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Abstract

ECG-derived deep learning embeddings via transfer
learning have improved disease prediction, but their utility
in identifying cardiovascular risk profiles remains
unexplored. We aimed to extract latent features from a pre-
trained model to refine coronary artery disease (CAD) risk
phenotypes and study their clinical interpretability.

Latent features were extracted from 10-second, lead-I
ECG recordings of 1,928 individuals with CAD from the
UK Biobank using a Contrastive Predictive Coding model.
Principal components (PCs) were calculated and used as
input to an unsupervised clustering model. Then, their
association with atrial fibrillation (AF) and heart failure
(HF) and with traditional ECG parameters was analyzed.

The latent PCs identified two clusters, with Cluster 2
exhibiting higher incidence of events (AF:8.9% and
HF:6.6%). Although cluster-based risk stratification was
less pronounced than with traditional parameters,
individual PCs demonstrated robust predictive ability.
Furthermore, predictive PCs correlated with slower
ventricular conduction and prolonged repolarization,
established markers of electrical remodeling.

Our findings confirm that latent features hold
discriminative value for cardiovascular outcomes in CAD
populations. Future work should explore alternative
clustering architectures to enhance the risk stratification.

1. Introduction

Coronary artery disease (CAD) represents a major
health burden worldwide[1]. As a highly heterogeneous
condition, CAD manifests through diverse clinical
pathways across individuals, with atrial fibrillation[2] (AF)
and heart failure[3] (HF) representing two of its most
common and worsened outcomes. Therefore, developing
accessible and non-invasive ECG-based risk stratification
strategies is essential for enabling large-scale screening
and targeted prevention[4].

In previous work[4], we developed and validated an
unsupervised clustering approach that identified distinct

subgroups among individuals with CAD. One of these
subgroups exhibited specific ECG characteristics (i.e.,
QRS width, QT and Tpe intervals) that were strongly
associated with HF risk. This model included time-interval
and morphological advanced ECG-derived parameters.
However, while these standard metrics are clinically
robust, they may overlook subtle, latent interactions within
the ECG signal that contain further prognostic information.

The emergence of deep learning has revolutionized
signal processing by enabling the automated extraction of
complex features that hold biological relevance[5] and
prognostic value[6]. Recent studies have shown that
utilizing large-scale pre-trained models, can generate
ECG-derived embeddings that enhance the performance of
both supervised[7-9] and unsupervised tasks[6,10-12].
These latent representations often outperform traditional
metrics in detecting subclinical cardiac variations[11],
offering a more nuanced approach to risk stratification.

We hypothesize that latent features extracted from a
pre-trained deep learning model[7] can capture subclinical
cardiac signatures that refine the CAD phenotypes
identified in our previous work. Moreover, we aim to
investigate whether these latent features hold information
on the future incidence of cardiac outcomes. Finally, to
ensure clinical interpretability, we aim to correlate these
latent features with established ECG morphological
parameters used on our previous work[4].

2. Methods

2.1.  Study Population

Our study population included 1,928 individuals with a
diagnosis of CAD from the UK Biobank (UKB)
cohort[13], exclusion criteria and outcomes definition are
previously described [4]. Available information included
10-second ECG signals recorded at rest, electronic health
records and follow-up data (4-years). This work was
conducted under application number 8256.

2.2. ECG processing and latent feature
extraction



Table 1. Incidence of AF and HF diagnoses.

Clusterl Cluster 2 Fisher's
(n=1533) (n=395)
Outcome n % n % P-value
HF 54 3.5% 26 6.6% 0.01
AF 66 4.3% 35 8.9% <0.001

We performed minimal signal pre-processing on the I-
lead 10-second ECG recordings, which included low-pass
filtering and baseline wander removal, as described in [4].
The signals were subsequently segmented into 3-second
windows. Signal processing analysis was performed using
MATLAB (version R2023b).

A Contrastive Predicting Coding (CPC) unsupervised
model, pretrained on approximately 1.6 million ECG
recordings from various public access datasets, was
employed to extract latent features on each ECG segment.
The model architecture consisted of 6 convolutional layers
(kernel size 3, stride 2, and 1,024 channels), a context
aggregator consisting of a Gated Recurrent Unit (GRU)
layer, and a prediction head that included two
convolutional layers interleaved with a ReLU activation
layer. Specifically, this contrastive approach learns
representations by predicting the latent embeddings of the
future eight-time steps of ECG signals from past context.
The methodology of this model is described thoroughly in
[7], our implementation specifically utilized only lead | for
training and feature extraction. We obtained the latent
context features from the output of the GRU layer and
averaged them across the temporal dimension. These

features were then standardized using z-scores and used for
all subsequent analyses.

2.3.  Unsupervised clustering of latent space

To reduce signal noise and intra-subject variability, we
calculated mean latent features of the three segments for
each subject. Dimensionality reduction was then
performed using principal component analysis, retaining
the number of components required to explain 90% of the
total variance. The resulting feature space was used as
input for a k-means clustering algorithm, where k was the
optimal number of clusters determined using the Silhouette
method, replicating the design of our previous work [4].
Clustering analysis was conducted using MATLAB
(version R2023b).

