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Abstract

Objective: This work investigates the possibility of disentangled representation learning of
inter-subject anatomical variations within electrocardiographic (ECG) data.

Methods: Since ground truth anatomical factors are generally not known in clinical ECG for
assessing the disentangling ability of the models, the presented work first proposes the SImECG
data set, a 12-lead ECG data set procedurally generated with a controlled set of anatomical
generative factors. Second, to perform such disentanglement, the presented method evaluates and
compares deep generative models with latent density modeled by non-parametric Indian Buffet
Process to account for the complex generative process of ECG data.

Results: In the simulated data, the experiments demonstrate, for the first time, concrete evidence
of the possibility to disentangle key generative anatomical factors within ECG data in separation
from task-relevant generative factors. We achieve a disentanglement score of 92.1% while
disentangling five anatomical generative factors and the task-relevant generative factor. In both
simulated and real-data experiments, this work further provides quantitative evidence for the
benefit of disentanglement learning on the downstream clinical task of localizing the origin of
ventricular activation. Overall, the presented method achieves an improvement of around 18.5%,
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and 11.3% for the simulated dataset, and around 7.2%, and 3.6% for the real dataset, over baseline
CNN, and standard generative model, respectively.

Conclusion: These results demonstrate the importance as well as the feasibility of the
disentangled representation learning of inter-subject anatomical variations within ECG data.

Significance: This work suggests the important research direction to deal with the well-known
challenge posed by the presence of significant inter-subject variations during an automated
analysis of ECG data.

Keywords

Disentangled representation learning; generative models; variational autoencoder; India Buffet
process; electrocardiograms

. Introduction

Deep neural networks are most successful in supervised learning that relies on a large
amount of data with quality annotations. Unsupervised learning presents an appealing
alternative for the domains where labeling can be expensive and challenging (e.g., clinical
domains) for learning robust and generic latent representations in a task-agnostic manner
[1]-[3]. Within unsupervised learning, disentangled representations are often desirable as
they explain the factors of variations in observed data in a compact, mutually independent,
and semantically interpretable manner [4], [5], such as the factors of identity, pose, and
lighting conditions in facial images. Disentangled representations have been demonstrated
to be useful for downstream tasks including semi-supervised [6], [7], zero-shot learning [8],
transfer learning [9], and life-long learning [10].

Advances in unsupervised disentangled learning have been mostly made in the domain of
computer vision, especially in synthesized or natural images with clear and interpretable
generative factors [11], [12]. Extension to clinical data has been limited, where emerging
efforts have mostly focused on separating a task-irrelevant representation from a task-
relevant representation in visual images, often with some level of weak supervision

[13], [14]. In comparison, many non-visual clinical data such as physiological signals

are generated with a physics-based process with physically-meaningful factors. These
generative factors may be of tremendous value in explaining the observed data, such as
those contributing to inter-subject variations within the data. However, they are potentially
more difficult to learn or disentangle, as their contribution to the data is not visual

but follows an indirect physical process. To date, very limited work has considered

fully unsupervised disentangling of physically-meaningful generative factors in non-visual
physiological signals.

Electrocardiographic (ECG) signals are one type of such physiological signals of which

the key generative factors are well understood by the underlying physics: ECG signals are
generated by electrical activation and relaxation pattern of the heart muscle, modulated by
other anatomical and physiological factors such as the geometrical relationship between

the heart and the electrode positioning on the body surface, the anatomical and conduction
characteristics of the heart, and the structural remodeling of the myocardium [15]. The latter
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generative factors are sources of inter-subject variations that influence the generated ECG
data but are often irrelevant to the factors of clinical interest (e.g., sites of the origin or
the pattern of abnormal activation in the heart). This presence of significant inter-subject
variations is a major challenge in automated ECG analysis [4].

The potential of modern deep learning, as in many other domains, has increasingly

been shown in mining important information from ECG data for a variety of tasks,

such as arrhythmia detection [16] and atrial fibrillation classification [17], [18]. Limited
work has considered the potential of unsupervised learning for disentangling anatomical
and physiological factors of inter-subject variations in ECG data. While our earlier

work demonstrated the benefit of disentangling inter-subject variations in ECG data

on downstream classification tasks [19], two primary challenges hinder the progress of
disentangling representation learning in ECG data. First, unlike visual images where the
generative factors are often finite and directly visible from the data, the physics underlying
the generation of ECG data is complex and the number of generative factors (geometry,
tissue property, efc) is potentially unbounded. Second, knowledge of the generative factors
in real ECG data is limited and often absent, preventing a quantitative evaluation of
disentangled learning as in other visual benchmarks. For instance, in computer vision
literature, procedurally generated data sets like dSprites [12] and 3DShapes [20] serve such
purpose.

In this paper, we demonstrate the possibility of disentangled representation learning of inter-
subject anatomical variations within ECG data. To this end, we first present the SImMECG
data set, a 12-lead ECG data set procedurally generated with a controlled set of generative
factors involving the geometry of the heart. This creates to our knowledge the first ECG
data set that will allow systematic and quantitative evaluation of disentangled representation
learning in non-visual physiological signals. Second, we evaluate and compare deep
generative models with latent representations modeled by a standard parametric Gaussian
density versus a nonparametric Indian Buffet Process (IBP), investigating the importance

of an improved modeling capacity of the latent distributions for disentangled representation
learning as the complexity of the data grows. On the simulated ECG data, we present
detailed and quantitative evaluations of our ability to disentangle factors of anatomical
variations from the ECG data. On both the simulated and a clinical ECG data set, we then
demonstrate the benefit of such unsupervised representation learning on the down-stream
task of localizing the origin of ventricular activation from ECG data. The main contributions
of the paper include:

1. Using inter-subject anatomical variations in ECG data as an example, we
investigate the ability of disentangled representation learning in non-visual
physiological data that are generated from a complex physics-based process with
physically-meaningful generative factors that are not directly visible from the
data.

2. We present a 12-lead ECG data set, SImMECG, simulated with a controlled set of
generative factors involving the geometry of the heart.
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3. We demonstrate the benefit of increasing the modeling capacity of the latent
distributions, via an IBP, in disentangled representation learning of data with an
unknown and potentially infinite number of generative factors.

4, We provide quantitative evidence for the benefit of disentanglement learning on
downstream clinical tasks in both simulated and clinical ECG data sets.

II. SImMECG: Disentanglement testing ECG data set

In this section, we describe our approach for building the presented ECG data set with
controlled generative factors. For brevity, we refer to this data set as “SImECG”.

