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Cardiovascular diseases remain a major contributor to the global burden
of healthcare, highlighting the importance of accurate and scalable
methods for cardiac monitoring. Cardiac biosignals, most notably
electrocardiograms (ECG) and photoplethysmograms, are essential for
diagnosing, preventing and managing cardiovascular conditions across
clinical and home settings. However, their acquisition varies substantially
across scenarios and devices, whereas existing analytical models often
rely on homogeneous datasets and static bespoke models, limiting their
robustness and generalizability in diverse real-world contexts. Here

we present a cardiac sensing foundation model (CSFM) that leverages
transformer architectures and a generative masked pretraining strategy to
learn unified representations from heterogeneous health records. CSFM
is pretrained on a multimodal integration of data from various large-scale
datasets, comprising cardiac signals from approximately 1.7 million
individuals and their corresponding clinical or machine-generated text
reports. The embeddings derived from CSFM act as effective, transferable
features across diverse cardiac sensing scenarios, supporting a seamless
adaptation to the varied input configurations and sensor modalities.
Extensive evaluations across diagnostic tasks, demographic recognition,
vital sign measurement, clinical outcome prediction and ECG question
answering demonstrate that CSFM consistently outperforms traditional
one-modal-one-task approaches. Notably, CSFM maintains favourable
performance across both 12-lead and single-lead ECGs, as well as in scenarios
involving ECG only, photoplethysmogram only or acombination of both.
This highlights its potential as a versatile and scalable foundation for
comprehensive cardiac monitoring.
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Cardiovascular diseases are among the leading causes of morbidity
and mortality worldwide, underscoring the need for accurate and
timely diagnostic methods’. In clinical practice, cardiac biosignals,
most notably electrocardiograms (ECGs) and photoplethysmograms
(PPGs), serve as critical tools for diagnosing, preventing and manag-
ing these conditions?. ECGs capture the electricalimpulses generated
by the heart, providing essential information on cardiac rhythm and
conduction pathways. By contrast, PPGs track fluctuations in blood
volume through optical sensors, enabling the non-invasive monitoring
of peripheral blood flow and cardiac output. The synergistic integra-
tion of these biosignals holds substantial potential for digital health
innovation, with applications ranging from acute clinical settings’ to
continuous home-based care*.

Advancesinsensing technologies have dramatically reshaped the
acquisition landscape of cardiac biosignals®, as illustrated in Fig. 1. In
standard hospital settings, comprehensive 12-lead ECGs are routinely
used to capture detailed cardiac activity. These recordings are usu-
ally supplemented with contextual clinical annotations, either from
cardiologists or generated automatically by software, to enhance
their diagnostic and prognostic value. In intensive care units (ICUs),
amore streamlined approach is adopted, with fewer-lead ECGs often
paired with PPG signals to facilitate real-time monitoring and early
detection of adverse events. In addition, in ICU step-down wards as well
as in-home and community settings, wearable devices such as smart
wrist-wornsensors or patches areincreasingly used to capture ECG or
PPG signals for continuous monitoring.

However, traditional analytical methods often lack the scal-
ability to coordinate data acquired from such diverse devices and
environments. Conventional approaches typically require bespoke
models tailored to specific signal types, sensing modalities and clini-
cal tasks. These models are frequently developed from scratch and
rely on large-scale, annotated datasets with consistent data formats
(for example, identical ECG channel configurations or uniformsignal
types).Inclinical practice, such large-scale datasets are often unavail-
able owing to the inherent heterogeneity of cardiac biosignals and the
specialized expertise required for accurate annotation. Consequently,
these methods often yield suboptimal performance on asingle limited
dataset, given the lack of access to sufficiently comprehensive and
uniform data.

Furthermore, models developed on fragmented datasets often
exhibit limited transferability and may not be directly applicable across
diverse healthcare environments. For instance,amodel trained on data
fromroutinely collected 12-lead ECGs may fail to generalize to settings
in low- and middle-income countries, where portable or wearable
devices (for example, wearable ECG/PPG) provide more affordable
solutions. Traditional methods, for example, those based on convo-
lutional networks, are typically channel-dependent®’, necessitating
modifications to the network architecture to accommodate varying
channel configurations. This disparity not only highlights substan-
tial inequities in access to state-of-the-art analytical tools but also
underscores the urgent need for versatile, scalable solutions capable
of robust performance across diverse clinical contexts.

By contrast, in the field of deep learning, there is an emerging
trend towards developing foundation models that can derive generic
representations through self-supervised training on large-scale data-
sets®. Remarkable achievements have been realized in both natural
language processing®'® and computer vision'’2. However, in the
realm of cardiac biosignals, existing foundation models are predomi-
nantly based on ECG dataand are largely confined to standard 12-lead
configurations™'. This restriction to consistent data dimensionalities
limits their utility in broader clinical contexts, where diverse sensing
modalities and heterogeneous data formats are common.

To address these challenges, we develop afoundation model, the
cardiac sensing foundation model (CSFM; Fig. 1), by incorporating het-
erogeneous datatypes (including ECGs from various clinical settings,

PPG signals and accompanying clinical annotations) to enable robust,
scalable performance across diverse healthcare environments. We
train our model using advanced transformer architectures, originally
developed for natural language processing and renowned for their abil-
ity to process sequential data and capture intricate dependencies™.
This sequential processing capability enables CSFM to effectively
manage and integrate multimodal, multichannel information, mak-
ing it particularly well-suited for analysing cardiac biosignals. We use
masked training strategies, where signals are partially obscured across
temporal and channel dimensions during pretraining, to facilitate
pretraining on heterogeneous datainputs, whichisacritical approach
for aggregating cardiac sensing-related data from diverse sources.

The CSFM is pretrained on a multimodal integration of cardiac
biosignals and associated cardiologist descriptions collected from
approximately 1.7 million individuals. We systematically evaluate
this framework on datasets gathered from different scenarios and
devices, demonstrating competitive performance in varied scenarios,
including demographic information analysis, cardiovascular disease
classification, vital sign measurement, clinical outcome prediction and
ECG-based question answering. Unlike traditional biosignal analysis
models that are typically specialized for specific tasks or data types,
CSFM canlearngeneralized representations and adapt toawide range
of downstream applications, offering a versatile and scalable tool for
comprehensive cardiac biosignal analysis.