2.4. Association with future risk and
clinical interpretability

The association between the identified clusters and
incident heart failure (HF) and atrial fibrillation (AF) was
evaluated using Fisher’s exact test. Differences in clinical
outcomes are reported as absolute numbers and
percentages. Statistical significance was defined as
P<0.05. Next, we evaluated the combined ability of the
latent features on predicting incident outcomes by
constructing multivariable logistic regression models using
the retained PCs as predictors.

Finally, to enhance clinical interpretability of the

Figure 1. Multivariable logistic regression models of PCs latent features for AF and HF.
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derived latent space we analyzed the correlation between
the latent PCs and the ECG parameters used in [4]. To
further elucidate the physiological characteristics captured
by the latent PCs, we generated representative median
heartbeats for individuals at the distributional extremes
(5th vs 95th percentiles) of each significant PC. To ensure
a robust morphological comparison the heartbeats from
both groups were aligned by their R-peaks.

3. Results

The study population had a median age of 70 years and
was 69.7% male. During the follow-up time, 101 cases of
AF and 80 cases of HF were diagnosed.

From each 3-second ECG segment, 1024 latent context
features were extracted. After dimensionality reduction,
194 PCs were retained and used as input for the clustering
model, which identified two clusters with different sizes:
Cluster 1 (n=1,533) and cluster 2: (n=395). Baseline
demographic and clinical characteristics (i.e., age, body
mass index, blood pressure, sex distribution, diabetes
diagnosis, alcohol/tobacco consumption) were similar
between clusters. However, these clusters showed
significant differences in the association with incident
outcomes. Cluster 2 exhibited significantly higher
incidence of both AF (8.9%, P < 0.001) and HF (6.6%,
P=0.01) compared to Cluster 1 (Table 1).

Multivariable logistic regression models assessed the
combined predictive power of the latent PCs. The most
significant features for AF included PC23, PC5, PC108,
PC48, and PC10, while for HF we identified PC6, PC88,
PC183, PC80, and PC5. Interestingly, we observed several
PCs were significantly associated for both outcomes, such
as PC5 exhibiting a negative effect and PC23, PC38 and
PC67 showed positive effects. These findings suggest a
shared latent cardiovascular risk profile. Estimates and P-

values are described in Figure 1.

Figure 2 illustrates the correlation between the most
significant latent features and the ECG parameters
calculated in [4]. PC5 correlated with QRS and T-wave
amplitude and morphology, and ST-segment amplitude,
while PC23 showed association with QT and RR interval.
Weaker correlations were observed for the PC38 with QRS
width and PC67 with Tpe interval and QRS amplitude.
This correlation results are consistent with the
morphological features observed in Figure 3, where the
median heartbeats for the 5™ and 95™ percentile for the PC6
and PC23 are illustrated.

4, Discussion and Conclusions

Our main finding is that latent features extracted from a
CPC model can identify two distinct clusters with
significantly different associations with incident AF and
HF conditions. Despite both clusters having similar
demographical and clinical profiles, individuals in cluster
2 exhibited almost a two-fold incidence of events.

However, we observed the risk stratification achieved in
our previous work with ECG parameters was more
pronounced[4]. This might suggest that for the specific k-
means clustering algorithm, ECG parameters may more
directly capture the variance required to define distinct
clinical subgroups. This discrepancy in clustering
performance may stem from the intrinsic nature of the
latent features. Unlike the morphological and time-interval
parameters used in our previous work, the CPC-derived
embeddings are based on correlation on future steps[7].
Consequently, these features may lack the specific type of
morphological information captured by our ECG features.

Our analysis revealed a complex risk architecture where
specific PCs were uniquely associated with AF or HF,
while others formed a shared latent risk profile. The

Figure 2. Correlation of PCs latent features and ECG parameters.
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Figure 3. Median heartbeat of PCs 23 and 6.
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correlation analysis revealed that several latent features
mapped directly with ECG parameters. The PCs that were
most significant in the association with risk of HF were
correlated with shortened RR intervals, inverted T-wave
polarity, prolonged QT intervals, and widened QRS
duration. These associations indicate a slower ventricular
conduction and prolonged repolarization pattern,
established markers of electrical remodeling and
progression to HF[3,4,14,15]. Similarly for AF, strong
correlation was observed with prolonged QT intervals,
widened QRS duration and shortened RR intervals,
consistent with a pattern of electrical instability which may
lead to AF[16]. Notably, some of the PCs significant for
AF did not show correlation with ECG parameters which
might be due to the absence of atrial-specific parameters.
As a limitation of this study, we mention the pre-
training objective of the CPC model. Unlike
autoencoders[12] or supervised models trained on specific
diagnostic labels/diseases[6,8], the CPC task focuses on
predicting the latent representations of the next eight
temporal steps of the signal. While this approach yields a
robust representation of signal dynamics, it may not focus
on the morphological features required for clinical
stratification as effectively as a task-specific model.
Given the configuration of k-means, which seeks to
create spheric clusters[17], this may not be the optimal
algorithm for the high-dimensional, non-linear structure of
the latent space. Other studies have used density-based[11]
or Gaussian Mixture Models[10] for the clustering task
which might offer better partition this complex feature
space. Future studies should explore whether alternative
clustering architectures can improve the risk stratification.
Additionally, to enhance the clinical interpretability future
work should investigate the correlation with atrial metrics.
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