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Abstract

Recently, there has been a significant increase in the
availability of publicly accessible ECG datasets. These
datasets have been used in thousands of research works,
showcasing their profound impact on the research land-
scape. However, despite their widespread use, many cur-
rently available public datasets lack certain crucial com-
ponents. These include the absence of high-quality expert
annotations based on standardized ontologies or mapping
schemes to facilitate comparisons across datasets. Addi-
tionally, there is a need for enriched metadata, such as
ECG features or automatic diagnostic statements, to im-
prove their usability and interoperability. Nevertheless,
the most glaring shortfall of current publicly available
datasets is the absence of clinical ground truth. This de-
ficiency prevents the broader research community from
replicating and expanding upon literature works based
on closed in-hospital datasets, which impedes scientific
progress. In this paper, we trace the recent history on pub-
licly available ECG datasets and discuss possible direc-
tions for the enrichment of existing datasets. We close with
a possible path towards ECG datasets with clinical ground
truth based on recent work in the context of the MIMIC-IV-
ECG dataset.

1. A short history of publicly available
12-lead ECG datasets

In the following, we will briefly describe the history of
publicly available ECG datasets with a particular focus on
12-lead datasets suitable for supervised learning.

Pre-2020 era One of the most widely used 12 (or rather
15)-lead ECG dataset of the pre-2020 era was the PTB Di-
agnostic ECG dataset [1] with roughly 550 samples. Due
to a focus of the dataset on myocardial infarction, it was
most commonly used to develop algorithms for the detec-
tion of the latter. In 2018, it was supplemented by the
ICBEB challenge dataset covering roughly 7000 ECGs,
which were supposed to be classified into 8 diagnostic
classes. A more comprehensive list of publicly available

datasets preceding PTB-XL is provided in [2, 3].
2020-2023 In 2020, almost concurrently, the PTB-XL

[2] and Chapman [4] datasets were published marking a
surge of large-scale 12-lead ECG datasets with compre-
hensive label sets. Both were later included in the Com-
puting in Cardiology Challenge 2021 (CinC2021) [5, 6],
which brought comprehensive diagnostic prediction on
large-scale ECG datasets into the attention of a broader re-
search community. In 2021, also a 15%-subset of the large
CODE dataset was released comprising more than 345k
samples, however, with a relatively sparse annotation of
six annotated pathologies. The most recent addition was
the SPH [7] dataset, a large-scale 12-lead dataset with an-
notations according to the AHA standard [8].

Recent developments The most recent addition to the
list of publicly available ECG datasets represents the
MIMIC-IV-ECG datasets comprising 800k samples from
160k patients, which can be be linked to comprehensive
clinical metadata from MIMIC-IV [9]. This enables to
tackle entirely new clinical questions, as discussed in detail
below.

Comparison to in-house datasets Comparing the nom-
inal size of publicly available datasets such as the com-
bined CinC2021 dataset with about 88k samples they still
fall short by an order of magnitude compared to compre-
hensively annotated, large-scale datasets as used by May-
oCV [10] with on the order of 2.5M samples. This ap-
plies even more to in-hospital datasets used to investi-
gate specific conditions such as [11–13], which typically
cover a few ten thousand samples. Nevertheless, unan-
notated large-scale ECG datasets such as the recently re-
leased Harvard-Emory ECG database [14] with more than
10M samples, in combination with self-supervised learn-
ing methods provide a promising path to significantly im-
prove the label-efficiency of training procedures. This
could help the open source community to overcome the
limitations of too few comprehensively annotated datasets.

Role for the community Open source ECG datasets
play a pivotal role for the research community, using ci-
tation counts of more than 874 for PTB Diagnostic and
680 for PTB-XL and 340 for Chapman (since 2020 in the
two latter cases) are a proxy for the community relevance
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of those datasets, both within the core biomedical signal
analysis but have now also found their way into the core
domain of machine learning to benchmark newly proposed
algorithms for time series data.

Benefits of open data Open datasets and open source
implementations are the cornerstones of reproducible
progress. Large-scale datasets such as those included in
CinC2021 enable the broader research community to take
part in the revolution of AI-enhanced ECG analysis that is
currently taking over the field of ECG analysis. The role
of publicly available datasets is most easily demonstrated
at the example of the large-scale ImageNet dataset, which
was one of the driving forces behind the rapid develop-
ments in computer vision in the recent decade.

2. Future directions

Documentation and benchmarking procedures Even
though the number of open source datasets is growing
steadily, the standards according to which they are anno-
tated vary widely ranging from comprehensive data de-
scriptors to datasets released as part of challenge datasets
without further documentation. More stringent documen-
tation practices, documenting the context in which the
dataset was collected, details of annotation procedure as
well as basic patient characteristics, would significantly
enhance the reusability of datasets. In addition instructions
on the intended use of the dataset along with specifics such
as predefined train-test-splits, label sets and/or target met-
rics, as exemplified for PTB-XL [15], are key components
to enable measurable progress through like-to-like com-
parisons.

Recommendation: We encourage dataset providers to
provide basic metadata on context and purpose of the data
collection. Furthermore, it would be helpful to carefully
think about possible benchmarking scenarios and to pro-
vide clear usage instructions, such as stratified train-test
splits and clinically most relevant target metrics.

Enrichment of existing datasets through ECG fea-
tures Classical electrocardiography is largely driven by
clinical expert features such as most notably intervals or
amplitudes, which form the basis of most clinical deci-
sion rules and are integrated in rule-based decision support
integrated in current ECG devices. Unfortunately, high-
quality ECG features are only available from proprietary
software. Ideally, these should be available to supplement
existing datasets to allow to incorporate ECG features in
hybrid algorithms, to stratify datasets according to ECG
features or to investigate alignment of model decision with
expert rules/concept [16]. PTB-XL+[17] represents a re-
cent effort in this direction, incorporating ECG features
from two commercial providers as well as automatic di-
agnosis statements from one commercial provider for the
entire PTB-XL dataset.