Results

Pretraining on vast and heterogeneous cardiac health records
The CSFM leverages agenerative pretraining approach, masked model-
ling, tolearngeneric representations from diverse biomedical signals.
The pretraining utilized data from multiple large-scale datasets, includ-
ing MIMIC-11I-WDB", MIMIC-IV-ECG' and a privately-held large-scale
CODE dataset'**°, as shown in Fig. 1b. To enhance the diversity and
comprehensiveness of our pretraining data, we integrated cardiac
biosignals withboth machine-generated and clinical notes where avail-
able. Specifically, we linked MIMIC-III-WDB ECG/PPG data with corre-
sponding ECG reports extracted from MIMIC-IlI clinical database' and
for MIMIC-IV-ECG, we associated ECG signals with machine-generated
reports. Further statistical details are available in Fig. 1b and Supple-
mentary Information section 1. On the basis of this integration, we
applied amasking strategy to obscure channel-wise and temporal-wise
information during the pretraining, enabling effective generalization
across varied input configurations. To accommodate different compu-
tational and deployment needs, we developed three versions of CSFM:
CSFM-Tiny, CSFM-Base and CSFM-Large, corresponding to tiny, base
and large in terms of parameter count, respectively.

Downstream evaluation across diverse cardiac sensing
scenarios and devices

The objective of CSFMis to promote generalization and flexible deploy-
mentacross diverse sensing devices and healthcare scenarios, enabling
aseamless integrationin real-world settings.

The downstream tasks address various clinical applications of
physiological waveforms, encompassing a wide range of healthcare
needs. These include demographic information analysis, cardiovas-
cular disease classification (PTB-XL*, CinC17>?, SimBand®), vital sign
measurement (VitalDB**), clinical outcome prediction (VTaC*, CODE-
15*°) and question answering (ECG-QA”). Among these, demographic
information recognition, such as gender, body mass index (BMI) and
age, isused to uncover basic biological informationencoded in cardiac
biosignals. The cardiovascular disease classification supports the
diagnosis of cardiac conditions by leveraging the rich information
in waveforms. The vital sign measurement enables the continuous
monitoring of key physiological parameters (for example, blood pres-
sure), whereas clinical outcome prediction aids in risk stratification
and long-term patient management. Moreover, question-answering
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representative tasks, including cardiac disease diagnosis (CDD), demographic
information recognition (DIR), vital sign measurement (VSM), clinical outcome
prediction (COP) and ECG-based question answering (QA), using datasets such
as CinC17 (USA), PTB-XL (Germany), SimBand (USA), VTaC (USA), CODE-15
(Brazil) and VitalDB (South Korea), spanning diverse healthcare settings and
populations. Detailed dataset descriptions and statistics are provided in
Supplementary Information section 1.

tasks integrate both cardiac waveforms and textual queries to provide
interpretive insights and enhance decision-making.

Amongthesetasks, vital sign measurement was treated as a dense
regression task, where convolution layers are further added on top
of CSFM to perform dense prediction, similar to Ranftl et al.?*. For all
other tasks, we added an additional fully connected layer to perform
classification or univariate regression tasks. Please refer to Methods
for further details. Alldownstream comparisons were performed using
threerandomseeds, with meanreported. Where applicable, error bars
invisualizationsindicate the standard deviation across runs.

The downstream datasets are collected from diverse real-world
scenarios, ensuring the comprehensive evaluation of CSFM’s adapt-
ability and generalizability, with statistics shownin Fig. 1c and further
detailsin Supplementary Information section 1. Macro-F1 wasreported
for the multiclass and multilabel task, area under the receiver operating
characteristic curve (AUC) for binary classification and mean absolute
error (MAE) for regression, with details provided in Supplementary
Information section 1.4.

CSFM generalizes across different healthcare tasks
Traditional biosignal models are typically designed and deployed with
fixed input dimensionalities and prediction tasks, making direct trans-
fer across scenarios intractable without large-scale training. CSFM is
expected broadly and flexibly adaptable to diverse healthcare tasks,
as aversatile tool for comprehensive biosignal analysis.

To highlight the flexibility and generalizability of CSFM, we com-
pared its fine-tuning performance with that of the compared models
trained from scratch. This set-up reflects the practical challenges of
adopting ECG/PPG models in real-world applications. Figure 2 com-
pared CSFM with multiple basic/advanced deep learning models for
medical time series (especially ECG) trained from scratch. Theseinclude

classification/regression-based models (ResNet1d-18/34/50/101,
InceptionlD?, a Multi-Scale Deep Neural Network (MSDNN)*°) and
dense sequence-to-sequence regression models (BiLSTM, UNet1D,
CNN-based Autoencoder™). They were tested across the aforemen-
tioned five downstream tasks.

Cardiovascular disease diagnosis (wearable ECG, PPG, 12-lead
ECG). The performance of CSFM was evaluated on three datasets
representing distinct sensing modalities and acquisition channels:
CinC17%* (4 classes, multiclass classification), PTB-XL” (44 classes,
multilabel classification) and SimBand?® (4 classes, multiclass clas-
sification). Each dataset was split subject-wise (80% training, 10%
validation, 10% testing). The best performance of CSFM compared
with traditional methods is as follows: on CinC17, CSFM achieved a
macro-F1of 0.677 (95% confidence intervals (Cl): 0.656, 0.699) versus
0.634 (95% ClI: 0.558, 0.710); on PTB-XL, it obtained 0.357 (95% CI:
0.338, 0.377) versus 0.328 (95% CI: 0.296, 0.361); and on SimBand,
it reached 0.398 (95% CI: 0.279, 0.516) versus 0.357 (95% CI. 0.324,
0.391). These results, reported in terms of macro-F1, are shown in
Fig. 2a. In most cases, CSFM series substantially outperforms con-
ventional learning strategies. Notably, on SimBand, although the
CSFM-Large model achieves the best mean macro-F1 performance,
its performance appears slightly more variable compared with other
CSFM series. Further metrics are reported in Supplementary Infor-
mation section 3.2.

Demographic information recognition (lead Il ECG, PPG). Thiswas
evaluated on VitalDB dataset using a subject-wise data split (80% train-
ing,10% validation, 10% testing). Model performance was assessed by
MAE for age and BMIregression (lower is better) and by AUC for gender
classification (higher is better). We train the model for these three
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on corresponding downstream datasets, separately. a, Cardiovascular
disease diagnosis across different datasets. The performance was measured by
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information recognition. Age and BMI prediction (univariate regression) were
measured by MAE (lower is better), whereas gender prediction (binary class.)
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tasks separately. CSFM consistently outperforms models trained from
scratch across all metrics, as presented in Fig. 2b.

