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Abstract— Cardiac digital twins (CDTs) have the poten-
tial to offer individualized evaluation of cardiac func-
tion in a non-invasive manner, making them a promising
approach for personalized diagnosis and treatment plan-
ning of myocardial infarction (MI). The inference of accurate
myocardial tissue properties is crucial in creating a reli-
able CDT of MI. In this work, we investigate the feasibility
of inferring myocardial tissue properties from the elec-
trocardiogram (ECG) within a CDT platform. The platform
integrates multi-modal data, such as cardiac MRI and ECG,
to enhance the accuracy and reliability of the inferred tissue
properties. We perform a sensitivity analysis based on com-
puter simulations, systematically exploring the effects of
infarct location, size, degree of transmurality, and electrical
activity alteration on the simulated QRS complex of ECG,
to establish the limits of the approach. We subsequently
present a novel deep computational model, comprising
a dual-branch variational autoencoder and an inference
model, to infer infarct location and distribution from the
simulated QRS. The proposed model achieves mean Dice
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scores of 0.457 ± 0.317 and 0.302 ± 0.273 for the infer-
ence of left ventricle scars and border zone, respectively.
The sensitivity analysis enhances our understanding of the
complex relationship between infarct characteristics and
electrophysiological features. The in silico experimental
results show that the model can effectively capture the rela-
tionship for the inverse inference, with promising potential
for clinical application in the future. The code is available at
https://github.com/lileitech/MI_inverse_inference.

Index Terms— Cardiac digital twins, cardiac MRI, electro-
physiology, inverse problem, multi-modal integration.

I. INTRODUCTION

MYOCARDIAL infarction (MI) is a major cause of
mortality and disability worldwide [1]. Assessment of

myocardial viability is essential in the diagnosis and treatment
management for patients suffering from MI. In particular,
the location and distribution of myocardial scars provide
important information for patient diagnosis and treatment. Late
gadolinium enhancement (LGE) magnetic resonance imaging
(MRI) has been widely used to characterize myocardial scars
[2]. However, the incorporation of LGE into MRI examination
prolongs scan time and has potential side effects [3]. Recent
studies have tried to delineate scars using non-enhanced MRI,
with promising preliminary results [4], [5]. Alternatively, the
electrocardiogram (ECG) can be used to reveal abnormalities
related in electrophysiology post-MI [6]. For example, ST-
segment elevation and T-wave inversion are commonly used
indicators of cardiac remodeling associated with different
stages of MI [7]. In contrast, QRS patterns have received less
attention in the literature, though they also provide valuable
information about the extent and location of myocardial dam-
age in the post-MI [8]. It is still partially unclear how QRS
abnormalities reflect MI characteristics, such as location, size,
transmural extent, and cardiac electrical activity alterations.
Therefore, it is highly desirable to investigate their relation-
ships and thus better understand the diagnostic and prognostic
value of QRS abnormalities for MI.

Cardiac “digital twin” (CDT) technology can create virtual
models of the heart combining cardiac images, ECG, and other
subject-specific information [9]. It allows clinicians to visual-
ize and analyze the structure, function, and electrical activity
of the heart in real-time, providing valuable insights into the
underlying mechanisms of MI [10]. As Fig. 1 shows, CDT
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Fig. 1. The cardiac digital twin (CDT) generation workflow combining cine cardiac magnetic resonance images (MRIs) and electrocardiogram
(ECG). Here, the anatomical twinning personalizes the geometrical model, while functional twinning personalizes the electrophysiological model.
The anatomical and electrophysiological parameters include electrode positions, myocardial infarction (MI) distribution, ventricular muscle fiber
orientation, Purkinje system, etc. Our goal is to solve the inverse problem for inferring the infarct location map (highlighted via the glow effect) from
simulated QRS.

workflows usually involve two stages, namely anatomical and
functional twinnings, which present various challenges [11].
The anatomical twinning stage involves the segmentation of
cardiac images, reconstruction of the 3D geometry of the heart,
and the identification and extraction of relevant anatomical
structures. It is complicated by the variability in the cardiac
anatomy across individuals, as well as by imaging artifacts and
noise. At the functional twinning stage, the main challenge
is to solve the inverse problem of electrocardiography, i.e.
estimating cardiac activity from the measured ECG, which
is inherently ill-posed, meaning that multiple solutions can
lead to the same observed data. This is complicated by the
limitations of ECG recordings, which are sparse, noisy, and
subject to substantial uncertainties.

In this work, we develop a deep computational model
for the inverse inference of post-MI with different proper-
ties, varying the infarct location, size, and transmural extent.
We first conduct a sensitivity analysis to investigate the
relationship between QRS abnormalities and infarct char-
acteristics in post-MI. This analysis provides insights into
how variations in QRS signals are associated with specific
infarct properties, informing the subsequent inference process.
We then propose an end-to-end inverse inference framework
that leverages a multi-modal variational autoencoder (VAE)
in conjunction with an inference model. The framework can
efficiently combine the anatomical properties from cine MRI
and electrophysiological information from simulated QRS.
This study provides an integrated and personalized perspective
that incorporates the features from multi-modal data to predict
tissue properties of post-MI, enabling the construction of a
CDT platform. To the best of our knowledge, this is the
first deep learning based computational model that addresses
the inverse inference of MI with diverse characteristics while
incorporating a comprehensive sensitivity analysis. The main
contributions of this work include:

• We develop a novel deep computational model for the
inverse inference of infarct regions from simulated QRS
and point cloud reconstructed from non-enhanced MRI.

