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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.

https://www.cancercouncil.com.au/cancer-information/understanding-cancer/what-is-cancer/
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How clinical imaging can assess cancer biology

Modality of choice:

* Computed Tomography (CT)

Detailed Anatomy

* X-Rays

2D projectional images

e Ultra Sound

Fast, Cheap, Easily accessible

Tumor Microenvironment
-MRI-DWI

-MRI-Spectroscopy
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Garcia-Figueiras, R., Baleato-Gonzalez, S., Padhani, A.R. et al. How clinical imaging

can assess cancer biology. Insights Imaging 10, 28 (2019).

-MRI-DWI Kurtosis/SEM
-Texture analysis Specific tumor receptors, p——
-Histograms proteins or antigens
-Cluster analysis (EGFR,PSMA, SSTR, etc.)
PET or SPECT

| Macro/Micro Structure

~Conventional Imaging techniques (size,
volume, shape, contour, etc.)

| -MRI-DWI

-Elastography-US/MRI (Stiffness)
-MRI(T1,T2,7T2%)

-MRI-MT

-DECT

-Texture analysis




How clinical imaging can assess cancer biology
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How clinical imaging can assess cancer biology

Tumor Microenvironment
-MRI-DWI

-MRI-Spectroscopy

-MRI-MT

Cellular Density
-MRI-DWI

Modality of choice:

Metabolic reprogramming
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Magnetic Resonance Imaging (MRI)

MRI - Relaxation

Transverse magnetization
[}

e N

Perfusion Imaging T e

Dynamic Contrast Enhanced (DCE) T2 63% . . . . .
Dynamic susceptibility contrast (DSC) 1 e T2 relaxation time is defined asothe time
Diffusion Weighted Imaging N 'M"MWNW"J‘«“-W needed to dephase up to 37% of the
Apparent Diffusion Coefficient (ADC) ‘y?’[ - i wm (I Time original value.
\ IVIM / )

Longitudinal magnetization

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

Time

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

e Concurrently happening, T1-w or T2-w
* T1 constant >T2 constant



Magnetic Resonance Imaging (MRI)

e A

Perfusion Imaging
Dynamic Contrast Enhanced (DCE) T1w

A 4

Signal Intensities

B

Sequential acquisition dynamic contrast enhanced time

Imaging is performed before and during the injection
of contrast agent. Perfusion Curves




DCE-MRI Quantification — Parametri

@ O

MRI
Perfusion Imaging
Dynamic Contrast Enhanced (DCE) T1w

Signal Intensities

A >

4D data [x,y,z,t]

C maps

Z ik‘m \ IR
3 ¥
time +
Given T
ROI-Region of interest t

Model/target Function M(x,t) Figure 1.1. Data points {(t;,y:)} (marked by +)
and model M (x,t) (marked by full line.)

Fit M(x,t) to the data/ Perfusion Curve: M (x.1) = 226®1 + 3462
On a voxel basis
Obtain: x1,x2,x3,x4




DCE-MRI Quantification — Parametric maps

a

<

MRI
Perfusion Imaging

N

[28] Extended Tofts Model: C,(t) = Kyranse X' ® Ca(t) + v,C,(2)

9 t
Dynamic Contrast Enhanced (DCE) T1w (29] Patlak Model: Cy(t) = Kt'rcms/ Co(r)dr + 0,C(t)
0

[30] Buckley Model: Ci(t) = v,C,(t)

/ [31] GCTT Model:

Intracellular
Space

, 1 ¢t EeKent
cung a0 =F 1 (55507) + (1= iy
ep

a1’ 1

[33] Tofts Model: Ci(t) = Kpanse ' @ Cyu(t)

Extravascular
extracellular
Space

Figure: Compartmental modeling

Ci(t) Contrast agent’s concentration at tissue

Kuans o Transfer constant from blood plasma to EES

Cu(t) o Contrast agent’s concentration at a feeding artery
Transfer constant from EES to blood plasma

