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Explainable ECG analysis by explicit information
disentanglement with VAEs

Viktor van der Valk, Douwe Atsma, Roderick Scherptong and Marius Staring

Abstract— Objective: The interpretation of electrocardio-
gram (ECG) signals is vital for diagnosis of cardiac condi-
tions. Traditional methods rely on expert knowledge, which
is time consuming, costly and potentially misses subtle
features. AI has shown promise in ECG interpretation, but
clinically desired model explainability is often lacking in
literature.
Methods: We introduce an explainable AI method for ECG
classification by partitioning the variational autoencoder
(VAE) latent space into a label-specific and a non-label-
specific subset. By optimizing both subsets for signal
reconstruction and one subset also for prediction while
constraining the other from learning label-specific infor-
mation with an adversarial network, the latent space is
disentangled in a supervised manner. This latent space is
leveraged to create enhanced visualizations for ECG fea-
ture interpretation by means of attribute manipulation. As
a proof of concept, we predict the left ventricular function
(LVF), a critical prognostic determinant in cardiac disease,
from the ECG.
Results: Our study demonstrates the effective segregation
of LVF-specific information within a single dimension of
the VAE latent space, without compromising classification
performance. We show that the proposed model improves
state-of-the-art VAE methods (AUC 0.832 vs. 0.790, F1 0.688
vs. 0.640) in prediction and performs comparable to ground
truth LVF (concordance 0.72 vs.0.72) in predicting survival.
Conclusion: The model facilitates the interpretation of LVF
predictions by providing visual context to ECG signals,
offering a general explainable and predictive AI method.
Significance: Our explainable AI model can potentially re-
duce time and expertise required for ECG analysis.

Index Terms— Deep Learning, ECG, Explainable AI, Left
Ventricular Function, Myocardial Infarction, Variational Au-
toencoder,

I. INTRODUCTION

THE electrocardiogram (ECG) stands as a widely em-
ployed method for evaluating cardiac morphology and
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function by capturing the heart’s electrical signals with mul-
tiple electrodes. Clinicians rely on ECG data for diagnostic
and monitoring purposes in various cardiac syndromes, often
obtaining a 12-lead ECG as standard practice for disease di-
agnosis and progression tracking. However, the interpretation
of ECG signals traditionally requires expert knowledge, where
physicians identify specific patterns associated with disease.

Despite the proficiency of expert analysis, certain crucial
information within a 12-lead ECG may elude human interpre-
tation, prompting the exploration of alternative methodologies.
Deep learning has demonstrated its efficacy in interpreting
ECG signals for various classification tasks, among others,
atrial fibrillation, tachycardia, and bradycardia detection [1],
[2]. Notably, recent advances in explainable artificial intel-
ligence (AI) algorithms have increased the ability to reveal
complex features within ECG signals [3]–[6]. In a medical
setting, the transparency and interpretability of AI algorithms
are of paramount importance, given the necessity to understand
and trust decision-making processes [2].

In this context, β-VAEs [7] have emerged as unsupervised
and explainable feature generators for ECG analysis. Studies
have shown that a β-VAE trained to reconstruct ECG sig-
nals can extract features that become more interpretable by
visualizing the reconstructed latent space with the decoder
of the β-VAE [3], a process called attribute manipulation.
Analysis of these features resulted in a subset that was
shown to be predictive of cardiac function, several of which
were similar to known indicators of cardiac health. However,
features generated for reconstruction purposes only may not be
optimally suited for label-specific predictions, such as cardiac
function estimation.

This paper aims to enhance the specificity and predictive
performance of latent features derived from ECG signals. The
task chosen for this optimization is the assessment of left
ventricular function (LVF), a critical prognostic determinant
in cardiac disease [8]. Traditionally, LVF assessment necessi-
tates advanced imaging techniques and expert interpretation,
however it was shown that ECG signals contain information
on LVF as well [9]. A clear understanding of the relationship
between LVF and ECG characteristics could facilitate patient
monitoring. Thereby, derivatives of the ECG signal show
promise in remote monitoring with smart devices. Leveraging
these two could enable remote monitoring of LVF in patients,
especially in home-based settings.

We propose a method to partition the latent space into label-
specific and non-label-specific parts, aiming to enhance the
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specificity of the latent features. By optimizing both part for
signal reconstruction and only one for label (LVF) prediction,
while constraining the other part from learning label-specific
information through an adversarial network, we aim to en-
hance the specificity of these features. By means of attribute
manipulation, selective sampling from the label-specific latent
space only, this latent space can be translated into ECG
features. These features are tailored to each individual ECG
and demonstrate the algorithm’s classification rationale and
put the heartbeat in a population context of heartbeats with
varying LVF status, thereby enhancing interpretability.

In summary, this study improves the subdivision of the
latent space, resulting in supervised disentanglement of label-
specific features, which allow improved visualizations by
means of attribute manipulation. These visualisations improve
interpretability of label-specific features, by illustrating the
classification rationale specific to each case. The features are
additionally validated with survival analysis. This research
extends previous research presented at the MICCAI 2023
conference [10].

A. Related work

Representation learning, which involves learning subspaces
of data that compress or disentangle input data, is used in both
generative and explainable AI (XAI). This dynamic field has
produced several prominent algorithms and methods, including
but not limited to StyleGANs, VAEs, and contrastive learn-
ing [11]–[14]. These techniques have also been successfully
applied in the medical domain, particularly in ECG analysis
[3]–[5], [15]–[18].

In addition to these, other XAI methods have proven ef-
fective in ECG analysis. For a comprehensive review of these
methods, we refer to Ayano et al. (2022) [19]. Wagner et al.
(2024) [20] also provide an extensive analysis of various XAI
techniques for ECG feature extraction. These studies under-
score the importance of deriving clinically relevant insights
from AI models applied to ECGs.

