accessible datasets demonstrated that while both
models achieve comparable diagnostic accuracy for ECG interpretation, SSL outperforms SL
on novel tasks with smaller datasets.

Take-home Message:

We validated DeepECG-SL and DeepECG-SSL across public and private datasets and
demonstrated that SSL model had a superior generalizability by addressing fairness, privacy,
and efficiency, and open sourcing our models, we advance ethical, adaptable Al for equitable,
real-world ECG diagnostics.
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reproducible framework for equitable, efficient ECG-based cardiac diagnostics.
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139  Introduction

140  The 12-lead electrocardiogram (ECG) is a crucial diagnostic tool for cardiovascular disease,
141 with over 300 million performed globally each year!. Beyond its traditional role in detecting
142  arrhythmias and myocardial ischemia, where artificial intelligence (AI) algorithms can yield
143  noteworthy performance approaching or exceeding expert clinician accuracy??, advances in
144  ECG-AI analysis enable it to act as a digital biomarker of disease not typically diagnosed
145  through ECG alone, such as presence of left ventricular dysfunction*, pulmonary
146  hypertension’, and inherited arrhythmia genotype status, like long QT syndrome (LQTS)®

147  among others.

148  State-of-the-art models in ECG-AI analyses primarily rely on supervised learning (SL), which
149  requires extensive labeled datasets tailored to specific, narrowly defined tasks’. In contrast,
150  self-supervised learning (SSL) uses vast amounts of unlabeled data to pretrain models by
151  discovering patterns and representations within the data itself®. These pretrained models can
152  then be fine-tuned with smaller labeled datasets for specific tasks, often achieving superior
153  performance and broader generalizability across diverse medical applications™!%!!, Despite
154  these potential advantages of SSL, there are limited comparative studies evaluating both
155  approaches for ECG-AI algorithms. Moreover, only 14% of medical AI'? research openly

156  shares resources, thus significantly hindering reproducibility and collaborative progress!.

157  In this study, we present two ECG foundation models, large-scale models trained for multi-
158  task generalizability: DeepECG-SL trained using a SL multilabel classification task and
159  DeepECG-SSL pre-trained using self-supervised contrastive learning and masked lead
160  modeling!'* in over 1.9 million ECGs from three datasets. We then fine-tuned and evaluated the

161  performance of both models to detect (i) 77 electrocardiographic diagnoses grouped into six
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162  categories (Supplementary Table 1) and digital biomarker tasks: (ii) echocardiographic left
163  ventricular dysfunction and ejection fraction (LVEF), (iii) 5-year incidence of atrial fibrillation
164  (1AF5), and (iv) LQTS diagnosis and genetic subtype. We evaluated our approach across eleven
165  datasets (seven institutional and four public), encompassing 881,403 ECGs. This
166  comprehensive validation assessed predictive performance, fairness, privacy, and

167  computational efficiency.

168

169 Methods

170  This retrospective study was approved by the Ethics Board of the Montreal Heart Institute
171 (MHI), and all research activities were in accordance with the Declaration of Helsinki (2013).
172 During manuscript preparation, large language models were used to assist with editorial and
173  stylistic revisions. The authors take full responsibility for the scientific integrity, accuracy, and

174  interpretation of the content presented herein.

175

176  Training Datasets

177  The internal dataset, Montreal Heart Institute (MHI) dataset (MHI-ds), contains 1,453,937 12-
178  lead ECGs from 263,277 patients. As a specialized quaternary care hospital, the MHI treats a
179  wide range of cardiovascular conditions, making its dataset ideal for training a foundation
180 model. These ECGs were recorded at the MHI between April 11, 1997, and November 10,
181 2023, using the MUSE system (General Electric, Boston), and were randomly split into training

182  (MHI-ds-train - 70%), validation (MHI-ds-val - 10%), and test (MHI-ds-test - 20%) subsets at
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183  apatient level, ensuring that no single patient’s ECG appeared in more than one split. Age, sex,
184  and label distributions were carefully balanced across all splits (Graphical abstract). MHI-
185  train-extended dataset combined MHI-ds-train with two public datasets: the Code-15 dataset
186 (345,779 ECGs from 233,770 patients)!” and MIMIC-IV-train, representing 70% (551,306
187  ECGs from 112,546 patients) of the full MIMIC-IV dataset'® (Graphical abstract). We applied
188  similar constraints on age, sex and label distribution when splitting MIMIC-IV!8 into MIMIC-

189  IV-train (70%) and MIMIC-IV-test (30%).

190 External Validation

191  To evaluate our models beyond the scope of the MIMIC-1V IV-test and MHI-ds-test sets, we
192  defined all publicly available ECG-focused datasets or biobanks as “External Public Datasets”
193  (EPD). These include the Canadian Longitudinal Study on Aging?? (CLSA)—a stratified
194  sample of 51,338 Canadian adults aged 45-85 years—from which we used baseline (2011)
195 ECGs (N =29,427) and first follow-up ECGs (2015-2018; N = 25,185). We also incorporated
196  data from the UK Biobank (UKB) 2° [Project #20168] collected during the first imaging visit
197  in 2014 and a follow-up in 2019 (N = 54,978 ECGs), as well as the Physikalisch-Technische