Up + Blood plasma volume

Kep

(i (=) ) o

[28] E 5. Tofts, G. Brix, D. L. Buckley, |. L. Evelhoch, E. Henderson. M. V. Knopp.
H. B. Larsson, T. Y. Lee, N. A. Mayr. G. ]. Parker. R. E. Port, ]. Taylor, and R. M.
Weisskoff, “Estimating kinetic parameters from dynamie contrast-enhanced T(1)-
weighted MRI of a diffusable tracer: standardized quantities and symbols..” Journal
of magnetic resonance imaging : JMRI, vol. 10, pp. 223-32, sep 1999,

[29] C. S. Patlak, R. G. Blasberg, and J. D. Fenstermacher. “Graphical Evaluation of
Blood-to-Brain Transfer Constants from Multiple-Time Uptake Data,” Journal of
Cerebral Blood Flow & Metabolism, vol. 3, pp. 1-7, mar 1983.

[30] 5. P. Sourbron and D. L. Buckley, “Classic models for dynamic contrast-enhanced
MRL” NMR in Biomedicine, vol. 26, no. 8, pp. 1004-1027, 2013.

[31] M. C. Schabel, “A unified impulse response model for DCE-MRI..” Magnetic reso-
nanice in medicine, vol. 68, pp. 1632-46, nov 2012,

[33] P. 5. Tofts, “Modeling tracer kinetics in dynamic Gd-DTPA MR imaging..” Joursnal
of magnetic resonance imaging : JMRI, vol. 7. no. 1, pp. 91101, 1997.



Magnetic Resonance Imaging (MRI)

KMRI

o

Diffusion Weighted Imaging

N

4

)

Random

Brownian Motion

e water molecule

Free diffusion

Low signal intensity DWI

High ADC

. cell

Restricted diffusion

High signal intensity DWI

Low ADC

Diffusion Weighted Imaging (DWI1) 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

Sb_wp
S0

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

Diffusion Signal Decay:



DW-MRI Quantification

e A

Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)

Similarly to Perfusion

Fit M(x,t) to the data/ Diffusion Curves
On a voxel basis e ADC = (blb_)ln [gEZ’g]
Obtain: D/ADC , B :
e Linear least squares to: log(S(b))

* Non-Linear least squares to:
S(b) = Spe~ PP

Figure: Signal as function of the b-value

Diffusion Curves




DW MRI - IVIM modeling

/M o \ IVIM-model

Intra-Voxel Incoherent motions
Blood perfusion (capillary network)

also contributes to signal decay
Diffusion Weighted Imaging
Apparent Diffusion Coefficient (ADC)

" (1 petD et

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

Histogram of D values

Selected Liver Roi
Data Plot
T

120

| fmicro-perfusion fraction, f € [0, 1]
/o D Diffusion Coefficient
1 e D* pseudo-Diffusion coefficient

Signal Intesities

T
0 500 1000 1500 2000 2500 3000

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

Surgical Excision

MR Imaging ;- l

MRI Quantification

ETM-Ktrans

Staining

(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.

Statistical and spatial correlation between
diffusion and perfusion MR imaging
parameters: A study on soft tissue sarcomas

Georgios S. Ioannidis ®® 2 @ &, Katerina Nikiforaki @ b, Apostolos karantanas @ b <

6-

bl
B
-—

\)

|,
it
ot ATt ol ol -.l ll”~ i JIH. i ..‘: E::‘.[I A
Lower limb sarcoma patient
Ktrans maps a) before, b) after treatment

Perfusion and Oxygenation Changes after Isolated Limb Perfusion with TNF - alpha in Lower
Limb Sarcoma: A Case Report

inaki




Diffusion — Perfusion Combination

® Aggressive regions of a tumor ETM - Ktrans IVIM - D
® For example: —

o  High Ktrans

o Low ADC

Ktrans > mean(Ktrans roi) X D < mean(D ror)