This paper builds on the principles of XAI and disentangle-
ment research to enhance the interpretability and usability of
representations learned by VAEs. In recent years, VAEs have
gained significant attention for their ability to generate and
learn meaningful data representations. This section reviews the
application of these methods with labeled data for classifica-
tion tasks, with a particular focus on explainable and ECG
classification.

Several studies showed the use of classic VAEs as an unsu-
pervised ECGs feature extractor [4], [5], [9], [17], [18]. These
features showed to be predictive for cardiac function, myocar-
dial infarction, mortality and several arrhythmias. Moreover,
creating artificial data by sampling from the VAE latent space
was shown to be a successful ECG data augmentation strategy
[6]. The more recent vector-quantized VAE (VQ-VAE) was
also successfully used as an unsupervised feature extractor for
arrhythmia classification and data augmentation [21].

However, all the studies mentioned above assume that
optimizing features for reconstruction implicitly leads to the
optimal aggregation and isolation of label-specific information

in these features. This is not the case as was shown in Van
der Valk et al. (2023) [10]. Moreover, the use of a single
latent space from which relevant dimensions are selected after
training, a method used in some of the studies mentioned
above, has its limitations w.r.t. interpretability. It might allow
visualization of ECG features important for label prediction by
means of attribute manipulation, but label-specific information
will most likely be spread over several dimensions, which pos-
sibly show complex interaction. This hampers interpretability
of these features.

The use of supervision in VAE training could potentially
address these issues. Conditional VAEs (CVAEs) [22], classifi-
cation autoencoders [23], the Attribute-based Regularized VAE
[24], the Task-Specific VAE [10] and especially the conditional
subspace VAE [25], all use a form of supervision and share
some similarities with the model proposed here. These include
the use of labeled data, the supervised structuring of the latent
space, and an adversarial component that prevents information
from being captured in a non label-specific latent space.
Several studies have explored the use of these models in ECG
analysis. However, the majority of these studies focused solely
on the generation of ECG data, rather than the classification
or interpretation of the ECG signal [6], [26]–[29]. To our
knowledge only one study explored the use of supervision
in ECG classification with a VAE. Gyawali et al. (2018) [30]
classified the origin of ventricular activation in the 12-lead
ECG with two siamese CVAEs. They extended the CVAE
pipeline with a separate deterministic encoder that learned to
predict the label, which was input to the CVAE encoders.

Our approach differs from previous work by explicitly
optimizing a VAE architecture with a labeled subspace for
classification. We introduce novel elements such as using
different KL-divergence loss weights for these subspaces and
leveraging the interpretability of VAEs for generating signal-
specific rather than population-specific explainable ECG visu-
alizations in the context of classification.

II. METHODS

A. Data

The study uses a partially labeled dataset. The unlabeled
subset comprises 119,886 raw 10-second, 12-lead ECG signals
recorded at a frequency of 500Hz. These signals are obtained
from 7,255 patients (71% male, age 64.2 ± 12.2) between
2010 and 2022 at the Leiden University Medical Center in the
Netherlands, who were diagnosed with acute coronary syn-
drome. The labeled subset set consists of 33,610 labeled ECGs
from 2,736 patients within the same cohort. The label, the level
of LVF impairment, consists of 4 ordinal categories: normal,
mild, moderate, and severe. Each ECG is labeled through
visual assessment of echocardiograms conducted within 3 days
before or after the ECG recording. A 1-day instead of a 3-
day margin is applied when the ECG is obtained within two
weeks after cardiac intervention, as the LVF can still change
considerably in the first weeks after cardiac intervention.
Cases in which a cardiac intervention occurred between ECG
and echocardiography are excluded. The relative frequencies
of the LVF status were 32.8%, 56.1%, 9.0% and 2.1% for
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Fig. 1: Overview of our Processing and Prediction Frame-
work: Initially, the 12-lead ECGs are split into individual
heartbeats using RPNet [31]. Subsequently, the heartbeats are
sieved in two stages: the first based on individual magnitude,
identifying low magnitude as indicative of a flat signal, and the
second utilizing autocorrelation to assess correlation with other
heartbeats from the same signal. The remaining heartbeats
(indicated with green dots) are used as input for the VAE. The
encoded representation, the latent space z, is divided in a label-
specific part, zls (green part), and non label-specific part, znls
(blue part), i.e. z=[zls, znls]. While zls directly contributes to
LVF label prediction with loss Lpred ls, znls serves as input for
an adversarial MLP also predicting the LVF label, introducing
loss Lpred nls. The decoder’s input is sampled from z to
produce the reconstructed heartbeat, subsequently compared
with the original input heartbeat, resulting in the reconstruction
loss Lrecon.

respectively normal, mild, moderate, and severely impaired
LVF. For both data sets, an all-cause mortality indicator is
available, at least up to three years after hospital discharge,
which was used in survival analysis. The study protocol,
identified as nWMODIV2 2022006, received approval from
the institutional review board, which waived the requirement to
obtain informed consent for the use of ECG data of individual
patients.

B. Data preprocessing

The initial processing of raw ECG signals involves segmen-
tation into individual heartbeats, defined as the 400-ms inter-
vals preceding and following the R-peak, the prominent peak
in the ECG denoting ventricular depolarization, see Figure 1.
All recordings are resting ECGs and the average RR-interval in
the dataset is 801ms. Therefore, a 800-ms interval is chosen
to strike a balance between selecting too little and thereby
missing parts of the heartbeat and selecting too much and
including a previous or subsequent beat. This segmentation is
achieved through a peak detection method inspired by RPNet,
a U-Net-structured CNN with inception blocks. RPNet was
previously trained by the authors on manually labeled peak
locations, as detailed in Vijayarangan et al., (2020) [31]. The
R-peaks are determined in lead I for all leads to prevent
misalignment when the peaks are not accurately detected.

