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Abstract
BACKGROUND: Artificial intelligence (Al) has demonstrated significant potential in

electrocardiogram (ECG) analysis and cardiovascular disease assessment. Recently, foundation
models have played a remarkable role in advancing medical Al, bringing benefits such as efficient
disease diagnosis and cross-domain knowledge transfer. The development of an ECG foundation
model holds the promise of elevating AI-ECG research to new heights. However, building such

a model poses several challenges, including insufficient database sample sizes and inadequate
generalization across multiple domains. In addition, there is a notable performance gap between
single-lead and multilead ECG analysis.

METHODS: We propose a general-purpose ECG foundation model (ECGFounder), which
leverages real-world ECG annotations from cardiologists to broaden the diagnostic capabilities
of ECG analysis. ECGFounder was built on 10,771,552 ECGs from 1,818,247 unique subjects
with 150 label categories from the Harvard—Emory ECG Database, enabling comprehensive
cardiovascular disease diagnosis. The model is designed to be both an effective out-of-the-box
solution and easily fine-tunable for downstream tasks, maximizing usability. Importantly, we
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extended its application to reduced-lead ECGs, particularly single-lead ECGs. ECGFounder is
therefore applicable to various downstream tasks in mobile and remote monitoring scenarios.

RESULTS: Experimental results demonstrate that ECGFounder achieves expert-level

performance on internal validation sets, with area under the receiver operating characteristic curve
(AUROC) exceeding 0.95 for 80 diagnoses. It also shows strong classification performance and
generalization across various diagnoses on external validation sets. When fine-tuned, ECGFounder
outperforms baseline models in demographic analysis, clinical event detection, and cross-modality
cardiac rhythm diagnosis, surpassing baseline methods by 3 to 5 points in the AUROC.

CONCLUSIONS: The ECG foundation model offers an effective solution, allowing it to
generalize across a wide range of tasks. By enhancing existing cardiovascular diagnostics
and facilitating integration with cloud-based systems, which analyze ECG data uploaded from
wearable devices, it significantly contributes to the advancement of the cardiovascular Al
community and enables management of cardiac conditions. (Funded by the National Science
Foundation and others.)

Introduction

The electrocardiogram (ECG) is a crucial diagnostic and monitoring tool that measures
and records cardiac electrical activity using electrodes placed on thetstumever,
comprehensive interpretation of ECGs is complex and time-consuming, requiring extensive
training. A typical ECG expert undergoes nearly 10 years of training, including medical
school, residency, and specialized ECG traififgcent advances in deep learning, together
with efforts to assemble relatively large databases of ECGs, have led to significant progress
in the field, extending ECG analysis beyond traditional medical dorf&irwever,

owing to the lack of large-scale publicly available ECG databases with diverse diagnostic
information, developing general-purpose atrtificial intelligence (Al)-ECG models remains

a challenging task. Existing models are typically limited to specific diagnostic tasks and
datasets — limitations that make it difficult to extend the model to real-world ECG analysis.

Foundation models, with their strong generalization capabilities, provide a promising
approach for enhancing the performance of AI-ECG models through transfer learning.
Recently, these models have seen significant advancements in the field of medical Al. In
retinal disease diagnosis, the RETFound model, through pretraining on a large number

of retinal images, has achieved excellent performance across various clinical diagnostic
tasks’ In computational pathology, the UNI model was trained on a vast number of whole-
slide images, reaching expert-level performance in multiple cancer diagnostit Tamsee
studies defined foundation models as large-scale Al models trained on extensive datasets,
capable of adapting to a wide range of downstream tasks. Specifically, they meet the
following criteria: pretraining on a large-scale dataset, an enormous number of parameters,
and the ability to generalize across a wide range of downstrean? tasks.

There have been several claims made in the literature on developing foundation models for
the ECG!011 However, owing to limitations of existing ECG databases in terms of sample
size, patient numbers, the variety of diagnoses, and, importantly, patient demographics, these
models have not addressed the challenges of diversity across regions, ethnic groups, and
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diagnostic variations? Moreover, to qualify as foundational, the model must be capable of
generalizing to multiple domains outside the initial training paradfim.addition, current
ECG models have significant performance degradation when applied to single-lead ECGs
versus multilead ECGY¥!

We present ECGFounder — a foundation model trained on over 10 million clinically
annotated ECGs across all known classifications, capable of diagnosing 150 cardiac
abnormalities. As the most comprehensive ECG foundation model to date, it performs
effectively across a wide range of tasks in various domains. ECGFounder provides the
medical Al community with an accessible, high-performing model that supports fine-tuning.
Unlike traditional AI-ECG models trained from scratch, it achieves superior results through
fine-tuning, advancing AI-ECG development.