()

Statistical and spatial correlation between
diffusion and perfusion MR imaging
parameters: A study on soft tissue sarcomas

Georgios 5. Ioannidis °® 2 @ &, Katerina Nikiforaki © ®, Apostolos Karantanas © P <




Diffusion — Perfusion Combination
Prostate Cancer Aggressiveness

T2 b-value=1000 s/mm?2 ADC

AVIP.(Slab) | p79796 AVIP.(Slab) 3 AVIP.(Slab)
Thk. Default 14/11/1952 Thk. Default ; Thk. Default
Dist. Default b Dist. Default - , Dist. Default

SortBy: s (:Abg‘/ Image scroll (059s/059s) 0 Sort By: 2
Sort By:t

079796
14/11/1952
069Y

M

18(SH), 142 (S40) 17 (S)
MR (27) MR (150) MR (25)

MRCA91614 55 MRC49161 | 1.5T MRC: 6

SedBeiSeZuiib Seq; *ep_b1000t Seq: *ep_b0_1000

ThK: S00m) 1jstE 3! Thk: 3.00mm | Dist: 3.60mm Thk: 3.00mm | Dist: 3.60mm

FAM50 FA:90 FA:90

TE:114 S TE:93 TE:93

TR:4890 i TR:3900 TR:3900

(4/10 1D:6)#2_tse_tra i|  (5/10 ID:7) ep2d_diff__6b_values_128 10 1D:8) ep2d_diff__6b_values_128_ADG;
pelvis”Routl | pelvis”Routine pelvis*Routine

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




From guantitative information to Radiomics

e Radi-omics

RN

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)

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

2. Shape-Based Features °
° Volume .
° Surface area .
. Surface-to-volume ratio .
. Sphericity o

. 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

Short Run Emphasis (SRE)

Long Run Emphasis (LRE)

Gray Level Non-Uniformity (GLN)
Run Length Non-Uniformity (RLN)
Run Percentage

EE] PyRadiomics

https://pyradiomics._readthedocs.io

1 n
1 .
- Hn
B |
. |
Ll
EER
“HEn
EH N

4

1st ORDER FEATURES~u
—H0 B, &
m > Drsstt i §
| - Intensity
SHAPE FEATURES
RADIOMICS EXTRACTIONS



From quantitative information to Radiomics

3c. Texture Features — GLSZM (Gray Level Size Zone Matrix)
. Small Area Emphasis

o Large Area Emphasis

. Zone Size Non-Uniformity . . . - - . - - . -
. Zone Percentage . . - - - - . . - .
HEEEE EEEE =R
3d. Texture Features — NGTDM (Neighborhood Gray Tone Difference Matrix) . &) B BN - S = .
*  Coarseness 1st ORDER FEATURES
. Contrast
e  Busyness m E Mininum) &
o Complexity - | :laa:im(m;m() o
e  Strength . | o m%e g
- . - = = Intensity
3e. Texture Features — GLDM (Gray Level Dependence Matrix)
o Dependence Non-Uniformity SHAPE FEATURES
o Large Dependence Emphasis
o Gray Level Variance ‘.!
A\
4. Higher-Order (Filtered) Features ’
o Wavelet features
o Laplacian of Gaussian (LoG) features ] )
e  Gradient-based features IE] PyRadiomics L
e  Local Binary Patterns (LBP) https://pyradiomics._readthedocs.io

° Fractal features



Radiomics Workflow

Image pre-processing

=  2nd ORDER FEATURES

ss NEEE SN EE ‘EE
‘ — ' mEEE mEE

@ 2 EEEE EESS EEEE
/AN c g5 EEEE EEEE SESE

- \ 1st ORDER FEATURES

_Cl) \ f s MR T REIT R |13 R, 4 m En Mininum( z
L B . .. T > =l Y N
’ = Normalization LA S e ”