• We perform a comprehensive sensitivity analysis to inves-
tigate the relationship between QRS abnormalities and
infarct characteristics in post-MI.

• We utilize a unified coordinate system to consistently rep-
resent the ventricles and infarct characteristics, thus mit-
igating the impact of inter-subject anatomical variations.

• We prove the feasibility of inferring myocardial tissue
properties from multi-modal data to create a reliable CDT
platform for personalize medicine.

II. RELATED WORK

A. Myocardial Infarction Detection From MRI or ECG
LGE MRI has been widely used to visualize LV scarring

area, while T2-weighted MRI is employed to depict border
zone [12]. However, automatic segmentation of LV scarring
area/ border zone from MRI could be quite challenging,
due to low image quality and the inherent variability in
the appearance of pathological tissue. A few studies have
attempted to address these challenges by combining multi-
sequence MRI for scar and border zone segmentation [13],
[14]. The majority have primarily focused on LV scar seg-
mentation using conventional methods, such as thresholding
[15], region growing [16], fuzzy clustering [17], continuous
max-flow [18], and graph-cuts [19]. Recent advancements in
deep learning have yielded promising results, offering more
efficient and accurate models for LV scar segmentation from
LGE MRI [20], [21]. Most work adopted a two-stage model
by extracting myocardium as a prior and then performing a
pathology segmentation [2]. Nevertheless, LGE MRI could be
cost-prohibitive and potentially pose risks to certain patients.
Therefore, several studies have explored employing contrast
agent-free cine MRI for infarct segmentation via motion
traction or LGE MRI synthesis [4], [5]. Instead of relying on
imaging data for precise infarct area localization, an alternative
approach is to use ECG to perform the preliminary coarse
location classification of the infarct area [22], [23], [24].
Ghimire et al. [25] employed variational approximation to
reconstruct transmural action potential from CT and 120-lead
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ECG and then extracted scarring area via thresholding the
activation time. To the best of our knowledge, there has been
no prior research that combines non-enhanced MRI data and
ECG for the localization of MI with different characteristics.

B. Integration of Cardiac Images With Non-Imaging
Information

The fusion of information from multiple modalities, such as
anatomical images, ECG signals, and clinical metadata, holds
the potential to provide a more comprehensive understanding
of the underlying cardiac electrical activity [26]. For instance,
one can align CT and electroanatomical mapping (EAM) data
via landmark-based registration for combining anatomical and
electrical information to guide ablation procedures [27]. The
fusion can be achieved simply based on a spatial registration,
as EAM data inherently encodes spatial information about
the electrical activity within the heart. However, the data
representation of non-imaging data is normally different from
imaging data, and thus introduces additional challenges for
multi-modal data integration. To solve this, several studies
have leveraged contrastive learning techniques to establish cor-
respondences between imaging and non-imaging pairs within
randomly sampled batches [28], [29]. It is important to note
that these approaches assume a prerequisite alignment of input
modalities, which may be invalid in some scenarios. Alterna-
tively, one can construct the anatomical mesh from imaging
data, followed by the mapping of non-imaging information to
individual vertices of the mesh [30]. Recent advancements in
multi-modal fusion methods fundamentally aim to integrate
multi-modal data into a global feature space, allowing for
a uniform representation of the integrated information [31],
[32]. For instance, Li et al. [33] employed multi-model rep-
resentation learning to combine anatomical images and ECG
signals for the inference of ventricular activation properties.
The integration of anatomical images and ECG signals in a
unified feature space enables the inverse inference of critical
parameters related to ventricular activation.

C. Solving the Electrocardiography Inverse Problem
Estimation of electrical activity inside the heart from body

surface potentials or ECG is known as an inverse problem
of electrocardiography. To solve the inverse problem, state-of-
the-art approaches can be coarsely separated into two kinds:
deterministic and probabilistic methods [34]. Deterministic
approaches in cardiac electrophysiology involve minimizing
a cost function that quantifies the discrepancy between the
observed data and the model predictions. For robust inverse,
spatial and/ or temporal regularizations have been widely
used [35], [36]. However, deterministic optimization provides
single-point estimates of model parameters without consid-
ering measurement data uncertainty. Probabilistic methods
rely on Bayesian inference theory and numerical techniques
to generate posterior distributions for the model parameters
[37], [38]. They can incorporate prior knowledge into the
parameter estimation with uncertainty, which can be used
to guide decision-making and assess the robustness of the
results [25]. Nevertheless, conventional probabilistic methods

are usually computationally expensive, as repeated numerical
simulations are required to generate samples for the posterior
distribution. Recently, deep learning based probabilistic meth-
ods have emerged as an alternative to conventional methods
for modeling complex dynamics of cardiac electrical activ-
ity. They can leverage deep neural networks to approximate
the posterior distribution of the model parameters or latent
variables, providing faster and more accurate approximations.
For example, Meister et al. [30] employed graph convolutional
neural networks to estimate the depolarization patterns in
the myocardium with scars. Bacoyannis et al. [39] recon-
structed activation patterns of the myocardium with various
local wall thicknesses, as thin walls indicate infarct regions.
However, with regards to different post-MI scenarios, the
inverse inference of electrophysiological heterogeneity in the
infarct regions has not been fully investigated yet.

Given the ill-posed nature of the inverse problem, it is
imperative conduct thorough and rigorous validation to ensure
its clinical acceptance. The majority of the validation studies
employed computer models for in silico evaluation [25], [40],
[41] and/ or performed evaluation on the basis of torso-tank
experiments with isolated animal hearts, such as rabbit [42],
canine [43], [44], and swine [45], [46]. There are only few
studies evaluated using in-vivo human subjects, which however
usually employed non-simultaneous invasive recordings, such
as electrograms [47] or bipolar voltages maps [25], [48].