The segmented heartbeats can contain noisy or flat signals
in one or more of the leads, which is the result of improp-
erly attached electrodes or movement during acquisition. To
automatically discard these heartbeats and ensure that only
relevant and adequately characterized heartbeats contribute to
subsequent analyses and model training, a magnitude and
an autocorrelation sieve are applied. The magnitude sieve
eliminates heartbeats that show a zero signal by sieving out
heartbeats with an average magnitude below 1. The auto-
correlation sieve discards signals exhibiting a mean auto-
correlation between heartbeats below a predefined threshold.
This threshold is set to 0.85, which is determined by visual
inspection of the resulting heartbeats. A lower threshold does
not remove enough noise signals, whereas a higher threshold
removes too many true heartbeats that show naturally occur-
ring variation. ECG signals can potentially show various forms
of arrhythmia, which would result in a low autocorrelation
between heartbeats. As the aim of this study is to look at the
morphology of the heart, these irregular heartbeats are also
sieved out. Following the application of these sieves, as a form
of data augmentation, a maximum of 5 from the 2-8 retained
heartbeats are randomly added to the training set, this number
is chosen to prevent over-representation of similar heartbeats
from the same ECG signal. Here a heartbeat consists of all 12
leads of the ECG signal and whenever 1 lead shows a loud or
flat signal, the whole heartbeat is discarded, meaning all 12
leads.

C. Model overview

We introduce an innovative method for the analysis of ECG
signals by employing a partial β-VAE, see Figure 1. We pro-
pose an extension of the β-VAE pipeline to incorporate labeled
data, such that classification can be done with the encoder of
the VAE, contrary to conditional VAEs. The primary objective
of this approach is to promote the disentanglement of label-
specific information within the latent representation, which
can then be used to improve ECG signal classification. By
sampling from a disentangled latent space, it becomes feasible
to generate a spectrum of points exhibiting diverse label-
specific information while maintaining consistent non label-
specific information. Subsequent reconstruction of these sam-
pled points using the VAE decoder results in a variety of ECG
signals, which prove valuable for explainability purposes in
ECG signal classification. In generative AI, this reconstruction
process is also referred to as attribute manipulation, which will
here be used to add explainability to the classification process.

To do so, the latent space, denoted z, is divided into two
distinct domains: i) The label-specific latent space (zls) and
ii) the non-label-specific latent space (znls), see Figure 1,
with dimensions of Lls and Lnls respectively. To extract label-
specific information from the ECG signal, the VAE is extended
at the bottleneck with a single fully connected layer and a
softmax layer. These additional layers are trained to predict the
label based on zls. Consequently, the encoder is tasked with
estimating both prior distributions p(zls) and p(znls) as well
as inferring the label y from the input heartbeat X , modeled
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as:

zls, y ∼ q(zls, y|X) with y ∼ q(y|zls) and znls ∼ q(znls|X).

The decoders objective, reconstruction of the input X , remains
consistent with that of the original VAE and is defined as:

X ∼ p(X|q(z|X)).

The method is designed to be portable to other VAE
architectures, but will here be showcased with a relatively
basic convolutional VAE. The encoder of the VAE is a CNN
with 8 1D convolutional layers followed by 6 2D convolutional
layers. This design choice ensures that the leads of the ECG
signal undergo mixing only after traversing multiple layers,
preserving the integrity of the temporal features of the signal.
The decoder is an exact mirror of the encoder. The latent space
at the bottleneck has size Lls + Lnls and the complete VAE
consists of 18.6M parameters in total.

To further enforce the isolation of label-specific information
in zls, the VAE is jointly optimized with an adversarial
multilayer perceptron (MLP). This adversarial network is
tasked with predicting the label exclusively from znls, see
Figure 1. The negative of this adversarial loss is integrated
into the overall VAE loss, discouraging any capture of label-
specific information in znls. Through this dual optimization
strategy, label-specific information is explicitly disentangled
within the latent space z, providing a comprehensive and
effective representation for the analysis of ECG signals.

D. Training of the Partial β-VAE

Training of the partial β-VAE involves the incorporation
of multiple loss terms. These encompass: i) Lrecon, the mean
squared reconstruction error (MSE) quantifying the dissimi-
larity between the input and output ECG heartbeat, ii)Lklls

the Kullback-Leibler (KL)-divergence loss, DKL(P ||Q) char-
acterizing the disparity between the posterior, q(z|X), and the
prior, p(z), which is set to be N (0, 1) , iii) a prediction loss
for label prediction derived from zls, and iv) an adversarial
prediction loss for label prediction originating from znls. The
first two losses are calculated for the whole dataset and the
prediction loss only for the labeled subset.

Consistent with the original work by Higgins et al. [7],
the KL-divergence loss is weighted by a β factor. The KL-
divergence loss is only calculated for the label specific latent
space and is calculated as DKL(p(zls)||q(zls|X))

The labeled subset of the data is annotated with ordinal
labels (normal, mild, moderate, and severe impairment), there-
fore the ranked probability loss function, Lrps proposed by
Galdran [32] is used here. This function is defined as:

Lrps =
1

nk

N∑
i

K∑
j

∥Pij − Yij∥22,

where K denotes the number of classes, N represents the
number of patients, j the one-hot encoded label position, Yi

signifies the ordinal encoding of the labels ([0,0,0,1], [0,0,1,1],
[0,1,1,1], [1,1,1,1]), and Pi corresponds to the cumulative
sum of the output class probabilities. We propose to use a

combination of the ranked probability loss and the categorical
cross-entropy loss, given as:

Lpred = Lrps + LCE.

This choice is informed by optimization experiments which
demonstrated its effectiveness. Two prediction losses are used
in training. Lpred ls is employed for label prediction from zls
and is weighted with a γls factor. Lpred nls is employed for
the adversarial MLP predicting the label from znls and is
weighted with a negative γnls factor to deter the assimilation of
label-specific information in znls. The MLP is optimized with
the same Lpred nls. This results in the MLP minimizing the
prediction loss and the VAE maximizing the prediction loss
of the MLP. Since the VAE controls the information that is
contained in znls, maximizing the prediction loss of the MLP
will result in minimizing the label specific information in znls.
However, given the dynamic nature of znls during training and
therefore the varying input to the MLP, the MLP is trained for
5 epochs after each epoch of the VAE training phase.

