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Abstract– The aim of this work is to determine the radiomic
features and develop a machine learning algorithm for high
precision differentiation between scar and viable tissues in the
left ventricular myocardium on Late Gadolinium Enhanced
Cardiac Magnetic Resonance (LGE-CMR) images. This work
involves patients referred for post-myocardial infarction (MI)
with scar tissue in their left ventricles. Forty-two patients were
included in the current study. All images were segmented and
verified simultaneously by two radiologists using 3D-Slicer
software. Radiomic features including intensity-based, texturebased and shape-based features were extracted from different
regions. Hierarchical clustering was performed for unsupervised
grouping of scar and viable tissues that differentiate them with
one error in normal tissue. Multiple support vector machine
recursive feature elimination (MSVM-RFE) was used for feature
selection. For classification purposes, Support Vector Machine
(SVM) and Random Forest (RF) were used in this study. Linear
SVM with AUC of 0.99 ± 0.02, sensitivity of 0.99 ± 0.02 and
specificity of 0.99 ± 0.02 yielded the best results. This work
demonstrated that using radiomics on LGE-CMR images could
accurately detect the scar tissue, which could potentially
incorporate automated segmentation and classification tools in
LGE-CMR.
Index Terms— MRI, gadolinium enhancement, radiomics,
machine learning, myocardial infarction
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I. INTRODUCTION
diseases (CVDs) are the main leading causes
Cardiovascular
of death worldwide. In some CVDs, such as myocardial
infarction, ventricular myocardium partially loses its
functionality [1]. This is named scar. It was shown that Late
Gadolinium Enhancement Cardiac Magnetic Resonance
(LGE-CMR) imaging is a feasible approach to examine the
viability of left ventricular myocardium muscles [2]. Detecting
the precise location and size of infarction are important
prognostic factors for precision medicine, including
implanting Implantable Cardioverter-Defibrillators (ICDs) in
patients [3].
Recently, radiomics emerged as a new approach for better
detection, diagnosis, prediction and prognostication [4-12].
Radiomics analysis was investigated in the context of CVD
studies, demonstrating that radiomics could diagnose and
identify high and low risk of post-myocardial infarction
arrhythmia [13], cardiac risk prediction [14], differentiation
between acute, subacute and chronic myocardial infarction [2,
15], myocardial infarction and myocarditis [16], and scar and
healthy myocardium tissue [17].
Any robust differentiation between scar and normal tissue is
important for high accuracy diagnosis and precision medicine
[18]. In the current study, LGE-CMR images were used to
find radiomic features and develop machine learning
algorithm for high precision differentiation of scar and viable
tissues in the left ventricular myocardium. Currently, manual
and semi-manual methods are used for scar detection.
II. MATERIALS AND METHODS
Radiomics analysis included different steps as elaborated in
the following sections.
A. Study population
This work included patients referred for post-myocardial
infarction with scar tissue in their left ventricles. Those
experiencing myocarditis and cases that did not have any scars
diagnosed in their left ventricle were excluded from this study.
After applying inclusion and exclusion criteria, 42 patients
including 6 women (mean ±SD age of 63.5± 13.4) and 36 men
(mean ±SD age of 58.5 ± 11.9 years) were studied.
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B. MR image acquisition
MR imaging was performed using a 1.5 Tesla MRI scanner.
LGE-CMR images were obtained approximately 10 minutes
after bolus injection of 0.15 mmol/kg Gd-DTPA. A 2D PhaseSensitive Inversion-Recovery (PSIR) sequence was used (TR
683 ms, TE 1.23 ms, flip angle 45°, FOV 340 × 340 mm2, and
resolution 1.8 × 1.8 × 8 mm3). The slice thickness was 8 mm,
with 8 mm slice interval. The images were taken at MRI PSIR
in short-axis view.
C. Region of interest definition
All images were segmented and verified simultaneously by
two radiologists (with 5 and 7 years of experience in
cardiovascular imaging) using the 3D-Slicer software [12].
The left ventricular myocardium was selected as a total region
of interest. This was then divided into two parts corresponding
to scar and normal tissue.
D. Pre-processing and feature extraction
In the pre-processing step, all images were resized to
isotropic voxel size. Then, radiomic features were extracted
through the PyRadiomics open source python library [13].
These features include intensity-based, texture-based and
shape-based features. One hundred and seven features were
extracted.

Fig. 1. Unsupervised clustering of scar and normal segments in the
datasets.