III. METHODOLOGY

A. Anatomical Twinning: Mesh Reconstruction

At the anatomical twinning stage, we reconstruct a
subject-specific 3D torso-biventricular tetrahedral mesh from
multi-view cardiac MRIs [50], [51]. Specifically, for the biven-
tricular reconstruction, we first use a deep learning based
ventricle segmentation from long- and short-axis cardiac cine
MRIs at the end-diastolic (ED) phase and thus obtain sparse
3D contours. We then perform a misalignment correction
based on the intensity and contour information coupled with a
statistical shape model, followed by a surface mesh reconstruc-
tion and volumetric tetrahedral mesh generation. We utilize
a two-step automated framework for the torso reconstruction,
and the locations of the ECG electrodes (I, II, V1-V6, LA, RA,
LL, RL) are measured from the personalized 3D torso mesh.
To ensure a symmetric, consistent, and intuitive biventricu-
lar representation across various geometries, we project the
biventricular mesh into a consistent biventricular coordinates
(Cobiveco) system [52]. The Cobiveco system is defined by
(tm, ab, r t, tv), which correspond to transmural, apicobasal,
rotational, and transventricular coordinates, respectively. The
reader is referred to the anatomical twinning stage of Fig. 1
for the illustration of Cobiveco (tv is excluded there). We rep-
resent infarct areas in the myocardium as an ellipse with radii
rtm , rab, and rr t as follows,

(tmi − tm0)
2

rtm2 +
(abi − ab0)

2

rab2 +
(r t i − r t0)

2

rr t 2 ≤ 1, (1)

where (tm0, ab0, r t0) is the center coordinate of the scar
region.
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Fig. 2. The seven infarct locations defined on the 17-segment American Heart Association (AHA) model. The selection of the seven locations is
referring to [49]. Ext: extensive; Lim: limited.

Fig. 3. Illustration of several post-MI scenarios, including different infarct locations, sizes, and transmural extents. Here, scars refer to the area of
damaged or dead heart muscle tissue that has been replaced by non-functional fibrous tissue, while the border zone (BZ) is the area surrounding
the scar tissue where there may be some remaining damaged heart muscle tissue that is not yet fully scarred.

We consider different post-MI scenarios, including seven
locations, two transmural extents, two different sizes, and two
different cardiac electrical activity alterations. As Fig. 2 shows,
one can define the infarct areas consistently in the 17-segment
American Heart Association (AHA) map [49], enabling the
study of the effects of MI properties at a population level.
Note that in this study, we only consider the scars in the
left ventricle (LV), as the majority of clinically significant
myocardial scars present there [53]. The LV region is defined
in Cobiveco as tv = 0 ∨ (tv = 1 ∧ r t > 2

3 ) to include the
whole septum. For the comparison of different infarct sizes
and cardiac electrical activity alterations, we only report on
lateral MI as an illustrative case. We simulate infarct at seven
different locations and one smaller size on lateral MI, each
with two levels of transmural extent, and one scenario with a
slower CV on transmural large lateral MI, resulting in a total
of 17 post-MI scenarios for each subject. Figure 3 provides
several examples of our experimental scenarios.

B. Functional Twinning: Forward Electrophysiological
Simulation

At the functional twinning stage, we simulate cardiac
electrophysiology via an efficient orthotropic Eikonal model
[38], which incorporates a human-based Purkinje system into
the formulation of the activation times of root nodes (RNs),
i.e., the sites of earliest activation. The simulation is performed
on the Cobiveco mesh, solving,{ √

∇T tV2∇t = 1,

t (00) = pk (00) − min (pk (00)) ,
(2)

where V are the orthogonal conduction velocities (CVs) of
fibre, sheet (transmural), and sheet-normal directions, t is the
time at which the activation wavefront reaches each point
in the mesh, 00 is the set of RN locations, and pk is a
Purkinje-tree delay function from the His-bundle to every
point. Therefore, the earliest activation time at the RNs is
defined as their delay from the His-bundle through the Purk-
inje tree normalized by the earliest activation, such that the
wavefront originates at t = 0 in one of the endocardial

RNs. The QRS can be calculated from the activation time
map (ATM) via a pseudo-ECG equation [54] for a 1D cable
source with constant conductivity at a given electrode location
(x ′, y′, z′) as follows

φe
(
x ′, y′, z′

)
=

a2σi

4σe

∫
−∇Vm ·

[
∇

1
r

]
dx dy dz (3)

where Vm is the transmembrane potential, ∇Vm is its spatial
gradient, r is the Euclidean distance from a given point
(x, y, z) to the electrode location, a is a constant that depends
on the fiber radius, and σi and σe are the intracellular
and extracellular conductivities, respectively. The pseudo-ECG
method can efficiently generate normalized ECG signals with-
out significant loss of morphological information compared to
the bidomain simulation [55].

In modeling the effects of scars on the QRS, it is essential
to consider the electrophysiological properties of the infarct
regions, such as the slower CVs [56], which can lead to
changes in the timing and amplitude of the ECG waveform
and thus manifest as changes in the QRS. Therefore, we vary
the CVs of infarct and healthy myocardial areas during QRS
simulation (see Sec. IV-A.1). As Fig. 4 shows, the ATM of MI
patients presents slower electrical signal propagation compared
to that of healthy ones, resulting in corresponding alteration
in the simulated QRS morphology. The QRS signal was
simulated for each MI scenario of each subject, establishing
an ideal 1-to-1 relationship between the QRS signal and the
MI scenario. However, note that in cases where the assigned
MI regions of two or more MI scenarios for a single subject
have no distinguishable effects or produce identical effects on
the final simulated QRS signals, this ideal 1-to-1 relationship
may become invalid.