198  Bundesanstalt?! (PTB) dataset with PTB-XL annotations (N = 21,799).

199  To further assess clinical performance, we validated both models at multiple healthcare
200 institutions—collectively designated as the “External Health Center” (EHC) datasets. It
201  comprises ECGs from the following healthcare centers: the University of California, San
202  Francisco (UCSF; 108,479 ECGs), Massachusetts General Hospital (MGH; 20,000 ECGs),
203  Cedars-Sinai Hospital (CSH; 26,445 ECGs), Jewish General Hospital (JGH; 138,000 ECGs),

204  the University of Washington Medical Center (UW; 63,839 ECGs), New Y ork-Presbyterian

10
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205  Hospital (NYP; 10,000 ECGs), the Centre hospitalier de I’Universit¢ de Montréal (CHUM;
206 60,000 ECGs). Each institution’s data was curated according to the same criteria used for the
207  training set and the external public datasets, ensuring uniform preprocessing and evaluation

208  (Additional details on each cohort are provided in Supplementary Table 35).

11
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209 Data Preprocessing

210  To address the initial generalization challenges of DeepECG-SL, we compared the frequency
211 power spectra of the MHI-ds and UKB datasets. This analysis revealed a significant enrichment
212 of low frequencies below 1 Hz and prominent artifactual peaks at 50 Hz in the UKB dataset,
213  corresponding to patient movement and the frequency of the British A/C current®® respectively.
214  Similar peaks were observed in other datasets, such as PTB, though without the low-frequency
215  enrichment (Supplementary Figure 1-A). Additionally, discrepancies in frequency amplitude
216  were identified across most datasets analyzed in this study. To standardize the datasets and
217  mitigate these issues, we developed an automated preprocessing pipeline. First, we applied a 1
218  Hzhigh-pass filter when the signal magnitude below 1 Hz exceeds one logarithmic unit relative
219  to the 1-30 Hz range*. Second, artifacts, such as those caused by A/C-induced 60 Hz
220 interference!, were detected when their amplitude exceeds two standard deviations above the
221  local mean. These artifacts and their harmonics were flattened using a local LOESS curve*2.
222  Finally, amplitude was scaled to match the amplitude range of our internal dataset MHI-ds,
223  resulting in a smooth power spectrum (Supplementary Figure 1-B). This standardized approach
224  significantly improved cross-dataset generalization performance while preserving clinically
225  relevant features in the 1-30 Hz range*® (Supplementary Table 9). We applied this pipeline on

226  all datasets, except MHI-ds which served as reference.

227

228 ECG Interpretation Task

12
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229 We employed a systematic approach to ensure high-quality ECG labeling and consistency
230 across all datasets. First, two experienced cardiologists (>4 years of ECG interpretation
231  experience) independently annotated 10,075 (4,200 from MHI-ds, 3,811 from MIMIC-IV, and
232 2,064 from UKB unique diagnostic statements paired to the ECG waveform, using a
233  standardized framework of 77 labels spanning six clinical categories based on
234  recommendations from the American Heart Association*. Each ECG annotated was selected
235  asit contained one unique diagnostic strings captured in the remaining ECGs. Waveforms were
236 reviewed in a standard 12-lead format, and any discrepancies were resolved by consensus with
237  one additional cardiologist. If a condition appeared at any point in the 10-second recording, it
238  was labeled as present at the record level. Inter-rater reliability was high, with Cohen’s kappa
239  coefficients exceeding 0.80 for all diagnostic categories. As all unique diagnostic strings we
240  captured by our annotation process the remaining MHI-ds, UKB and MIMIC-IV ECGs were
241  annotated through the propagation of these 10,075 sentences alongside with their multi-label

242  annotation to 160,129 unique paragraphs across the datasets.

243  To develop a robust multilingual diagnostic classifier, we expanded the aforementioned 10,075
244  expert-labeled sentences into 160,129 paragraphs. Further augmentation included 150,000
245  shuffled paragraph pairs (using LLAMA 3.1 70B') and bidirectional French-English
246  translation, yielding 640,518 total paragraph-label pairs. This expanded dataset was split
247  (70/10/20% train/validation/test) to train a BERT-based classifier, ensuring accurate mapping
248  of clinical statements to our 77-category diagnostic framework. Further details on the BERT
249  classification methodology and predictions can be found in Supplementary Table 3 and

250  Supplementary Methodology S1 and Supplementary Figure 11.

251

13
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252  We integrated external datasets through three complementary methods:

253 1. Direct Mapping — Diagnostic paragraphs in MHI-ds, MIMIC-IV and UKBB were aligned

254  to our 77-label framework via an existing dictionary.

255 2. Manual Dictionary Conversion — Applied to PTB, ensuring precise label alignment.

256 3. Automated Classification — Used a fine-tuned BERT model for CLSA and external health

257  center (EHC) datasets, streamlining label assignment at scale.

258  Further details on the annotation procedures, including handling multilingual content, are

259  provided in the Supplementary Methods.

260 Digital Biomarker Tasks

261 To assess the model’s capability on novel tasks, we focused on LVEF prediction and
262  classification, LQTS detection and type classification, and iAFS5 prediction. These tasks were
263  chosen because we had sufficiently large, annotated datasets for each across our external
264  validation sites, and our team has previously published on these clinical outcomes, allowing
265  direct comparison with previous work. Moreover, they showcase varying levels of supervision
266  complexity, ranging from binary and multi-threshold classification to continuous-value
267  regression. We ensured that each specialized task used the same MHI-train and MHI-test split
268  to prevent any data leakage during fine-tuning and subsequently evaluated the resulting models
269  in additional external datasets.