To address the challenges of incomplete annotations in real-world data, we introduced

a novel method for preprocessing and training on these annotations, ensuring robust
performance even under suboptimal conditions (Fig. 1). Moreover, by training the single-
lead ECG model based on lead augmentation, we can maintain high diagnostic performance
on single-lead ECGs as well. We validate the model's performance on internal and

external test sets, where it consistently matches expert-level diagnoses. In downstream

task fine-tuning, we demonstrate ECGFounder’s versatility in addressing various tasks,
including demographics detection, clinical event detection, and cross-modality diagnosis
(Fig. 1B). Specifically, we evaluate ECGFounder on various downstream clinical tasks,

such as ECG age regression and classification, sex detection, chronic kidney disease (CKD)
detection, chronic heart disease (CHD) detection, left ventricular ejection fraction (LVEF)
regression and abnormality classification, N-terminal pro—B-type natriuretic peptide (NT-
proBNP, a biomarker indicating heart failure and cardiac stress) regression and abnormality
classification, and atrial fibrillation (AF) detection based on photoplethysmography (PPG).
The results highlight ECGFounder’s potential as a foundational model for the further
development of AI-ECG models.

DATASETS AND PREPROCESSING

Our dataset, the Harvard—Emory ECG Database (HEEDB), is the largest open-access ECG
dataset, containing 10,771,552 expert-annotated ECGs from 1,818,247 st¥jbetse
predominantly 10-second, 12-lead clinical ECGs are paired with cardiologist and technician
annotations, describing morphology, rhythm, and diagnostic information. Cardiologists used
the Marquette 12SL ECG analysis program (GE Healthcare), version 4, for annotations,
which provides waveform parameters for doctors’ referéfttde used regular expressions

to parse annotations and tally independent labels, removing irrelevant phrases after
reviewing with doctors and defining 150 meaningful labels, including diagnostic, rhythm,
and morphological information (see Table S4 in the Supplementary Appendix for details).

Our external validation data comprised three large ECG databases: the Clinical Outcomes
in Digital Electrocardiology (CODE)-test databd$¢he PTB-XL databas¥ and the
PhysioNet Challenge 2017 datab&d3@he CODE-test database contains ECG records from
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827 patients across 811 municipalities in Brazil, collected by the Telehealth Network of
Minas Gerais. There are six common arrhythmia labels in this ECG database, annotated by
experienced ECG experts.

The PTB-XL dataset contains 21,837 clinical ECGs from 18,885 patients in Germany.
Each ECG is a 10-second, 12-lead recording. Labels were reviewed and verified by two
cardiologists. This dataset is currently one of the best publicly accessible ECG collections,
both in terms of the number of samples and the quality of I&Bels.

The PhysioNet Challenge 2017 is a large single-lead ECG dataset. The ECG recordings
were collected using AliveCor devic&$The training set includes 8528 single-lead ECG
recordings, with durations ranging from 9 to 60 seconds, while the test set contains 3658
ECG recordings of similar lengths. The dataset requires classification of ECG recordings
into normal rhythm, AF rhythm, other rhythms, and noise.

In addition, we utilized the Medical Information Mart for Intensive Care (MIMIC) IV

ECG database to finetune ECGFounder for various downstream tasks. The MIMIC-IV-ECG
dataset is part of the MIMIC series, focusing on the collection and analysis of ECG
data2921 MIMIC-IV-ECG originates from real clinical settings at Beth Israel Deaconess
Medical Center in Boston, and contains 800,035 clinical ECGs from 161,352 patients
treated in the intensive care unit. Moreover, ECG recordings in the dataset can be linked

to the electronic health records of patients from the MIMIC emergency department
database, allowing the association with clinical conditions. We used this linkage to explore
downstream tasks, including detection of age, sex, CKD, CHD, LVEF, and NT-proBNP to
evaluate the performance improvement of the fine-tuned ECGFounder model in detecting
diseases other than arrhythmias and clinical events. More details about the split and labels of
the MIMIC-IV-ECG database can be found in Table S5. Proportions of positive and negative
cases naturally reflect clinical prevalence but were not deliberately controlled or balanced.

To explore ECGFounder’s generalization capabilities on other similar physiological signals,
we fine-tuned and evaluated it using the DeepBeat dataset, a PPG-based AF detection
datase®? The dataset includes over 500,000 labeled signals from more than 100 individuals.

For data preprocessing, unreadable files, missing data, and unmatched data were excluded.
Our final development dataset includes 7,519,035 ECGs from 1,319,128 patients, and the
test dataset includes 834,926 ECGs from 146,570 patients. We applied linear interpolation
to resample ECG frequencies to 500 Hz. We used a high-pass filter with a cutoff frequency
of 0.5 Hz to suppress residual baseline drift and a second-order 50 Hz Butterworth low-pass
filter to reduce high-frequency noise. A 50/60-Hz notch filter was utilized to eliminate
electrical interference. For ECG records longer than 10 seconds, we extracted 10-second
windows in sequence. If a sequence was less than 10 seconds, we applied zero padding.
We normalized all signals using the mean and standard deviation of each individual signal
segment before inputting them into the model.
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MODEL ARCHITECTURE

To establish the model, we used an architecture tailored for ECG, capable of learning
generalizable representations from large-scale ECG datasets. The increase of ECG data and
the number of leads meant that the model must not only consider temporal information, but
also spatial relationships (i.e., interactions between different leads and the overall pattern

of cardiac electrical activity). This is crucial for ensuring that the ECG foundation model

is applicable to real-world clinical ECG scenarios, as it mitigates the impact of nonuniform
ECG durations and missing leads in the training dataset.