Recommendation: We encourage the community to en-
rich publicly available datasets through ECG features and
automatic diagnosis statements.

Common ontologies/mappings Existing publicly avail-
able ECG datasets are annotated based on broad variety of
different ontologies. Some of them, such the SCP-ECG
standard underlying PTB-XL, date back to the 1970s and
do not align with modern diagnostic criteria. Another com-
plication arises from a partial incompatibility of different
annotations standards across different datasets, which is a
major hurdle for crucially important cross-domain evalua-
tions to externally validate models on unseen datasets. For
newly annotated or re-annotated datasets this can be real-
ized by adopting a common annotation standard, such as
the widely used AHA standard [8]. This aligns with ongo-
ing efforts of a re-annotation of the PTB-XL dataset based
on a modern ontology, which contains AHA as a proper
subset.

However, this should ideally go hand-in-hand with a
clear specification of the underlying diagnostic criteria
used for annotation, e.g. in terms of threshold values
for heart rate or specific interval lengths. Otherwise, the
same diagnostic term might refer to two different underly-
ing conditions, which will negatively influence the train-
ing process when training on combinations of datasets and
obfuscate the true model performance when evaluating on
test datasets with mismatching diagnostic definitions.

Recommendation: We encourage dataset providers to
annotate datasets based on a commonly accepted ontol-
ogy such as AHA [8] along with clearly specified underly-
ing diagnostic criteria. A short-term solution to facilitate
cross-dataset evaluation is to provide at least mappings
to a commonly used ontology such as SNOMED, which
should ideally be provided by the dataset providers them-
selves.

Inclusion of clinical metadata Most studies in the con-
text of automatic ECG interpretation are set up in a rather
artificial scenario were the algorithm is supposed to pro-
vide a prediction solely based on the raw ECG as input.
While this is the simplest scenario for benchmarking pur-
poses, it neglects the clinical reality where additional clin-
ical metadata is available. Not surprisingly, already the in-
clusion of basic demographic data yielded statistically sig-
nificant performance improvements [18]. This encourages
to move towards clinically more meaningful benchmark-
ing tasks incorporating at least basic clinical metadata. The
next step will require to specify more specific clinical use
cases. A first example in this direction is MDS-ED [19] on
clinical decision support in the emergency department pro-
viding first evidence for a statistically significant improve-
ment in performance through the inclusion of raw wave-
form data.

Recommendation: Dataset creators are encouraged to
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provide as much clinical metadata as possible but at least
basic demographic/biometric data. Benchmarking scenar-
ios should move beyond signal-only scenarios.

Clinical ground truth By now there is a large body of
evidence for the far-reaching diagnostic capabilities of AI-
enhanced ECG analysis in extracting patterns from hid-
den correlations in the signals that remain hidden to the
eyes even of human experts, see [20] for a recent review.
This includes left ventricular dysfunction [21] valve dis-
orders [22], and atrial fibrillation from sinus rhythm [23],
but most notably also non-cardiac conditions such as ane-
mia [11], diabetes [12] or cirrhosis [13]. All of these re-
sults were established on closed datasets due to the fact that
no large-scale datasets with clinical labels (in particular of
non-cardiac nature) were available.

This changed with the publication of MIMIC-IV-ECG
[24] dataset, where clinical metadata such as discharge di-
agnoses [25] can be used as proxy for the clinical ground
truth. This was subsequently used to demonstrate the feasi-
bility of predicting a broad range of cardiac as well as non-
cardiac conditions from a single model [25]. A different
line of recent research, which also builds on MIMIC-IV-
ECG, addresses the prediction of laboratory values from
the ECG [26].

Recommendation: We encourage dataset creators to
supplement clinical ICU/ED datasets with raw waveform
data to further explore the full diagnostic potential of the
ECG. This would allow a broader research community
to participate in exploring the prospects of AI-enhanced
ECG beyond retrospective annotation of cardiac condi-
tions and would eventually enable external validation of
results achieved for example on MIMIC-IV entirely based
on publicly available data.

Foundation models Foundation models are the back-
bone of future generalist medical AI [27] and in short-
term one path to improve the label-efficiency. Such foun-
dation models can be trained in different ways, through
self-supervision from signals alone [28, 29], through weak
supervision from combinations of image and text [30] or
through text dialogues with embedded ECG signals as as-
sistant models. All of them crucially rely on the quality
and composition of training data. We envision it would
be a worthwhile endeavor to join forces to train compre-
hensive foundation models based on publicly available re-
sources and to make them publicly available.

Recommendation: We encourage everyone to contribute
to the collection and organization of pretraining data to
develop ECG-based foundation models.

3. Summary and Conclusion

Reproducible progress in AI is grounded on open
datasets, open code and the possibility to validate model
results on external datasets. Electrocardiography is in the

fortunate position to be able to serve as a role model for
other medical domains since the richness of the diagnos-
tic capabilities of AI-enhanced ECG is already widely rec-
ognized and ECGs are widely used for routine diagnos-
tics and therefore relatively abundant. In addition, signals
are low-dimensional and therefore easy to handle and to
share and last but not least ECG signals are relatively easy
to pseudonymize. We hope the recommendations put out
in the previous section on how to enhance the value of
existing datasets and how to maximize the reusability of
newly created datasets will help existing and future dataset
providers. We firmly believe that a strong focus on open
data and open code can move the whole field forward.
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