The overall loss function for the VAE is defined as follows:

LVAE = Lrecon + βlsDKL(p(zls)||q(zls|X)) + γlsLpred ls−
γnlsLpred nls.

For the MLP, the loss function is expressed as:

LMLP = Lpred nls

E. Feature visualization
To visually explore the pertinent features in the ECG signal

crucial for LVF prediction, we employ attribute manipulation
on a per-signal basis. The application of attribute manipulation
in this context differs from the conventional methods employed
in data generation. Here it provides a distinctive approach
that offers a clear per-signal visualization of the classification
rationale adopted by the encoder. The procedure involves en-
coding each ECG heartbeat into znls and zls, and subsequently
decoding the encoded signal to obtain the reconstructed signal,
denoted as Srecon. We assume Lls = 1 here, but other
sampling strategies could be adopted when Lls > 1. The
above mentioned procedure is applied iteratively to six distinct
sets of zls, covering the mean values for the four LVF groups
(S1, S2, S3, S4), as well as two additional ”extreme” zls values.
These extreme values are obtained by sampling the mean of
the severely impaired LVF group minus its standard deviation
(S0) and the mean of the normal LVF group plus its standard
deviation (S5). Consequently, a spectrum of reconstructed
ECG signals is generated, representing various degrees of
LVF impairment. This spectrum can be interpreted as the
algorithm’s utilization of distinct features within the signal for
LVF classification.

F. Survival analysis
In addition to the primary evaluation metrics, we perform

a supplementary analysis to validate the performance of the
latent space representation (zls) by means of survival analysis.
The rationale behind this approach lies in understanding that
LVF status serves as a significant indicator of cardiac health
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and exhibits predictive value for mortality. The anticipation
is that the performance of zls in predicting mortality will
align closely with the predictive capacity demonstrated by
the LVF labels. Survival analysis assesses the time until an
event of interest occurs, such as mortality, and compares
survival distributions between different groups. The primary
survival analysis method employed in this study is the Kaplan-
Meier estimator, a non-parametric approach, which provides
an estimate of the survival function. The log-rank test is used
to compare survival curves between different groups. The
survival function, denoted as S(t), represents the probability of
survival beyond time t. The evaluation of the survival function
is done with the concordance index, which evaluates how
well a model ranks the survival times of patients. The Cox
proportional hazards model is also applied to assess the impact
of zls on survival outcomes while considering covariates. The
model is represented as:

h(t) = h0(t) exp(βcoxzls),

where h(t) is the hazard function at time t, h0(t) is the
baseline hazard function, βcox represents the hazard ratio for
zls [33].

III. EXPERIMENTS AND RESULTS

A. Experiments
1) Experimental settings: In all experiments the combined

latent space, z, with a dimensionality of L was set to 600, large
enough to ensure it was not a limiting factor in reconstruction.
Both data sets were combined and divided into a training set
(85%) and a test set (15%). The 5-fold cross-validation was
performed with the training set with again a ratio of 85:15
between the training and the validation set. The validation set
was split into two equal subsets, one used for early stopping
and one used for hyper-parameter optimization. All data splits
were grouped by patient, which means that no patient in
the training set was used in the validation or test set, and
stratified by label in the case of labeled data splits. Training
was done until convergence, i.e. until the loss on the validation
set stopped improving for 30 epochs. To avoid overfitting,
balanced sampling, early stopping, regularization with the
Adam optimizer with weight decay, and L2 regularization
of the fully connected layer were used. To prevent gradient
explosion He initialization was used [34], to prevent overflow,
the standard deviations of the posterior q(z|X) were restricted
to a [-10, 3] interval before the sampling step.

The networks were build and trained in the PyTorch 2.1.0
framework and trained on a Quadro RTX 6000 GPU with
CUDA 12.1 [35], [36]. The implementation of our models
will be made publicly available via GitHub at https://
github.com/ViktorvdValk/Interpretable_VAE_
for_ECG.

B. Feature evaluation
The LVF predictions of the models are evaluated with 3

classification metrics. The Area Under the Receiver Oper-
ator Characteristic Curve (AUROC) and the F1 score are
used for evaluation of the binary split (severe/moderate vs.

mild/normal), given the clinical significance of this split and
to facilitate comparison with prior studies. Significant dif-
ference between AUROC scores was calculated as proposed
by DeLong et al. (1988) [37]. Another prediction metric,
the relative correctness rate, RCR, that takes into account
the ordinality of the classes, based on the prediction MSE
between the predicted and the ground truth class [38], is used
to assess the ordinal classification of the label. The RCR is
class balanced and is designed so that the perfect classification
results in RCR = 1 and mean classification, (ŷ = y), results
in RCR = 0. RCR is defined as follows:

RCR = 1− 1

4

3∑
j=0

1

Nj

∑
i∈Sj

(
yi − ŷi
yi − y

)2

.

Here, Sj is the set of all patients with LVF label j with
j = severe, moderate, mild, normal and Nj = |Sj |. The
reconstruction of the heartbeats by the models is evaluated
with the mean squared reconstruction error (MSE). For inter-
model comparison of the MSE, the paired t-test was used. For
95% confidence interval calculation bootstrapping was used
with n = 1000. In line with the output class used in Lrps, the
cumulative sum of the models’ output class probabilities was
used to predict the final class for RCR calculation.