We initially consider a combined bi-ventricular and torso model made available through the
EDGAR data base [21]. As illustrated in Fig. 1, the torso is represented as a homogeneous
conductor with 352 surface triangles and the 3D ventricular mass is represented by 1665
mesh points. On the 3D bi-ventricular model, we used a mono-domain two-variable
AlievPanfilov (AP) [22] model to simulate spatiotemporal action potential propagation:

ou _

N A(DAu) — cu(u — a)(u—1) —uz

1
%:e(u,z)(—z—cu(u—a—l)) W
where u represents a normalized action potential [0,1], Zrepresents recovery current, D

is the diffusion tensor, ¢, eand a are the parameters controlling the shape of the action
potential. The relationship between the cardiac action potential in the heart and body-surface
ECG can be defined by the quasi-static approximation of electromagnetic theory [15].

Using a coupled meshfree-boundary element method (BEM) as described in [23] on the
given heart-torso geometry, we can generate a set of ECG data corresponding to ventricular
activation originating from locations throughout the ventricular myocardium at a 5-mm
resolution.

While there is a large number of anatomical parameters that affect the generation of ECG
data such as the position, orientation, and shape of the heart as well as the shape of the torso,
in this work we consider six significant factors of variations: rotation and transiation of the
ventricles along the X-, Y- and Z-axis, where the X-axis corresponds to the dorsal/ventral
direction, the Y-axis to the lateral direction, and the Z-axis to the cranio-caudal direction.
For rotation, we perform swing about X- and Y-axis which represents swing around center
of mass in the axial plane restricted to a maximum deviation of less than 6 cm, and rotation
about the Z-axis which represents rotational pivoting of the heart about a vertical axis,
limited to a deviation of 20°. For translation, we limit the deviation to less than or equal

to 2 cm along all three axes. As suggested in [24], these transformations curb the heart
within the regions on the body surface, where the potentials are sensitive to the relative
position between the heart and the surface electrodes. In Fig. 2, we present the schematic
illustration of some of these geometrical transformations. For simplicity, we consider three
values for each of these transformations, resulting in 729 variants of the heart-torso models.
These transformations as summarized in Table | generated the SIMECG data set with known
values of the underlying anatomical factors of variations. With simulated action potential
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originated at 1665 different locations on each of these 729 hearts, we were able to generate
more than a million unique ECG samples. In Fig. 3, we present some examples of ECG
signals from the given SImECG data set. There are several ways to extend the variations
within the SIMECG dataset, which we discuss later in V-B. For understanding the effect

of other variations, we created SImMECG-torso where besides heart variations as used in
SIMECG, we also introduced variations in the torso geometry. The torso variation represents
expansion (or reduction) of the torso with three different ratios (0.9, 1, 1.1), and for the heart
variations, we used translation factors along the three-axis, same as SImMECG. Both SImMECG
and SimECG-torso are publicly available at https://github.com/Prasannal991/SIimECG.

[1l. Methods

In this section, we first give the background of disentangled representation learning and
then provide technical details of the disentangled methods considered in this work. We then
discuss an approach to supervise the disentanglement of a task-relevant representation from
unobserved generative factors.

A. Learning disentangled representation

Consider a setup where the data x are generated by the generative distribution p(x|y)
involving a set of latent variables y from k independent sources J4,...,. V& The generative
model takes the following form:

px.y) = px | N[00

Disentanglement learning aims to find a representation with independent components such
that a change in one component corresponds to the change in a single dimension of y.
Other formal definition of disentanglement is discussed in [25]. Most of the state-of-the-art
approaches for unsupervised disentanglement learning are based on the representations
learned by variational autoencoders (VAEs) [26].

B. Variational autoencoder (VAE)

The variational autoencoder (VAE) [26], [27] models the generative distribution of data
X, peX]y), with a decoding neural network parameterized by 6. It then models the
approximated posterior distribution of the latent variable y, g4(y[x,), by another encoding
neural network parameterized by ¢. This gives rise to a encoding-decoding architecture
that can be optimized by maximizing the evidence lower bound (ELBO) of the marginal

likelihood of the observed data {x,}N_ ;:
N
_ 1 KL
Z = N 21 Eqd,(y | xn)[ ogpe(X, | ¥)] = [Q(l)(y | Xn)”P(Y)] (2
n=

where p(y) defines the prior distribution of y and KL(||) stands for the non-negative
Kullback-Leibler divergence between the prior and the approximate posterior. In standard
practice, the prior p(y) is often assumed to be an isotropic Gaussian .#(0, 1), and the
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posterior gy(y|x) distributions are parametrised as Gaussians with a diagonal covariance
matrix.

To promote learning of disentangled representation, S-VAE [28] is a variant of the VAE that
increases the penalty on the the KL term in the ELBO objective (2):

N
Z p(Y | X) logpg(x,, | Y)] ﬁKL[‘M)(y I Xn)”P(Y)] (©)]

where B> 1. In practice, a higher degree of disentanglement is obtained by a stronger
regularization for the learned posterior g4(y[x) to match a factorised Gaussian prior p(y).

C. IBP-VAE

When modeling the posterior density of the latent distribution g,(y[x) as a factorized
Gaussian and constraining it to follow an isotropic Gaussian prior, the increased
disentangling ability obtained through the objective (3) is obtained at the expense of a
decreased modeling capacity of the latent distribution and thus a decreased reconstruction
ability of the VAE. This is especially a problem as the complexity of the data, in terms of the
complexity of the underlying generative factors, increases.

In an earlier work [29], we have demonstrated that, by using an independent latent factor
model with increased modeling capacity, we can simultaneously improve disentangled
learning of generative factors and the reconstruction accuracy of the VAE when the
complexity of the data increases. In specific, we considered modeling the latent variable by
an Indian Buffet Process (IBP), a stochastic Beta-Bernoulli Process that defines a probability
distribution over sparse binary matrices indicating feature activation for K features and

+
taking the limit K— oo [30]. The infinite binary sparse matrix Z € {0, 1}{NXK } represents
latent feature allocations where z, 4 is 1 if feature ks active for the " sample and 0
otherwise. We presented the IBP-VAE, where the latent representations Y = {y,,},],\’: pare

modeled as:
Y=Z0A

N
pA&) = [ #0.1x+);

=1

"k N k @)
p(Z|v) = H H Bernoulli(ry,), my, = H
k=1 n=1 i=

p(v) = Beta(a, 1)

where Z = {z,,},Z,V: LA= {a,,},]f: 1, © is element-wise product, and Ais the number of data

samples. The Beta parameter a in (4) controls how quickly the probabilities 4 decay which
influence how many latent dimensions are required for the generative model. Formally, the
representation learned in this manner essentially allows the model to infer which latent
features captured by a,, 4, K € {1,..K— oo} is active for the observed data X, As the active
factors for each data point are inferred and not fixed, this non-parametric model is able to
grow with the complexity of the data.
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Similar to VAE, IBP-VAE is optimized by maximizing the ELBO loss:

_ pX,Z,v,A) ]
logp(X) > Z = [Eq[log qZ,v,A X, a,b)

X |Z,A)pA)pZ | V)p(V)]
qA | X)q(Z | X, v)q(v | a, b)

= E,llogp(X | Z, A)] - FKL(q(v | a.b)||p(v)
— BKLG(Z | v. X>Hp(z 1) - BKL(g(A | X)”;:(A))

= Ey|log

®)

where 8> 1 promotes the learning of disentangled representation by increasing the KL
penalty similar to S-VAE [28]; we refer such version as 5-1BP-VAE. This objective function
can be interpreted as minimizing a reconstruction error along with minimizing the KL
divergence between the variational posteriors and the corresponding priors in the remaining
terms.