Considering these factors, we built our model architecture based on our previously proposed
Net1D23 It is built on top of the simple regular networks (RegNet) architeéfliflis

structure begins with a stagewise network design in which each stage consists of a set
number of blocks and channels that scale with network depth, allowing us to expand and
design the blocks and channels of the ECG foundation model. Unlike traditional uniform
scaling across layers, RegNet employs a quantized linear model to predict optimal widths
and depths, ensuring efficient performance across a range of model sizes. The initial layers
focus on capturing low-level features with fewer channels, which gradually increase as the
network deepens, thus optimizing computational efficiency and model capacity. Then the
model utilizes a series of bottleneck blocks that combine group convolutions and channel-
wise attention mechanisms, enhancing the richness of representation in both temporal and
spatial dimensions while controlling model complexity. This tailored configuration makes
the model suitable for ECG data. More details about the model architecture can be found in
section S3.1.

TRAINING WITH REAL-WORLD ANNOTATIONS: NOISY, IMBALANCED, POSITIVE
UNLABELED

Unlike conventional ECG diagnostic models that typically use single-label classification
methods, we employed multilabel classification during the training phase of the ECG
foundation model. This approach aligns more closely with clinical practice, where an ECG
diagnosis often consists of multiple diagnostic labels. For example, an abnormal ECG
diagnosis might be something like: “normal sinus rhytlpremature ventricular complexes

| premature ectopic complexes.” During training, utilizing a multilabel classification
approach provides our model with rich semantic value and facilitates generalization to
different annotation systems.

However, the nature of multilabel annotations presents significant challenges in ECG
diagnostics. Owing to the high cost and complexity of annotation, cardiologists typically
annotate only a limited subset of potential diagnoses for each ECG. Although a skilled
cardiologist might annotate three classes simultaneously, the actual number of ECG
diagnostic categories far exceeds this nurdd@his results in a dataset with numerous
unlabeled instances that are not necessarily negative samples but rather potentially positive
samples that cardiologists have not explicitly labeled.

To address this, we introduced a positive unlabeled (PU) learning method. PU learning is
defined as a scenario where labeled positive samples are correctly identified, but unlabeled
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samples are not necessarily negative exantfl€snventional multilabel classification
methods typically treat unlabeled categories as negative by default, but this assumption does
not hold true for ECG data.

Positive unlabeled learning in the ECG context leads to a severe imbalance in the predicted
probability distribution: an ECG usually contains a few positive diagnostic labels, with

the remaining labels being treated as negative. This creates a severe positive—negative
imbalance, where negative samples far outnumber positive samples for each label. When
using conventional loss functions, such as the binary cross-entropy loss function, the model
tends to learn from simpler samples, namely the true negative samples, while the more
challenging samples, namely the false negative samples (which may in fact be missed
positives), are harder to fit. As a result, the model’s predicted probabilities tend to skew
toward O rather than 1, diminishing its ability to detect clinically important abnormalities.

To enhance the model’s ability to identify potentially missed positive samples, we improved
the multilabel classification loss function by dynamically adjusting the weights of positive
and negative samples. Our key insight is that for missed positive labels, a well-trained
multilabel model’s predicted probability should be close to 1 rather than 0. Therefore,

we reduced the loss weights for negative labels predicted by the model to have a high
probability (close to 1), acknowledging that these may be positive labels that simply were
not annotated. The loss function is given by:

&= —(y—p)pz

Here,y is a hyperparameter of the model arid the predicted probability of the model.

In this case, it is set to= 1.5, which we find optimally balances the weights, allowing

the model to learn good representations of both positive and negative samples. Our model
training used AdamW to minimize the loss function, with an initial learning rate set to

0.001. The learning rate decayed by a factor of 10 every 5 epochs. The trainable temperature
parameter was initialized to 0. Training spanned a maximum of 20 epochs, with early
stopping based on validation loss. We used a batch size of 1024.

TRAINING A SINGLE-LEAD ECG MODEL BASED ON LEADS AUGMENTATION

In recent years, portable and wearable ECG-device development has revolutionized
continuous cardiac monitoring, offering a noninvasive method for real-time assessment.
Beyond the conventional diagnosis of cardiac arrhythmias, another critical challenge in this
field is accurately detecting and interpreting ECG axis deviation on single-lead ECGs from
wearable devices (typically lead 1), which can significantly impact the diagnosis of various
cardiac abnormalities. For instance, left axis deviation can provide additional insights

into diagnosis, such as left ventricular hypertrophy, left bundle-branch block, left anterior
fascicular block, preexcitation syndromes, and inferior myocardial infarction?(MI).

