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What is Cancer?

https://www.cancercouncil.com.au/cancer-information/understanding-cancer/what-is-cancer/

Cancer is a large group of diseases 
characterized by the uncontrolled growth 
and spread of abnormal cells, which can 
invade nearby tissues and metastasize to 
other parts of the body. 

Unlike normal cells, cancer cells ignore 
signals to stop dividing or die, often forming 
tumors.



How clinical imaging can assess cancer biology

García-Figueiras, R., Baleato-González, S., Padhani, A.R. et al. How clinical imaging 
can assess cancer biology. Insights Imaging 10, 28 (2019).

Modality of choice:

• Computed Tomography (CT)
• Detailed Anatomy

• X-Rays
• 2D projectional images

• Ultra Sound 
• Fast, Cheap, Easily accessible
• Low resolution/One dimensional

• PET
• Metabolic Activity
• Low spatial resolution

• MRI
• High resolution
• Anatomical Images
• Functionality
• Non conventional Imaging
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Magnetic Resonance Imaging (MRI)

MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE)
Dynamic susceptibility contrast (DSC) 

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

MRI - Relaxation

T1 (longitudinal relaxation time) is
defined as the time needed to achieve
63% of the original longitudinal
magnetization (in Z axis).

T2 relaxation time is defined as the time
needed to dephase up to 37% of the
original value.

• Concurrently happening, T1-w or T2-w
• T1 constant >T2 constant

Each tissue has its own T1/T2 relaxation time and curve.



Magnetic Resonance Imaging (MRI)

MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE) T1w
Dynamic susceptibility contrast (DSC)  T2w

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

Sequential acquisition dynamic contrast enhanced 
Imaging is performed before and during the injection 
of contrast agent.
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DCE-MRI Quantification – Parametric maps
MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE) T1w
Dynamic susceptibility contrast (DSC)  T2w

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM
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4D data [x,y,z,t]

Given
ROI-Region of interest
Model/target Function Μ(x,t)

Fit Μ(x,t) to the data/ Perfusion Curves
On a voxel basis
Obtain: x1,x2,x3,x4 



DCE-MRI Quantification – Parametric maps
MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE) T1w
Dynamic susceptibility contrast (DSC)  T2w

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

• Contrast agent’s concentration at tissue
• Transfer constant from blood plasma to EES
• Contrast agent’s concentration at a feeding artery
• Transfer constant from EES to blood plasma
• Blood plasma volume



Magnetic Resonance Imaging (MRI)

MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE) T1w
Dynamic susceptibility contrast (DSC)  T2w

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

• Diffusion Weighted Imaging (DWI) is an important noninvasive method for the 

diagnosis and follow up of oncologic patients.

• Water molecules motion provides information about the cellularity degree of the 

tissues. 

• The amplitude and duration of the diffusion gradients is represented by the “b-

value” (in s/mm2), an index used to control the sensitivity of DWI contrast to 

water mobility

• Diffusion is a random walk (Brownian motion)

•    Characterized by the Diffusion constant D

Diffusion Signal Decay: 

• b, b-value in (s/mm2) (parameter that affects diffusion sensitivity)

• S(b), the signal

• S0, the signal without diffusion sensitivity

• No contrast agent required



DW-MRI Quantification 

MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE)
Dynamic susceptibility contrast (DSC) 

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

Diffusion Curves

Similarly to Perfusion

Fit Μ(x,t) to the data/ Diffusion Curves
On a voxel basis
Obtain: D/ADC 



DW MRI – IVIM modeling

MRI
Perfusion Imaging

Dynamic Contrast Enhanced (DCE)
Dynamic susceptibility contrast (DSC) 

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)
IVIM

Diffusion Curves

Fit IVIM function to the data
On a voxel basis
Obtain: f,D,D* 

f micro-perfusion fraction, f ϵ [0, 1]
• D Diffusion Coefficient
• D* pseudo-Diffusion coefficient