1) Impact of the β factor: In this experiment, we investigate
the influence of βls. Notably, given that the pipeline does
not incorporate sampling from the posterior q(znls|X), it can
be argued that structuring this portion of the latent space
is unnecessary, particularly if it compromises reconstruction
quality, as observed in prior work by Van der Valk et al.
(2023) [10]. Consequently, in the proposed algorithm, βnls

was set to 0. Furthermore, we examined the impact of βls

on prediction and reconstruction to elucidate the importance
of structuring and disentangling the latent space (zls), which
is already subjected to a prediction loss.

2) Impact of the label-specific split: We investigated the
advantages of implementing a label-specific split within the
latent space z. Although such a split constrains both recon-
struction and prediction capacity, it reduces the susceptibility
to overfitting and enhances the interpretability of the model,
particularly when Lls is small. Lls plays a crucial role in
promoting structure within zls, thereby facilitating sampling
and enhancing the interpretability of the reconstructed signals.
The interpretability of the visualization of the features made
with attribute manipulation is directly related to Lls, because
of the influence of the dimensionality of zls on the sampling
process. Interaction effects between dimensions of zls when
Lls > 1, make attribute manipulation less interpretable.

3) Ablation experiments: In the ablation experiments we
investigate the influence of the prediction loss and the adver-
sarial network. Both extensions to the pipeline promote either
direct of indirect disentanglement of the prediction relevant
information in the input. Since L is large and thus not a
limiting factor, it can be assumed that the addition of the
adversarial network forces the model to use the label-specific
latent space for signal reconstruction also. This is assessed
using a linear regression classifier that aims to predict the
label from znls.
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TABLE I: Results for different values of βls, the KL-divergence
weight for zls, are shown here for both reconstruction (MSE)
and prediction (AUROC, F1 and RCR). All metrics show
the average (and 95% confidence interval) of 5-fold cross-
validation on the validation set. Significant difference, p <
0.025, in the AUROC and MSE metrics from βls=0 for all
folds is indicated with an asterisk (*)

βls MSE ↓ AUROC ↑ F1 ↑ RCR ↑
0 2.10

[2.09-2.11]
0.868

[0.864-0.871]
0.737

[0.734-0.741]
0.637

[0.630-644]
0.1 2.96*

[2.95-2.97]
0.811*

[0.808-0.815]
0.596

[0.592-0.600]
0.498

[0.490-0.505]
0.5 2.37

[2.36-2.38]
0.501*

[0.495-0.506]
0.469

[0.468-0.469]
0.275

[0.267-0.283]
1 2.30

[2.29-2.31]
0.556*

[0.551-0.556]
0.469

[0.469-0.469]
0.275

[0.266-0.283]

4) Baseline methods: To give context to the reconstruction,
prediction and interpretability values, our method is compared
against both principal component analysis (PCA) and the VAE
XAI as proposed in Van der Leur et al. (2022) [9]. PCA can
be considered a general, unsupervised deterministic feature
extractor that does not use any form of machine learning.
The VAE XAI is a β-VAE that is specifically designed for
unsupervised feature extraction from the ECG signal. The
features generated with the VAE XAI were shown to contain
information of the LVF in a general population of patients
who had an ECG taken. In their paper the authors reported an
AUC of 0.90 when predicting the LVF from the 12-lead ECG
with a latent space of 32. The authors also reported a similar
AUC (0.91) for a supervised CNN trained with the LVF labels.
Since both PCA and the VAE XAI do not have a classification
layer at the bottleneck, a linear regression classifier is used to
predict the label from z. For PCA the space spanned by the
principal components is used as the latent space z with L the
number of principal components used for reconstruction and
prediction.

C. Results

1) Hyperparameter tuning: The prediction and reconstruc-
tion tasks have different complexity and data scales. Several
adjustments are made to prevent overfitting on the prediction
task, which is less complex and is trained on a subset of
the data used for reconstruction. γls is set to 0 for the first
100 epochs, then gradually increases to 2 in the 400 epochs
following. This schedule helps to prevent overfitting on the
prediction task while ensuring enough training epochs for
the reconstruction task. The value of γls is tuned to achieve
optimal network prediction performance. γnls is set to 15
from the beginning, as the adversarial loss does not promote
overfitting of the prediction task. Setting γnls larger than 15
did not improve the capture of any label-specific information
in Lnls.

Table I presents the impact of the KL-divergence weight
βls on reconstruction and prediction. Both reconstruction and
prediction seem better with small values of βls. The results
indicate that reconstruction and especially prediction are lim-
ited by the KL-divergence loss. βls = 0 gave both best

TABLE II: Results for different values of Lls (and thus Lnls,
given that Lls + Lnls = 600) are shown here for both
reconstruction (MSE) and prediction (AUROC, F1, RCR).
Setting Lls = 600 essentially means not spitting L, since the
whole latent space is then optimized for both reconstruction
and prediction. All metrics show the average (and 95% confi-
dence interval) of 5-fold cross-validation on the validation set.
Significant difference, p < 0.025, in the AUROC and MSE
metrics from Lls=1 for all folds is indicated with an asterisk
(*)

Lls MSE ↓ AUROC ↑ F1 ↑ RCR ↑
1 2.10

[2.09-2.11]
0.868

[0.864-0.871]
0.737

[0.734-0.741]
0.637

[0.631-0.643]
2 2.02

[2.01-2.03]
0.871

[0.868-0.874]
0.726

[0.722-0.730]
0.637

[0.631-0.643]
5 1.99

[1.98-2.00]
0.872

[0.870-0.875]
0.723

[0.720-0.727]
0.658

[0.652-0.664]
600 1.87

[1.86-1.88]
0.873

[0.870-0.876]
0.719

[0.715-0.722]
0.649

[0.643-0.654]

reconstruction and best prediction results. Therefore, βls = 0
will be used in the rest of the paper.