D. Learning task representation

The VAE variants presented in Section I111-B and 111-C are unsupervised models. To facilitate
the clinical task of localizing ventricular activation from the 12-lead ECG data set, we

then distill the task-specific representation from the disentangled representation using the
supervisory signals from the training data. In specific, we append the encoder of the VAE
with fully-connected linear layers that take the sample from the latent distribution and output
class logit t € R™, where mis the number of classes involved in the classification task and t
is wrapped with a softmax function to be converted into class probability. This classification
network g (t | x), composed of the VAE encoder and the appended classification layers as

described above, is fine-tuned with a cross-entropy classification loss:

P = i o] —logdy,(t | X)) (6)
The process of unsupervised learning and the subsequent fine-tuning are illustrated in Fig.
4A.

IV. Experiments

We studied disentangled learning of ECG data from two primary aspects. First, on the
simulated ECG data with controlled anatomical variations, we present both qualitative and
quantitative evaluations of the unsupervised S-VAE and B-1BP-VAE models in disentangling
the anatomical generative factors from the ECG data. Second, on both the simulated and a
clinical ECG data set, we evaluate the effect of this disentangled learning on the subsequent
supervised task of localizing the origin of ventricular activation from ECG data.

A. Experimental data & data processing

We primarily consider three different data sets in this work: the simulated SImMECG and
SImECG-torso data set as described in Section I1, and a private 12-lead clinical ECG data set
as described in [19].

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.
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1) SimECG and SimECG-torso data: The generation of these simulated data sets is
presented in Section I1. In the experiment results presented below, SIMECG data was split
into three groups based on the degree of swing along the X-axis: group 1 (-10°), group

2 (0°) and group 3 (+10°). Each group consists of one-third, 7.e., 404595, samples of the
entire data set. For experiments to investigate unsupervised disentaglement, we also consider
SImECG-torso which similar to SImECG is split into three groups based on the three values
of translation along X-axis: group 1 (=10 mm), group 2 (0 mm) and group 3 (10 mm), with
group consisting of one-third, /.e., 44955, samples of the entire data set. Unless otherwise
specified, the models were trained on group 1, validated on group 2, and tested on group 3 in
the results presented below for both data sets.

2) 12-lead clinical ECG data:: The clinical ECG data described in [19] was collected from
routine pace-mapping procedures on 39 patients who underwent ablation of scar-related
ventricular tachycardia (VT). Study protocols were approved by the Nova Scotia Health
Authority Research Ethics Board. On each patient, 15-second 12-lead ECG recordings
resulting from 19 + 11 different simulation locations were collected. The study protocols
for this data set were approved by the institutional research ethics board. Following the
preprocessing procedure as described in [19], the data set consists of 16848 ECG beats
across 1012 distinctive pacing sites on the left-ventricular (LV) endocardium; each ECG beat
is in the form of 12 leads with 100 temporal samples in each lead. The entire data set was
split into training (10292 beats from 22 patients), validation (3017 beats from 5 patients),
and test sets (3539 betas from 12-patients) making sure that no data from the same patient
are shared between any two sets.

B. Network architecture and comparison

For unsupervised disentangling of anatomical variations, we compared S-VAE and 3-1BP-
VAE at different values of gincluding 8= 1. For the supervised task of localizing
ventricular activation, we compared the fine-tuned IBP-VAE model, the fine-tuned VAE
model, and a CNN baseline. Since all the considered models have CNN as building blocks,
we first describe the architecture of these CNN blocks, followed by descriptions of each
specific model:

. CNN (encoder): The CNN encoder consisted of five convolution blocks for
feature extraction. Each convolution block consisted of a 1D convolution layer,
1D batch normalization layer, dropout layer, and rectified linear unit (ReLU) as
an activation function. The kernel size of 7 was used in all these five convolution
layers and stride of 5 except for the last convolution layer. The input channel size
for these five convolution layers was 1, 32, 64,128 and 200, respectively.

. CNN (decoder): The CNN decoder consisted of four convolution blocks of
transpose convolution (with kernel size of 7 and stride length of 5), batch
normalization, and a ReL.U activation function. The input channel size for these
four convolution layers was 100, 200, 128 and 64, respectively. Finally, in order
to decode the signal, we further added a 1D transpose convolution layer (kernel
size of 7, stride of 5 and input channel size of 32) without any batch-norm or
non-linear activation function.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.
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VAE (unsupervised): The unsupervised VAE consisted of the CNN encoder
followed by two linear layers to obtain the mean and log-variance of the

latent Gaussian distribution, each with an output dimension of 100. From a
re-parameterization of the mean and log-variance, latent samples were drawn as
the input to the CNN decoder.

IBP-VAE (unsupervised): The IBP-VAE consisted of the CNN encoder
followed by three linear layers to obtain the parameters of the latent IBP, /.e.,
z,for the Beta-Bernoulli distribution and the mean and log-variance for the
Gaussian distribution a,. The dimension for each of these parameters are of
size 100. From the re-parameterization of these parameters, latent samples were
drawn as the input for the CNN decoder.

IBP-VAE/VAE (fine-tuned): For the supervised task of localizing ventricular
activation, the trained encoder of the unsupervised IBP-VAE or VAE was
appended with two additional fully-connected layers with an output of ten
dimensions representing the ten LV segments to be classified. This output was
wrapped with the softmax function for the classification loss.

IBP-VAE/VAE (conditional): For completeness, we compared the fine-tuned
IBP-VAE/VAE with the conditional networks presented in [29] for the task

of localizing ventricular activation. As described in [29] and as illustrated in
4B, we appended two heads to the CNN encoder: a stochastic latent channel
and a separate classifier network. The former followed the same architecture
as described for unsupervised IBP-VAE/VAE and the latter followed the same
architecture as those appended to the trained encoder for fine-tuned IBP-VAE/
VAE. The output of both heads were combined as inputs to the decoder network.
The task related representation was learned through the classifier network,
simultaneously with disentangling of the rest of the disentangled generative
factors through the IBP-VAE/VAE head, where only the classifier network
received supervision.