Vital sign measurement (lead Il ECG, PPG). We utilized VitalDB
to evaluate blood pressure measurement performance under
calibration-based settings, as standardized in the original paper®. We
treat measurement predictions as a sequence-to-sequence regres-
sion problem. Specifically, CSFM first converts continuous ECG and/
or PPG signals into continuous arterial blood pressure (ABP) signals
and subsequently extracts the systolic (maximum, SBP) and diastolic
(minimum, DBP) blood pressure values for comparison against ground
truth. CSFM'’s performance was assessed in both stages, by comparing
the waveform reconstruction quality as well as the numeric SBP and
DBP values, as illustrated in Fig. 2c with R? value calculated. Further
detailsincluding MAE can be found in Fig. 3.

Clinical outcome prediction (ECG, PPG). In this scenario, we evalu-
ated the predictive performance of CSFM by forecasting the likelihood
of adverse events. Specifically, we performed analysis in two distinct
settings: first, for 1-year mortality prediction using six-lead ECGs (I, II,
11, aVL, aVR and aVF as shown in Fig. 2d; results of other lead settings
areinthe nextsection), and second, inacute ICU environments where
it was used to identify false ICU alarms on the basis of preceding ECG
and PPG signals®* (as shownin Fig. 2e). The former utilized the VTaC
dataset”, whereas the latter used the CODE-15 dataset®, a publicly
available subset of CODE-FULL. We split CODE-15 subject-wise (80%
training, 10% validation, 10% testing) and VTaC on the basis of its official
splitand conducted binary classification for the outcome prediction on
each dataset, respectively. It should be noted that CODE-15is a public
small version of CODE-Full*®, and in experimental settings, we ensured
that notraining subjects in CODE-Full were available in the validation or
testing subset of CODE-15. These evaluations demonstrate the versatil-
ity of our approach across bothimmediate critical care and long-term
risk stratification tasks. The receiver operating characteristic (ROC)
curves, whichillustrate the accuracy of our predictions, are presented
inFig.2d,e. Additional results from three randomseeds are availablein
Fig.3a, showingthat AUC for CSFMseries reaches up to 0.844 for 1-year
mortality prediction, compared with 0.816 for conventional methods
trained from scratch. In addition, the false alarm prediction on VTaC
achieves superior performancerelative to traditional approaches, with
best CSFM reaching AUC of 0.967 against 0.931for traditional methods.

ECG question answering (Text, ECG). We leveraged the recently
released ECG question answering benchmark, ECG-QA (PTB-XL ver-
sion”), to test the model performance of answering specific ECG
screening questions. Specifically, we assessed the model across
three groups of tasks: single-verify, single-choose and single-query,
each designed to probe different aspects of ECG interpretation. The
expected answers from these questions are from a set of candidate
templates, leading this question answering task to a multilabel clas-
sification task. Without aloss of generality, we selected CSFM-Tiny for
comparison. The results are presented in Fig. 2f. This was compared
with that of the Fusion Transformer model introduced in Oh et al.Z,
as well as with LLaVA (llama3-llava-next-8b version), a large language
model capable of image-text querying, which serves as the baseline.
Further details are provided in Supplementary Information section 2.3.
Wereported macro-F1, which was computed per question by consider-
ing only the valid answer candidates for that question”. CSFM benefits
from the pretraining, as demonstrated by its superior performance
against the Fusion Transformer structure. The baseline performance
of LLaVA was unsurprisingly limited, probably owing to its lack of
domain-specificknowledge in ECGinterpretation. More analysis results
of ECG-QA are available in the next section.

Over the five scenarios examined, in certain cases, CSFM-Large,
where applicable, occasionally exhibits slightly inferior performance

compared with CSFM-Base. This observation suggests thatits current
dataset may berelatively insufficient to fully leverage the capacity of a
larger model, in contrast to several existing large pretrained vision or
language foundation models (for example, GPT4), which benefit from
extensive pretraining on vast datasets. Future research may investi-
gate the scaling laws of training foundation models in the cardiac
biosignal domain to optimize the balance between model capacity
and available data.

CSFM generalizes across different ECG leads and ECG/PPG
modalities

Ideally, to handle the varied lead and modality settings across care, the
modelshould learndistinctive representations regardless of the type
of cardiacsignal provided as input and without additional architecture
modifications. To test this capability, we evaluated performance using
various channel and modality configurations.

Performance under varied lead configurations of ECGs. We assessed
CSFM’s transferability across different ECG lead configurations. In
many diagnostic settings, standard 12-lead ECGs may not be readily
available or affordable**, posing considerable challenges for reusing
models pretrained on specific lead configurations. CSFM, however,
is designed to be adaptable across varied settings and demonstrates
superior performance compared with conventional training methods.
As shown in Fig. 3, experiments on PTB-XL (cardiovascular disease
diagnosis) and CODE-15 (1-year mortality) confirm that CSFM out-
performs existing bespoke models across varied lead configurations,
including 12-lead, 6-lead (I, 11, IlI, aVL, aVR and aVF), 2-lead (Il and V5)
and single-lead (lead II) set-ups.

Performance under varied ECG and PPG Settings. In addition, the
availability of ECG and PPG can vary substantially in cardiac sensing
applications. We examined our model’s performance across scenarios
with only ECG, only PPG or acombination of both when available. This
evaluation was conducted using VTaC-based false alarm prediction (as
shown in Fig. 3a, right) and VitalDB-based blood pressure reconstruc-
tion (as in Fig. 3b). Additional results of VitalDB-based demographic
information recognition are provided in Supplementary Information
section 3.3. CSFM consistently demonstrated superior performance
across these different signal modalities compared with conventional
methods. Overall, incorporating multiple channels led to higher perfor-
mance, whereas it is also noted that PPG-only results in Fig. 3a (right),
though lowerinabsolute terms, still exceeded baselines, reflecting the
intrinsic difficulty of this modality for several specific tasks and datasets.