To address this issue, we developed a novel training method utilizing lead-augmented
wearable ECG models. By systematically enhancing standard 12-lead ECG data, we
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simulated various clinical scenarios of axis inversion, thereby enhancing the model’s
robustness and versatility. Understanding the relationship between ECG vectors and leads
is crucial for this method. The cardiac electrical activity generates a vector representation
of cardiac signals, captured by different ECG leads placed on the body. Each lead provides
a unique perspective of the cardiac electrical axis, offering a comprehensive view when
combined. The standard 12-lead ECG system includes limb leads (I, Il, 1ll, augmented
voltage right [aVR], augmented voltage left [aVL], augmented voltage foot [aVF]) and
precordial leads (V1 to V6), with each lead representing a specific projection of the cardiac
electrical vectof8 Specifically, we primarily utilize ECG signals from limb leads. Based

on the angular position of each limb lead’s axis relative to the heart, we consider lead |

as the center of the semicircle (i.e., 0°) and calculate the signals from all leads around the
semicircle (i.e., from —90° to 90°), thereby obtaining six additional leads (aVL, —aVR, I,
—lll, aVF, —aVF). We then trained a model for wearable ECG devices, extracting the lead |
ECG from the HEEDB 12-lead data and randomly incorporating one of the remaining six
augmented leads into the model for training with a 50% probability. This ensures that the
model can learn arrhythmia features from lead | data and axis deviation from the additional
six leads. Furthermore, we have scaled down the model’s parameter size to optimize for
wearable devices with limited computational resources.

FINE-TUNING

When adapting to specific ECG downstream tasks, we needed to retain the parameters of
the base model and discard the initial classification linear layer. The number of classes in
the downstream task determines the number of neurons needed in the final layer of the new
linear layer. The training objective is to generate classification outputs that match the labels.
We adopted two different methods of fine-tuning: linear probing and full fine-tuning. During
the linear probing experiments, we only fine-tuned the parameters of the linear classification
head on top of the pretrained model, keeping all other pretrained model weights frozen.
During full fine-tuning, we allowed all pretrained model weights to be updated and adapted
to the downstream classification tasks.

The total training period is 30 epochs, with a learning-rate adjustment strategy that utilizes
the scheduler. After every epoch, the scheduler monitors the specified metric, and if the
performance does not improve for 10 consecutive epochs, the learning rate is reduced

by a factor of 0.1. The learning-rate reduction is triggered based on the maximization of
the monitored metric. This approach ensures a dynamic adjustment of the learning rate
depending on the training progress. After training in each epoch, the model is evaluated on
the validation set.The model weights with the highest area under the receiver operating
characteristic curve (AUROC) on the validation set are saved as a checkpoint for future
evaluation.

CLINICAL VALIDATION

To validate and compare the performance of our model, we followed the committee
experimental design of Hannun e£8MWe established the committee consisting of

three experienced ECG cardiologists to annotate a subset of the internal test set, which
includes the 523 most recent ECGs from 523 unique patients. We developed an ECG
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annotation system for cardiologists and 20 label types, including cardiac-rate abnormalities,
conduction blocks, myocardial dilation, MI, and ECG morphologies, with sublabels under
each category. Table 1 displays the complete list of label types. After independent annotation
by the committee, a consensus determination was made; labels that did not reach consensus
were removed, providing an expert standard for model evaluation. Labels that the committee
could not interpret or agree on were eliminated from our test dataset.

In addition, to compare the diagnostic accuracy between the model and cardiologists, four
additional ECG cardiologists were involved and provided specific instructions on how to

use the system. Table S6 shows the cardiologists’ ages, levels of experience, and education.
Each cardiologist was required to annotate each ECG from the previous internal test set. The
annotations from these cardiologists were then compared with the model’s results.

The evaluation of the model was conducted by calculating accuracy, AUROC, sensitivity,
and specificity, each with bilateral 95% confidence intervals. To compute these confidence
intervals, we used different statistical methods tailored to the properties of each metric:

AUROC confidence interval: We employed the DeLong method, a honparametric

approach specifically designed to evaluate the variability of the AUROC. This method
calculates the variance of the AUROC estimate based on the rankings of the predicted scores
for the positive and negative classes, then derives the confidence interval using a normal
approximation.

Sensitivity and specificity confidence interval: As sensitivity and specificity are
proportions, we calculated their 95% confidence intervals using a binomial proportion
method based on the Wilson score interval. This approach provides an accurate interval
estimate even for small sample sizes.

Other metrics: For additional metrics (such as F1 score and others for which direct
analytical confidence interval estimation methods are not available), we used the bootstrap
method. This involves repeatedly resampling the data with replacement, calculating the
metric for each resampled dataset, and then determining the percentile range that covers
95% of the computed metric values.