C. Functional Twinning: Inverse Inference of Post-MI
Properties

Figure 5 provides an overview of the proposed deep com-
putation model, consisting of a dual-branch VAE and an
inference model. The VAE captures both anatomical and
electrophysiological features, while the inference model uses
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Fig. 4. Illustration of regional alterations in ventricular activation when scars are present in the heart. Here, we employ the subject with transmural
extensive anterior MI as an example, to compare its activation time map (ATM) and QRS with that of a corresponding healthy one. The arrows
highlight the areas where ATM differs in MI and healthy cases.

Fig. 5. Deep computational model for the inverse inference of MI based
on a dual variational autoencoder (VAE). Note that the reconstructed
point clouds (PCs) include both dense and sparse PCs and the simulated
QRS includes 8 leads. For simplicity, the schematic of sparse PC is
omitted, and only single lead is presented here.

the latent space representation to predict scar and border zone
location. It offers a probabilistic framework that handles noise
and uncertainty in ECG data, and the continuous latent space
of VAE further provides an interpretable representation of
MI properties, facilitating the inverse inference of MI [48].
Fig. 6 depicts the network architecture. One can see that the
EncoderPC and EncoderQRS extract latent features from PC
and QRS, separately. The latent space features of PC and
QRS have been concatenated, to gain a unified anatomical
and electrophysiological representations. To extract semantic
features for the segmentation of scars/ BZ, the EncoderPC
and Decoderinf are designed based on the architecture of
PointNet++ [57]. The design of DecoderPC is inspired by
the work of Beetz et al. [58]. We utilize bidirectional long
short-term memory (LSTM) module [59] in the EncoderQRS to
capture temporal dependencies and sequential patterns within
the QRS, which is inherently time-series data.

For the geometry reconstruction, we reconstruct coarse and
dense point clouds (PCs) to simultaneously learn global shape
and local anatomy of the ventricles [58], [60]. Therefore, the
PC reconstruction loss function is defined as follows,

Lrec
PC =

K∑
i=1

(
Lchamfer

i,coarse + αLchamfer
i,dense

)
, (4)

where K is the number of classes, α is the weight term
between the two PCs, and Lchamfer is the chamfer distance
between the input and reconstructed PCs. To improve the
fidelity and resemblance of the reconstructed QR̂S to the
original QRS, we minimize their mean-squared error (MSE)
and dynamic time warping (DTW) distance [38],

Lrec
QRS = LMSE(QRS, QR̂S) + LDTW(QRS, QR̂S). (5)

Finally, the loss function for training the dual-branch VAE is
calculated as,

LVAE = λPCLrec
PC + λQRSLrec

QRS + λKLLKL, (6)

where λPC, λQRS, and λKL are balancing parameters, and LKL

is the Kullback-Leibler (KL) divergence loss to mitigate the
distance between the prior and posterior distributions of the
latent space. Here, the posterior distribution is presumed to
follow a standard normal distribution, denoted as N (0, 1).

For the inference, we predict the infarct location based on
the low-dimensional features learned from the VAE. To allevi-
ate the class-imbalance issue existed in the MI segmentation,
we combine the cross-entropy (CE) loss and Dice loss,

Lseg = LCE + λDiceLDice, (7)

where λDice is a balancing parameter. For realistic infarct
shape, we further introduce a compactness loss,

Lcompact =
1

N pre

N pre∑
i=1

d pre
i + dgd

i

dgd
max

, (8)

where N pre is the total number of predicted MI points, d pre
i

and dgd
i are the Euclidean distances from each predicted

MI point i to the center of predicted and ground truth MI,
respectively, and dgd

max is the maximum Euclidean distance
from ground truth MI points to their center. We introduce two
further constraints, to control infarct size and prevent scar from
appearing in the right ventricle (RV) via,

Lsize =
N pre

− N gd

N gd , (9)

Lspa =
N pre

RV
N pre , (10)
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Fig. 6. The network architecture of the proposed deep computational model. Here, n is the number of nodes of input PC (n = 4096), which includes
three point coordinates (d = 3) and four Cobiveco coordinates (c = 4); s is the number of categories of nodes which could be healthy, scar, and BZ
(s = 3); ncoarse and ndense are the numbers of nodes in the coarse and dense output PCs, respectively (ncoarse = 1024, ndense = 4096); Nlead
and lQRS refer the number of QRS leads and the unified length of QRS signals, respectively (Nlead = 8, lQRS = 512). The latent space features of
PC and QRS data have been concatenated and fed to the three decoders.

where N gd is the total number of ground truth infarct points,
while N pre

RV is the number of predicted infarct points located
in the RV, excluding the septum boundary. Hence, the final
inference loss is defined as,

Linf = λVAELVAE + Lseg + λcompactLcompact

+ λsizeLsize + λspaLspa, (11)

where λcompact, λsize and λspa are balancing parameters.

IV. EXPERIMENTS AND RESULTS

A. Materials

1) Dataset and Simulation Setup: We collected 49 subjects
with paired 12-lead ECGs and multi-view cardiac MRIs from
the UK Biobank study, under application number 40161 [61].
Each subject has a set of 17 simulated post-MI scenarios
for sensitivity analysis. However, for the MI inference, only
16 scenarios were considered, as the scenario involving slower
CV was excluded, resulting in a total of 784 experimental
data (49 subjects × 16 scenarios). The dataset was randomly
divided into 34 training subjects, 5 validation subjects, and
10 test subjects. The biventricular tetrahedral mesh for each
subject was converted into PCs and then resampled into coarse
and dense versions with 1,024 and 4,096 nodes, respectively.