CNN (supervised): For the supervised task of localizing ventricular activation,
we further considered a supervised CNN trained end-to-end as the baseline. The
network had the same architecture with the CNN encoder, the output of which
was flattened and passed onto fully connected layers (with dropout and batch
normalization layer) to output a final prediction of 10 dimensions and wrapped
with a soft-max function for the supervised loss.

For SImECG dataset, we also perform analysis for supervised localization of ventricular
activation using electrocardiographic imaging (ECGi), a non-invasive multi-lead ECG-type
imaging tool [31].

C. Results: unsupervised disentanglement of anatomical variations from ECG data

In this section, we analyze the ability of the presented unsupervised VAE/IBP-VAE models
to disentangle inter-subject anatomical variations in both SImECG and SimECG-torso data
sets. Fig. 5 shows the change of the overall ELBO loss (left) as well as the individual
reconstruction loss (middle) and KL-divergence loss (right) of the presented IBP-VAE on

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.
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the training and validation data. Fig. 6 shows examples of reconstructed ECG data by the
unsupervised IBP-VAE model.

We consider the ability of the presented models to disentangle eight generative factors in the
SIMECG data: two related to the orientation of the heart in the torso (swing around Y-axis
and swing around Z-axis), three related to the position of the heart in the torso (translation
along the X-, Y-, and Z-axis), and three related to the origin of the ventricular activation

in the heart (position along the X-, Y-, and Z-axis). For SImMECG-torso, we consider the
models to disentangle six generative factors: one related to the variation in the torso, two
related to the the position of the heart in the torso (translation along the Y- and Z-axis),

and three related to the origin of the ventricular activation in the heart (position along the
X-, Y-, and Z-axis). For both data sets, the first two groups of factors represent anatomical
variations underlying the ECG data, whereas the last group represents task-related factors.
Note that, for SIMECG, swing around the X-axis was not considered because, as described
earlier, the value of this swing was used to divide the training, validation, and test data: /.e.,
the training data do not include variations in the orientation of the heart around the X-axis.
For SIMECG-torso, translation around X-axis was used for such division.

For quantitative evaluation of the disentanglement results, we adopted the metric proposed
by [28] that measures both the independence and interpretability of the inferred latent
representation. It is obtained by training a linear classifier! to identify which dominant
generative factor has changed between a pair of given data. Here, we used a support vector
machine (SVM) with linear kernel for the linear classifier [32]. The SVM was trained on
group-2 data and tested on group-3 data to ensure fair assessment of disentanglement.

The result for different models is presented in Table Il. As shown, IBP-VAE, owing

to its increased modeling complexity in the latent space, was able to achieve a higher
disentanglement score when compared to VAE. When the value of gwas increased to

5, the disentanglement scores of both g-VAE and S-1BP-VAE were increased where the
B-1BP-VAE still delivered a higher score close to ~ 80%.

For a closer look at how well the presented S-1BP-VAE model was disentangling among the
eight generative factors under consideration, in Fig. 7(A) we present the confusion matrix of
the SVM in classifying the contributing generative factor using the latent representation
obtained by the g-IBP-VAE (8 = 5). As shown, there was minimal confusion in the
generative factors among the group of heart orientation, heart position, and origin of
ventricular activation, indicating a clear separation between the task-irrelevant anatomical
variations and the task-relevant factors in the learned latent representations. The main
confusion occurs when separating the three task-related position factors: the position of

the origin of the ventricular activation along the X-, Y- and Z-axis, while some minor
confusion occurred among separating the three anatomical factors related to the position

of the heart along the X-, Y-, and Z-axis within the torso. When we re-trained the SVM
model for the disentanglement metric by considering the same five anatomical factors when
grouping the three task-related position factors into one factor, a disentanglement score of
92.81% could be achieved, demonstrating an excellent separation between the task-relevant

1A classifier should have low VVC-dimension so that classifier itself doesn’t have the capacity to perform nonlinear disentangling.
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representation and the task-irrelevant factors of anatomical variations: the corresponding
confusion matrix is presented in Fig. 7(B). For SimECG-torso, among two S values, we
obtained the best result of 88.99% for 8= 1. The better disentangling performance that

we achieved, compared to the SImECG data set, stems from the fact that SImECG-torso

has fewer generative factors (six vs. eight). Also, the variations due to the torso may be
more discernible against the variations due to heart geometry. We present the corresponding
confusion matrix of the SVM in Fig. 7(C).

In addition, Fig. 8 provides a t-SNE [33] visualization of the latent representation learned
by the unsupervised IBP-VAE using g =5 for SIMECG data set. Consistent with the
observation from the confusion matrix in Fig. 7 (A), a clear separation among the five
anatomical factors and the task-related factor (dotted circle) was seen, whereas the specific
task-related position factor along each axis is less separated among themselves.

Finally, to identify which unit(s) in the latent code are most responsive to the changes in
each of the five anatomical generative factors, we analyze the mean fluctuations in the latent
code corresponding to changes in each anatomical factor. To do so, from pairs of input data
where only one factor is changing, we calculate the average standard deviation of mean
values between inferred latent codes from the pair of data. We find the most active units

for each factor and, for that unit, we calculate the mean fluctuation (standard deviation of
mean values) of all factors. The results for both 8-VAE and S-I1BP-VAE are presented in Fig.
9. The identified latent units are ordered such that the first two units, as presented, are the
most responsive to changes in the rotation factors, while the last three units are the most
responsive to changes in the position factors. The separation between these two groups of
factors are in general clear in both models. Among the individual factors within each group,
swing around the Y-axis (red triangle) and translation along the Z-axis appear to be better
disentangled than the other factors, especially by the g-1BP-VAE mode.

supervised localization of the origin of ventricular activation

In this section, we evaluated the effect of disentangled representation learning on the
downstream task of localizing the origin of ventricular activation from both the simulated
and clinical ECG data. In specific, we considered the task of classifying the origin of
ventricular activation into 10 anatomical segments of the LV [34]. The nomenclature of these
segments is provided in the Fig 10(A), and the distribution of training data among the ten
segments for both data sets are shown in Fig. 10 (B)-(C).