Experimental results demonstrate that ECGFounder achieves superior performance on
internal validation sets of 12-lead ECGs, with AUROC exceeding 0.95 for 80 diagnoses

(Fig. S3). We further validated ECGFounder for 12-lead ECGs using the committee’s
internal test set. The algorithm’s average AUROC score for diagnosing all 20 classifications
was 0.968 (95% confidence interval [Cl], 0.955 to 0.982), sensitivity was 0.971 (95% ClI,
0.639 to 0.988), and specificity was 0.937 (95% CI, 0.912 to 0.953). When comparing the
model with cardiologists, our model achieved an overall average F1 score of 0.677 (95% ClI,
0.480 to 0.802), outperforming the cardiologists’ average F1 score of 0.640. The model’s
performance was compared with cardiologists’ performance across 20 diagnostic categories
(Table 1). When comparing the model’s receiver operating characteristic curve with the
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true-positive rate and false-positive rate of cardiologists, the model outperformed the average
performance of cardiologists for most labels (Fig. S2).

In the external test set experiments for 12-lead ECGs, we evaluated the performance of

our model and other models on the CODE-test and PTB-XL datasets. On CODE-test, our
model achieved an average AUROC of 0.981 (95% CI, 0.979 to 0.984), outperforming other
baseline models such as S12L-ECG, which had an average AUROC of 0.980 (95% ClI, 0.978
to 0.982); CTN, which had an average AUROC of 0.963 (95% CI, 0.960 to 0.967); and

ECG Squeeze-and-Excitation Residual Neural Network (ECG-SE-ResNet), which had an
average AUROC of 0.963 (95% CI, 0.961 to 0.967) (Table 2). On PTB-XL, as the other two
models can only diagnose arrhythmias and cannot complete other diagnostic classifications,
we validated this dataset only on the class that the models have. Our model achieved an
average AUROC of 0.924 (95% CI, 0.917 to 0.931) (Tabl3331 These results indicate

that our model generalizes to different regions, hospitals, and patients.

Internal test set experiments focused on single-lead ECGs, with the model demonstrating
excellent performance in rhythm-type diagnosis (Fig. S3). It achieved an AUROC above
0.95 for common heart-rate abnormalities such as normal sinus rhythm, sinus bradycardia,
sinus tachycardia, marked sinus bradycardia, sinus arrhythmia, marked sinus arrhythmia,
and AF. These diagnoses can be reliably identified from single-lead ECGs. In addition,

the model achieved an AUROC above 0.8 for diagnosis, including premature ventricular
complexes, premature supraventricular complexes, pacemaker, first-degree atrioventricular
block, branch block, fascicular block, and chamber enlargement. The performance observed
for some of these diagnoses was exceptional for the use of single-lead ECGs and is worthy
of note. In Ml diagnosis, the model also showed good diagnostic performance for lateral
infarct, anterolateral infarct, acute Ml, and ST-segment elevation MI. In ECG research,
these diagnoses are associated with shifts in the heart’s electrical axis. This suggests that
data-augmentation methods based on the electrical axis are effective for training single-lead
ECG models.

In the external test set experiments on single-lead ECG devices, our model accurately
classified sinus rhythm and AF. The model’s performance, as shown in Table S17, achieved
an AUROC of 0.975 (95% ClI, 0.972 to 0.977) and 0.957 (95% CI, 0.955 to 0.959) for

normal sinus rhythm and AF, respectively. These results demonstrate excellent performance
in analyzing ECG signals collected from portable and wearable ECG devices under real-
world conditions. It should be emphasized that ECGFounder is executed on a cloud-based
system, analyzing data uploaded from wearable devices, rather than operating directly on the
wearable devices themselves.

We next validated the performance of ECGFounder in transfer learning. Our model was
fine-tuned and evaluated on six downstream tasks using supervised learning on the MIMIC-
IV-ECG dataset, resulting in both a 12-lead ECG model and a single-lead ECG model.

The fine-tuning results are shown in Figure 2. As shown, ECGFounder outperforms the
baseline methods in every downstream task. Specifically, it achieves 2 to 3 percentage points
higher performance than ECG-SIimCLR and 4 to 6 percentage points higher than ECG- in
age, sex, NT-proBNP, LVEF, CKD, and CHD detection. In addition, for comparison with

NEJM Al Author manuscript; available in PMC 2025 August 06.



1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Lietal.

Discussion

Page 10

the previously published CKD studgwe created an independent test set consisting of
individual patients from the MIMIC-IV-ECG dataset for validation. The results are shown in
Table 4. It should be noted that ECGFounder was the internal validation, while the compared
method was the external validation.

We have developed and demonstrated the generalizability and robust diagnostic capabilities
of ECGFounder, a universal foundation model for ECG analysis, which consistently
outperforms other ECG models and represents substantial clinical diagnostic value.
Furthermore, we enhanced the model's performance on single-lead ECGs through novel
data augmentation based on the cardiac axis. The internal validation results for arrhythmia
diagnosis using single-lead ECGs demonstrated exceptional performance, broadening the
prospects for the model’s application in mobile health. Moreover, by leveraging a fine-tuned
pretrained model, ECGFounder effectively adapts to a wide range of downstream tasks,
significantly enhancing the diagnosis of other diseases such as CKD and CHD.

