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Abstract— Epicardial Adipose Tissue (EAT) is a visceral fat
depot surrounding the heart, playing a crucial role in cardiac
pathophysiology mechanisms. Its local effect also contributes to
cardiac conditions such as coronary artery disease, atrial
fibrillation, and heart failure. The relationship between EAT
characteristics and major adverse cardiac events (MACE) has
emerged as a significant area of research. However, the
underlying predictive pattern still remains to be understood. The
aim of this study is to develop an autoencoder (AE) architecture
to reconstruct cardiac magnetic resonance images (CMR) of
EAT and extract its most representative features to classify
between patients with MACE event and event-free subjects. An
AE architecture was built to get a compressed image
representation of 251 patients’ images. Ninety patients, 45
experiencing a MACE event and 45 event-free, were included in
the subsequent analysis. A total of 128 features were extracted to
train and test different machine learning models. A stratified 80-
20% training-test split was performed, with additional
validation partition from the training set. Five features selection
methods (Mann Whitney U test, least absolute shrinkage and
selection operator (LASSO), semi-supervised LASSO, principal
component analysis (PCA), and semi-supervised PCA) and three
classifiers (support vector machine, logistic regression, gradient
boosting) were combined and evaluated on the validation set.
Based on this assessment, supervised PCA and logistic regression
were chosen to build the final model which reached on the test
set an accuracy, sensitivity and specificity of 0.89, 1 and 0.78,
respectively. These preliminary results showed the potential of
this deep learning approach to predict the occurrence of MACE
event starting from EAT images.

Clinical Relevance—This work establishes the efficacy of deep
learning-based features obtained from epicardial adipose tissue
images to differentiate between patients with and without
MACE event.

I. INTRODUCTION

Epicardial adipose tissue (EAT) is a metabolically active
visceral fat depot located between the serous epicardium and
fibrous pericardium, directly surrounding the coronary artery
tree. Its biological activity and direct vascular communication
with the myocardium and coronary arteries influence both
physiological and pathological cardiovascular processes.
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The meta-analysis by Mancio et al. [1] demonstrated
elevated EAT levels in patients with coronary stenosis,
calcification, and other cardiovascular conditions. In
particular, the relationship between EAT and major adverse
cardiac events (MACE) has generated significant interest but
still remains to be explored.

Current research mainly focused on cardiac computed
tomography, although other imaging modalities such as
echocardiography and cardiac magnetic resonance (CMR)
provide valuable methods for EAT assessment.

Most of the studies found in literature have reported
analysis on EAT volume, mean Hounsfield units (HU) level
and thickness evaluating their potential as MACE predictors.
Among these researches, deep learning (DL) approaches have
seen limited application, primarily focusing on EAT
segmentation. Only few studies have extended their scope to
EAT evaluation [2], [3], [4]. West et al. [2] and Guglielmo et
al. [3] developed a DL network for automated EAT volume
quantification from CCT, demonstrating its significance as an
independent predictor of coronary artery disease through Cox
regression analysis. Similarly, Eisenberg et al. [4] employed
DL software for automatic measurement of EAT volume and
attenuation, followed by Cox regression evaluation.

Autoencoders (AEs), a specific class of DL architecture,
perform unsupervised compression of input data into latent-
space vectors. These vectors provide a minimal data
representation suitable for subsequent machine learning
analysis. To date, this approach remains unexplored in EAT
analysis.

The aim of this study is to extract AE-based features (i.e.,
latent space vector), resulting from EAT CMR images
compression, and use them to build a machine learning model
able to distinguish between patients experiencing a MACE
event and even-free subjects.

II. MATERIAL AND METHODS

A. Study Population

Short-axis CINE CMR images were acquired from 261
consecutive patients, for suspected or known CAD between
January 2011 and December 2014 at Centro Cardiologico
Monzino (Milan, Italy). The Institution’s ethical committee
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approved the protocol, and all patients gave written informed
content.

This preliminary study was performed on 90 patients,
according to EAT volume (ml) availability. The patients were
equally distributed between those who experienced MACE
events (n=45) and those who remained event-free (n=45).
MACE was defined as non-fatal myocardial infarction and
cardiac deaths.

B. Acquisition Protocol

The CMR was performed with a 1.5-T unit (Discovery MR
450; GE Healthcare, Milwaukee, Wisconsin, USA). Breath-
hold, steady-state free-precession cine imaging were
performed in vertical and horizontal long-axes and in short-
axis orientations. A stack of short-axis slices encompassing
both ventricles from base-to-apex was used for biventricular
volumes, mass, and systolic function assessment. A contrast-
enhanced breath-hold segmented T1-weighted inversion-
recovery gradient-echo sequence was used for myocardial
fibrosis using the late gadolinium enhancement (LGE)
imaging technique. LGE imaging was performed 10-20 min
after an intravenous bolus of 0.1 mmol/kg Gadobutrol
(Gadovist; Bayer Schering Pharma AG, BerlinWedding,
Germany). Inversion time was individually adapted to null the
signal of remote myocardium (usual range 220-30).