Table II summarizes the effect of Lls on reconstruction and
prediction. Setting Lls = 600 effectively eliminates the split,
as the full latent space is optimized for both reconstruction and
prediction. Reducing Lls imposes a constraint on the VAE’s
reconstruction capacity; however, this effect is minimal, as
indicated by the slight reduction in reconstruction quality for
Lls = 1 compared with Lls > 1. Importantly, lowering Lls

does not compromise prediction performance, suggesting that
all label-specific information can be captured in a single latent
dimension. Minimizing Lls also improves interpretability (as
explained in the Experiments section) and, for these reasons,
Lls = 1 was used in all subsequent experiments.

2) Ablation results: Table III shows the results of different
ablations on the pipeline. Separately, the prediction loss and,
to a lesser extent, the addition of the adversarial network
contribute to enhancing the prediction quality of the model.
When both are used together, the addition of the adversarial
network provides negligible benefit to the prediction quality
over a network trained solely with the prediction loss. How-
ever, less overfitting was observed on the prediction task,
when both were used in the pipeline. The benefit of each
addition on prediction performance comes at the cost of the
reconstruction quality, which is slightly reduced by each term.
This degradation occurs because these components impose
additional constraints on the latent space z. The prediction
quality from znls, as indicated by AUROC (Adv. Netw.) in
Table III, is similar in models with and without the adver-
sarial loss. Preventing the model from capturing label-specific
information in znls appears to be a challenging task in which
the adversarial network does not fully succeed.

3) Benchmark comparison: Table IV shows the comparison
of the proposed model with PCA and with the VAE XAI
[9] on the test set. The proposed model performs better than
the state-of-the-art in LVF prediction, using only one latent
dimension to store label specific information, instead of 32
(VAE XAI) or 600 (PCA). This confirms that the proposed
model can successfully separate (the majority of) the label
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TABLE III: Results of ablation experiments. The influence of the adversarial network (adv. netw.) and γ are shown here for
both reconstruction (MSE) and prediction (AUROC, F1, and RCR). The AUROC for the label prediction with znls is also
shown. All metrics show the average (and 95% confidence interval) of 5-fold cross-validation on the validation set. Significant
difference, p < 0.025,in the AUROC and MSE metrics from the proposed method for all folds is indicated with an asterisk
(*)

Adv. Netw. γls MSE ↓ AUROC ↑ AUROC (znls) ↓ F1 ↑ RCR ↑
Yes 2 2.10 [2.09-2.11] 0.868 [0.864-0.871] 0.857 [0.854-0.860] 0.737 [0.734-0.741] 0.637 [0.631-0.642]
Yes 0 0.96* [0.94-0.98] 0.753* [0.743-0.764] 0.837 [0.829-0.844] 0.668 [0.659-0.677] 0.442 [0.435-0.450]
No 2 1.92 [1.91-1.92] 0.870 [0.867-0.873] 0.853 [0.849-0.856] 0.720 [0.716-0.724] 0.630 [0.622-0.637]
No 0 0.82* [0.82-0.83] 0.535* [0.530-0.540] 0.853 [0.850-0.857] 0.469 [0.469-0.469] 0.274 [0.265-0.282]

Fig. 2: Survival curves depicting the stratification of patients
into distinct groups based on ECG-derived and ground truth
LVF predictions. Clear delineation is observed among the four
distinct groups. This underscores the predictive capacity of
both ECG-derived and ground truth LVF in delineating sur-
vival outcomes, revealing significant differences in mortality
risk among the identified groups.

specific information and reduce it to 1 dimension. While PCA
gives reasonable classification and superior reconstruction
results, the visualization of the 600 first principal components
is cumbersome and therefore not suitable for meaningful
attribute manipulation. On the other hand, the proposed model
outperforms the VAE XAI, which would be more suitable for
meaningful attribute manipulation, by a large amount in both
reconstruction and prediction.

4) Cox regression: Table V presents a comparative anal-
ysis between two Cox regression models, one using ground
truth LVF and the other the ECG-derived LVF prediction.
The concordance index and the significance of hazard ratios
demonstrate nearly identical performance between the two
models. This observation suggests that the ECG-derived LVF
captures mortality-related information in patients to a similar
extent as the LVF obtained from echocardiograms. Addition-
ally, Figure 2 illustrates the predictive value of ECG-derived
LVF for mortality outcomes in patients following myocardial
infarction.

5) Evaluation of interpretability: Figure 3 shows the his-
tograms of predicted LVF values for the 4 LVF groups. The
histograms show separation to a reasonable extent, especially

Fig. 3: The histograms show the distributions of the contin-
uous ECG-derived LVF values for the 4 LVF groups. The
distributions show some overlap, which indicates that the
prediction is reasonably good but not perfect. The means of
the distributions are indicated with a dotted line.

between the mild and the moderate groups. The ground
truth LVF is a continuous value, which is discretized in 4
groups in clinical practice. The predicted LVF reintroduces
this continuous character, which might be of additional value.

Figure 4 presents a visualization example of attribute ma-
nipulation of the LVF label using the proposed VAE. Notably,
a reconstruction closely tracking the original heartbeat can be
seen as a confirmation that the heartbeat is not an out-of-
distribution heartbeat, thereby reinforcing the prediction’s re-
liability. The attribute manipulation showcases the distribution
of heartbeats across a spectrum of ECG-derived LVF values,
which essentially puts the heartbeat in a population context.
Heartbeats shaded in yellow to green represent heartbeats clas-
sified as having minimal LVF impairment while retaining non-
LVF-related characteristics. Conversely, heartbeats shaded in
yellow to dark red indicate greater impairment. The magnitude
of the discrepancy between the red and green heartbeats under-
scores the importance of leads and peaks within the heartbeat
for LVF classification. This observation not only elucidates
the model’s main reason behind the classification decisions,
but could also be viewed as potential avenues for desired
future improvement. Visual inspection of the ECG spectra by
an interventional cardiologist confirmed the relevance of the
indicated ECG features. Several patterns known to indicate
LVF status where recognized in various attribute manipulated
heartbeat distributions, see Figure 4. Some of these patterns
are routinely used by cardiologists to estimate cardiac function,
others were known but not used, since the patterns are deemed
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TABLE IV: Comparison with benchmarks. The proposed method is compared with PCA and the VAE XAI network from
[9] for both reconstruction (MSE) and prediction (AUROC, F1 and RCR). The AUROC and F1 scores are shown for the
prediction of the normal/mild vs. the moderate/severe groups. All metrics show the average (and 95% confidence interval) of
5-fold cross-validation on the test set. Significant difference, p < 0.025, in the AUROC and MSE metrics from the proposed
method for all folds indicated with an asterisk (*)

