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1 - Radiomics in CMR: 

Motivations



Conventional CMR Indices 

Advanced morphological 
quantification

Advanced quantification of 
cardiac remodeling

Changes in 

cardiac tissues

Standard CMR indices 
do not capture:

CMR Indices

(T. H. Marwick,J Am Coll Cardiol. 2018)



CMR radiomics

Traditional indices. Myocardial mass, ejection fraction, ED volume, ES volume, stroke
volume and the corresponding values indexed to body surface area, height or weight, strain
and strain-rates in three directions (radial, circumferential and longitudinal).

Radiomic markers. Size radiomics: Diameters, elongations, surface areas, surface to volume
ratios. Shape radiomics: Sphericity, axes, compactness, flatness, eccentricity. Boundary
radiomics: Sharpness, regularity, smoothness, etc. Intensity radiomics: Mean, standard
deviation, skewness, intensity range, entropy, uniformity. Textural radiomics: Homogeneity,
localised contrast, tissue complexity, structure repeatability, total energy, fractal dimension,
structure continuity/connectivity, tissue coarseness, directionality, etc.

Radiomic transforms. Wavelets transform: identifies patterns in different spatial
frequencies: Fourier: extracts information on periodicity (coarseness/fineness) and
directionality of textures; Laplacian: Highlights discontinuities and fine tissue changes (e.g.
trabeculae); Logarithmic: increases dynamic ranges of dark regions (e.g., trabeculae);
Exponential: Enhances detail in high-value regions; Histogram of gradients: Encodes the
spatial arrangement of gradients in the image.



Existing Works on Radiomics
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There are over 800 articles on radiomics, over 95%

dedicated to oncology until 2018 (source: PubMed).



Existing Works on Radiomics
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From 2019, radiomics became more popular and

extended to other medical areas



Radiomics in Oncology

Uniform high signal intensity. No 
lesion is shown

Shows the heterogeneity of a 
malignant tumor

Diagnosis PrognosticationTreatment Planning

(J.D.Shur, J Radiograp. 2021)

Diagnosis



Radiomics in Oncology

Heatmap shows tumour agressiveness

(R.J Gillies et al., J Radiology 2015)

Diagnosis PrognosticationTreatment Planning



Radiomics in Oncology

Metastasis
prediction

(T.P Coroller et al., Radiother Oncol. 2015)

Diagnosis PrognosticationTreatment Planning



2 - Radiomics in CMR:

Methods



Workflow of Radiomics

Examination and 
Imaging

CMR Image 
Segmentations

Radiomics Feature 
Extraction

Feature Selection and 
Machine Learning

x2

x1
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CMR Image Segmentation

• Manual segmentation using a commercial software

• Automatic segmentation with deep learning techniques



Radiomics Feature Extraction

First-Order

Histogram-based 
features

Histogram
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Feature Selection

• Reduce the number of input variables

Feature
Selection

Forward  Selection

Backward Selection

Chi-Squared Test

Anova Test

Mutual Information

Volume Surface AreaMinor Axis Sphericity Major AxisSurface Area Sphericity



Machine Learning

Hyper-parameter
optimization

x2

x1

Support Vector Machine (SVM)

Random Forest (RF)

Logistic Regression (LR)

Training tuned
algorithmsModel selection



Examples of CMR radiomics 
applications



Study 1: Diagnosis

Sample size: 118

Datasets:

Diseases:
• Left Ventricular Non-compaction (LVNC) - 35 cases

• Hypertrophic Cardiomyopathy (HCM) - 25 cases

• Dilated Cardiomyopathy (DCM) - 37 cases

U. Ikeda et al., “Isolated left 
ventricular non-compaction 
cardiomyopathy in adults” J. 
Cardiology, 65(2) 2015.



Study 1: Results



Study 1: Results



Study 2: Diagnosis

Sample size: 32115

Datasets:

Diseases:
• Atrial Fibrillation (AF) – 193 cases

• Heart Failure (HF) – 209 cases

Method for classification:

SVM



Study 2: ROC Curves



Study 2: Feature Distribution

83%

17%
0%

Features for HF in Rads+RF

Shape Texture First-Order

12%

75%

13%

Features for AF in Rads+RF

Shape Texture First-Order



CMR radiomics applications:

Knowledge extraction



Study 3: Radiomics of Risk Factors

Sample size: 32115

Datasets:

Diseases:
• Diabetes (N=243)

• Hypertension (N= 1934)

• High cholesterol (N= 779)

Machine Learning methods:

1. SVM

2. LR

3. RF



Study 3: Results



Radiomics challenges:

Image variability across scans



Study 4: Repeatability of CMR Radiomics

Test Retest

Sample size: 110 subjects

Dataset: “VOLUME” resource of 5  
UK research centres 

Statistical Analysis:

1. Intra-class correlation

2. Coefficient of variation (%)

3. Mean relative difference (%)



Study 4: Results

Shape radiomics 
LV myocardium

Shape radiomics 
RV

Intensity radiomics 
LV myocardium

Texture radiomics 
RV



Study 4: Analysis of Shape Features

Volume
Excellent repeatability

Flatness
Moderate repeatability



Study 4: Analysis of Intensity Features

Entropy
Excellent repeatability

Skewness
Good repeatability



Study 5: Radiomics Normalisation

Sample size: 218 subjects

Datasets:

Diseases:
• Hypertrophic Cardiomyopathy (HCM) – 106 cases

Methods for normalisation:

1. Combat

2. Intensity rescaling (R)

3. Intensity normalisation (N)

4. Histogram normalisation (HN)

5. Piecewise normalisation (PHN)



Study 5: Results



Future of Radiomics in CMR: 

Opportunities & Challenges



Other Works in CMR Radiomics

Myocarditis

Hypertrophic 

Cardiomyopathy

Ischemic Heart

Disease

Myocardial Infarction
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