C. Image Preprocessing

To optimize computational efficiency and focus on
relevant information the original CMR images were cropped
to a fixed size (160 x 160) and normalized to a fixed intensity
range (from O to 1). Images segmentation was thus achieved
using an in-house software based on a fully convolutional
neural network, performing a pixelwise segmentation of EAT,
which was validated across 350 patients [3].

Among the segmented CMR slices of each patient, the one
with the largest segmented area was selected for further
analysis. The binary mask obtained in the segmentation step
was applied to the CMR images to isolate and extract only the
original pixels corresponding to the EAT regions, thus
providing the input for the autoencoder model, as shown in
Figure 2(a).

D. Autoencoder Architecture

AEs [5] are neural networks designed to reconstruct their
input data through unsupervised learning, by minimizing
reconstruction error. Their architecture comprises an encoder
that compresses input data into a low-dimensional latent space,
followed by a decoder that reconstructs the original
dimensions from this compressed representation. The
decoder’s structure mirrors the encoder, creating a symmetric
architecture. Through this process, AEs effectively extract
essential features that capture key characteristics of the input
data.

The proposed AE architecture implements a convolutional
neural network structure for unsupervised feature learning.
The encoder pathway comprises three convolutional blocks

with kernel size 3x3 and filter dimension of 16, 32, 64,
respectively. Each convolutional block included a dropout
with rate 0.3 to prevent overfitting, and max pooling
operations to reduce spatial dimensions while preserving
important features. A final flattening layer was included to
convert the output into a 128-dimensional latent space.

The decoder pathway reconstructs the input starting from
the latent space through a dense layer, reshaping data to a
160x160x64 dimensional space, followed by three transposed
convolution layers with kernel size 3x3 and filter dimension of
32, 16 and 1, respectively. A sigmoid activation function is
applied in the final convolutional layer to generate the final
output. The architecture maintains dropout regularization also
in the decoder pathway, with all convolutional operations
using ReL U activation and same padding.

Adam optimizer and mean squared error loss function were
employed for model training, performed for 100 epochs with
a batch size of 32. Early stopping was applied to monitor
validation loss with 10 epochs patience and best weights
restoration. The training process also included a 20%
validation split with data shuffling.

To evaluate the reconstruction performances the structural
similarity (SSIM) index and mean squared error (MSE)
between original and reconstructed images were computed.
The SSIM index quantifies the similarity between original and
reconstructed images on a scale ranging between -1 and 1,
being 1 the value indicating perfect similarity, -1 the value
corresponding to perfect anti-correlation, and 0 the one
denoting no similarity. A SSIM map was computed to provide
a pixel-wise similarity measure between the original and
reconstructed images and then evaluated only within the
segmented regions by considering pixels with non-zero values
in the masked image. In this way the similarity metric was
computed within the EAT region.

E. Classification Model

The 128-dimensional latent space was employed as input
of a machine learning model aiming to identify patients who
experienced a MACE event.

An 80-20% stratified split was applied to divide the dataset
into training and test sets. To reach the final classification task,
fifteen combinations, including five feature selection methods
and three different classifiers, were tested. Models’
performance and robustness were evaluated through ten
iterations of 80-20% stratified splits of the training set into
learning and validation subsets. The average performance
metrics on the validation were used to choose the best
combination between feature selection method and classifier.

Feature scaling using z-score normalization was applied
before the feature selection step. Thus, a correlation-based
selection removed redundant features by keeping only one
feature from pairs with Spearman correlation above 0.95,
specifically the one with lower mean correlation to other
features. Subsequently, five feature selection methods were
evaluated, including Mann-Whitney U test, least absolute
shrinkage and selection operator (LASSO), principal
component analysis (PCA), keeping 95% of the variance, and
two combined approaches, semi-supervised LASSO
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(ssLASSO) and semi-supervised PCA (ssPCA). The latter two
employs statistically significant features identified through
Mann Whitney U test as inputs for LASSO regression and
PCA dimensionality reduction, respectively.

Finally, three different classifiers, support vector machine
(SVM), logistic regression (LR) and gradient boosting (GB),
were combined with each feature selection method to obtain
the final predictions.

The model combination showing the best performance, in
terms of accuracy on the validation set, was further used. First
the entire training set was retrained using the best combination
and then the retrained model was applied to the test set and
accuracy, sensitivity and specificity computed.

In order to evaluate model's performance, the selected
classifier was trained using EAT volume and assessed on the
test set.