270

271 For both DeepECG-SL and DeepECG-SSL, we started with the model trained for ECG
272  interpretation. To fine-tune the model, we unfroze all the layers and adjusted the classifier to

273  have a single output for all tasks. We used the Adam optimizer with an initial learning rate of

14


https://doi.org/10.1101/2025.03.02.25322575
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.03.02.25322575; this version posted March 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

274 0.01, along with binary focal loss set to alpha=0.25 and gamma=2.0 or mean square error for
275  the LVEF regression task. To adjust the learning rate during training, we applied the Cosine
276  Annealing Learning Rate scheduler with a maximum of 25 epochs. To prevent a selection bias,
277  we used an early stop with a patience of 3 (Further details in Supplemental Methods S5).

278

279  LVEF Prediction

280 For LVEF-related tasks, we leveraged the datasets of UCSF, MIMIC-IV and MHI-ds. Each
281  ECG was paired with the closest trans-thoracic echocardiography report recorded within a time
282  window of -90 to +7 days of ECG recordings. In cases where multiple ECGs matched this
283  criterion for the same patient, only the closest instance was selected. For the regression task,
284  we used the LVEF values, while for classification tasks, we dichotomized LVEF values as <
285 50% and < 40% to correspond to different severity thresholds for two distinct classification

286  tasks.

287  LQTS Identification and Subtype Classification

288  For the LQTS tasks, we followed an approach like Jiang et al.® leveraging the MHI-ds. Patients
289  were labeled based on the presence of pathogenic or likely pathogenic variants in the KCNQ1
290 or KCNH2 genes, or a familial LQTS-causing genetic variant, which allowed us to differentiate
291  between LQTS type 1 and type 2. Variants of uncertain significance (VUS) were reviewed by
292  electrophysiologists specializing in inherited arrhythmias and classified as either strong VUS
293  or weak VUS. Patients with strong VUS were labeled as LQTS cases, while those with weak
294  VUS were used as controls for LQTS identification. Positive cases were further subdivided
295 into type I and type 2 for subtype classification. This design allowed us to create both an LQTS

296 identification task and a subtype classification task.

297
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298  iAF5 Prediction

299  For iAFS5 labeling, we followed the methodology outlined in our previous study??. ECGs from
300 UCSF, MIMIC-IV and MHI-ds were included if they had valid metadata, waveform data, and
301  were confirmed to be in sinus rhythm. Additional exclusion criteria included a proximity of

302  less than 30 days to cardiac surgery or the presence of atrial flutter.

303

304  Algorithm Development and Evaluation

305 DeepECG-SL

306 DeepECG-SL was trained on MHI-train-ds for ECG interpretation across 77 diagnoses,
307 through an extensive sweep comparing different architectures, including families of
308 transformers'>, convolutional neural networks, and mamba!é. The training also explored
309 various data augmentation strategies, training environment parameters, initialization schemes,
310 regularization techniques, and preprocessing strategies. To identify the optimal SL
311  architecture, we utilized the Weights and Biases platform*, leveraging a Bayesian optimizer
312  to maximize the Area Under the Precision-Recall Curve (AUPRC) and ensure hyper-parameter
313  optimization (Supplementary Table 7, Supplemental Methods S3). Initialized with the weights
314  optimized for ECG interpretation, DeepECG-SL was then fine-tuned for each digital biomarker
315  prediction task.

316

317  DeepECG-SSL

318 We employed a two-stage training process for DeepECG-SSL: pre-training with unlabeled
319 ECG data from MHI-train-extended dataset to learn general waveform features, followed by

320 fine-tuning with labeled MHI-train data for ECG interpretation tasks.
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321

322  For the pre-training stage, we experimented with several SSL approaches (Supplementary
323  Methods S4) and opted for the framework introduced by Oh et al.'* (Supplementary Table 8).
324 It combines two contrastive methods: Wav2Vec!®, originally developed for self-supervised
325 learning of speech representations and adapted here for learning local features, and Contrastive
326  Multi-Segment Coding®, a method specifically designed for self-supervised learning of
327  cardiac signals over time, for learning global representations. The inherent similarities between
328 ECG and speech signals make this approach particularly well-suited for learning
329  representations from raw ECG data (Supplemental Figure 2).

330

331  Both models were trained using four NVIDIA RTX A6000 graphic processing units (GPU)s.
332  The architecture search for DeepECG-SL was conducted in parallel with one GPU for each
333  model family, with each search running for two weeks. DeepECG-SSL was pre-trained on

334  three NVIDIA RTX A6000 GPUs over a period of 14 days.

335 Fairness and Privacy Evaluation

336  To ensure equitable performance, we assessed algorithmic fairness using the Equalized Odds
337 framework?*, which evaluates whether error rates are balanced across specific groups. In this
338 analysis, we categorized age into three groups: under 55, 55-75, and over 75. Fairness was
339  assessed by evaluating the performance of both models on the ECG interpretation task, where
340 the TPR and FPR were computed for each group defined by age and sex, using micro-
341  averaging. In each of the 1000 iterations, we randomly sampled 70% of the dataset and
342  computed the TPR and FPR for each group. The average absolute disparity in TPR and FPR

343  between groups was then calculated across all labels for each iteration. This process was
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344  repeated 1000 times to derive the mean disparity and 95% confidence intervals for both TPR
345  and FPR differences. This methodology ensures a robust evaluation by incorporating sampling
346  variability across multiple iterations.