Using simulated data allows for controlled exploration of
the relationship between QRS abnormalities and MI char-
acteristics and provides a known ground truth for inference
evaluation, which is challenging with real data. During the
electrophysiology simulations, a fixed set of RN locations and
CV values were utilized. Specifically, the RNs were placed
at seven specific homologous locations based on Cobiveco –
four in the LV and three in the RV. In the LV, they were
situated in the mid-septum, basal-anterior paraseptal, and two
mid-posterior locations, while in the RV, they were located
in the mid-septum and two free wall regions [62]. The RN
configuration was consistent in healthy and MI subjects across
different subjects. Two sizes of lateral MI were achieved by
halving rab and rr t values for the small lateral MI compared to

the large one. Two transmural extents were set by varying rtm ,
which was set as 3 and 0.5 for transmural and subendocardial
scars, respectively. For baseline QRS simulation, the CV
values for different directions were set as follows: 65 cm/s
along the fiber direction, 48 cm/s along the sheet direction,
51 cm/s along the sheet-normal direction, and 100 cm/s and
150 cm/s for the sparse and dense endocardial directions,
respectively [63]. These values were consistent with reported
velocities for healthy human myocardium in previous studies
[64], [65]. In the simulation of QRS for MI, the CVs in the
areas of myocardial scarring and BZ were set to 10% and
50% (another slower CV configuration: 5% and 25%) of the
respective values observed in healthy myocardium.

2) Evaluation: For evaluation, we compared the predicted
MI distribution of our proposed automatic method with the
gold standard. The ground truth of infarct regions for each
scenario of each subject was obtained during simulation phase,
as we explained in Sec. III-B. To evaluate the segmentation
accuracy, we calculated the Dice score, precision, and recall
of the MI prediction, calculated on the PCs. Furthermore,
we propose a novel evaluation metric called the AHA-loc-
score, to assess the accuracy of MI localization using the
17-segment AHA map,

AHA-loc-score = βc-idδc-pre, c-gd + βidIoUid + βc-d(1 − dc),

(12)

where δc-pre, c-gd indicates whether the AHA index of predicted
infarct center is matched with that of ground truth, IoUids
calculates the intersection over union (IoU) score of the AHA
indices appeared in the predicted and ground truth MI regions,
and dc refers to the normalized distance between predicted and
ground truth infarct centers. The weights βc-id, βids, and βc-d
have values of 0.5, 0.2, and 0.3, respectively.

3) Implementation: The framework was implemented in
PyTorch, running on a computer with 3.50 GHz Intel(R)
Xeon(R) E-2146G CPU and an NVIDIA GeForce RTX 3060.
We use the Adam optimizer to update the network param-
eters (weight decay = 1e-3). The batch size is 4, and the
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Fig. 7. Comparison of QRS dissimilarity using dynamic time warping (DTW) among different MI scenarios and baseline. Note that here we excluded
the scenario with slower conduction velocity configuration. (a) QRS dissimilarity of each MI scenario to the baseline in each lead; (b) Maximum and
average QRS dissimilarity (DTWmax and DTWavg) between each MI scenario of all leads. transmu: tranmural; subendo: subendocardial.

initial learning rate is set to 1e-4 with a stepped decay rate
of 0.5 every 6800 iterations. The balancing parameters in
Sec. III-C are set as follows: α = 5, λKL = 0.01, λcompact = 1,
λsize = 1, λspa = 1, and λVAE = 1. The selection of
architecture parameters was based on the property of dataset
or referring previous studies or determined empirically. For
instance, the numbers of nodes in the coarse and dense output
PCs ncoarse and ndense were set to 1024 and 4096, respectively,
referring to Beetz et al. [66]. The unified length of QRS
signals lQ RS was set to 512, as this was the largest length
of simulated QRS signals. The simulation of one QRS of
MI spent about 5 min. The training of the model took about
10 hours (300 epochs in total), while the inference of the
networks required about 9 s to process one test case.

B. Sensitivity Analysis of QRS for Different Post-MI
Characteristics

We performed a sensitivity analysis in which we studied the
effects of different infarct configurations in the QRS complex.
The aim was to find out which locations and sizes had a signif-
icant effect on QRS, and thus to establish the feasibility of the
inverse inference task. To quantify discrepancy between QRS
shapes, we employed a global measure, DTW, which com-
pared signals of different lengths with an additional penalty for
the difference in QRS duration between the two signals [38].
Furthermore, we introduced four QRS abnormalities reported
in literature, i.e., QRS duration prolongation [67], pathological
Q-waves [68], poor R wave progression (PRWP) [69], and
fragmented QRS (fQRS) [70].