Transfer from 12-lead to fewer-lead settings. We further evaluate the
transferability of models pretrained on 12-lead ECGs to fewer-leads.
Specifically, we selected both conventional deep models and CSFM
pretrained on PTB-XL (using 12-lead) and subsequently fine-tuned them
onPTB-XLsubsetswith 6,2 and1leads. We assessed performance when
fine-tuning with 100%, 50% and 10% of the full training set of PTB-XL.
This was similar to the protocols proposed in one previous work®. The
results are presented in Fig. 3d. For conventional models, transfer-
ring pretrained weights to different lead configurations is not trivial,
because theirarchitectures ofteninclude layers withinput channelsizes
fixed to the number of leads (for example, the first one-dimensional
(1D) convolutional layerin ResNetld series is designed for 12 channels).
To address this issue, we randomly reinitialized the weights of these
input-specific layers during transfer learning, while transferring the
remaining layers. By contrast, CSFMs are channel-agnostic, enabling
direct transfer learning without the need to reinitialize input-specific
layers. As observedin Fig.3d, CSFMs consistently outperform conven-
tional approaches. Notably, even when fine-tuning with only 10% of the
training data, CSFM achieves performance comparable to conventional
models trained on 100% of the dataset.
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Fig. 3 | Results of different ECG lead settings and ECG/PPG modalities. a, The
performance under different ECG channel settings (12-, 6-, 2-lead, lead II) for
cardiovascular disease diagnosis (PTB-XL), 1-year mortality prediction (CODE-15)
and ICU false alarm prediction (VTaC). b, The blood pressure prediction on
VitalDB from continuous waveforms (ABP) and derived numeric values (SBP and
DBP), evaluated by MAE (mmHg) across ECG, PPG or combined inputs. ¢, The ECG
questionanswering (ECG-QA) for lead-related questions with only lead Il as input,

C—1100%
50%

B 10%

A Above baseline

I Baseline (direct, 100%)

V Below baseline

comparing Fusion Transformer and CSFM trained on lead Il versus all 12 leads.
Example questions are annotated. d, The transfer learning on PTB-XL with CSFM
pretrained on 12-lead ECGs and fine-tuned on reduced-lead settings (6-, 2-, lead II)

with100%, 50% or 10% of training data. AV, atrioventricular. All error-bar plots

withinaand crepresent the mean +s.d., computed over three independent runs
with different random seeds (n = 3). Bars denote test Macro-F1; shaded bars show
direct 100% baselines; markers indicate performance gains () or drops (v).

Lead-related ECG question answering with only lead Il as input.
We also examined whether CSFM can answer questions that typi-
cally depend onlead specifics (including keyword ‘lead’), even when
only a single lead (lead Il) is provided as input. This represents a
particularly challenging task, as most clinically relevant spatial
patterns in ECG interpretation require multiple leads for accu-
rate assessment, especially when questions involve features
observable in other leads. The goal is to explore whether patterns

the visible lead.

typically distributed across multiple leads can, to some extent, be
inferred from lead Il alone. We compared the performance of CSFM
and the Fusion Transformer under two input settings: full 12-lead
ECG and lead Il only. Notably, CSFM with only lead Il input achieved
performance comparable to that of the Fusion Transformer using
the full 12-lead input. This suggests that CSFM’s pretraining enables
itto capture and uncover global information that generalizes beyond
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Fig. 4| Comparison of domain features, open-source foundation models and
CSFM-derived features across multiple cardiac sensing tasks. a, The predictive
performance for ICU false alarm prediction on VTaC, evaluated using signals
collected 0,1, 2,3, 4 and 5 min before alarm onset. Each feature set was assessed
using logistic regression, random forest and XGBoost classifiers. b, A comparison
of model performance on VTaC under different input modalities (PPG only, ECG
only and combined ECG + PPG) between domain features, foundation-model-
derived features and CSFM-derived features. ¢, The age prediction on VitalDB
using PPG, lead Il ECG and combined ECG + PPG signals, comparing domain

features, foundation-model-derived features and CSFM-derived features. d, The
cardiovascular disease classification across CinC17 (wearable ECG), PTB-XL (12-
lead ECG) and SimBand (PPG) datasets. CVD, cardiovascular disease. All error-bar
plots withb-d are represented as mean + s.d., computed over three independent
runs with different random seeds (n = 3). Across panels b-d, all feature sets were
evaluated using XGBoost, and reference lines indicate the best-performing
CSFM-based and non-CSFM-based methods, obtained either via fine-tuning or
direct training, as reported in Figs.2 and 3.

CSFM acts as an effective feature extractor

The analysis of biomedical signals, particularly ECG and PPG, has
advanced considerably over the years. The manual extraction of com-
monly used domain-specific featuresis stillapopular approach. How-
ever, achieving robustness and generalizability across diverse data
collection protocols and devices remainsa critical challenge. Limited
efforts have been made to develop a unified toolbox for extracting
useful features from such heterogeneous settings, whether through
traditional manual feature engineering or deep neural networks. We
demonstrate that the representations derived by CSFM serve as effec-
tive embeddings, accommodating these variations and enhancing
performance across settings.

Comparison with manually engineered features. First, we assessed
the CSFM embeddings by comparing againstdomain-knowledge-driven
bespoke features. To achieve this, we leveraged established
biomedical-signal-processing toolboxes to extract relevant features
from eachmodality separately. Specifically, we used NeuroKit2 (https://
neuropsychology.github.io/NeuroKit/) and pyPPG (https://pyppg.
readthedocs.io/) to extract features from ECG and PPG signals, respec-
tively. Further details are available in Supplementary Information
sections2.1and 3.4.

Predictive performance over time horizons. In addition, we bench-
marked predictive performance for recognizing ICU false alarms over
various time horizons. Specifically, we extracted 10-s recordings at
multiple intervals (1, 2, 3, 4 and 5 min before alarms and immediately
prior) and applied three classifiers (logistic regression, random forest
and XGBoost) using both domain-specific features and CSFM embed-
dings. Theresultsare displayed inFig.4a, indicating that CSFM embed-
dings consistently outperform domain-specific features. These suggest
that CSFM can support the real-time recognition of early deterioration
events, enabling timely clinical intervention.