IVIM-model 
Intra-Voxel Incoherent motions
Blood perfusion (capillary network) 
also contributes to signal decay

D. L. Le Bihan, Denis, Eric Breton, “Seperation of Diffusion and Perfusion in
Intravoxel Incoherent Motion MR Imaging,” Radiology, vol. 168, pp. 497–505, 1988 



Biomarker Examples (Ktrans)

● Blood perfusion related biomarkers in musculoskeletal cancers

(a) MR imaging (fat suppressed contrast enhanced T1W) of a soft tissue mass in the neck. 
(b) Surgically excised specimen and tissue preparation sampling for staining. (c) Assessment of 
vascularity (CD 34) and mitotic activity (Ki-67) based on specific staining. (d) Quantitative analysis of MR 
data, indicative Ktrans parametric map and the corresponding histogram.

Lower limb sarcoma patient
Κtrans maps a) before, b) after treatment



Diffusion – Perfusion Combination

● Aggressive regions of a tumor
● For example: 

○ High Κtrans
○ Low ADC



Diffusion – Perfusion Combination
Prostate Cancer Aggressiveness

Τ2                                                 b-value=1000 s/mm2 ADC

Malignancy: High b-values>800 s/mm2 signal and low ADC values



From quantitative information to Radiomics

● Radi-omics

Radiology                                         Latin: many
used frequently to describe something big

Radiomic analysis is the process of extracting quantitative features from medical images using complex 
mathematical algorithms. Its goal is to convert images into data that can be analyzed computationally.



From quantitative information to Radiomics
1. First-Order Features (Intensity-Based Statistics)

• Mean intensity

• Median

• Minimum / Maximum intensity

• Standard deviation

• Variance

• Skewness

• Kurtosis

• Entropy

• Energy

• Uniformity

• Percentiles (e.g., 10th, 90th percentile)

2. Shape-Based Features

• Volume

• Surface area

• Surface-to-volume ratio

• Sphericity

• Compactness

• Elongation

• Flatness

• Maximum diameter

• Bounding box dimensions

3. Texture Features – GLCM (Gray Level Co-occurrence Matrix)

• Contrast

• Correlation

• Homogeneity

• Energy (Angular Second Moment)

• Dissimilarity

• Entropy

3b. Texture Features – GLRLM (Gray Level Run Length Matrix)

• Short Run Emphasis (SRE)

• Long Run Emphasis (LRE)

• Gray Level Non-Uniformity (GLN)

• Run Length Non-Uniformity (RLN)

• Run Percentage



From quantitative information to Radiomics

3c. Texture Features – GLSZM (Gray Level Size Zone Matrix)

• Small Area Emphasis

• Large Area Emphasis

• Zone Size Non-Uniformity

• Zone Percentage

3d. Texture Features – NGTDM (Neighborhood Gray Tone Difference Matrix)

• Coarseness

• Contrast

• Busyness

• Complexity

• Strength

3e. Texture Features – GLDM (Gray Level Dependence Matrix)

• Dependence Non-Uniformity

• Large Dependence Emphasis

• Gray Level Variance

4. Higher-Order (Filtered) Features

• Wavelet features

• Laplacian of Gaussian (LoG) features

• Gradient-based features

• Local Binary Patterns (LBP)

• Fractal features



Radiomics Workflow

https://www.frontiersin.org/journals/oncology/articles/10.3389/fonc.2021.603595/full

• Clinical question
• Image acquisition (e.g., MRI, CT, PET)
• Segmentation of the region of interest (ROI)
• Image pre-processing
• Feature extraction (texture, shape, intensity)

• From image to numbers
• AI modeling (Machine learning)
• Interpretation & clinical decision-making

Image pre-processing



Machine Learning Workflow

• Radiomics Model
• Clinical question (classification/segmentation)
• Data ()

• Number of classes 
• Class Imbalance (SMOTE etc. )
• Data harmonization/normalization