347

348  For privacy evaluation, we applied MIA?®. A Random Forest classifier with 50 trees was
349 trained on the model logits to identify vulnerable predictions, informing privacy risk mitigation
350 strategies. To estimate the model’s vulnerability with confidence intervals, the training process
351  was repeated 10 times using a predefined set of environment seeds. In each iteration, the MHI-
352  ds-train-derived logits and the testing logits were merged and appropriately labeled. The
353 merged dataset was then split into 80% for training and 20% for testing to ensure a
354  comprehensive evaluation of the model’s vulnerability detection capabilities.

355

356  To assess feature importance, we used the Random Forest classifier’s feature importance,
357  averaging it across all 10 iterations. To visualize the logit distribution, we randomly sampled
358 10,000 entries from both the training and testing probability distributions, combining the two
359  sets for visualization. Using the t-SNE algorithm with a perplexity of 30, we reduced the data
360 to two dimensions for visualization. A scatter plot was then generated, with distinct colors
361 representing the training and test samples, enabling a clear comparison of the logit
362  distributions. This visualization provides insights into how well the model distinguishes
363  between training and testing data in reduced-dimensional space.

364

365 Explainability
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366  To investigate the segments of the ECG signal that are key for a given prediction, we leveraged
367 Local Interpretable Model-Agnostic Explanations?’ (LIME). Briefly, LIME introduces
368 localized perturbations to the signal and evaluates how these perturbations affect the output
369  prediction. This approach enables the attribution of specific signal segments to the model's
370  decision-making process, providing valuable insights into the regions of the ECG that most
371 influence predictions. Values present regions that positively influence the prediction. As the
372  models were trained in a multilabel format, each analysis was conducted independently for
373  each label associated with any given ECG. The analyses were performed in parallel for both
374  DeepECG-SL and DeepECG-SSL, enabling a comparative assessment of the regions each

375  model considers most relevant to its predictions.

376 Evaluation Metrics and Statistical Analysis

377  We evaluated model performance using AUROC (for discrimination across thresholds), Area
378  Under the Precision-Recall Curve (AUPRC; a better metric for performance in imbalanced
379 classes), and sensitivity/specificity, with 95% confidence intervals derived through
380  bootstrapping (70% data, 1,000 iterations) and AUROC comparisons using DeLong test*.
381  Overall AUROC, representing global performance through concatenated label comparison,
382 was used to compare the models. When confidence intervals were non-overlapping, we
383  reported ASSL-SL (performance difference between models). To ensure optimal threshold for
384  sensitivity and specificity, we optimized each label’s threshold to yield the best mean between
385  sensitivity and specificity. These thresholds were computed on the MHI-ds-train and used on
386 all the remaining datasets. For systematic evaluation, we categorized validation datasets into

387  External Public Datasets (EPD: MIMIC-1V, PTB, CLSA, UKB) and External Healthcare

388 Centers (EHC: UW, UCSF, MGH, CSH, NYP, JGH, CHUM), with detailed center-level
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389  performance metrics available in Supplementary Tables 11-24. We performed sensitivity
390 analyses for the impact of the training set size on model performance, and we compared
391  DeepECG-SSL against other SSL approaches such as Joint Embedding Predictive

392  Architecture*’ and Simple Framework for Contrastive Learning of Visual Representations*®.
p g P

393

394 Results

395 DeepECG-SL and DeepECG-SSL represent two distinct approaches to ECG-AI analysis.
396 DeepECG-SL is trained on 1,017,720 ECGs across 184,210 patients. The models were
397  developed using the MHI-ds-train, which maintains balanced demographics (mean age 60.40
398  years*0.08 5.87% male bias), with DeepECG-SSL additionally leveraging ECG signal data
399 from Code-15 and MIMIC-IV datasets in the MHI-train-extended dataset for pre-training
400 (Table 1). After an extensive sweep (670 different training runs), DeepECG-SL achieved the
401  highest performance for ECG interpretation on MHI-ds-val using a modified EfficientNet-V2-
402 S architecture!® optimized for one-dimensional signals (Supplementary Table 7,
403  Supplementary Table 34). DeepECG-SSL employed a two-stage approach, with self-
404  supervised pre-training and fine-tuning.

405

406 ECG Interpretation Task

407  Our BERT annotation model achieved high classification performance, with the AUROC >
408  0.999 across all classes (except U wave, AUROC = 0.982) on the test set, which included 20%

409  of the PTB, MIMIC-IV, and MHI-ds datasets. These predictions served as accurate ground
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410  truth for the EHC and CLSA datasets (Supplementary Table 2), whereas the other EPD

411 underwent manual annotation.

412 Our comprehensive preprocessing pipeline, which transforms raw ECG signals through
413  frequency-domain cleaning (including 1Hz high-pass filtering, power spectrum normalization,
414  and artifact removal), significantly improved model performance across datasets (A AUROC
415  up to 0.251; MHI-ds: 0.992 vs. 0.741, CLSA: 0.995 vs. 0.828, UKB: 0.988 vs. 0.813), while
416  maintaining high performance on already-preprocessed datasets (PTB and MIMIC-IV)

417  (Supplementary Table 9).