Table 11l summarizes the accuracy of the presented fine-tuned IBP-VAE model along with
the various comparison models as described in section IV-B on both data sets. As shown,

the presented fine-tuned IBP-VAE achieves an improvement of around 18.5% and 7.2% over
baseline CNN for the SImECG and clinical ECG, respectively. Similarly, due to the effect

of increased modeling capacity, via IBP-VAE (fine-tuning), over standard VVAE (fine-tuning),
at S=15, we can see the improvement of around 11.3% and 3.6% for the SIMECG and
clinical ECG, respectively. Finally, considering the effect of disentanglement (from g=1 to
B=5), we can see the improvement of 3.7% and 1.5% for the SImECG and clinical ECG,
respectively. Fig. 11 and Fig. 12 presents the Receiver Operating Characteristics (ROC)
curves of the different models on the SIMECG data set and clinical data set, respectively. As
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shown, on both data sets, disentangled representation via the fine-tuned IBP-VAE achieved
higher classification accuracy and AUC scores, with the best performance achieved at g = 5.

comparison with ECGi

We performed ECGi analysis for supervised localization of ventricular activation for the
SIMECG dataset. The results are presented in Table IV. In specific, we selected 10
geometries from the whole dataset (i.e., among 729 geometries) with large anatomical
variations among these geometries, and for each selected geometry we randomly picked the
activation sites for the analysis such that the selected sites cover all 10 anatomical segments
of the LV, totaling 50 activation sites. Among these 50 activation sites, ECGi method was
able to accurately classify only 13 cases (26%). When we augment the neighborhood (i.e.,
if the predicted segment is adjacent to the ground-truth segment) cases, the percentage
increases to 70% (i.e., 33 out of 50 cases). In this analysis, for the geometries (4) within the
test set (of Table I11), the top-1 accuracy was only 20% and with neighborhood, the accuracy
was 70%. Overall, the presented method achieved significantly higher results compared to
the ECGi-based approach.

V. Discussion

A. Disentangling anatomical variations from ECG data

Via simulated data generated with controlled factors of anatomical variations, we provided
concrete evidence — to our knowledge for the first time — that it is possible to tease

apart anatomical generative factors from ECG data and that this disentangling can benefit
downstream tasks confounded by such anatomical variations. As the first work of this
kind, we considered a small number of representative anatomical factors including the
orientation and position of the heart. In practice, there is a much larger variety of factors
of anatomical and physiological variations among individual that affect ECG data. For
instance, inaccurate ECG electrodes placement can cause change in morphology of the
signal introducing substantial variations [35]. Detailed investigation of the feasibility and
benefit of disentangling these inter-subject variations require a more comprehensive study
with a larger simulation data set.

With the primary objective to demonstrate the feasibility and benefit of disentangle
anatomical generative factors from ECG data, we considered the state-of-the-art VAE [26],
B-VAE [28], and our previously presented (8)-1BP-VAE [29] for the purpose of disentangled
representation learning in this work. A large number of alternative models for disentangled
representation learning, such as TC-VAE [5] and FactorVAE [36] using VAE [26], or
InfoGAN [37] and SC-GAN [38] using GAN [39], can be investigated for the same tasks
in the future, although it was not the intent of this study to present the best-performing
model but to demonstrate the feasibility and importance of disentangling learning in ECG
data that has not been considered before. Note that, in a recent large-scale study in
disentanglement learning, disentanglement scores of unsupervised models were shown to
be heavily influenced by randomness (random seed) and the choice of the hyperparameter
(regularization strength) compared to the objective function (choice of model) [3].
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B. Value and limitation of SImECG data

Much of the recent success in machine learning comes at the cost of a large amount of
well-labeled data samples, and thus, among many other challenges in machine learning, data
management (collecting, cleaning, analyzing, etc.) is becoming one of the critical steps [40].
In the clinical or medical imaging domain, the issue of data availability for testing machine
learning algorithms is further critical due to a wide variety of constraints. SImMECG, owing
to its large sample size, is well suited for training deep learning models, much deeper and
wider than the one presented in this work. Here, we demonstrated the usages of the SIMECG
data set in supervised learning (classification) and unsupervised learning (disentanglement).
Beside these there are other machine learning areas where SImECG data set can be used to
study or compare different competitive models. Since the SImECG data set also has 1665
coordinate labels, this data set can be used for the regression problem of predicting the
coordinate of the VT sites [41]. Transfer learning [42] and domain adaptation [43] are other
exciting fields of machine learning and medical imaging where the SImECG data set can be
used. Below we provide a brief example scenario for the domain adaptation.

Domain adaptation is the task of adapting models between different domains. An example
in medical imaging could be an adaptation of a model trained on X-ray images from

one hospital to X-ray images from another hospital [44]. Since SIMECG has the ground
truth geometrical variations, we can re-group the data set to simulated different domains.
The model trained on some particular group for the clinical task of localizing ventricular
tachycardia has to be adapted to perform well on other configurations of the data set. To
demonstrate this, we created nine different data sets from nine different combinations of
two geometrical factors (instead of one considered in this work): rotation along Y-axis and
Z-axis; and train the presented IBP-VVAE along with VVAE on one group. The result for other
groups is presented in Fig. 13. The trend for both the models is similar: the performance

is decreased as the test data lies further away from the training set. This demonstrates the
necessity of specialized domain adaptation techniques or models in this setup. Hence, the
SImMECG data set can be rearranged in a different way to understand or build the models for
domain adaptation.

The generation of the SImECG data can be improved in several aspects. First, to simulate
the spatiotemporal action potential propagation for constructing the SImECG data set,

we relied on two-variable AlievPanfilov (AP) model. There are many different models to
simulate cardiac electrophysiology, grouped into two main approaches: phenomenological
and biophysical or iconic models. The AP model considered in this work belongs to the
former group of phenomenological models built using a simpler system of equations to
compute the cell potential without computing the concentrations of ion. These models

are computationally very efficient but lack electrophysiological detail. On the other hand,
ionic models (e.g., a human cardiac cell model [45]), unlike phenomenological models,
may be able to both reproduce and predict a wide range of cardiac electrophysiological
dynamics observed experimentally. However, these electrophysiological details come at
the price of expensive computation. Some intermediate approaches like [46] could be a
useful alternative to the AP model as these models are efficient enough for whole organ
arrhythmia simulations yet detailed enough to capture the effects of cell-level processes such
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as current blocks and channelopathies. Second, we consider translation and rotation of the
heart as geometrical variations in the SImMECG dataset. These variations affect the ECG
propagation in a homogenous way. However, other variations may exist due to factors like
deposition of fat in the heart whose effect isn’t captured proportionately, and such obesity
can significantly lower ECG sensitivity for detecting various diagnostic conditions [47]. Our
current setup doesn’t handle such non-homogeneous anatomical factors, and incorporating
real-world data along with the SIMECG may reduce the effect of such variations to a
certain extent. Finally, our assumption of homogeneous torso model could be relaxed to
include conductive inhomogeneity among different torso tissues. Finally, current SimECG
data consists of a limited number of anatomical variations which could be extended by
including other anatomical variations such as the deformation of the heart and the shape of
the torso.