" SHAPE FEATURES

RAW IMAGE DATA | = “ | j“ y

SEGMENTATION

* Clinical question
* Image acquisition (e.g., MRI, CT, PET)
* Segmentation of the region of interest (ROI)

* Image pre-processing o
* Feature extraction (texture, shape, intensity) |
* From image to numbers ANALYSIS

* Al modeling (Machine learning)
* Interpretation & clinical decision-making

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



Machine Learning Workflow

e 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

L

N
Signal Intensity (a

« ANOVA
* Cross validation scheme
. K-fold

. Internal/external validation set

* Leave one center out cross validation (LOCO)
* Classifiers

. LogisticRegression, KNeighborsClassifier,

. RandompForestClassifer, AdaBoost Classifier,

. GaussianNB
* Performance Evaluation

. Sensitivity

. Specificity
. Accuracy (ACC)
e AUC

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

Signal Intensities by Medical Center

40000 4

35000 4

30000

u.)

3 25000

0.004

0.003

P(x)

0.002

0.001

3 Cohort A raw data
3 Cohort B raw data
] Cohort C raw data

Signal intensities (a.u.)




Prostate Cancer Aggressiveness Prediction

mono_exp-ADC

0.00125 Diffusion

L 0.00100

Clinical Question

e i Parametric
* Classification Problem - Maps
* Aggressive vs. Non Aggressive Cancer T2 weighted 0.00025
VIM1-f s VIM1-D

0.4
0.0008

Gl 0.0006

0.2 0.0004

0.1

* Data T2w images
* Multi b-value DWI images
e Diffusion Parametric maps

0.0002

0.0

stretched_exp-a io stretched_exp-DDC

0.0000

0.00125
0.00100
0.00075
0.00050

e T2 Radiomics
e Parametric Map Radiomics

0.00025

0.00000

G. S. loannidis et al., "Explainable Al 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

Dataset Quantitative modeling (QM) i Radiomics Extraction from QM + T2

. First/higher order statistics . -
. GLRLM, GLCM, GLSZM, GLDM

e shape-based 2D and 3D features ML Analysis
*  Logarithmic, Exponential, wavelet transforms —

e 4-fold stratified cross validation

* Radiomics Model
* 202 Pca patients
e 144 (GS<7)
e 58(GS=>7)
* 3210 Radiomic Features

= ®
. fe © Q o v \
e (Classifiers g _ % = |
«  LogisticRegression, KNeighborsClassifier, 2 “w @ =~ i '
. RandomForestClassifer, AdaBoost Classifier, § : 4 = |
ow (2]
*  GaussianNB § i > 3 h +
* Performance Evaluation o = <
. v o ahigh = =
SenSItIVIty c A ‘ag‘greslsgiveness F 3 « Z i‘% .
. Specificity g r ® g i Redundancy analysnsi
»  Accuracy (ACC) 9 > 8.
*  AUC classification S

* Explainability (SHAP)

* The perfusion-related parameter f showed better performance compared to other diffusion

biomarkers when combined with T2 imaging. G. S. loannidis et al., "Explainable Al Radiomics in Prostate Cancer

«  Very good diagnostic accuracy: Aggressiveness Prediction using different quantitative Diffusion MRI
. ACC: 80% models," 2025 47th Annual International Conference of the IEEE
: 0 Engineering in Medicine and Biology Society (EMBC), Copenhagen,
* AUC: 85% Denmark, 2025, pp. 1-7, doi: 10.1109/EMBC58623.2025.11254453.