418  Both models demonstrated consistently high performance across the internal MHI-ds test set
419  and a broad spectrum of external datasets spanning public repositories (EPD) and private health
420  centers (EHC), as illustrated in Figure 2 and Supplementary Tables 11-23. On the MHI
421  internal test set (N=156,721), DeepECG-SL achieved an AUROC of 0.992 (95% CI: 0.992-
422 0.992) and AUPRC of 0.912, slightly outperforming DeepECG-SSL (AUROC: 0.989;
423  AUPRC: 0.909). Across external public datasets (EPD; N=131,517), both models
424  demonstrated robust generalizability with comparable performance (DeepECG-SL AUROC:
425  0.981, AUPRC: 0.897; DeepECG-SSL AUROC: 0.980, AUPRC: 0.895). Similarly, on external
426  healthcare center datasets (EHC; N=545,539), both models maintained high performance

427  (AUROC: 0.983 for both; AUPRC: 0.901 vs 0.900).

428  Performance remained consistent across major diagnostic categories including rhythm
429  disorders (AUROC >0.92), conduction abnormalities (AUROC >0.96), and chamber
430  enlargement (AUROC >0.92), with statistically significant but clinically minimal differences
431  between models (all A <0.01). Notable exceptions included acute and chronic infarct and

432  ischemia detection tasks on external public datasets, where both models showed reduced
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433  performance for infarct and ischemia detection (DeepECG-SL AUROC: 0.867 vs DeepECG-
434  SSL: 0.863; P<0.001) compared to MHI (0.984 vs 0.980; P<0.001) and external healthcare
435  centers (0.954 vs 0.954; P=0.583). This pattern suggests that ischemic detection may be more
436  challenging in public datasets, which typically include fewer acute cases compared to
437  healthcare settings. Detailed performance metrics across all diagnostic categories and datasets

438  are provided in Supplementary Tables 11-24.

439
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441

442 Figure 1. An overview of DeepECG-SL and DeepECG-SSL performances. We report overall AUROC and P-value
443 computed using the DeLong Test. A Overall AUROC of ECG interpretation across all datasets. B AUROC of ECG
444 interpretation categories on MHI-ds, EPD and EHC. C. AUROC of ECG interpretation categories on MHI-ds, EPD and EHC.
445 D AUROC of digital biomarkers across datasets. iAF5 is at ECG level
446  Abbreviations: CSH (Cedars Sinai Hospital Dataset), CLSA (Canadian Longitudinal Study on Aging Dataset), ECG (Electrocardiogram),

447 EHC (External Health Centers Dataset), EPD (External Public Dataset), JGH (Jewish General Hospital Dataset), LQTS (Long QT
448 Syndrome), LVEF (Left Ventricular Ejection Fraction), MGH (Massachusetts General Hospital Dataset), MHI (Montreal Heart Institute
449 Dataset), MIMIC-IV (Medical Information Mart for Intensive Care IV Dataset), NYP (New York-Presbyterian Hospital Dataset), PTB
450 (Physikalisch-Technische Bundesanstalt Dataset), UKB (UK Biobank Dataset), UCSF (University of California San Francisco Medical Center
451 Dataset), UW (University of Washington Medical Center), CHUM (Centre hospitalier de I’Université de Montréal), and WCR (Wave2Vec

452 + Contrastive Multi-segment Coding + Random Lead Masking).

453  Digital Biomarker Tasks

454  We evaluated three Al-derived digital biomarkers - ECG-based predictions that extend beyond
455  standard electrocardiographic interpretation. These included: (1) LQTS detection and subtype
456  classification (KCNQI1 vs KCNH2 variants), (2) left ventricular ejection fraction estimation
457  (classification tasks: LVEF <40% and <50% and regression tasks), and (3) 5-year de novo atrial
458 fibrillation risk prediction from sinus rhythm ECGs (1AF5). These tasks, having limited labeled
459  data availability, served as stringent tests of model generalization across healthcare institutions.
460  For LQTS, based on Jiang et al’s® method we subdivided it into two classification tasks: the
461  prediction of LQTS, defined as ECGs from individuals with a pathogenic or likely pathogenic
462  variant in the KCNQI or KCNH2 genes, and the subtask of LQTS subtype distinction,
463  distinguishing between KCNQ1- and KCNH2-based types. These labels were solely available

464  in the MHI-ds (for more details see Methods).
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465  Performance of both models on internal MHI-ds is presented using AUROC (Figure 1C) and
466  AUPRC (Supplementary Table 25). On digital biomarker tasks, DeepECG-SSL outperformed
467  DeepECG-SL in predicting 5-year atrial fibrillation risk (AUROC: 0.742 vs 0.720; A=0.022;
468  P<0.001) and identifying reduced ejection fraction <40% (AUROC: 0.928 vs 0.900; A=0.028;
469  P<0.001), while maintaining comparable performance for LVEF <50 and LQTS detection. For
470  external validation, both models were assessed on the EPD and EHC datasets (Figure 1-C,
471  Supplementary Table 25-33). DeepECG-SSL consistently delivered superior performance for
472  iAF5, LVEF <40, and LVEF <50 across these diverse institutions and populations (all
473 P <0.001, except for LVEF < 50 in the University of Washington dataset).