C. Potential of using Electrocardiographic imagining

In this study, we primarily focused on ECG use to localize the origin of ventricular
activation. But it has been argued that although the 12-lead ECG is fundamental for
assessing heart diseases, it cannot always reveal the underlying mechanism or the location
of the arrhythmia origin [31]. Alternatively, electrocardiographic imaging (ECGi), a non-
invasive multi-lead ECG-type imaging tool, has seen a recent upsurge from both research
and industry communities due to its potential for clinical application in diagnosis and
treatment planning of cardiac arrhythmias, including atrial fibrillation and VT. Specifically,
there is evidence from previous studies (e.g., [48]) that suggests that ECGi can be used

to provide diagnostic insights regarding the location of arrhythmia origin. Compared to
data-driven methods using ECG, ECGi methods are more general purpose, and the analysis
that we performed using ECGi based methods demonstrated that — for specific tasks such as
localizing the origin of activation — data-driven methods trained for the specific task may be
better than the general-purpose ECGi based approach. Future work could involve combining
the data-driven methods and ECGi methods for achieving benefits of both sides.

D. Deep Network Architecture for Electrocardiographic Data

In this study, we relied on CNN architecture (Section 1V-B) as feature extraction building
blocks. The presented architecture is comprised of five 1D convolution blocks. Although
the intent of this study was not to search for the best architecture for feature extraction,

we note recent studies which have demonstrated the use of other specialized architecture
like very deep networks [16] or recurrent neural networks in our earlier work [19] to
process electrocardiographic data. In [16], a 34-layer convolution neural network was
designed to map a sequence of electrocardiograph samples to a sequence of rhythm classes
and was trained end-to-end with complete supervision. In [19], a sequential factorized
autoencoder made up of Gated Recurrent Units (GRU) was proposed to separate anatomical
representation with task-relevant factors via weak supervision in the form of patient labels.
Unlike these works, we considered unsupervised learning of disentangled features from
the ECG data. Further, the nonparametric capacity of the IBP-VAE allowed us to capture
the unbounded nature of underlying generative factors. The combination of sophisticated
architecture presented in such works with the learning setup of our work could be an
interesting future avenue.
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VI. Conclusion

We presented a novel study of disentangling anatomical generative factors from ECG

data and demonstrated that disentangling can benefit the downstream task confounded

by such anatomical variations. For this, we simulated large-scale 12-lead ECG data sets
with a controlled set of generative factors involving the geometry of the heart and torso
and demonstrated the ability to disentangle factors of such geometrical factors. On both
simulated and real-world clinical ECG data sets, we then demonstrated the benefit of such
disentanglement representation learning on the downstream task of localizing the origin of
ventricular activation.

Acknowledgments

This work is supported by National Institute of Health (National Heart, Lung, and Blood Institute) (Award No.:
R15HL 140500 and RO1HL145590).

References

[1]. Bengio Y, Courville A, and Vincent P, “Representation learning: A review and new perspectives,”
IEEE transactions on pattern analysis and machine intelligence, vol. 35, no. 8, pp. 1798-1828,
2013. [PubMed: 23787338]

[2]. Oord A. v. d., Li Y, and Vinyals O, “Representation learning with contrastive predictive coding,”
arXiv preprint arXiv:1807.03748, 2018.

[3]. Locatello F, Bauer S, Lucic M, Raetsch G, Gelly S, Schoelkopf B, and Bachem O, “A sober
look at the unsupervised learning of disentangled representations and their evaluation,” Journal of
Machine Learning Research, vol. 21, no. 209, pp. 1-62, 2020. [PubMed: 34305477]

[4]. Chen S, Gyawali PK, Liu H, Horacek BM, Sapp JL, and Wang L, “Disentangling inter-
subject variations: Automatic localization of ventricular tachycardia origin from 12-lead
electrocardiograms,” in Biomedical Imaging (ISBI 2017), 2017 IEEE 14th International
Symposium on. IEEE, 2017, pp. 616-619.

[5]. Chen RT, Li X, Grosse RB, and Duvenaud DK, “Isolating sources of disentanglement in
variational autoencoders,” in Advances in Neural Information Processing Systems, 2018, pp.
2610-2620.

[6]. Kingma DP, Mohamed S, Rezende DJ, and Welling M, “Semi-supervised learning with deep
generative models,” in Advances in neural information processing systems, 2014, pp. 3581-3589.

[7]. Gyawali PK, Li Z, Ghimire S, and Wang L, “Semi-supervised learning by disentangling and
self-ensembling over stochastic latent space,” in International Conference on Medical Image
Computing and Computer-Assisted Intervention. Springer, 2019, pp. 766-774.

[8]. Higgins I, Pal A, Rusu A, Matthey L, Burgess C, Pritzel A, Botvinick M, Blundell C, and Lerchner
A, “Darla: Improving zero-shot transfer in reinforcement learning,” in Proceedings of the 34th
International Conference on Machine Learning-Volume 70. JMLR. org, 2017, pp. 1480-1490.

[9]. Grimm C, Higgins I, Barreto A, Teplyashin D, Wulfmeier M, Hertweck T, Hadsell R, and Singh
S, “Disentangled cumulants help successor representations transfer to new tasks,” arXiv preprint
arXiv:1911.10866, 2019.

[10]. Achille A, Eccles T, Matthey L, Burgess C, Watters N, Lerchner A, and Higgins I, “Life-long
disentangled representation learning with cross-domain latent homologies,” in Advances in
Neural Information Processing Systems, 2018, pp. 9873-9883.

[11]. LeCun Y, Bottou L, Bengio Y, and Haffner P, “Gradient-based learning applied to document
recognition,” Proceedings of the IEEE, vol. 86, no. 11, pp. 2278-2324, 1998.

[12]. Matthey L, Higgins I, Hassabis D, and Lerchner A, “dsprites: Disentanglement testing sprites
dataset,” https://github.com/deepmind/dsprites-dataset/, 2017.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.


https://github.com/deepmind/dsprites-dataset/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Gyawali et al.

[13].

Page 16

Liao H, Lin W-A, Zhou SK, and Luo J, “Adn: Artifact disentanglement network for unsupervised
metal artifact reduction,” IEEE Transactions on Medical Imaging, vol. 39, no. 3, pp. 634-643,
2019. [PubMed: 31395543]

[14]. Yang J, Dvornek NC, Zhang F, Chapiro J, Lin M, and Duncan JS, “Unsupervised domain

[15].