Shap Explainability

High

wavelet rbio2.4 1 original firstorder Skewness IVIM2 f

Ibp2d_1 original_glcm_Autocorrelation_T2 .

wavelet coif3_1 original _firstorder Variance T2

wavelet _bior3.3 1 original_glcm_DifferenceVariance T2
wavelet coif3 1 original firstorder Skewness T2

Ibp3d 1 original glszm_ SizeZoneNonUniformityNormalized T2
wavelet db4 1 original_firstorder Skewness T2

wavelet_coif5_1 original_glszm_SizeZoneNonUniformityNormalized T2
- ~ sqrt_1_original_firstorder Median IVIM2_f
wavelet coif5 1 original_glrim_LongRunHighGrayLevelEmphasis T2
wavelet bior3.3 1 original glcm_Contrast T2
wavelet_coifl_1_original_firstorder_Median_IVIM2_f

lbop2d 1 original firstorder Median T2

wavelet rbio5.5 1 original_glcm_Idn_IVIM2 f

wavelet bior3.3 1 original_ngtdm_Busyness T2

wavelet _coif3_1 original_glcm_DifferenceEntropy IVIM2 f

wavelet db6_1 original_glszm_SizeZoneNonUniformityNormalized T2
wavelet db6 1 original firstorder InterquartileRange T2

Ibp2d 1 original _glrlm_LongRunHighGrayLevelEmphasis T2

Feature value

Low

03 -02 -01 00 01 02 03
SHAP value (impact on model output)
G. S. loannidis et al., "Explainable Al 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

| | | | & | -
| | | | - | | 32
" Ll | | ' RS | saEm
* Initial performance ‘st | | | | |3 - I»-»‘ | B8 | &
ACC: 0.544 Exploratory | I | | i | | =
» AUC:0.639 | | : N B . -
* Performance after Dynamic- based hlarmJnlzatnon . l | n“ - | O%C\’O | T
* | | \ | R | - I I v
ACC: 0.706 i | | B 11 | =73
— > /> e h, O “E
Independent | : | JXC : L : e : e O @: .
Validation Set, | | — \[~> | o | O | = -
| | | | |
I I | | I
| | | | !

=

Manikis, G.C.; loannidis, G.S.; Siakallis, L.; Nikifora'ki, K.; v, M.; Vézlic, D.; SurIan-Pépovic, K.; WinterrrIark, 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




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

Dataset

e 160 patients, Quantitative modeling
 Gamma fitting, leakage correction algorithms =
* Parametric mapping
* (rCBF, rCBV, rMTT, MSI, TMAX, K;...)

e 1734 Radiomic features

e Best performing Parametric maps
e MSI: (ACC 74.3% AUC 74.2%)
* K;: (ACC75% AUC 70.5%)
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Pathologic Complete Response (pCR) prediction
The role of vascular network features and radiomics

e Quantitative Vasculature feature extraction

Quantitative tumor-associated vasculature (QuanTAV) features tool

Novel Radiomic Measurements of Tumor-
Associated Vasculature Morphology on Clinical
Imaging as a Biomarker of Treatment Response in
Multiple Cancers ¥

Nathaniel Braman '2'; Prateek Prasanna; Kaustav Bera
Patrick Leo; Maryam Etesami; Manasa Vulchi; Paulette Turk
Nathan Pennell '2'; Vamsidhar Velcheti 2/ ; Jame Abraham

; Mehdi Alilou “2'; Mohammadhadi Khorrami;
; Amit Gupta “2; Prantesh Jain '2'; Pingfu Fu &;
; Donna Plecha; Anant Madabhushi &5

Morphology features

Features

Description

Statistics of vessel orientation along XY
projection image
(f1-f3)

Mean, median (med), standard deviation (std), skewness (skew), and
kurtosis (kurt) of local vessel orientations computed across XY vessel
map

Statistics of vessel orientation along the XZ
projection image
(f6-f10)

Mean, med, std, skew, kurt of local vessel orientations computed
across XZ vessel map

Statistics of vessel orientation along the YZ
projection image
(f11-f15)

Mean, std, max, skew, kurt of local vessel orientations computed
across XZ vessel map

Statistics of vessel orientation along the
rotation-elevation projection image
(f16-f20)