474

475  We analyzed how dataset size influences model performance (Supplemental Figure 4). For
476  large datasets (ECG interpretation, N=1,166,896), both models performed similarly. For
477  moderately-sized tasks (1AF5 detection, N=532,742), the performance gap was minimal
478  (AUROC: 0.742 vs 0.734). However, for tasks with limited data (LQTS-Type classification,
479  N=334), DeepECG-SSL significantly outperformed DeepECG-SL (AUROC: 0.931 vs 0.850;
480 A=0.081; P=0.026).

481

482  To further validate this relationship, we conducted experiments using varying percentages of
483  the MHI training data. While both models maintained comparable performance when using
484  >10% of the data, DeepECG-SSL showed significant advantages when training data was
485  severely limited (1% of original dataset), suggesting particular utility for rare conditions or
486  emerging clinical applications.

487

488 Fairness and Privacy
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489  Fairness is described as ensuring that Al systems provide equitable outcomes across diverse
490  groups, minimizing biases and promoting equal treatment. One metric to quantify fairness is
491  equalized odds!’, which ensures that the model’s true positive rate (TPR) and false positive
492  rate (FPR) are similar across different groups, thereby reducing disparate impact. TPR, also
493  known as sensitivity, measures the proportion of actual positives correctly identified by the
494  model, while FPR captures the proportion of negatives incorrectly classified as positives. Thus,
495  a smaller TPR and FPR difference across groups demonstrates higher rates of fairness. Both
496  models demonstrated strong fairness across demographics (gender-based TPR/FPR differences
497  <0.01), with DeepECG-SSL showing marginally better balance across age and gender groups

498  (Supplementary Table 4).

499  Privacy evaluation through membership inference attacks (MIA)!® involves assessing whether
500 an adversary can determine if a specific data point was used to train a machine learning model
501  using the models' output logits. By evaluating its vulnerability to such attacks, it is possible to
502  gauge the privacy risks of deploying the model and, more importantly, identify the factors that
503 lead to distinguishing features between training and testing samples. Both models showed
504  strong privacy preservation on internal MHI-ds data (AUROC <0.6) and PTB dataset (AUROC
505 <0.78). However, external datasets with distinct feature distributions, particularly MIMIC-1V
506 and UKB, showed higher re-identification rates (AUROC >0.95), suggesting domain shifts

507 rather than model architecture drive privacy vulnerabilities (Supplementary Table 5).

508  Analysis of membership inference attack patterns revealed that re-identification success was
509 driven by dataset characteristics rather than model architecture. Datasets where models relied
510  heavily on specific features showed higher re-identification rates, while those with distributed

511  feature importance demonstrated better privacy protection. T-SNE visualization'® of model
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512  outputs confirmed this pattern: greater separation between training and test set representations
513  correlated with higher re-identification rates (Supplementary Figures 5-8). For instance, in
514  CLSA, DeepECG-SL's disproportionate weighting of specific features ("No QRS," "Regular,"

515  "Monomorph") led to more distinct clusters and increased re-identification risk.

516

517 Resource Usage

518  DeepECG-SSL demonstrates higher computational demands compared to DeepECG-SL across
519  several metrics. The SSL model is substantially larger (90.37M vs 1.51M parameters; 60-fold
520 increase) and requires more operations (14.17 GMAC vs 530.57 MMAC; 27-fold increase).
521  For processing 1000 ECGs on GPU, DeepECG-SSL consumes more energy (0.7463 vs 0.1786
522  Wh; 318% increase) and produces higher CO: emissions (1.774 vs 0.425 mgCQO:2). To
523  contextualize, processing 1 million ECGs with DeepECG-SSL produces CO: emissions
524  equivalent to driving a car for 9.6 seconds at 100mph, compared to 17 seconds for DeepECG-

525  SL (Supplemental Table 6, Supplemental Methods 6).

526  Explainability

527  To understand the model’s decision-making process, we employed Local Interpretable Model-
528  Agnostic Explanation’® (LIME) on a subset of representative ECG signals. Analysis
529  demonstrates that both DeepECG-SSL and DeepECG-SL focus on clinically relevant features
530  (Supplemental figure 9,10) demonstrating that both supervised and self-supervised learning
531  methods yield valuable feature learning. However, when compared to the same examples, the

532 intensity and selectivity of the pattern differs with DeepECG-SSL appearing to rely on fewer
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533 regions of the ECG than DeepECG-SL. This suggests that DeepECG-SSL may learn more
534  concentrated or discriminative features, potentially enabling more targeted predictions without
535 compromising overall classification performance.

536

537 Discussion

538 In this study, we introduce two foundation models: DeepECG-SL and DeepECG-SSL. Both
539 rigorously evaluated on four critical clinical tasks: ECG interpretation (encompassing 77
540  diagnoses), LVEF prediction, 5-year incident atrial fibrillation prediction, and LQTS detection
541  with subtype classification. Both models achieved state-of-the-art performance on our internal
542  dataset and demonstrated robust generalizability across ten geographically diverse external
543  datasets (373,865 ECGs in four public datasets and 447,538 ECGs in six private healthcare
544  centers) totaling 821,403 ECGs. In this comprehensive validation across 10 medical centers
545  and 821,403 ECGs—one of the largest in ECG Al—both models demonstrated robust clinical
546  performance, maintaining AUROC >0.90 for 76% of diagnostic categories despite diverse
547  patient populations and institutional labeling practices. Our findings demonstrate distinct
548  clinical advantages for each model: DeepECG-SSL excelled in detecting emerging biomarkers
549  with limited training data (LVEF classification, LQTS detection), while the more efficient
550  DeepECG-SL (60-fold smaller, 29-fold faster inference) matched performance on traditional
551 ECG diagnoses. Both models showed minimal performance degradation across external
552  validations (AUROC decline 0.02-0.05), supporting their reliability across diverse clinical
553  settings. To facilitate clinical adoption, we provide comprehensive open-source access to

554  model weights, preprocessing tools, multilingual diagnostic extraction, and validation code.
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555  This standardized framework facilitates cost-effective local fine-tuning and reproducible

556  implementation.