Model Lls (L) MSE ↓ AUROC ↑ F1 ↑ RCR ↑
Proposed 1 (600) 2.24 [2.18-2.301] 0.832 [0.829-0.834] 0.688 [0.681-0.695] 0.591 [0.581-0.601]

VAE XAI [9] 32 (32) 32.8* [32.0-33.5] 0.790* [0.786-0.794] 0.640 [0.632-0.647] 0.524 [0.514-0.533]
PCA 600 (600) 0.356* [0.354-0.356] 0.815* [0.812-0.818] 0.659 [0.652-0.665] 0.480 [0.470-0.489]

TABLE V: Hazard ratios for Cox regression models incorpo-
rating both ground truth LVF and ECG-derived LVF, with age
included as an additional predictor. All predictors exhibit high
significance levels (p < 0.005), and the concordance index
for survival prediction using ground truth LVF versus ECG-
derived LVF predictions demonstrates remarkable similarity.
These findings suggest that ECG-derived LVF holds promise
as a reliable alternative to echocardiogram-derived ground
truth LVF in predicting mortality outcomes

var hazard ratio p concordance ↑
age 1.98 [1.63-2.40] < 0.005 0.72
ECG-derived LVF 0.59 [0.48-0.71] < 0.005
age 2.04 [1.69-2.47] < 0.005 0.72
ground truth LVF 0.59 [0.48-0.73] < 0.005

too subtle to estimate from a single ECG without context.
The model’s features are complementary to already known
ECG patterns that are associated with reduced LVF, such
as LBBB and the presence of Q-waves. In such cases the
models’ features can help with the quantitative assessment of
pathological patterns. For example, the T-wave is an important
prognostic factor in myocardial infarction, but quantitative
assessment of T-wave changes due to myocardial infarction
is currently not part of the clinical routine in the non-acute
setting. In this case the models output, see Figure 4 was
considered helpful in providing context.

IV. DISCUSSION

Explicit disentanglement of the latent space through super-
vised learning enhances interpretability in classification tasks
when combined with attribute manipulation. In this study, we
illustrate this approach using a VAE framework, where we i)
partition the latent space into a label-specific and non-label-
specific part, ii) introduce a classification loss, and iii) leverage
an adversarial network into the VAE optimization process.
Ablation experiments confirm that these extensions collec-
tively contribute to achieving classification (AUROC= 0.832)
and reconstruction performance (MSE= 2.24) comparable or
better than the state-of-the-art, while adding interpretation
possibilities. i) Previous studies have shown that incorporating
a classification loss encourages the explicit encoding of infor-
mation relevant for classification in the latent space, thereby
enhancing classification accuracy compared to unsupervised
methods [10], [23]. ii) Subdividing the latent space does
not necessarily improve classification performance. However,
it isolates and compresses label-specific information into a
dedicated part of the latent space, which can be as small as

one dimension (see Table II). This partitioning helps visualize
the model’s decision-making process through attribute manip-
ulation. It places the signal in a population context, making
signal-specific features important for classification easier to in-
terpret (see Figure 4). The signal-specific projections used here
differ from the population-specific ECG features described by
Van der Valk et al. (2023) and Van der Leur et al. (2022)
[9], [10]. iii) The inclusion of an adversarial network serves
as a regularization mechanism to prevent overfitting on the
classification task, as was shown in Table III.

Survival analysis confirmed the effective isolation of LVF-
specific information through the ECG-derived LVF, demon-
strating performance comparable to the ground truth LVF, as
presented in Table V. Although the ECG-based LVF does
not serve as a perfect LVF predictor (AUROC = 0.832),
it encapsulates all survival-related information present in the
ground truth.

The KL-divergence loss in our framework does not provide
the same benefits as in conventional VAEs, as evidenced by the
negligible impact of the KL-divergence loss weight (β) in our
experiments. This can be attributed to two factors: Firstly, for
attribute manipulation we do not sample from the non-label-
specific part of the latent space, therefore disentanglement
of this part seems unnecessary. Secondly, the prediction loss,
already promotes a structure on zls, as can be seen in Figure 3.
Namely, the models prediction is a linear combination of zls
(a single fully connected layer without activation). This likely
diminishes the benefit of the KL-divergence on the ordering
of the label-specific latent space as well.

In summary, our study shows a novel application of VAEs in
explainable (ECG) classification. While previous research has
shown the potential of VAEs in feature extraction and data
augmentation [6], [26]–[29], our approach goes beyond by
explicitly optimizing the VAE architecture with a labeled sub-
space for classification. Our method is able to do explainable
classification on a per-signal basis, while performing on par
with or better than the state-of-the-art in ECG classification.
We thereby contribute to the advancement of explainable AI
algorithms in the medical context, where transparency and
interpretability are essential.