• Radiomic Features extraction
• First/higher order statistics
• GLRLM, GLCM, GLSZM, GLDM
• shape-based 2D and 3D features
• Logarithmic, Exponential, wavelet transforms

• Feature Selection
• Lasso, Recursive Feature Elimination
• ANOVA

• Cross validation scheme
• K-fold
• Internal/external validation set
• Leave one center out cross validation (LOCO)

• Classifiers
• LogisticRegression, KNeighborsClassifier, 
• RandomForestClassifer, AdaBoost Classifier,
• GaussianNB

• Performance Evaluation
• Sensitivity
• Specificity
• Accuracy (ACC) 
• AUC

• Explainability
• SHAP (SHapley Additive exPlanations)
• Lime (Local Interpretable Model-agnostic Explanations)



Prostate Cancer Aggressiveness Prediction

Clinical Question  
• Classification Problem 
• Aggressive vs. Non Aggressive Cancer

• Data T2w images
• Multi b-value DWI images
• Diffusion Parametric maps

• T2 Radiomics
• Parametric Map Radiomics

G. S. Ioannidis et al., "Explainable AI Radiomics in Prostate Cancer Aggressiveness Prediction using different quantitative Diffusion 
MRI models," 2025 47th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 
Copenhagen, Denmark, 2025, pp. 1-7, doi: 10.1109/EMBC58623.2025.11254453.



Prostate Cancer Aggressiveness Prediction

• Radiomics Model
• 202 Pca patients 

• 144 (GS<7)
• 58 (GS ≥ 7)

• 3210 Radiomic Features
• First/higher order statistics
• GLRLM, GLCM, GLSZM, GLDM
• shape-based 2D and 3D features
• Logarithmic, Exponential, wavelet transforms

• 4-fold stratified cross validation
• Classifiers

• LogisticRegression, KNeighborsClassifier, 
• RandomForestClassifer, AdaBoost Classifier,
• GaussianNB

• Performance Evaluation
• Sensitivity
• Specificity
• Accuracy (ACC) 
• AUC

• Explainability (SHAP)

• The perfusion-related parameter f  showed better performance compared to other diffusion 
biomarkers when combined with T2 imaging.

• Very good diagnostic accuracy:
• ACC: 80%  
• AUC: 85%

G. S. Ioannidis et al., "Explainable AI Radiomics in Prostate Cancer 
Aggressiveness Prediction using different quantitative Diffusion MRI 
models," 2025 47th Annual International Conference of the IEEE 
Engineering in Medicine and Biology Society (EMBC), Copenhagen, 
Denmark, 2025, pp. 1-7, doi: 10.1109/EMBC58623.2025.11254453.



Shap Explainability

G. S. Ioannidis et al., "Explainable AI Radiomics in Prostate Cancer Aggressiveness Prediction using different quantitative Diffusion 
MRI models," 2025 47th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 
Copenhagen, Denmark, 2025, pp. 1-7, doi: 10.1109/EMBC58623.2025.11254453.



Multicenter DSC–MRI-Based Radiomics Predict IDH Mutation in Gliomas

• Radiomics based ML to predict isocitrate dehydrogenase 
(IDH) mutations in gliomas

• 160 patients underwent dynamic susceptibility contrast 
magnetic resonance imaging (DSC–MRI)
• (IDH-mutant = 41, IDH-wildtype = 119)
• 833 Radiomic features

Manikis, G.C.; Ioannidis, G.S.; Siakallis, L.; Nikiforaki, K.; Iv, M.; Vozlic, D.; Surlan-Popovic, K.; Wintermark, M.; Bisdas, S.; Marias, K. Multicenter DSC–MRI-
Based Radiomics Predict IDH Mutation in Gliomas. Cancers 2021, 13, 3965. https://doi.org/10.3390/cancers13163965 

• Initial performance
• ACC: 0.544
• AUC: 0.639

• Performance after Dynamic-based harmonization
• ACC: 0.706
• AUC: 0.736



Extending the previous work:  Investigating the value of radiomics stemming 
from DSC quantitative biomarkers in IDH mutation prediction in gliomas