Comparison with features extracted from state-of-the-art time
series foundation models. Furthermore, we compared CSFM embed-
dings against those extracted from general time series models and
from dedicated ECG/PPG foundation models. These are designed for
time series or physiological signals, including Chronos*, Moment”,
NormWear*®, PaPaGei*, ECG-FM*’, ECGFounder', D-BETA* and MERL*.
Each model differs in modality compatibility and signal dimensional-
ity. Brief descriptions and implementation details for these models
are summarized in Supplementary Information section 2.2. Their
performance was assessed across multiple datasets and tasks, includ-
ing PTB-XL, SimBand, CinC17 and VitalDB, evaluated using an XGBoost
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Fig. 5| Cross-modality reconstruction and augmentation results. a, The
representative examples of PPG-to-ECG reconstruction for both normal rhythm
and AF. b, The quantitative evaluation of PPG-to-ECG reconstruction. Models
were trained on VitalDB and applied to SimBand, with transfer evaluation on
CinC17 (normal versus AF). Results are reported as MAE (bars) and root MSE
(RMSE; lines) for waveform reconstruction and F1 (bars) and AUC (lines) for
classification. ¢, The representative examples of single-lead to 12-lead ECG
reconstruction, shown for cases of lateral wall ischaemia and non-specific ST/T

changes. Predictions from BiLSTM (left) and CSFM-Tiny (right) are compared
withground truth (grey). Key lateral leads (I, aVL, V5, V6) are displayed.d, The
quantitative evaluation of single-lead to 12-lead ECG reconstruction. Models
were trained on MIMIC-IV (lead Il input) and tested on PTB-XL under train-real/
test-synthetic and train-synthetic/test-real conditions. Results are reported as
MAE (bars) and RMSE (lines) for reconstruction and F1 (bars) and AUC (lines) for
classification performance.

model. It should be noted that PaPaGei was pretrained on VitalDB,
which may introduce potential data leakage when evaluated on the
same dataset. As shown in Fig. 4b—d, modality-specific foundation
models generally surpass general-purpose time series models, and we
observed particularly strong performance from ECGFounder onthe
VTacC lead Il setting, probably owing to its pretraining on more than
10 million ECG recordings. Additional results for VitalDB-based BMI
and gender prediction are provided in Supplementary Information
section 3.3.

It is also noteworthy that, in several cases, CSFM embeddings,
when used inconjunctionwith an XGBoost classifier, yield performance
comparable to that of fully fine-tuned CSFM and conventional models
trained from scratch (as reported in Figs. 2 and 3). This demonstrates
the viability of directly using CSFM as a generic feature extractor for
cardiac biosignals.

CSFM facilitates cross-modality reconstruction and
augmentation

Owingtothelimitations of advanced sensing solutions, especially in sev-
eralresource-limited scenarios, for example, low- and middle-income
countries, collecting standard 12-Lead ECG is often challenging. This
motivates our investigation into two specific applications to evalu-
ate the versatility of CSFM. Similar to the vital sign measurement, we
added a dense regression module on top of the transformer module
to generate dense outputs.

From PPG to ECG. We generated ECG waveforms from PPG with CSFM
and evaluated model’s performance on atrial fibrillation (AF) detection.
Figure 5a presents an example, and Fig. 5b summarizes the results,
including both waveform reconstruction on the held-out test set of
VitalDB and the transfer performances between synthetic ECGs gener-
ated from the SimBand dataset and real ECGs from CinC17. Specifically,
we trained CSFM on VitalDB and then applied the trained model to the
original SimBand dataset (selecting only normal and AF cases) to gener-
ate syntheticlead Il ECG waveforms. To comprehensively evaluate the
quality of these generated ECG waveforms, we assessed the transfer
performance betweenthe synthetic SimBand-ECG and CinC17, report-
ing performance metricsinterms of Fland AUC.

From single-lead ECG to 12-lead ECG. We reconstructed full12-lead
ECGs from single-lead data, as synthetic data. The reconstruction
model was trained on MIMIC-1V (Ilead Il ECG > 12-lead ECG) and subse-
quently applied to PTB-XL to produce synthetic ECG recordings. We
assessed the quality of these reconstructions under both train-real/
test-synthetic and train-synthetic/test-real settings, with reconstruc-
tion examples and performance metrics provided in Fig. 5¢,d.

Across these two tasks, the reconstructed data generated by CSFM
demonstrate superior performance compared with the original data.
However, anoticeable gap between real and synthetic data persists, as
evidenced by the discrepancies observed between cross validations.
Further analysisis available in Supplementary Information section 3.7.
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with learnable channel-wise and time/position-wise embeddings to encode
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ECG tokens and 50% of text tokens and pass them through a Transformer-based
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fed into adecoder for reconstruction. b, The pretraining examples with missing
modalities and channels: we flatten all tokens on the basis of the available signals
and modalities, and perform reconstruction on the basis of available modalities.
Subsequently, the loss was calculated on masked-out tokens. ¢, Downstream
examples for classification or univariate regression: a shallow fully connected
layer is appended to the encoder output to perform these tasks. d, Downstream
examples for dense regression: a convolution-based dense regression module
isapplied on top of the encoder to progressively reconstruct the dense
waveform from intermediate Transformer features. Blue arrows indicate feature
aggregation across Transformer blocks.

Future work could explore conditional generative or diffusion models*
to further enhance the plausibility and fidelity of generated signals.

Discussion and conclusion

Our results demonstrate that CSFM robustly generalizes across awide
range of clinical scenarios, devices and input configurations. Its gen-
eralizability across tasks, versatility across signals and modalities,
generative capability spanning resource-limited to resource-intensive
settings and efficacy of embedding extraction collectively help bridge
the current fragmentation of digital health systems, where models are
often confined by modality-specific silos and narrow task optimiza-
tion. Extensive evaluations across multiple datasets confirm that our
model consistently outperforms conventional deep learning mod-
els and bespoke feature-based methods. Notably, the model-derived
embeddings not only enhance diagnostic accuracy and predictive
performance but also exhibit exceptional transferability across various
lead configurations and sensing modalities.

Despite these promising results, our work has several limita-
tions. First, the interpretability of deep models remains a challenge.
Although CSFM capturesintricate dependencies in cardiac biosignals,
the ‘black box’ nature of its internal representations can limit clinical
trustand adoption. Second, although we utilized the embeddings from
existing language models, further integration with large language
models with state-of-the-art methods, such as instruction tuning,

may offer further improvements in interpretability and reason-
ing. Moreover, expanding the training to include larger and more
diverse datasets would further enhance the robustness in certain
settings, as well as uncover potential biases. Finally, the computa-
tional cost associated with training and deploying large-scale trans-
former architecturesis non-trivial, potentially limiting accessibility in
resource-constrained settings. Future work should enhanceinterpret-
ability, reasoning and efficiency.

In conclusion, the CSFM represents an advancement in the anal-
ysis of heterogeneous cardiac biosignals. By leveraging advanced
transformer architectures and a generative pretraining strategy on
large-scale, diverse datasets (Fig. 6), our model learns robust, gener-
alized representations that enhance diagnostic accuracy, predictive
performance and transferability across varied sensor configurations
and clinical scenarios.

Our comprehensive evaluations demonstrate that CSFM con-
sistently outperforms traditional, modality-specific methods,
offering a scalable solution adaptable to both resource-rich and
resource-constrained settings. Although several challenges such as
interpretability and computational cost remain, our findings under-
score the potential of CSFM to transform cardiac monitoring and risk
stratification. Overall, this work lays the groundwork for versatile
cardiac monitoring tools poised toimprove patient care and outcomes
in cardiovascular medicine.