1) Sensitivity Analysis: Global QRS Measure: To assess the
impact of QRS on the 17 different MI scenarios, we measured
the dissimilarity between each of these and the baseline,

Fig. 8. Comparison of QRS morphology between MI scenarios with
different transmural extents and locations, along with poor R wave
progression (highlighted with red dashed lines).

as well as the dissimilarity between them. As Fig. 7 shows, the
QRS complex showed morphological alterations in most post-
MI scenarios when compared to the normal QRS complex
(DTW > 0). Particularly, inferolateral, extensive anterior,
and apical transmural MI presented more evident alterations
compared to others. One can see a significant decrease in QRS
morphology alteration in small lateral MI when compared to
that of large lateral MI, especially for subendocardial one. The
degree of transmurality presented a noticeable impact on the
QRS morphology at all infarct locations (except for limited
anterior), namely transmural scars generally caused more
prominent changes in QRS morphology compared to suben-
docardial scars. Although the QRS dissimilarities between
transmural and subendocardial septal scars were relatively
small (DTWmax

= 0.2 and DTWavg
= 0.3), differences in
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QRS morphology can still be observed, as shown in Fig. 8.
Despite the influence of transmurality on QRS morphology, the
differences in QRS between various infarct locations seemed
to be more pronounced than those caused by the extent of
transmurality. This implies that the QRS has greater sensitivity
in localizing MI rather than predicting its transmural extent.
The primary QRS morphological difference observed with
varying degrees of CV reduction was the QRS duration:
99.5 ms vs. 113.8 ms on transmural large lateral MI. However,
our initial tests presented unexpected QRS simulation results
when we significantly reduced the CVs in the MI regions.
This suggests that the personalized CV configuration of infarct
areas during simulation requires further investigation in the
future. Most infarct locations were represented on the QRS
by leads I, V5, and V6, whereas septal MI was represented
by leads V1-V4 and V3-V4 for subendocardial and transmural
ones, respectively. Generally, larger scars tend to result in QRS
changes appearing in more leads. This result is in agreement
with those reported in clinical practice [49].

2) Sensitivity Analysis: Local QRS Measure: The changes
in QRS morphology for the 17 MI scenarios were reflected
in multiple ways. Here, we introduced several QRS criteria
and compared the contribution of each of these for infarct
detection. We found that apical and inferolateral MI tended
to present prolongation of the QRS duration: 124.1 ms and
107.7 ms (apical and inferolateral MI) vs. 90.4 ms (normal).
PRWP mainly occurred in extensive anterior, septal, and
apical MI, similar as reported in the literature [69] and [71].
Specifically, the R wave amplitude in the septal MI was
sometimes flattened, while the R wave of V6 tended to be
larger than that of V5 in the apical MI, as Fig. 8 shows. The
prevalence of fQRS was more common in the inferior lead
(lead II) compared with the anterior leads (leads V3 and V4)
and the lateral leads (leads V5 and V6), similar to the results
reported in Liu et al. [72]. The presence of fQRS in lead II
and leads V3-V4 indicated inferolateral and extensive anterior
MI, respectively. In contrast, pathological Q wave failed to
classify MI from healthy subjects in our simulation system.

C. Inference Accuracy of Post-MI Properties

Table I presents the quantitative results of the proposed
method, and Fig. 10 (a) provides the boxplots of Dice score.
The proposed method obtained the best segmentation and
localization performance on the transmural extensive anterior
MI (Dice = 0.934 ± 0.028, AHA-loc-score = 0.987 ± 0.007).
Even for the scenarios where there were not notable QRS
morphology changes, such as MI in the septum and limited
anterior areas, the model still can localize the corresponding
infarct (DTWmax

= 0.4, AHA-loc-score ≈ 0.7). Nevertheless,
the model showed difficulties in detecting lateral (especially
for the subendocardial and small size ones, with Dice score
of 0.097 ± 0.112) and inferior MI with Dice scores of
0.228 ± 0.252 and 0.173 ± 0.288 for subendocardial and
transmural one, respectively. In general, the segmentation of
the transmural MI tended to be more accurate than that of the
subendocardial MI (Dice: 0.518 ± 0.347 vs. 0.396 ± 0.271).
This observation aligned with expectations, since transmural

MI often exhibit more pronounced and distinct QRS abnor-
malities compared to subendocardial MI, as proved in previous
sensitivity analysis. As a result, our model can leverage these
noticeable differences to identify and segment the affected
region accurately. Nevertheless, their ability to precisely deter-
mine the location of the infarction within the myocardium
did not vary significantly (AHA-loc score: 0.610 ± 0.343 vs.
0.659±0.339). This can be attributed to the fact that the local-
ization of MI is not solely dependent on the depth or extent of
the infarct. Furthermore, the accuracy of predicting scars was
generally higher than that of predicting border zones (BZs).
This could be because the complex nature of BZs, where
the myocardial tissue undergoes a transition from healthy
to scarred, introduces additional variability and ambiguity in
the QRS signals, leading to a lower prediction accuracy for
BZs. The performance in terms of Dice coefficient, precision,
recall and AHA-loc-score was generally consistent. However,
in specific cases like apical, limited anterior, and inferolateral
transmural MI, precision may exhibit a slight superiority over
the Dice. Apical MI obtained the highest AHA-loc-score,
indicating its accurate and reliable localization. This could be
attributed to the uniqueness of the apical location, allowing
for a more precise and unambiguous localization of MI due
to the absence of significant interference from neighboring
structures.

Figure 9 provides 3D results of a representative test sub-
ject on different scenarios. One can observe that the 3D
visualization agrees well with the quantitative analysis result.
There were outliers appearing in the inferior area for lateral
MI detection and vice versa, which suggests that the model
had difficulty distinguishing between the lateral and inferior
MI areas based on their QRS. Furthermore, even though
extensive anterior and inferolateral MI both covered large
areas, the detection of inferolateral MI tended to be more
difficult compared to that of extensive anterior MI.