ECGFounder enhances diagnostic performance by learning to identify ECG features
associated with cardiovascular diseases, which are typically diagnosed based on specific
waveform patterns and rhythm characteristics, such as the elevated ST segments of

MI and the irregular fluctuations of AF. These features involve anomalies in cardiac
electrical activity, appearing significantly different from normal ECG waveforms. On
training, ECGFounder can recognize these disease-related waveform patterns and rhythms,
accurately diagnosing corresponding cardiovascular conditions. As observed in Table 1
and Figure S2, ECGFounder matches or even exceeds the performance of cardiologists on
the internal review test sets. Furthermore, ECGFounder’s sensitivity exceeds that of the
average cardiology expert, indicating its ability to more accurately capture subtle signs of
cardiovascular diseases that may be overlooked by human experts.

Previous research has demonstrated that deep-learning models can support clinical ECG
analysis and achieve good performance, but lack a universal clinical diagnostic capability
for ECGs82933 First, the training datasets used by existing models are not large or

diverse enough, which can lead to overfitting and poor performance on new data, limiting
their generalizability* Second, limited demographic diversity in training data can reduce
model performance for some groups, leading to biased, less fair, and inaccurate outcomes.
Third, the labels for most model training datasets are derived from time-consuming, labor-
intensive, manual annotations by cardiologists. This limits the number of ECGs available for
training. Moreover, as cardiologists typically use a unified annotation system, the richness
of the dataset labels is not very high, often only including common ECG abnormalities

and omitting many important but rare diagnostic laBeBourth, existing models do not

support both 12-lead and single-lead ECGs, which this proposed foundation model does. As
shown in Tables 2 and 3, we observed that ECGFounder ranks first in average performance
across various external tests. The other baseline models, including S12L-ECG, CTN, and
ECG-SE-ResNet, have previously achieved the best performance in AI-ECG Acdéls.
S12L-ECG was trained using supervised learning on the CODE-ECG dataset, which
includes 2 million ECGs with six common types of arrhythmia diagid<BIN and
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ECG-SE-ResNet were trained on the PhysioNet Challenge 2020 dataset, which includes
60,000 ECGs covering 27 common ECG diagnd%é5We demonstrate that by training

on a larger, more diverse ECG dataset, a scalable foundation model can further improve the
diagnosis of cardiovascular diseases and surpass previous baseline models.

Despite the effectiveness of ECGFounder, challenges remain. First, as ECGFounder was
developed using mostly U.S. cohorts, its data diversity is limited. Different parts of the

world may exhibit unique ECG patterns — such as race-related and region-specific rhythm
variations — requiring the model to handle diverse populations. Second, while ECG
foundation models offer high diagnostic accuracy, their black-box nature can hinder trust

in clinical use. Developing explainable Al is essential for enabling doctors to understand and
adopt these models. Third, systematic bias is a limitation of our work, observed in regression
tasks involving ECG-derived variables such as LVEF. Although the discrimination capability
of our model remains strong, predictions for continuous heart-function metrics tend to show
systematic biases, either overestimating or underestimating true values. Such biases may
originate from intrinsic characteristics of the training dataset, annotation inconsistencies, or
inherent challenges in modeling continuous physiological parameters from ECG signals.
Addressing and mitigating this systematic bias in ECG regression tasks represents an
important direction for future researégfFinally, some clinically relevant data (e.g., medical
histories) that could serve as effective covariates in cardiovascular disease research are

not yet included in the model. Future work should include more ECG data from diverse
regions and ethnicities, incorporate patient demographics as model inputs, and develop
explainable Al models to help doctors better understand model processes and outcomes.
Recent natural language processing methods also show promise in processing cardiologist
ECG annotations, enabling better use of embedded clinical knowdédge.

We have validated the efficacy of ECGFounder in adapting to a wide range of cardiovascular
diagnostic applications, demonstrating its high performance and versatility across various
downstream tasks as a foundational ECG model. By overcoming the limitations related

to ECG data and labeling quality and diversity as well as training methods, our ECG
foundation model confirms its potential to transform the standard of care in cardiology and

to provide real-time, accurate cardiac assessments in diverse clinical settings. By providing
open access to the model, code, and training data, we invite the research community to build
on our model and help advance the state of the art.
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Figure 1. ECGFounder Isa General ECG Encoder Based on the RegNet Architecture.
Panel A shows how ECGFounder was trained on 10,771,552 ECGs with 150 types of

ECG diagnostic labels. Owing to missing diagnoses in real-world expert annotations, we
implemented positive label augmentation by modifying the loss function of the pretraining
method. For more details, see the Methods section. Panel B shows how ECGFounder
was applied to different clinical downstream tasks, covering ECG diagnosis, demographics
detection, clinical event detection, and cross-modality diagnosis. In comparison with
baseline methods, ECGFounder achieved state-of-the-art performance across all tasks.
Panel C shows a comparison of the HEEDB dataset used by ECGFounder with other
large ECG datasets. Panel D shows data used in model development and validation for
the ECG diagnosis and downstream tasks. aVF denotes augmented voltage foot; aVvL,
augmented voltage left; aVR, augmented voltage right; CHD, chronic heart disease;
CKD, chronic kidney disease; CODE, Clinical Outcomes in Digital Electrocardiology;
ECG, electrocardiogram; HEEDB, Harvard—Emory ECG Database; LVEF, left ventricular

NEJM Al Author manuscript; available in PMC 2025 August 06.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Lietal.