Mean, std, max, skew, kurt of local vessel orientations computed
across vessel map of rotation and elevation with respect to the tumor

Statistics of vessel orientation along the
distance-rotation projection image
(21-f25)

Mean, std, max, skew, kurt of local vessel orientations computed
across vessel map of distance and rotation with respect to the tumor

Statistics of vessel orientation along the
distance-elevation projection image
(f26-30)

Mean, std, max, skew, kurt of local vessel orientations computed
across vessel map of distance and elevation with respect to the tumor

Spatial organization features

Features Description
Statistics of torsion per branch | Mean, standard deviation (std), maximum (max), skewness (skew), and
(f1-f5) | kurtosis (kurt) of torsion across all branches
Statistics of curvature standard deviation per | Mean, std, max, skew, kurt of the standard deviation of curvature
branch | measured along each branch
(f6-f10)
Statistics of mean curvature per branch | Mean, std, max, skew, kurt of the average curvature measured along
(f11-f15) | each branch
Statistics of maximum curvature per branch | Mean, std, max, skew, kurt of the maximum curvature measured along
(f16-f20) | each branch
Statistics of curvature skewness per branch | Mean, std, max, skew, kurt of the skewness of curvature measured along
(f21-f25) | each branch
Statistics of curvature kurtosis per branch | Mean, std, max, skew, kurt of the kurtosis of curvature measured along
(f26-f30) | each branch
Statistics of global vascular curvature | Mean, std, max, skew, kurt of the curvature measured across all
(f31-f35) | branches combined
Histogram of global vascular curvature | 10-bin histogram of the curvature measured across all points of the
(f36-f45) | vessel volume
Histogram of torsion | 10-bin histogram of the torsion measured across all branches combined
(f46-f55)
Total vessel volume | Vessel volume (f56), vessel volume normalized to the total size of the
(f56-f58) | 3D region of interest (f57), vessel volume normalized to the volume of
the tumor (f58).
Total vessel length | Total length of vessels within the region of interest
(f59)
Tumor feeding branches | Number (f60) and percentage (f61) of vessel branches that enter the
(f60, f61) | tumor volume from the surrounding tumor environment.

(5)



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

* Image pre-processing

—

Temporal Registration

pre-contrast — post-contrast Subtract & Otsu - Thresholding
Heart removal

loannidis, 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

Vessel
Enhancement

(3)


https://ssrn.com/abstract=5362915
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Pathologic Complete Response (pCR) prediction (4)
The role of vascular network features and radiomics

Radiomic Features Extraction Duke Dataset

QuanTAV features extraction

QuanTAV features
+
Best Radiomic Features

Wash-in wash-out phases

ML Analysis
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What about time?

HPC

v Found 1102 subjects ready for extraction.

* Can be applied into real clinical practice?

Starting IBSI extraction using 40 cores at 2026-03-09 15:09:35...

g Tra I n | ng Extracting features: 100%|_| 1102/1102 [56:15<00:00, 3.06s/subject]
Saving CSVs and Reports at 2026-03-09 16:30:32...

 Radiomic extraction
. Full Extraction Complete!
« From 1 min to several hours per case (Home PC) Start: Tine:  2026.65-60 15:69:35

Finish Time: 2026-03-09 16:30:32

* Classification 2-3 seconds Tatil TI: 1.5 folk
Home PC

v/ Found 1102 subjects ready for extraction.

Starting IBSI extraction using 8 cores at 2026-03-10 12:31:43...

o i~ti Extracting features: 100 [NG—— | 1102/1162 [5:15:38<00:00, 17.19s/subject]
Prediction

e Answer is

Saving CSVs and Reports at 2026-03-10 18:07:45...

Full Extraction Complete!

Start Time: 2026-03-10 12:31:43
Finish Time: 2026-03-10 18:07:45
Total Time: 5.60 hours




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 Al people towards more : Al models
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