[16].

[17].

[18].

[19].

[20].

[21].

[22].

[23].

[24].

[25].
[26].

[27].

[28].

[29].

[30].
[31].

[32].

adaptation via disentangled representations: Application to cross-modality liver segmentation,”
in International Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer, 2019, pp. 255-263.

Plonsey R, “Bioelectric phenomena,” Wiley Encyclopedia of Electrical and Electronics
Engineering, 2001.

Hannun AY, Rajpurkar P, Haghpanahi M, Tison GH, Bourn C, Turakhia MP, and Ng AY,
“Cardiologist-level arrhythmia detection and classification in ambulatory electrocardiograms
using a deep neural network,” Nature medicine, vol. 25, no. 1, p. 65, 2019.

Hong S, Wu M, Zhou Y, Wang Q, Shang J, Li H, and Xie J, “Encase: An ensemble classifier
for ecg classification using expert features and deep neural networks,” in 2017 Computing in
Cardiology (CinC). IEEE, 2017, pp. 1-4.

Coppola EE, Gyawali PK, Vanjara N, Giaime D, and Wang L, “Atrial fibrillation classification
from a short single lead ecg recording using hierarchical classifier,” in 2017 Computing in
Cardiology (CinC). IEEE, 2017, pp. 1-4.

Gyawali PK, Horacek BM, Sapp JL, and Wang L, “Sequential factorized autoencoder

for localizing the origin of ventricular activation from 12-lead electrocardiograms,” IEEE
Transactions on Biomedical Engineering, vol. 67, no. 5, pp. 1505-1516, 2019. [PubMed:
31494539]

Burgess C and Kim H, “3d shapes dataset,” https://github.com/deepmind/3dshapes-dataset/,
2018.

Aras K, Good W, Tate J, Burton B, Brooks D, Coll-Font J, Doessel O, Schulze W, Potyagaylo
D, Wang L et al. , “Experimental data and geometric analysis repository — edgar,” Journal of
electrocardiology, vol. 48, no. 6, pp. 975-981, 2015. [PubMed: 26320369]

Aliev RR and Panfilov AV, “A simple two-variable model of cardiac excitation,” Chaos, Solitons
& Fractals, vol. 7, no. 3, pp. 293-301, 1996.

Wang L, Zhang H, Wong K, Liu H, and Shi P, “Physiological-model-constrained noninvasive
reconstruction of volumetric myocardial trans-membrane potentials,” IEEE Transactions on
Biomedical Engineering, vol. 2, no. 57, pp. 296-315, 2010.

Swenson DJ, Geneser SE, Stinstra JG, Kirby RM, and MacLeod RS, “Cardiac position sensitivity
study in the electrocardiographic forward problem using stochastic collocation and boundary
element methods,” Annals of biomedical engineering, vol. 39, no. 12, p. 2900, 2011. [PubMed:
21909818]

Higgins I, Amos D, Pfau D, Racaniere S, Matthey L, Rezende D, and Lerchner A, “Towards a
definition of disentangled representations,” arXiv preprint arXiv:1812.02230, 2018.

Kingma DP and Welling M, “Auto-encoding variational bayes,” in Proceedings of the 2nd
International Conference on Learning Representations (ICLR), no. 2014, 2013.

Rezende DJ, Mohamed S, and Wierstra D, “Stochastic backpropagation and approximate
inference in deep generative models,” in Proceedings of the 31th International Conference on
Machine Learning, ICML 2014, Beijing, China, 21-26 June 2014, 2014, pp. 1278-1286.
Higgins I, Matthey L, Pal A, Burgess C, Glorot X, Botvinick M, Mohamed S, and Lerchner A,
“beta-vae: Learning basic visual concepts with a constrained variational framework,” 2016.
Gyawali PK, Li Z, Knight C, Ghimire S, Horacek BM, Sapp J, and Wang L, “Improving
disentangled representation learning with the beta bernoulli process,” IEEE International
Conference on Data Mining, 2019.

Griffiths TL and Ghahramani Z, “The indian buffet process: An introduction and review,” Journal
of Machine Learning Research, vol. 12, no. Apr, pp. 1185-1224, 2011.

Pereira H, Niederer S, and Rinaldi CA, “Electrocardiographic imaging for cardiac arrhythmias
and resynchronization therapy,” EP Europace, vol. 22, no. 10, pp. 1447-1462, 2020.

Smola AJ and Schdlkopf B, “A tutorial on support vector regression,” Statistics and computing,
vol. 14, no. 3, pp. 199-222, 2004.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.


https://github.com/deepmind/3dshapes-dataset/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Gyawali et al.

Page 17

[33]. Maaten L. v. d. and Hinton G, “Visualizing data using t-sne,” Journal of machine learning
research, vol. 9, no. Nov, pp. 2579-2605, 2008.

[34]. Yokokawa M, Liu T-Y, Yoshida K, Scott C, Hero A, Good E, Morady F, and Bogun F,
“Automated analysis of the 12-lead electrocardiogram to identify the exit site of postinfarction
ventricular tachycardia,” Heart Rhythm, vol. 9, no. 3, pp. 330-334, 2012. [PubMed: 22001707]

[35]. Kania M, Rix H, Fereniec M, Zavala-Fernandez H, Janusek D, Mroczka T, Stix G, and
Maniewski R, “The effect of precordial lead displacement on ecg morphology,” Medical &
biological engineering & computing, vol. 52, no. 2, pp. 109-119, 2014. [PubMed: 24142562]

[36]. Kim H and Mnih A, “Disentangling by factorising,” in International Conference on Machine
Learning, 2018, pp. 2649-2658.

[37]. Chen X, Duan Y, Houthooft R, Schulman J, Sutskever I, and Abbeel P, “Infogan: Interpretable
representation learning by information maximizing generative adversarial nets,” in Advances in
neural information processing systems, 2016, pp. 2172-2180.

[38]. Kazemi H, Iranmanesh SM, and Nasrabadi N, “Style and content disentanglement in generative
adversarial networks,” in 2019 IEEE Winter Conference on Applications of Computer Vision
(WACV).

[39]. Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, Courville A, and
Bengio Y, “Generative adversarial nets,” in Advances in neural information processing systems,
2014, pp. 2672-2680.

[40]. Roh Y, Heo G, and Whang SE, “A survey on data collection for machine learning: a big data-ai
integration perspective,” IEEE Transactions on Knowledge and Data Engineering, 2019.

[41]. Gyawali PK, Chen S, Liu H, Horacek BM, Sapp JL, and Wang L, “Automatic coordinate
prediction of the exit of ventricular tachycardia from 12-lead electrocardiogram,” in 2017
Computing in Cardiology (CinC). IEEE, 2017, pp. 1-4.