Page 16

ejection fraction; MIMIC, Medical Information Mart for Intensive Care; NT-ProBNP,
N-terminal pro—B-type natriuretic peptide; PPG, photoplethysmography; RegNet, Self-
Regulated Network for Image Classification; and UCSF, University of California, San
Francisco.
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Figure 2. Results of Different Fine-Tuning Downstream Tasks.
Panel A shows the results of NT-proBNP classification, NT-proBNP regression, CKD

classification, LVEF classification, LVEF regression, and CHD classification tasks of
ECGFounder and other baseline models for clinical event detection tasks. Panel B shows
the results of age classification over 65 years of age, age regression, and sex classification
tasks of ECGFounder and other baseline models for demographic detection tasks. Panel C
shows the results of the PPG atrial fibrillation detection tasks. Figures in parentheses denote
95% confidence intervals. AUROC denotes area under the receiver operating characteristic
curve; CHD, chronic heart disease; CKD, chronic kidney disease; ECG, electrocardiogram;
ICD, International Classification of Diseases; LVEF, left ventricular ejection fraction;

MAE, mean absolute error; MIMIC, Medical Information Mart for Intensive Care;

PPG, photoplethysmography; ResNet, Residual Neural Network; and SImCLR, Simple
Framework for Contrastive Learning of Visual Representations.
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Table 3. Performance of ECGFounder and Other ECG Deep-Learning Models on External Test Set PTB-

XL.

Page 20

Model

ECG Founder S12L -ECGY CTN%®

ECG-SE-ResNet3!

Class

Anterior infarct

Anterolateral
infarct

Anteroseptal
infarct

Atrial
fibrillation

Atrial flutter

Electronic atrial
pacemaker

Inferior infarct

Lateral infarct

Left anterior
fascicular block

Left atrial
enlargement

Left bundle-
branch block

Left posterior
fascicular block

Left ventricular
hypertrophy

Low-voltage
QRS

N-specific
intraventricular
block

Normal ECG

Premature
ventricular
complexes

QT has
lengthened

Count
360

297

2415

1514

73

298

2726

1066

1657

427

539

187

2419

182

789

9857

1146

119

AUROC Sens Spec

0.635 0.816  0.447
(0.618— (0.781- (0.445-
0.644) 0.845) 0.451)

0.945 0837 0.918
(0.938- (0.826— (0.915-
0.960) 0.890) 0.921)

0.945  0.891  0.882
(0.942— (0.879- (0.878—
0.947)  0.900) 0.884)

0993 00969 0982 0925 0776 0989 0953  0.935
(0.992— (0.968— (0.980— (0.916— (0.765— (0.985- (0.945— (0.927-
0.994) 0.975) 0.984) 0.934) 0.778) 0.993) 0.961) 0.942)

0.993 0973  0.969 0.948  0.962
(0.988— (0.954— (0.966— (0.946— (0.956-
0.997) 0.997) 0.970) 0.95)  0.968)

0.909 0935 0.745
(0.904— (0.921- (0.738—
0.916) 0.954) 0.747)

0.851 0.825 0.732
(0.846- (0.819- (0.726—
0.855)  0.837) 0.740)

0916  0.819  0.859
(0.917- (0.808— (0.854—
0.920) 0.835) 0.861)

0972 0922 0.919 0.965  0.882
(0.970- (0.918- (0.916— (0.964— (0.876-
0.974) 0.932) 0.920) 0.967)  0.887)

0799 0742  0.704
(0.788— (0.696— (0.700—
0.814) 0.757) 0.709)

0989 00959 0965 0983 0963 0991 0912  0.932
(0.987— (0.949- (0.964— (0.981- (0.96- (0.989- (0.91- (0.931-
0.993) 0.970) 0.966) 0.985) 0.966) 0.993) 0.915) 0.933)

0.840  0.605  0.904
(0.82- (0531~ (0.902—
0.862) 0.674) 0.908)

0.900 0.860 0.788
(0.895- (0.843— (0.782—
0.908) 0.866) 0.792)

AUROC Sens Spec  AUROC Sens

0581  0.690 0.423 0.605  0.604
(0.572— (0.682— (0.418— (0.592— (0.598-
0.587) 0.697) 0.430) 0.618)  0.610)

0.766  0.339  0.932 0.788  0.487
(0.757- (0.313— (0.929— (0.782— (0.482-

0.775) 0.356) 0.934) 0.794)  0.492)

0.887 0952  0.639
(0.884— (0.947- (0.632—
0.889) 0.955) 0.643)

