


GETTING TO KNOW

GLIOBLASTOMA
Most malignant primary brain 

tumour in adults. (WHO Grade IV, 
IDH-wildtype).

5.5%

5-year survival rate.

~90% 

of IDH-wildtype cases arise de novo in 
older patients

Of all primary malignant CNS 

tumours.

45.2%

Median Survival post-diagnosis
14-16 months

Image Credit - Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)



When Imaging isn’t

ENOUGH



When Imaging isn’t

A medical scan shows structure, 
not always clear meaning.

Foundations

Medical images, specially Magnetic 

Resonance Imaging give us a detailed 
view of what’s inside the body. We can 
see shapes, boundaries, and visible 

biological changes. But not every 
important detail is clearly obvious. 
Some differences are very subtle and 

obvious to overlook, especially in the 
early stages. So even though the 
information is there, understanding it 

completely is not always convenient !
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TP and PSP Often 
Indistinguishable 
on Conventional MRI

Foundations

Both show contrast 

enhancement and lesion 
growth due to blood–
brain barrier disruption, 

making them difficult to 
distinguish.

DICOM Credit : University of 
Toronto (University Health 
Network, UHN)
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Clinical Consequences of 
Misclassification

Foundations

Clinically, this is important. In glioblastoma, different 

tumour regions can show similar post-treatment 
changes, making TP and PsP look alike. This can lead to 
misclassification, resulting in either unnecessary 

treatment changes or delayed intervention
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DCE MRI
Dynamic Contrast Enhanced

QUANTITATIVE PERFUSION IMAGING

Quantitative assessment of tumour perfusion and 
microvascular permeability using DCE-MRI

Image courtesy of the National Cancer Institute, via Unsplash*



When Imaging isn’t

ENOUGH

A medical scan shows structure, 
not always clear meaning !

Foundations

Conventionally used software from vendors  like GE, 
Siemens, Philips, along with conventional models, remain 
limited in reliably distinguishing TP from PsP due to imaging 
regions overlap. Most approaches report performance 
≤75% in accuracy. In this work, we adopt a fundamentally 
novel approach, achieving improved performance with an 
AUC of 0.89 and an F1-score of 0.90 [ Different Gradient 
Coils too ]
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microvascular permeability using DCE-MRI

Image courtesy of the National Cancer Institute, via Unsplash*



DCE MRI
PARAMETERS

QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment
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QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment
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DCE MRI
PARAMETERS

QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment

TP vs PSP for Several Parametric 
Maps

Foundations

DICOM Credit : University of Pennsylvania

Image Credit: Adapted from Jain & Essig, Dynamic Contrast-Enhanced MRI (Thieme Medical Publishers)
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QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment

G
ra

p
h

ic
a

l
A

B
ST

R
A

C
T

Image Credit - Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)



DCE MRI
PARAMETERS

QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment

TP vs PSP for Several Parametric 
Maps

Foundations

DICOM Credit : University of Pennsylvania

G
ra

p
h

ic
a

l
A

B
ST

R
A

C
T

Image Credit - Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)



G
ra

p
h

ic
al

A
B

ST
R

A
C

T

Image Credit - Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)

Siemens Healthineers, Erlangen(Germany), a classic 3T 
MAGNETOM Trio whole-body MR scanner with a 12 channel 
phased array head coil.

All the patients were receipt of standard of care (SOC) therapy, 
including surgery followed by concurrent chemoradiotherapy 
(CCRT)

A total of 30 sequential measurements were acquired for each 
slice to assess contrast wash in - washout kinetics. [ Temporal 
resolution : 7 seconds per frame ]

MultiHance, Bracco Imaging, Milano, Italy, a widely used GCA ( 
Gadolinium Based Contrast Agents )  stain is used, at a dose of 0.07 
mmol/kg.
Delivered using a power injector (Medrad, Indianola, PA, USA).
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Image Credit - Suchibrata Patra | 
Source: Neuro-Oncology 
Advanced (Oxford, under review)

Figure A : Representative multiparametric MRI sequences (T1+C, FLAIR, DCE)

DCE MRI
PARAMETERS

QUANTITATIVE PERFUSION IMAGING

Key pharmacokinetic parameters that
quantifies tissue perfusion and
microenvironment

TP vs PSP for Several Parametric 
Maps

Foundations

DICOM Credit : University of Pennsylvania



CLINICAL DATA
ACQUISITION

Siemens Healthineers, Erlangen(Germany), a classic 3T 
MAGNETOM Trio whole-body MR scanner with a 12 channel 
phased array head coil.