557  Recent advances in ECG foundation models includes ECGFounder?!, a supervised algorithm
558 trained on 10 million ECGs, ECG-FM?? a self-supervised model, and KED?* (Knowledged-
559  enhanced ECG) a contrastive learning-based model. All have demonstrated progress in
560 automated ECG interpretation. ECGFounder achieved high internal performance (AUROC >
561  0.95 in 82 out of 150 diagnostic labels) but required an order of magnitude more data than our
562  study. ECG-FM, which shares our WCR-based'* SSL training method, SSL training strategy,
563 employed 5-second ECG segments to predict 13 diagnostic labels—doubling the training data
564  but omitting temporally dependent patterns vital for detecting conditions such as second-degree
565 AV blocks. The KED framework used contrastive learning to align ECG signals with ECG text
566  reports. It demonstrated impressive diagnostic performance on single-label classification tasks,
567  with AUROC often exceeding 0.90, without requiring additional training on multiple external
568  datasets. used contrastive learning to align ECG signals with text reports, enabling potentially
569 infinite textual labels; however, it is primarily suited to single-label tasks, may struggle with
570  multi-label scenarios, and did not evaluate or release its model for conditions not explicitly
571  mentioned in ECG reports (e.g., left ventricular dysfunction). DeepECG qualifies as a
572  foundation model because it is trained on a large, heterogeneous dataset encompassing a broad
573  range of clinical conditions, contains an extensive number of parameters, and demonstrates
574  strong performance across multiple external datasets. Moreover, it exhibits label-efficient
575  adaptability, making it suitable for various downstream tasks without full re-training. This
576  aligns with the Stanford HAI definition?*, which emphasizes comprehensive pretraining on

577  broad data to enable general-purpose capabilities.
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578  Our models demonstrated consistently high AUROC (> 0.95) for common diagnoses such as
579  sinus rhythm, atrial fibrillation, right bundle branch block, and ventricular pacing. Performance
580 remained robust even for more complex labels like Wolff-Parkinson-White, though it varied in
581  rarer conditions (such as Brugada), where limited sample sizes likely contributed to wider
582  confidence intervals. Notably, digital biomarker predictions such as LVEF, 5-year incident
583 atrial fibrillation risk, and LQTS—traditionally requiring echocardiography or genetic
584  testing—were accurately derived from routine ECGs, highlighting the potential for earlier, non-
585 invasive detection in clinical practice. For instance, both DeepECG-SL and DeepECG-SSL
586  surpassed Hou et al.'s?® ECG-based LVEF < 50 prediction benchmark, while also delivering
587  lower mean absolute errors (MAE) in LVEF regression. Similarly, both models improved upon
588  our team’s prior iAF5%¢ detection model (mean AUROC difference: 0.015 at ECG-level) on
589 the same dataset we previously reported for validation. On LQTS detection, Jiang et al.
590 reported marginally higher AUROCs on MHI-ds, but the differences from our model were not
591  statistically significant (overlapping confidence intervals). Their model was trained on a unique
592  Canadian registry (4,521 ECGs), whereas ours used a smaller MHI-ds subset (2,741 LQTS
593  ECGs), limiting direct comparability. Access to their full training data might further improve

594  our performance.

595

596  We addressed four critical barriers to real-world Al adoption—fairness, privacy, resource
597 efficiency, and explainability—linking technical rigor to clinical trust. Fairness evaluations
598 revealed minimal disparities in TPR and FPR across age and sex, mitigating biases against
599  underdiagnosed populations. DeepECG-SSL’s strong performance across diverse centers

600 suggests self-supervised learning can reduce label-related biases. To gauge privacy risks, we
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601 used MIA and t-SNE clustering, showing how specialized centers like MHI could be re-
602 identified due to distinct disease distributions. Safeguards such as differential privacy?’ may
603 reduce this risk but can slightly impact AUROC (drops of 0.03—0.05). Resource analysis
604  confirmed DeepECG-SL’s suitability for low-resource environments, with faster inference,
605  while DeepECG-SSL’s larger size excelled in data-scarce tasks, even on CPU-based setups.
606  Finally, explainability via LIME showed both models rely on clinically meaningful waveform
607  features, with DeepECG-SSL focusing on narrower segments—an approach akin to expert
608 cardiologists’ attention. This transparency supports trustworthy integration into routine ECG
609  workflows, augmenting rather than disrupting clinical practice. In terms of workflow
610 integration, we envision running these models alongside traditional ECG systems to
611  complement rather than replace existing interpretations. This “dual reporting” approach can
612  Dbolster diagnostic confidence, refine triage priorities, and ultimately reduce unnecessary
613  downstream testing and is currently being tested®® in a randomized controlled trial (NCT

614  06462989).