0987 0965 0.959 0.963  0.955
(0.985- (0.960— (0.957— (0.961— (0.949-
0.989) 0.974) 0.962) 0.965)  0.961)

0931 0897 0.827 0.930  0.881
(0.922— (0.850- (0.824— (0.929- (0.879-

0.941) 0.909) 0.831) 0.931)  0.883)
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Spec

0.915
(0.913—
0.917)

0.937
(0.936—
0.937)

0.914
(0.912—
0.917)

0.933
(0.93-
0.937)

0.814
(0.798—
0.830)

0.906
(0.903—
0.909)

0.921
(0.920—
0.922)

0.957
(0.949—
0.964)

Sens Spec

0.946  0.907
(0.942— (0.905—
0.949)  0.909)

0.966  0.956
(0.964— (0.955—
0.67)  0.957)
0.819  0.901

(0.816- (0.899—
0.821)  0.903)

0.917  0.930
(0.916- (0.926—
0.917) 0.934)

0.655  0.741
(0.653— (0.732-
0.657)  0.749)

0.699  0.793
(0.698- (0.792-
0.700)  0.794)

0.939  0.880
(0.936- (0.879-
0.942) 0.881)

0.901  0.930
(0.899- (0.929-
0.913) 0.932)
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Model ECG Founder S12L-ECGY CTN30 ECG-SE-ResNet3!
Class Count AUROC Sens Spec AUROC Sens Spec AUROC Sens Spec AUROC Sens Spec
Right atrial 99 0.959 0.869 0.915
enlargement (0.955- (0.827— (0.912-
0.970) 0.927) 0.919)
Right bundle- 1155 0.976 0.925 0.925 0.967 0.911 0.976 0.932 0.922 0.931 0.946 0.842 0.912
branch block (0.971- (0.92— (0.923- (0.966— (0.910- (0.975- (0.930- (0.921- (0.926— (0.944— (0.829- (0.909-
0.98) 0.931) 0.928) 0.968) 0.912) 0.977) 0.935) 0.923) 0.936) 0.948) 0.854) 0.915)
Right 136  0.913 0.833 0.859
ventricular (0.890- (0.807- (0.857—
hypertrophy 0.938) 0.891) 0.861)
Septal infarct 1423  0.947 0.894 0.880
(0.942— (0.885—- (0.877—
0.949) 0.896) 0.881)
Sinus 1159  0.950 0.972 0.855 0.967 0.938 0.989 0.996 0.966 0.946 0.983 0.935 0.963
bradycardia (0.948- (0.963- (0.852— (0.965- (0.936- (0.987— (0.995- (0.964— (0.944— (0.981- (0.934— (0.959-
0.957) 0.980) 0.857) 0.969) 0.939) 0.991) 0.997) 0.968) 0.968) 0.985) 0.935) 0.967)
Sinus rhythm 16,785  0.923 0.936 0.751 0.977 0.942 0.920 0.963 0.926 0.913
(0.917- (0.932- (0.742- (0.975- (0.939— (0.919- (0.961- (0.924- (0.912-
0.926) 0.94) 0.762) 0.979) 0.944) 0.921) 0.965) 0.928) 0.914)
Sinus 826  0.994 0.976 0.987 0.988 0.946 0.996 0.986 0.957 0.968 0.979 0.932 0.944
tachycardia (0.993- (0.967— (0.985- (0.986— (0.945- (0.995- (0.984- (0.956— (0.966— (0.977— (0.931- (0.941-
0.995) 0.988) 0.988) 0.990) 0.946) 0.997) 0.988) 0.958) 0.970) 0.981) 0.933) 0.947)
Supraventricular 27 0.995 0.976 0.958
tachycardia (0.992— (0.926— (0.957—
0.998) 1.000) 0.961)
Ventricular 24 0.987 0.905 0.993
tachycardia (0.979- (0.818- (0.992-
0.995) 0.952) 0.993)
With first- 802 0.911 0.661 0.921 0.962 0.925 0.992 0.943 0.783 0.911 0.930 0.735 0.893
degree AV (0.903- (0.631- (0.919- (0.959- (0.923- (0.989- (0.939- (0.779- (0.910- (0.929- (0.731- (0.890-
block 0.916) 0.679) 0.925) 0.964) 0.927) 0.995) 0.947) 0.786) 0.912) 0.931) 0.738) 0.896)
With QRS 45 0.618 0.414 0.742
widening (0.608— (0.398— (0.738-
0.626) 0.427) 0.747)
Wolff— 18 0.919 0.747 0.982
Parkinson— (0.889- (0.648— (0.982—
White 0.947) 0.791) 0.984)
syndrome

For the ECGFounder method, PTB-XL is the external validation. Figures in parentheses denote 95% confidence intervals. AUROC denotes area
under the receiver operating characteristic curve; AV, atrioventricular; ECG, electrocardiogram; and SE-ResNet, Squeeze-and-Excitation Residual

Neural Network.
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