D. Ablation Study
Accurate MI inference goes beyond merely identifying the

location of the infarction, but also requires a comprehensive
assessment of the extent of infarct tissue. Therefore, we intro-
duced additional constrains, namely localization constrains
(Lspa and Lcomp) and an extent constrain (Lsize). To eval-
uate their effectiveness, we conducted an ablation study by
selectively removing them from the proposed framework,
as presented in Fig. 10. One can see that in most scenarios the
proposed method obtained the best performance compared to
others. For example, without localization constrains, the model
presented worse performance in identifying septal MI. Note
that septal MI normally presents complexity for detection,
due to its unique position and overlapping ECG effects from
neighboring regions, such as the anterior and inferior walls
[25], [48]. We observed that the absence of Lcomp led to
improved Dice in cases of inferolateral and subendocardial
limited anterior MI and decreased Dice in cases of exten-
sive anterior MI. Nevertheless, reduction in outliers observed
in the visualization results suggests that Lcomp effectively
minimizes the occurrence of outliers, leading to more reli-
able and accurate predictions. The extent constraint was also
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TABLE I
SUMMARY OF THE QUANTITATIVE EVALUATION RESULTS OF OUR PROPOSED METHOD. HERE, WE

ONLY PRESENT THE AHA-LOC-SCORE OF SCARS

Fig. 9. 3D visualization of infarct detection results using the proposed method. For each scenario, the left side is the ground truth, and the right
side is the prediction.

crucial, particularly in distinguishing between subendocardial
and transmural MI that present different sizes in the same
anatomical position.

E. Extended Evaluation
1) Exploring the Detection Limit of QRS for Small Infarct

Areas: To investigate what is the smallest infarct area that can
be detected from QRS complexes, we employed apical MI as
an example and varied the infarct size and retrained the model
based on the pre-trained one. The idea behind this approach is
to determine the sensitivity of QRS-based detection methods
for small infarct areas, which may have important clinical
implications for risk stratification and management of post-MI
patients. Figures 11 (a) and (c) demonstrate that as the infarct
size decreased, the QRS morphological changes also dimin-
ished. This is because a smaller infarct would have a lesser
impact on the overall electrical conduction and activation
patterns of the heart. Consequently, the deviations in the QRS,

which represent the depolarization of the ventricles, would be
less pronounced. Nevertheless, our method still can extract
subtle features from the QRS complex that may be indicative
of small infarct areas, as Fig. 11 (b) shows. This ability was
limited until when the Cobiveco apicobasal radius rab of scars
equaled to 0.1 for apical MI.

2) Correlation Analysis: Relationship Between QRS/ PC
Reconstruction and MI Inference Accuracy: To evaluate the
robustness of the proposed inference scheme to the recon-
struction error, we analyzed the relationship between the
reconstruction and inference errors by the proposed method.
The accuracy of PC and QRS reconstruction was calculated
as 0.5*Lrec

PC with α = 1 and Lrec
QRS, respectively. The r2 values

of scar/ BZ for PC and QRS-MI inference correlations were
0.002/ 0.006 and 0.008/ 0.009, respectively, indicating no rela-
tionship between inference and reconstruction accuracy. This
implies that the accuracy of MI inference using the proposed
method was not significantly influenced by the quality of the
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Fig. 10. Comparison of boxplots between the proposed method and the methods in the ablation study in terms of Dice scores.

Fig. 11. The effect of infarct size on the simulated QRS morphology and the inference accuracy of MI. (a) Illustration of the different infarct sizes
and their corresponding QRS morphological dissimilarities to the baseline in each lead. (b) Boxplot of Dice scores of the proposed method for the
inference of scars/ BZ with different sizes. (c) Comparison of QRS morphology of baseline and MI with different infarct sizes.

TABLE II
OVERVIEW OF PREVIOUS METHODS FOR MI PREDICTION. IHD: ISCHEMIC HEART DISEASE; T2W: T2-WEIGHTED; † : SEMI-SUPERVISED

reconstruction. This is reasonable, as the proposed method
focuses on extracting relevant features from the input data
rather than relying solely on accurate reconstruction for MI

inference. Nevertheless, the reconstructions are still necessary
to embed both anatomical and electrophysiological features
into the unified latent space for the inference. To demonstrate
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this, we removed one of the reconstructions, such as PC recon-
struction, for comparison. By solely embedding QRS features
into the latent space, we found that the QRS reconstruction
accuracy was not statistically different (1.427 ± 0.657 vs.
1.420 ± 0.540, p-value = 0.916), while the performance of
MI inverse inference was negatively affected (AHA-loc scores:
0.634 ± 0.342 vs. 0.552 ± 0.335).

V. DISCUSSION AND CONCLUSION

In this paper, we have developed a deep computational
model to tackle the inverse problem in cardiac electro-
physiology, i.e., inferring MI distribution from QRS signals.
Through the integration of anatomical and electrophysiological
data, we achieve a comprehensive analysis that incorpo-
rates different infarct locations, sizes, transmural extents, and
cardiac electrical activity alterations. By consistently repre-
senting the ventricular anatomy in a coordinate reference
system, we establish a robust sensitivity analysis framework
for studying the association between infarct characteristics
and QRS abnormalities. The sensitivity analysis results have
demonstrated significant morphological alterations in the QRS
complex for various post-MI scenarios, particularly inferolat-
eral, extensive anterior, and apical MI. These findings suggest
that the involvement of large areas of damaged heart muscle
leads to pronounced changes in QRS morphology. Further-
more, the analysis emphasizes the impact of transmurality
on QRS morphology, namely transmural MI presents more
prominent changes compared to subendocardial MI. However,
the differences in QRS between various infarct locations can
be more pronounced than those caused by the extent of
transmurality, indicating the greater sensitivity of QRS in
localizing MI rather than predicting its transmural extent. The
analysis further highlights the importance of lead selection
in accurately detecting the location of infarction. Overall, the
sensitivity analysis provides valuable insights into the relation-
ship between infarct characteristics and QRS abnormalities,
enhancing our understanding of the complex interplay between
infarct characteristics and electrophysiological features.