III. RESULTS

A. Autoencoder Reconstruction

The autoencoder model was trained on the entire set of 251
patients. Figure 1 shows the loss functions related to AE
training. The training and validation curves show steep
descending behavior before epoch 10, then gradually decrease
until reaching a plateau at approximately 0.05 after epoch 60.
The similarity and closeness of the two trajectories across all
the epochs demonstrate good model generalization without
overfitting.
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Figure 1. Autoencoder loss function as function of epochs for training
(blue line) and validation (orange line) set.

A median SSIM of 0.75 and MSE of 0.01 between the
original and reconstructed images were obtained. An example
of image reconstruction resulting from the developed AE is
shown in Figure 2.

B. Classification Model Evaluation

The subsequent analyses were performed on a balanced
subset of 90 patients randomly selected from the original 251
subjects.

The five feature selection methods, Mann Whitney U test,
LASSO, ssLASSO, PCA, ssPCA identified an average of 64,
613, 5+2, 943 and 5+2 non-redundant features, respectively.

Figure 2. Anexample of the original image (a) is shown together with
its reconstructed version (b).

Table 1 reports the mean performance obtained by
combining each feature selection technique with the three
tested classifiers. It can be observed that the model using
ssPCA with LR reached the best accuracy value of 0.75. This
model was thus retrained on the entire training set and
employed to predict the test set labels.

TABLE L. AVERAGE MODEL PERFORMANCE (MEAN=STD)
Feature selection Classifiers
method SVM LR GB
Mann Whitney U Test | 0.68 +0.04 0.70 £ 0.03 0.68 £0.08
LASSO 0.55+0.03 0.64 +0.04 0.60 +0.04
ssLASSO 0.71 £ 0.04 0.70 £ 0.05 0.71+0.04
PCA 0.68 +0.04 0.74+0.04 0.74+0.04
ssPCA 0.72+£0.05 0.75+0.03 0.70 £0.05

SVM: support vector machine; LR: logistic regression; GB: gradient boosting

The performance metrics obtained on the test set were
accuracy = 0.89, sensitivity = 1, specificity = 0.78. Figure 3
shows the confusion matrix obtained on the test set. It is worth
noting that there are no false negatives, i.e., all patients
developing MACE are correctly classified.
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Figure 3. Confusion matrix computed on test set. MACE: major
adverse cardiac event.

The LR classifier was thus employed to predict test set
outputs based on EAT volume, reaching an accuracy of 0.72,
with 5/9 positive cases and 8/9 negative cases correctly
predicted.

IV. DISCUSSION

In this study a machine learning model was developed to
classify patients experiencing a MACE employing AE-based
features extracted from CMR images of EAT. To the best of
authors’ knowledge this is the first study employing this
approach to address the considered classification task. The
main finding is that AE-based features extracted from CMR
images of EAT can be successfully used to predict MACE,
with no false negative in the test set and accuracy of 0.89. This
model demonstrated superior performance compared to the
one trained using only EAT volume.

Current literature reports an increasing interest forward
EAT and the predictive power of its features. Most of the
existing studies have focused on CCTA images and mainly
employed EAT volume, mean HU level, and maximum EAT
thickness for MACE prediction. In [6] and [7] the authors
found that event-free survival of patients with low EAT
volume was significantly higher than those with high EAT
volume, with p<0.001 and p < 0.05, respectively.
Additionally, Goeller et al. [8] and Eisenberg et al. [4] found
that EAT density was significant MACE predictor, with
MACE patients showing notably lower density values.

Multiple studies [2], [3], [4], [6], [7], [8] showed that
patients with low EAT volume had significantly (p<0.05)
better event-free survival rates compared to those with high
volumes. Along with volume measurements, EAT attenuation
values (HU) were also identified as significant MACE
predictors (p<0.001) by Goeller et al. [3] and Einsenberg et
al. [4], with MACE subjects showing lower density values.

Among the existing studies, DL-based approaches have
been used to obtain an automatic segmentation and
quantification EAT volume and attenuation, as in [3], and [4].

However, the potential of DL architectures for extracting
novel EAT features still remains unexplored. Different from
end-to-end DL models, primarily designed for supervised
classification tasks, AEs provide greater flexibility through
their unsupervised learning framework, enabling extraction of
meaningful latent representations that can be utilized for
various additional analyses beyond classification. Several
limitations need to be addressed in future research. The
analyses performed in this study should be applied on a larger
cohort and validated with multi-center dataset. In addition,
including clinical data would enable comparisons between
traditional and DL-based predictors, potentially leading to an
integrated model.

Despite these limitations, the results of this work are
promising, indicating that this DL-based approach may be
useful in finding EAT patterns able to predict MACE events.

V. CONCLUSION

This study introduced a DL approach based on an AE
architecture extracting distinctive features from CMR images
of EAT to differentiate between patients with and without
MACE events. The results achieved revealed the potential of
this approach in predicting MACE events through EAT
analysis.
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