Nature Machine Intelligence | Volume 8 | February 2026 | 220-233

228


http://www.nature.com/natmachintell

Article

https://doi.org/10.1038/s42256-026-01180-5

Methods

Heterogeneous input unification

Toaccommodate diverse modalities without relying on task-specific out-
putstructures, we use distinct tokenization strategies for signal and text
inputs. These strategies transform the inputs to match the transformer
input dimensionalities. Subsequently, the flattened tokens from both
modalities are concatenated to form a unified input representation.

Cardiac biosignals. Let the cardiac biosignals from each individual i
be denoted as x; € R<", where C represents the number of cardiac
sensing channels, and T denotes the total number of time steps. For a
givenhealthrecordx, its channel setis defined as C; = {c; , c;,, ...}, where
C,cC={c, ¢y ...,c}. Here, Crepresents the full set of 12-lead ECG chan-
nels (thatis, lead |, II, IlI,aVF,aVR,aVL, V1,V2,V3,V4,V5,V6) along with
the additional PPG channel. In practice, we adoptlead Il as the channel
for single-lead wearable signals, following common practices in wear-
able ECG waveform analysis’.

To transform the waveform into sequential tokens, we perform
segmentation, linear projection and channel/temporal embedding
addition. Specifically, each x;is divided into non-overlapping segments
of duration w (that is, 0.1s). This segmentation transforms x; into
patchesS;={s; ;|j=12,...,C,k=1,2,...,Ng}, wherej, kindex the channel
and temporal order of the segments, respectively and Ns = l;TjJ is the
number of segments per signal. Subsequently, these patches are
mappedintoembeddings by alinear projection layer, resultingin efj,k.

Toincorporate information for both temporaland channel dimen-
sions, weintroduce positional embeddings for both dimensions. Spe-
cifically, weinitialize a set of channel embeddings {eff eRlj=12,..,C

and temporal embeddings {e:’ eRYk=12,.., [;TJ} . The final token
embeddings are obtained by adding these positional embeddings to
the projected embeddings, resulting in ES ={e;; +e +e€i
=12,..,Ck=12,...,Ns}

Text reports. In addition to cardiac biosignals, the clinical workflow
often incorporates textual data. Cardiologists may provide manual
interpretations of these signals, which are recorded as clinical notes.
By contrast, there are automated reports that may be generated by
ECG machines. These textual interpretations provide supplementary
insightsinto the cardiac signals and complement the overall analysis.

To process the textual data, each sentence is tokenized into a
sequence of tokenized IDs, L;={[;;/k=1,2, ..., N;}, on the basis of a pre-
trained language vocabulary using WordPiece**. Here, N, denotes the
number of text tokens (set as 64 in our study). The token IDs are then
mapped to their corresponding embeddings using alearnable embed-
ding layer. To align sentences of varied lengths, padding tokens are
addedtoeachsequence, leadingto {ekk|k =12,...,N.}. Wefurtheradd
additional text type embeddings eStand learnable 1D positional embed-
dings {e}} to obtain the final input representations for the text as
Ef ={e} +e% +efk=12. N}

Unification. Onthe basis of the cardiac biosignals and, where available,
the associated text reports, we introduce another class token e to
extract the global feature by cross-attention across all available tokens.
The final input to the modelis represented as:

e

E = [eas; E?; Ef—] , ifboth cardiac biosignals and text @

if text reports are unavailable,

reports are available.

In cases where text reports are unavailable, the model relies solely
on E$. When both sources are present, the embeddings are concate-
nated along the token dimension to form a unified input representation
for our transformer model.

Multimodal masked pretraining

Our masked pretraining framework, asillustrated in Fig. 6, isinspired
by recent advancements in generative pretraining strategies, such as
Masked Autoencoder®. For efficiency and simplicity, we randomly
mask out 75% tokens from biosignals and 50% tokens from text. The
superscription of » and M denote the masked and unmasked tokens,
respectively. The input to the model during pretraining is therefore
E;/™*. This high masking ratio greatly reduces redundant information,
enabling thereconstruction objective to focus onintricate patternsin
the remaining tokens. Furthermore, it reduces computational cost
during pretraining by minimizing the number of tokens processed.

Multimodal encoder
Our multimodal encoder is built upon the variant of Vision Transformer
(ViT) architecture’, which originally used a ‘patchify” approach to
divide the input image into fixed-size small patches and then trans-
formedintoasequence of patchembeddings. Similarly, we process the
unified input tokens (concatenating signals and text, when available)
and pass them through a standard deep transformer. This encoder, is
ultimately utilized as the CSFM for downstream validation, and the
details of different CSFM scales are listed in Supplementary Table 7.
Throughout the multimodal encoder, these tokens are trans-
formed into high-level multimodal representations, denoted as z**
(global representation), z° (signal-specific representation) and z*
(text-specific representation). These embeddings capture the shared
and modality-specific features necessary for downstream tasks.

Multimodal decoder

To reconstruct the masked-out tokens, we combine the encoded vis-
ible tokens with a set of mask tokens, which act as placeholders for
the decoder toreconstruct the original patches or word tokens at the
masked positions®. As in the encoder, learnable channel-wise and
temporal-wise positional embeddings are added to the tokens. The
resulting embeddings are then processed by a lightweight multilayer
perceptron and shallow Transformer blocks.

Following the original Masked AutoEncoder framework*, we
compute losses only for the masked tokens, thereby focusing the
reconstruction objective on the unobserved parts of the input. This
ensures efficient utilization of the masked modelling strategy while
substantially reducing computational cost. The reconstruction process
yields the restored signal patches, §, and text tokens, L.

Thereconstruction loss is formulated as follows:

£8 = ||$M — 8|, @
£l = —log (p(iﬁ [EX )), €)

where $* and $” represent the ground truth and reconstructed signal
patches at the masked positions, respectively. Similarly, L7 denotes
thereconstructed masked text tokenindexes, conditioned on the vis-
ible embeddings E.

Downstream evaluation

A key capability of foundation models lies in their ability to derive
generic representations from raw waveforms, which can be efficiently
adapted to a variety of downstream tasks. To validate this capability,
we evaluate the pretrained multimodal encoder across multiple tasks.
Each task leverages different combinations of input data types, dem-
onstrating the versatility of CSFMs.