The successful outcomes of our study have important im-
plications for clinical practice. By enhancing the specificity
of latent features derived from ECG signals, our method
allows a more accurate and reliable assessment of LVF, a
critical prognostic determinant in cardiac disease [8]. The
ultimate aim of the ECG analysis pipeline as proposed here
is integration in clinical practice. The lack of context or a
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a

b
Fig. 4: Attribute manipulation in 2 heartbeats with mild (a) and severe (b) LVF impairment. The black and blue line
respectively show the original and the reconstructed signal. The green to red distributions are the result of attribute
manipulation and could be interpreted as the model’s rationale to classify the signal with the LVF value shown in the legend.
The yellow to green range shows heartbeats that would be classified as having a mildly impaired to normal LVF and the
yellow to red range shows heartbeats that would be classified as having a moderate to severely impaired LVF. (a) The ECG
shows clear Q-waves, a negative deflection preceding the R-peak, in lead II, III, aVF. The Q-wave pattern is known in
clinical cardiology to indicate prior myocardial infarction. The model takes the depth of this peak into account, but also uses
the T-wave, the positive deflection after the R-peak. (b) The ECG shows a pattern known as left bundle branch block
(LBBB), indicated by the dominant S wave in lead V1, V2 and V3 and the notched R waves in lead I, AVL V5 and V6. The
model shows that not only QRS-characteristics, but also T-wave patterns, are important for prediction of the LVF.
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’normal or healthy’ signal to compare against in plain ECG
analysis, is one of the reasons why ECG analysis is hard
and necessitates extensive expertise. Providing a ’normal or
healthy’ signal for comparison presents complexities due to the
diverse patient characteristics influencing ECG morphology.
Therefore, even in patients not affected by disease, the range
of patterns considered normal is wide [39]–[41]. Our pipeline
aims to give such a ’normal or healthy’ version of the signal,
while preserving patient-specific features. When implemented
in ECG-software visuals, as shown in Figure 4, can be helpful
in providing context to otherwise harder to distinguish ECG
characteristics, such as T or Q-wave improvement or decline.
Besides, providing context, the visuals also help to assess the
quality of the classification and the clinical implication that
is attributed to it. Assessment of the difference between the
original signal and the reconstruction serves as a quality con-
trol measure. A large difference can be used as an indicator of
classification inaccuracies, which in some cases are related to
signal noise. Clinical integration of our pipeline holds promise
for reducing both the time and expertise required for ECG
analysis, facilitating patient monitoring, and enabling remote
monitoring in home-based settings where remote monitoring
with smart devices is becoming increasingly common. If LVF
can be determined accurately from ECG measurements, this
could reduce the need for echocardiogram acquisition, which
is time-consuming, costly, and can only be performed in a
hospital. Moreover, explainable automation of ECG interpreta-
tion may allow less specialized healthcare personnel to reliably
assess LVF. Accurate LVF prediction from 12-lead ECGs also
opens the path towards extending these capabilities to 1-lead
ECGs, making home-based monitoring a realistic opportunity
for scalable and continuous assessment of cardiac function.

Although our study demonstrates promising results, it is im-
portant to acknowledge its limitations and identify directions
for future research.

One key limitation lies in the adversarial network’s inability
to effectively prevent label-specific information from being
encoded in znls. The dimensionality of the latent space (Lnls)
may facilitate easier adversarial label prediction, undermining
the network’s ability to suppress label-specific information. In
addition, the interaction between Lnls and the hyperparameters
γls and γnls remains unexplored in this study, but could play
a role in mitigating the capture of label-specific information
in znls. Considering the challenges associated with training
adversarial networks, future work should investigate the use
of extended training schedules to enhance their effectiveness
[42].

The joint optimization of the prediction and reconstruction
tasks introduced additional challenges, necessitating careful
tuning of the hyperparameter γls to mitigate overfitting. These
challenges stem from the differing complexities and data scales
associated with the two tasks. To address this, the reconstruc-
tion task was independently trained for several epochs before
initiating joint optimization. While this approach was effective,
alternative strategies to achieve comparable results were not
explored in this study.

Another notable limitation of this study is the imperfect
prediction of LVF and the observed overlap in predicted LVF

values across true LVF classes, as depicted in Figure 3. This
overlap can be partially attributed to the labeling process,
where ground truth LVF values are rounded to the nearest
perceived class, introducing variability near class boundaries.
Substituting LVF with left ventricular ejection fraction (LVEF)
as the target variable could potentially enhance predictive
performance. Unfortunately, concurrent LVEF measurements
were unavailable for most of the ECGs analyzed in this study.
Previous research has demonstrated that the 12-lead ECG
may not encompass all the information required for perfect
LVF prediction, which can also explain the overlap [4], [10].
Nonetheless, accurate LVF prediction is critical to ensure the
validity of attribute manipulation as illustrated in Figure 4.
Incorporating additional predictors that provide more detailed
information about LVF status could improve overall predictive
accuracy and enhance the robustness of the explainability
framework.

In clinical practice, ECG signals are typically preprocessed
through methods such as baseline wander correction and de-
noising to enhance signal quality and standardization [43].
These steps were not applied in our study, and their inclu-
sion may further improve model performance and clinical
applicability. In contrast, some preprocessing procedures used
here, such as heartbeat segmentation and exclusion of irregular
beats, may restrict applicability in contexts like atrial fibrilla-
tion, ectopic beats or certain tachycardias, where the informa-
tion is in the irregular beat itself [44]. Moreover, pathologies
where R-peak detection is complicated such as bundle branch
blocks or cardiomyopathies may hinder appropriate heartbeat
segmentation, which also restricts the applicability of the
current pipeline.

The generalizability of our findings to broader patient
populations, different clinical settings, and for predicting
cardiac parameters beyond LVF remains to be established.
Importantly, while this work primarily serves as a proof of
concept for interpretable ECG classification, the underlying
methodology is not limited to ECG. The approach is applicable
to any encoder–decoder architecture, future research could
extend it to other cardiac populations or even to entirely
different medical domains.

V. CONCLUSION

In conclusion, our study represents a significant step forward
in the field of ECG analysis by enhancing the specificity and
interpretability of latent features derived from ECG signals. By
improving the classification rationale specific to each case, our
method has the potential to enhance clinical decision-making
and patient care in cardiac disease monitoring.
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