The proposed method can effectively segment and localize
MI, even in scenarios with limited QRS morphology changes,
demonstrating its feasibility of developing CDTs for MI
patients. The results of the ablation study emphasize the impor-
tance of the localization and extent constraints in accurate MI
inference. The proposed method exhibits the ability to detect
small infarct areas, although its sensitivity is limited, as proved
in our extended study. The correlation analysis demonstrates
that while incorporating reconstruction in the inference process
is important, the accuracy of MI inference is not significantly
dependent on the quality of reconstruction. To conduct a
sensitivity analysis of MI properties, we intentionally select
consistent infarct location, size and transmural extent for each
subject. While it ensures a controlled comparison, it may have
led to a limited evaluation of MI inference. We conduct a small
test by randomly selecting infarct for each subject and only
obtain reasonable good results on few cases. This outcome
is expected because randomly simulating a single scenario
for each subject limits ability of the proposed model to learn
and generalize across different infarct characteristics. In order

to improve performance, in the future a more diverse and
comprehensive dataset with a wider range of infarct scenarios
should be used to train the model.

Table II summarizes the related works from literature.
Ukwatta et al. [18] evaluated their method on a dataset con-
sisting of 61 LGE MRIs and obtained average Dice scores of
0.880±0.077 and 0.653±0.085 for scar and BZ segmentation,
respectively. Their method required an accurate initialization
of LV myocardium from manual segmentation, followed by a
continuous max-flow based classification. In contrast, the other
two fully supervised LGE MRI based LV scar segmentation
model reported comparatively lower Dice scores: 0.776±0.033
[19] and 0.712 [20]. Alternatively, Zhang et al. [4] and Xu
et al. [5] utilized cine MRI to segment LV scars and obtained
quite promising results in terms of Dice score, i.e., 0.861 ±

0.057 and 0.932±0.110, respectively. Popescu et al. [21] per-
formed style transfer to generate synthetic LGE images from
cine MRI for LGE data augmentation, and they reported a Dice
score 0.570 ± 0.050. Furthermore, Wang et al. [13] and Ding
et al. [14] combine the complementary information from multi-
sequence MRI for the myocardial pathology segmentation.
They reported 0.678±0.242/ 0.735±0.111 and 0.649±0.098/
0.760±0.098 Dice scores for LV scar/ scar+BZ segmentation,
respectively. It should be noted that all these eight works
segment scar/ BZ from images which usually include limited
slices, and only Ukwatta et al. [18] reconstructed 3D geometry
of infarct from its segmentation. Ghimire et al. [25] segmented
the infact area on a image-driven 3D heart-torso models from
simulated 120-lead ECG, and reported a Dice score of scars
0.42±0.16. We also computed the average Dice scores (Scar/
BZ: 0.457 ± 0.317/ 0.302 ± 0.273) for infarct segmentation
based on 3D geometry, which can be directly integrated into
personalized cardiac electrophysiology modeling. Note that it
can be difficult to pursue an objective cross-study comparison
due to the difference of datasets, initialization methods, and
definition of evaluation metrics.

This study represents a proof-of-concept investigation, and
it is essential to acknowledge several inherent limitations.
Firstly, this study assumes a known set of RNs and fixed CVs
for all subjects, which may not fully capture the complex-
ity and heterogeneity present in real-world healthcare data.
Therefore, further research is needed to personalize these
activation properties based on individual patient characteristics
and specific healthcare settings. Secondly, we only consider
cardiac anatomical information and electrode nodes while
disregarding the full torso geometry. The inclusion of torso
geometry could provide valuable insights into its influence
on QRS patterns. By incorporating full torso geometry in our
future work, we can gain a more comprehensive understanding
of the factors influencing QRS patterns and improve the
accuracy of our predictions and interpretations. Moreover,
we only reconstructed cardiac anatomy in the ED phase
for the ECG simulation and inverse inference, as the mesh
reconstruction from the MRI is time-expensive. In the future,
we can introduce efficient patient-specific 4D (3D + time)
cardiac mesh reconstruction algorithms for mechanistic mod-
elling, which describes the contraction and relaxation of
the myocardium. Thirdly, this study focuses solely on the
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QRS complex, rather than considering the entire ECG sig-
nal. Applying the analysis to the whole ECG signal would
provide a more comprehensive assessment but may require
significant computational resources. To address this limitation,
future research could explore computationally efficient surro-
gate to replace the expensive simulation model. Fourthly, the
straightforward concatenation of the acquired features from
PC and QRS lacks a comprehensive explanation regarding
the alignment and holistic contribution of these features to
the MI inference. Therefore, in the future we will extend
current study by integrating domain-specific knowledge and
principles derived from the underlying physics of the cardiac
system. By explicitly encoding the physical interactions and
dependencies between QRS and anatomy, we aim to establish
a more transparent and interpretable way for capturing the
intricate interplay between the two modalities for the inverse
inference. Finally, while the developed CDTs can provide
valuable insights into the mechanisms of MI, they are based
on simplified assumptions about the heart and may not cap-
ture all aspects of the complex interactions between cardiac
structures and functions. Given the limitations, particularly in
the simulated dataset used, this can only serve as a proof of
concept until validation on the clinical data can be performed.
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