[42]. Pan SJ and Yang Q, “A survey on transfer learning,” IEEE Transactions on knowledge and data
engineering, vol. 22, no. 10, pp. 1345-1359, 20009.

[43]. Redko I, Morvant E, Habrard A, Sebban M, and Bennani Y, Domain Adaptation
Theory: Available Theoretical Results. Elsevier Science, 2019. [Online]. Available: https://
books.google.com/books?id=cs60DWAAQBAJ

[44]. Chen C, Dou Q, Chen H, and Heng P-A, “Semantic-aware generative adversarial nets for
unsupervised domain adaptation in chest x-ray segmentation,” in International Workshop on
Machine Learning in Medical Imaging. Springer, 2018, pp. 143-151.

[45]. lyer V, Mazhari R, and Winslow RL, “A computational model of the human left-ventricular
epicardial myocyte,” Biophysical journal, vol. 87, no. 3, pp. 1507-1525, 2004. [PubMed:
15345532]

[46]. Ten Tusscher KH and Panfilov AV, “Cell model for efficient simulation of wave propagation
in human ventricular tissue under normal and pathological conditions,” Physics in Medicine &
Biology, vol. 51, no. 23, p. 6141, 2006. [PubMed: 17110776]

[47]. Rodrigues J, Mcintyre B, Dastidar A, Lyen S, Ratcliffe L, Burchell A, Hart E, Bucciarelli-Ducci
C, Hamilton M, Paton J et al. , “The effect of obesity on electrocardiographic detection of
hypertensive left ventricular hypertrophy: recalibration against cardiac magnetic resonance,”
Journal of Human Hypertension, vol. 30, no. 3, pp. 197-203, 2016. [PubMed: 26040440]

[48]. Wang L, Gharbia OA, Horacek BM, and Sapp JL, “Noninvasive epicardial and
endocardial electrocardiographic imaging of scar-related ventricular tachycardia,” Journal of
electrocardiology, vol. 49, no. 6, pp. 887-893, 2016. [PubMed: 27968777]

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 February 01.


https://books.google.com/books?id=cs6oDwAAQBAJ
https://books.google.com/books?id=cs6oDwAAQBAJ

1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Gyawali et al. Page 18

300 -

200 ~

100 ~

0~

-100 4

-200 -

-300 &«
200\ 0 . n )

200 400

Fig. 1:
Personalized heart-torso structure where the heart is represented with a cloud of 1666 points
and the torso with 352 points.
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Fig. 2:
Schematics of the four different geometric transformations of the heart with respect to the
torso for producing SImECG data set.
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Fig. 3:

Sample data from SimECG data set where changes in a single factor is presented. Top:
Rotation about z-axis with values —20°, 0°and 20°, respectively, in three columns. Bottom:
Swinging about x-axis for —10°, 0°and 10°, respectively, in three columns.
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Schematic diagram of the presented model. (A) A two-step process: (Left) disentangled
representations are learned in an unsupervised manner and (Right) encoder network is
fine-tuned with added classification layers. (B) Combined learning of disentangled and task
representation as in [29]. Both VAE and IBP-VAE models follow the same architecture

except the stochastic latent channel block.
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Fig. 5:

Training and validation loss over training epochs for IBP-VAE. Left: ELBO of IBP-VAE
as defined in (5). Middle: Loss curve for the reconstruction error. Right: Loss curve for the
combined KL-Divergence between variational posteriors and the corresponding priors.
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Fig. 6:

Reconstruction examples (bottom) for the consecutive two original samples (top) from
SImECG data set. Note that the QRS signals from each lead are concatenated to form a
single 1D signal. The vertical dotted lines demonstrate the separation of signals in each lead.
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Fig. 7:
anfusion Matrix for the disentanglement of representations learned via IBP-VAE (8 =
5) for SIMECG data set in (A) (5 anatomical factors and 3 location factors) and (B) (5
anatomical factors and a single location factor), and for SimECG-torso data set in (C) (3
anatomical factors, including torso variations and 3 location factors).
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Fig. 8:

t-SNE visualization for disentangled latent representation for SIMECG data set. The blue
dotted line is manually added to highlight task-related factors specific to the location of the

origin of ventricular activation.
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Average mean fluctuations corresponding to changes in each of the five geometrical
generative factors f;in each of the five high ranking latent units. Top: S-VAE. Bottom:

B-IBP-VAE.
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Fig. 10:
(A) Schematics of the 10-segment division of the left ventricle. (B—C) Training data

distribution in bar diagrams for 12-lead Clinical ECG and SImECG, respectively, showing

the number of samples in each segment class.
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ROC plot of different models on the SIMECG data set.
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Fig. 12:

ROC plot of different models on the clinical data set.
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Fig. 13:

Localization accuracy for nine combinations of geometrical variations (rotation factors).
Y-axis represents the classification accuracy, and the X-axis represents the performance for
each data set, including a training set (in the left).
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The values for different factors involved in the generation of the presented SImECG data set.

TABLE I

Translation Z-axis

{-20mm, Omm, 20mm }

Factor (f;) lfi =3 end-to-end deviation
Swing X-axis {-10°, 0°, 10°}
<6cm
Swing Y-axis {-10°, 0°, 10°}
Rotate Z-axis {-20°, 0°, 20°} 20°
Translation X-axis | {~10mm, Omm, 10mm }
Translation Y-axis {-5mm, Omm, 5mm } <2cm
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Beta-VAE disentanglement metric [28] for VAE and IBP-VAE for =1 and S= 5 for SImECG data set.

TABLE Il

Model SIMECG
VAE 67.82
VAE (8=5) 76.24
IBP-VAE 73.32
IBP-VAE (8=5) 79.99
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TABLE IlI:

Segment localization accuracy of the presented models under different settings.
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1duosnuen Joyiny

Model Segment classification (in %)

SIMECG | 12-lead clinical ECG
CNN (Baseline) 61.81 50.23
VAE (conditional) 65.82 49.25
VAE (fine-tuning) 59.06 52.33
VAE (conditional) (8= 5) 65.97 47.33
VAE (fine-tuning) (8=5) 65.81 51.96
IBP-VAE (conditional) 63.98 47.10
IBP-VAE (fine-tuning) 70.63 53.02
IBP-VAE (conditional) (8=15) 68.07 46.82
IBP-VAE (fine-tuning) (8= 5) 73.27 53.83
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TABLE IV:

Segment localization accuracy for randomly selected sites using electrocardiographic imaging (ECGi).

Group (number of sites) | top-1 | top-1 and neighbors

All dataset (50) 26% 70%

20% 70%

Test dataset (20)
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