615  Our open-source foundation model targets a critical unmet need by improving diagnostic
616  access in resource-limited settings. Traditional ECG-AI solutions often require large, site-
617  specific labeled data or proprietary software?®, which hinders practical deployment in smaller
618  hospitals or under-resourced regions. In contrast, DeepECG’s label-efficient training and
619  robust performance—even for low-data digital biomarker tasks—allow rapid local adaptation
620  with minimal computational overhead. Notably, no comparable model is readily available for
621  straightforward container-based deployment: our Docker solution can output predictions in
622  standard EMR systems with minimal additional infrastructure. By enabling earlier detection of

623  conditions like LQTS or low LVEF—often underdiagnosed where advanced cardiac testing is

31


https://doi.org/10.1101/2025.03.02.25322575
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.03.02.25322575; this version posted March 5, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

624  scarce—this approach holds promise for more equitable and cost-effective cardiovascular care

625  worldwide.

626  Despite promising performance, several critical limitations warrant consideration. While UK
627  Biobank results suggest minimal demographic bias, our predominantly North American
628  validation cohorts necessitate broader evaluation across diverse populations, particularly
629 regarding racial, socioeconomic, and comorbidity dimensions. The proposed "dual-reporting"
630  approach requires careful examination of clinical workflow integration, including protocols for
631  Al-human discrepancies, alert fatigue mitigation, and liability considerations. Although LIME-
632  based explanations provide interpretability, their clinical utility and alignment with established
633 ECG criteria need rigorous validation through structured cardiologist feedback. Label
634  variability in EHR-dependent datasets remains a concern, though robust external performance
635  partially mitigates this issue. Moreover, we did not directly compare model performance with
636  an expert committee, but our reported accuracy aligns with or surpasses that of prior Al studies
637 tested against cardiologist-level performance®®. Our framework's demonstrated efficiency—
638 achieving AUROC 0.97 with just 100,000 ECGs—suggests sufficient performance with
639 modest dataset sizes, contrasting with more data-intensive domains. However, practical
640 implementation faces substantial hurdles, including regulatory approval pathways, EMR
641  integration costs, and computational resource requirements. Future work should prioritize
642  prospective validation studies, systematic failure mode analysis (particularly for rare
643  pathologies), and exploration of multimodal data integration, while maintaining focus on real-
644  world clinical utility. While our accuracy aligns with or exceeds previous Al studies, direct
645  comparison with expert committees would provide valuable validation of clinical readiness.

646  Lastly, all p-values do not take into account multiple testing.
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647  We present two extensively validated ECG foundation models across multiple clinical settings.
648 DeepECG-SSL excels in emerging biomarker detection with limited training data (including
649  LQTS subtyping and LVEF classification), while the more efficient DeepECG-SL matches
650 performance on traditional diagnoses despite being substantially smaller. Both models
651  demonstrate robust external generalization across most diagnostic categories, minimal
652  demographic bias, and clinically aligned feature detection. Our open-source pipeline enables
653  reproducible deployment and efficient local adaptation through standardized preprocessing and
654  Dockerized implementation. An ongoing randomized trial evaluates clinical integration
655  alongside existing ECG systems, with future work focused on expert committee validation and
656  expanded clinical applications. These contributions establish a comprehensive framework for

657  responsible, clinically validated Al in cardiovascular diagnostics

658

659 Data availability

660  The internal MHI dataset and external private datasets from health centers UW, UCSF, MGH,
661 JGH, CSH, and NYP are not publicly available due to its potentially identifiable nature of
662 patients in  these  datasets. = However, @ MIMIC-IV is  accessible from

663  https://physionet.org/content/mimiciv/3.1/, UKB is available upon request from

664  https://www.ukbiobank.ac.uk/enable-your-research/apply-for-access, Code-15 can be

665  accessed from https://zenodo.org/records/4916206, PTB is available from

666  https://physionet.org/content/ptb-x1/1.0.3/, and CLSA 1is available upon request from

667  https://www.clsa-elcv.ca/data-access/.

668
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669 Code availability

670  The code for data preprocessing, model training, and fine-tuning is available on the GitHub
671  page: https://github.com/HeartWise-Al/DeepECG Docker/tree/main. The model weights can also
672  be accessed from the same page.
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Number of ECG 1,017,720 558,464 345,779
Mean Exam per 5.52 4.95 1.48
Patient (95% CI: 5.49-5.56) (95% CI: 4.90-4.99) (95% CI: 1.48-1.48)
Mean Age per 6040 58.18 51.00
Patient (95% CI: 60.33-60.48) (95% CI: 58.07-58.30) = (95% CI: 50.92-51.08)
Number of Patients 184,210 112,902 233,770
Gender
Distribution
Male 102,903 (55.86%) 53,224 94,807
(47.14%) (40.56%)
Female 81,307 (44.14%) 58,474 138,963
(51.79%) (59.44%)
Unkno - 1,204 -
wn (1.07%)

839 Table 1: Overall demographics of the training set used in this study. MHI-ds-train was used to train DeepECG-SL, and in
840 combination with MIMIC-IV-train and Code-15 for DeepECG-SSL. To calculate the age distribution, the age was first
841 averaged across all patients and then averaged throughout the dataset. The gender distribution is reported at the patient level.

842 Abbreviations: MHI (Montreal Heart Institute Dataset), MIMIC-IV (Medical Information Mart for Intensive Care IV Dataset), ECG

843 (Electrocardiogram)
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