Evaluation tasks. Task-wise, we classify the evaluation tasks into five
distinct groups: demographicinformation recognition, cardiac disease
classification, vital sign measurement, clinical outcome predictionand
ECG question answering. These tasks broadly fallinto two categories:
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classification/regression tasks and dense sequence-to-sequence tasks.
For consistency, we implement a standardized approach for all tasks
within each group.

Classification or univariate regression. The majority of the tasks fall
under the classification or univariate regression category. For these
tasks, we extracted the representation of the global class token e
after it passed through all layers of the encoder. This representation
isused astheinput for an multilayer perceptron layer as an additional
classifier, whichmay vary depending on the specific task requirements
(such as class numbers). In terms of loss function, we applied asym-
metric loss* for multilabel or multiclass classification tasks and mean
squared error (MSE) for regression tasks.

Dense sequence to sequence regression. In the context of vital sign
measurement, one specific task involves converting continuously
recorded waveforms into blood pressure-related waveforms, such as
ABP. Similarly, for cross-modality reconstruction tasks (for example,
generating ECG from PPG or reconstructing a12-lead ECG from asingle
lead Il recording), a dense regression head is essential. Both types of
task fall under the dense regression category. To accommodate this
need, we adopted the dense prediction head proposed by Ranftl et al.?s,
originally designed as a plug-and-play module for the ViT architecture.
This module aggregates features from multiple transformer blocks to
perform dense predictions, such as converting RGB images to depth
maps. Built on this, the dense prediction head in CSFM was to map
intermediate features from the input waveforms to the desired wave-
formoutputs. Theloss function for this task is defined using the MSE,
ensuring accurate reconstruction of the target waveform.

Utilization strategies of pretrained models. We applied two strate-
giesto evaluate the performance of our pretrained foundation models:
either by freezing the pretrained model, as a deep feature extractor,
or fine-tuning on the basis of the downstream annotations, tailored
for the specific tasks.

Featureextractor.Inthis approach, the pretrained foundation model s
frozen, anditsrepresentations are used as deep feature embeddings for
downstream tasks. These features are passed to task-specific shallow
predictors, such as logistic regression, XGBoost and random forest,
which are trained exclusively on the annotations of the target tasks.
Details are provided in Supplementary Information section 2.3.

Fine-tuning.Inthis context, the pretrained model s further fine-tuned
on the downstream tasks by updating its parameters on the basis of
task-specific annotations. We use layer-wise learning rate decay, where
layers closer to the input use smaller learning rates compared with the
deeper layers, with a decay rate of 0.75.

Training and evaluation datasets
Training datasets. Pretraining was performed on anintegrated data-
set aggregated from multiple sources, including MIMIC-III-WDB*",
MIMIC-IV-ECG'®" and CODE-Full*.

The first dataset, MIMIC-11I-WDB, consists of waveform records
collected from bedside patient monitors in ICUs at Beth Israel Deacon-
ess Medical Center. These records were matched to the MIMIC-III clini-
cal database, enabling the integration of waveform and clinical data.
Fromthis dataset, we extracted 10-slead Il ECG and PPG waveforms at
6-hintervals for each patient recording. To pair these waveforms with
textual data, we utilized ECG notes available in the MIMIC-III clinical
database, extracting ECG reports recorded within 1 week of each wave-
form segment. Notably, these notes are based on cardiologist-level
interpretations of diagnostic12-lead ECGs, rather than direct analyses
of continuous ICU recordings. Consequently, this pairing is considered
a‘weak match’.

The second dataset, MIMIC-IV-ECG, is acomprehensive collection
of diagnostic ECGs associated with MIMIC-1V, a large-scale extension
of MIMIC-III. We extracted both 12-lead diagnostic ECG waveforms and
their paired summary reports, which were automatically generated
by ECG machines. It is worth mentioning that there is an overlap in
subjects between MIMIC-IIland MIMIC-IV; however, both datasets are
de-identified, making subject linkage currently impossible.

The third dataset, CODE-Full, is a private collection obtained
from the Telehealth Network of Minas Gerais, Brazil'>*. This dataset
comprises a substantial number of diagnostic ECG waveforms. For
pretraining, we processed the datato create approximately 1.5 million
segments by selecting one representative segment per subject.

The above data extraction results in around 1.7 million 10-s bio-
medical sensing signals collected from around 1.7 millionindividuals.
The dataset was split into training (80%) and validation (20%) sets,
ensuringno overlap betweenindividualsin the two subsets. We applied
basic filtering and z-score normalization of each biomedical signal.
Please refer to the Supplementary Information for more details.

Downstream evaluation datasets. We evaluated the performance of
the pretrained model across five distinct tasks using seven public data-
sets: VitalDB, PTB-XL, SimBand, CinC17, VTaC, CODE-15 and ECG-QA.
For ECG-QA, VitalDB and VTaC, we followed their original training
and testing splits, allocating 20% of the training split as the validation
set. For PTB-XL, SimBand, CinC17 and CODE-15, we performed an 8:1:1
random split of the data on the basis of subject identities, ensuring no
subject overlap across splits to mitigate potential dataleakage issues.
Notably, CODE-15is a publicsubset of CODE-Full, and we, therefore, set
its test split explicitly excluded fromthe pretraining stage of CODE-Full
toensure afair evaluation.

Experimental settings

Implementation of pretraining. All the experiments were performed
on V100 GPUs with PyTorch. For pretraining, we applied AdamW
(weight decay as 5 x 1072, betas as {0.9, 0.95}) with a learning rate of
{5x107*,1x107, 5 %107, batch size as {256, 256, 128} for CSFM-Tiny,
CSFM-Base and CSFM-Large, individually, to accommodate our com-
puting capacity. In each iteration, the model performs uniform sam-
pling from different datasets to form the training minibatch. We set
the maximum number of training steps to 25,000,000, with early
stopping based onvalidation performance every 2,500 steps. Inaddi-
tion, a cosine warmup decay schedule was applied during the initial
5% of training.

Implementation of downstream tasks. Below, we demonstrate the
adoption of pretrained models on each specific task. All the experi-
ments were conducted with three random seeds, and the mean
performance across three seeds is reported. For conventional deep
learning-based methods, we applied a batch size of 32 with alearning
rate of 1 x 10 for all settings. For our CSFM models, we applied 1 x 10
for fine-tuning, with layer-wise decay set as 0.75. The optimizer was all
setas AdamW.