• Biomarker based radiomics to predict isocitrate
dehydrogenase (IDH) mutations in gliomas

• 160 patients,  Quantitative modeling 
• Gamma fitting, leakage correction algorithms
• Parametric mapping 

• (rCBF, rCBV, rMTT, MSI, TMAX, K1…)
• 1734 Radiomic features

Ioannidis GS, Pigott LE, Iv M, Surlan-Popovic K, Wintermark M, Bisdas S and Marias K (2023) Investigating the value of radiomics stemming from DSC 
quantitative biomarkers in IDH mutation prediction in gliomas. Front. Neurol. 14:1249452. doi: 10.3389/fneur.2023.1249452

• Best performing Parametric maps
• MSI: (ACC 74.3% AUC 74.2%)
• K1: (ACC 75% AUC 70.5%)



Ioannidis GS, Pigott LE, Iv M, Surlan-Popovic K, Wintermark M, 
Bisdas S and Marias K (2023) Investigating the value of radiomics
stemming from DSC quantitative biomarkers in IDH mutation 
prediction in gliomas. Front. Neurol. 14:1249452. doi: 
10.3389/fneur.2023.1249452

Shap Explainability



Ioannidis GS, Pigott LE, Iv M, Surlan-Popovic K, Wintermark M, 
Bisdas S and Marias K (2023) Investigating the value of radiomics
stemming from DSC quantitative biomarkers in IDH mutation 
prediction in gliomas. Front. Neurol. 14:1249452. doi: 
10.3389/fneur.2023.1249452

Shap Explainability



Pathologic Complete Response (pCR) prediction
The role of vascular network features and radiomics

(5)

Quantitative tumor-associated vasculature (QuanTAV) features tool

• Quantitative Vasculature feature extraction

Morphology features

Spatial organization features



Pathologic Complete Response (pCR) prediction
The role of vascular network features and radiomics

(3)

• Image pre-processing
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Enhancement 

masks

Ioannidis, Georgios S. and Bobowicz, Maciej and Diaz, Oliver and Lekadir, Karim and Marias, Kostas, 
Predicting Pcr in Breast Cancer: The Role of Vascular Morphology and Radiomics. Available at SSRN: 
https://ssrn.com/abstract=5362915 or http://dx.doi.org/10.2139/ssrn.5362915 

https://ssrn.com/abstract=5362915
https://dx.doi.org/10.2139/ssrn.5362915


Pathologic Complete Response (pCR) prediction
The role of vascular network features and radiomics

(4)

Radiomic Features Extraction

Redundancy analysis 

Wash-in                   wash-out            phases

Wash-in : subtraction of the first dynamic phase from the baseline     
Wash-out : subtraction of the first pass from the last dynamic phase



Shap Explainability

Ioannidis, Georgios S. and Bobowicz, Maciej and Diaz, Oliver and Lekadir, Karim and Marias, Kostas, 
Predicting Pcr in Breast Cancer: The Role of Vascular Morphology and Radiomics. Available at SSRN: 
https://ssrn.com/abstract=5362915 or http://dx.doi.org/10.2139/ssrn.5362915 

https://ssrn.com/abstract=5362915
https://dx.doi.org/10.2139/ssrn.5362915


What about time?

• Can be applied into real clinical practice?

• Training

• Radiomic extraction
• From 1 min to several hours per case (Home PC) 

• Classification 2-3 seconds

• Prediction
• Answer is yes

Home PC

HPC 



Conclusion

• Cancer Imaging with MRI

• Quantitative MRI

• Radiomics

• Build an AL model for eHealth applications

• Explainability
• Further investigation in wavelet decomposition of an image

• Biomarkers found to explain why the classifier took the decision 

• Synergy of Clinical Experts and AI people towards more :                    AI modelsRobust
Generalizable



Thank you for your attention!

Any questions?PCa RADical PATH