Fig. 2 shows an example of radiomics feature map with
high AUC in differentiating scar and normal cardiac tissues in
different cases. Different feature maps present different
characteristics of scare regions. Fig. 3 depicts a representative
example of radiomics feature map, which failed to
differentiate scar and normal cardiac tissues.

E. Unsupervised clustering
Hierarchical clustering was performed for unsupervised
grouping of scar and viable tissues. In hierarchical clustering,
each cluster is distinct from each other (scar and viable), and
the objects within each cluster are broadly similar to each
other.
F. Feature Selection and Classification
Multiple support vector machine recursive feature
elimination (MSVM-RFE) was used for feature selection [14].
The CARET package [15] from R software is used for
implementing Linear and Radial algorithms for SVM classifier
and Ranger and RF algorithms for RF classifier. For all
algorithms, we first trained the machine with the top five
features and then the ranked features returned by the MSVMRFE were progressively added one by one, from most to least
important. Each feature subset is then used to train
multivariate algorithms.

Fig. 2. Example of radiomics feature with high AUC in differentiation of
scar and normal cardiac tissues map in different cases.

G. Evaluation
The area under the curve (AUC) of receiver operating
characteristic (ROC), diagnostic sensitivity and specificity
were reported, whereas a 10-fold cross validation was used for
multivariate models.
III. RESULT
Fig. 1 presents the hierarchical clustering of scar and viable
tissues. The clustering performed very well in discriminating
these tissues with one error in normal tissues.

Fig. 3. Example of radiomics feature with low AUC in differentiation of
scar and normal cardiac tissues map in different cases.

The top 10 features obtained by SVM algorithm are include
three intensity-based features (median, skewness and mean),
one shape-based feature (sphericity) and six texture-based
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features (joint average, sum average and autocorrelation from
GLCM, size zone non-uniformity and small area high gray
level emphasis related to GLSZM and long run high gray level
emphasis from GLRLM). Table I summarizes the AUC for
different classifiers. Linear SVM with AUC = 0.99 ± 0.02,
sensitivity = 0.99 ± 0.02 and specificity = 0.99 ± 0.02 yielded
the best results.
TABLE I. AUC sensitivity, specificity values and the least number of
features that yields the best results for each algorithm.
AUC

Sensitivity

Specificity

Number of Features

0.95±0.02

0.99±0.02

0.92±0.03

8

SVM Linear

0.99±0.02

0.99±0.02

0.99±0.02

12

SVM Radial

0.94±0.03

0.96±0.05

0.91±0.00

12

Method
RF

Fig. 4 presents the AUC, sensitivity and specificity of
machine learning algorithms. Ranger, RF and radial SVM
methods had AUC of 0.95±0.01, 0.95±0.02 and 0.94±0.03
respectively.

yielded optimal results as the best machine learning algorithm
for this radiomics analysis.
This work was performed on LGE-CMR for classification
of scar tissues in contrast to previous studies that focused on
non-enhanced images. In the current study, we aimed to find
out the highly capable radiomic features and machine learning
algorithm for discriminating scar tissue from LGE-CMR.
Clinical routine segmentation algorithms mostly rely on
intensity of images. However, we determined the radiomics
feature which accurately detects scar tissue (the performance
of these features was improved by machine learning
algorithms). In our work, the range of AUC was 0.94-0.99,
where an AUC of 0.99 was achieved by linear SVM and 0.94
by non-linear SVM, respectively.
In addition, the
methodology followed in this work could be combined with an
automated segmentation algorithm, which divides the cardiac
myocardium into different segments to classify each segment
apart for detecting the scar tissue in the myocardium. Machine
and deep learning-based algorithms emerged as a promising
approach for accurate segmentation of the myocardium [19].
In this work, CMR images were manually segmented
without using pathological information of scars, which might
impact the definition of scar tissue. However, our algorithm
performed very well in term of quantitative analysis with
respect to manual segmentation. The small sample size with
no external validation dataset would be another limitation of
the current study. Repeatability and reproducibility of
proposed radiomics features should be investigated to provide
a generalizable model [20, 21]. Future work will assess the
proposed model using a larger size of the external validation
set.

V. CONCLUSION
The median from FO, LDLGLE from GLDM and IFMN
from GLCM showed the highest performance in
differentiating scar and viable tissues. Linear SVM yielded
optimal results as the best machine learning algorithm for this
radiomics analysis study. This work has shown that using
radiomics on LGE-CMR images is able to accurately detect
the scar tissue, and as such, could potentially be used as
automated segmentation and classification tool in LGE-CMR
imaging.
Fig. 4. Comparison of average AUC, sensitivity and specificity of various
multivariate methods.
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