Cardiovascular disease diagnosis. One particular usage of cardiac
biosignalsis to aid in the diagnosis of cardiovascular diseases. Todem-
onstrate the performance of our foundation model on different dis-
easesaswellas cardiac sensing protocols, we conducted experiments
onthree datasets, including CinC17%, SimBand®* and PTB-XL?. CinC17 is
abenchmark dataset designed for the detection of AF using single-lead
wearable ECG signals. SimBand represents areal-world wearable data-
set, with PPG segments annotated as AF or not. PTB-XL, by contrast, isa
large diagnostic dataset containing 12-lead ECG recordings annotated
withdetailed diagnostic labels. These experiments allow us to evaluate
themodel’s robustness across different modalities, lead configurations
and disease categories.

Nature Machine Intelligence | Volume 8 | February 2026 | 220-233

230


http://www.nature.com/natmachintell

Article

https://doi.org/10.1038/s42256-026-01180-5

Demographics information recognition. Biosignals, such as ECG and
PPG, inherently encode subtle biological characteristics linked to
demographic attributes such as age, gender and BMI. The ability to
extract these attributes demonstrates the model’s capability to capture
and interpret underlying physiological variations while also aiding in
mitigating potential biases and advancing personalized medicine. To
evaluate the model’s performance in recognizing these demographic
variations, we conducted experiments to regress the latent representa-
tionsindividually to age, gender and BMI.

For this evaluation, we used the VitalDB dataset, following the
preprocessing strategies and calibration-free data split protocol of
PulseDB*, ensuring no subject overlap between the training and test-
ing splits.

Vital sign measurement. Several established numeric vital sign record-
ings, such as heart rate and SpO,, can be derived directly from ECG
and PPG signals using standard biomedical signal analysis toolkits.
By contrast, there is growing interest in extracting blood pressure
measurements from non-invasive continuous cardiac signals®. Lev-
eraging a widely adopted pipeline, we extract both continuous ABP
waveforms and numeric SBP and DBP values from PPG, ECG or their
combinations*®. This process involves first mapping the signals to ABP
and then calculating the maximum and minimum values to derive SBP
and DBP, respectively.

We validated this approach on the VitalDB dataset, using a
calibration-based protocol, following the settings of PulseDB*. In
the protocol, test segments were strictly excluded from the training
process. Other segments from the same test subjects wereincluded to
simulate scenarios where partial calibration information is available.

Clinical outcome prediction. Predicting clinical outcomes has emerged
as a critical application of cardiac biosignals, with growing research
interest in leveraging these signals to assess associated risks*'. Such
advancements aim to facilitate the development of timely preventive
strategies and optimize the allocation of healthcare resources. We
leveraged CODE-15" for 1-year mortality prediction and VTaC?* for
false alarm predictioninthe ICU.

Regarding the mortality with 1-year follow-up, the utilized dataset
CODE-15 comprises12-lead diagnostic ECG recordings, which provide
acomprehensive representation of cardiac activity. For the false alarm
prediction, we specifically extracted lead Il ECG and PPG signals to
evaluate their utility in predicting ICU false alarms.

ECG question answering. Question-answering systems have gained
growing researchinterest in the medical domain owing to their poten-
tial to enhance clinical decision-making and interpretability. In this
study, we leveraged the open-source ECG-QA dataset, whichis built on
the PTB-XL dataset, to evaluate our model’s performance. We bench-
marked the model on three tasks: single ECG verify, single ECG choose
and single ECG query, which collectively assess the system’s ability to
interpret and reason with ECG data in various clinical contexts. For
these tasks, theinput comprises both the ECG signals and correspond-
ing questions, with the goal of selecting the correct answers on the
basis of the provided context and queries. This set-up evaluates the
model’s capacity to integrate waveform data with textual information
to generate clinically relevant answers.

Cross-modality reconstruction and augmentation. We applied two set-
tings. Thefirstis PPG to ECGreconstruction. (1) The reconstruction was
performed on VitalDB, and the waveform reconstruction performance
was reported on the held-out test set of VitalDB. (2) Subsequently, we
applied theadapted model to the original SimBand dataset to generate
synthetic lead Il ECG waveforms. To comprehensively test the quality
of generated ECG waveforms, we conducted two experimental set-
tings: train on synthetic ECG from SimBand (normal versus AF) and

test on real ECG on CinC17 (normal versus AF), and vice versa, with
anindependent model ResNetld-18 trained from scratch each time.

Forsingle-lead ECG to12-lead ECG augmentation, likewise, we lev-
eraged MIMIC-IV (training set) to perform the reconstruction of lead Il
ECGtothefull12-lead ECG. Subsequently, we applied the trained model
on PTB-XL to generate synthetic ECG recordings. The reconstruction
performance is measured within the whole set of PTB-XL. On the basis
ofthesyntheticrecordings, we performedbothtrain-real test-synthetic
and train-synthetic test-real settings, on PTB-XL and its original split,
to assess the quality of generated ECG signals. This cross-validation
wasalso conducted by anindependent ResNet1d-18, which was trained
fromscratch each time.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The pretraining dataset MIMIC-1II-WDB" is available online (https://
physionet.org/content/mimic3wdb-matched/1.0/) and their exten-
sive clinical information (including subject-matched ECG reports) is
available subject to the corresponding data usage agreement (https://
physionet.org/content/mimiciii/). The MIMIC-IV-ECG dataset’® is
available online (https://physionet.org/content/mimic-iv-ecg/1.0/)
aswell. CODE-Full**is available for research under request (https://doi.
org/10.17044/scilifelab.15169716) to co-authors, A.H.R. and A.L.P.R.
Regarding downstream validation datasets, VitalDB** (https://github.
com/pulselabteam/PulseDB) (preprocessed by PulseDB**), CODE-15%
(https://paperswithcode.com/dataset/code-15), VTaC? (https://www.
physionet.org/content/vtac/1.0/), PTB-XL* (https://physionet.org/
content/ptb-xI/1.0.3/) and CinC17** (https://physionet.org/content/
challenge-2017/1.0.0/) are all available online. Moreover, SimBand®
(https://www.synapse.org/Synapse:syn23565056/wiki/608635) is
available on the basis of access application, while ECG-QA” (https://
github.com/Jwoo5/ecg-qa/tree/master/ecgqa/ptbxl, PTB-XL version)
isavailable online with associated processing scripts. Source data are
provided with this paper.

Code availability

The pretrained model weights and the inference scripts are available
via GitHub at https://github.com/guxiao0822/Cardiac-Sensing-FM
and viaZenodo at https://doi.org/10.5281/zenodo0.17803610 (ref. 49).
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