All the patients were receipt of standard of care (SOC) therapy, 
including surgery followed by concurrent chemoradiotherapy 
(CCRT)

A total of 30 sequential measurements were acquired for each 
slice to assess contrast wash in - washout kinetics. [ Temporal 
resolution : 7 seconds per frame ]

MultiHance, Bracco Imaging, Milano, Italy, a widely used GCA ( 
Gadolinium Based Contrast Agents )  stain is used, at a dose of 0.07 
mmol/kg.
Delivered using a power injector (Medrad, Indianola, PA, USA).
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Figure A : Representative multiparametric MRI sequences (T1+C, FLAIR, DCE)
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Figure

A. Graph showing the Pre - fitted model signals vs the actual signal
B. MATLAB Toolbox (Developed Inhouse for feature Extraction) 

We began by generating DCE-MRI parametric maps, 

extracting key physiological parameters including 
Ktrans, VE, Vp, Kep, tau

In-house developed MATLAB toolbox was used, 

incorporating multiple pharmacokinetic models such as
Tofts, ETM, SSM, 2CXM, and 3S2X.

A subject-specific vascular input function (VIF) was then 

defined by placing an ROI over the
superior sagittal sinus (SSS).

Following map generation, post-contrast T1 and T2-
FLAIR images were co-registered and resliced
to align with the DCE-MRI space.
[ Rigid Body Affine Transformation was used ]

Tumours were segmented using nnU-Net [ Gold 

standard as a strong baseline, trained on BraTS dataset 
2018-21] on co-registered PC-T1 and FLAIR images 
(Dice: 88.95%, BraTS), and volume was computed as 

voxel count × voxel size.
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Figure A : Representative multiparametric MRI sequences (T1+C, FLAIR, DCE)

Image Credit : Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)

Tumours were segmented using nnU-Net [ Gold 

standard as a strong baseline, trained on BraTS dataset 
2018-21] on co-registered PC-T1 and FLAIR images 
(Dice: 88.95%, BraTS), and volume was computed as 

voxel count × voxel size.
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To address class imbalance (TP > PsP), ADASYN was applied to the 

training set, which adaptively generates synthetic minority samples near 
decision boundaries, improving learning in difficult areas.
Kept the test set untouched to prevent data leakage.

We performed feature selection using a two-stage reduction pipeline, 

motivated by the high dimensionality of radiomic features (n = 1073) 
relative to sample size, where overfitting becomes inevitable without 
proper reduction.

In the first stage, the Non-Parametric Mann–Whitney U test was 

applied to evaluate the discriminatory power of each feature between 
TP and PsP. Features with p < 0.05 were retained, reducing the feature 
space from 1073 to 86.

In the second stage, Elastic Net regularization  ( With L1 (sparsity) and 

L2 (grouping) penalties ) was employed to further refine the feature 
set.

The hyperparameters (α, ρ) were optimized using grid search with 

five-fold stratified cross-validation, ensuring class balance across folds 
and robust generalization. 

First Stage Selection

Second Stage Selection
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We began by generating DCE-MRI parametric maps, 

extracting key physiological parameters including 
Ktrans, VE, Vp, Kep, tau

In-house developed MATLAB toolbox was used, 

incorporating multiple pharmacokinetic models such as
Tofts, ETM, SSM, 2CXM, and 3S2X.

Following map generation, post-contrast T1 and T2-
FLAIR images were co-registered and resliced
to align with the DCE-MRI space.
[ Rigid Body Affine Transformation was used ]

Tumours were segmented using nnU-Net [ Gold 

standard as a strong baseline, trained on BraTS dataset 
2018-21] on co-registered PC-T1 and FLAIR images 
(Dice: 88.95%, BraTS), and volume was computed as 

voxel count × voxel size.

A subject-specific vascular input function (VIF) was then 

defined by placing an ROI over the
superior sagittal sinus (SSS).

Figure

A. Graph showing the Pre - fitted model signals vs the actual signal
B. MATLAB Toolbox (Developed Inhouse for feature Extraction) 

Image Credit : Suchibrata Patra | Source: Neuro-Oncology Advanced (Oxford, under review)

M
ac

h
in

e 
Le

ar
n

in
g

R
ES

U
LT

S

Extended Tofts Model [ETM] + MGMT

T1 Post Contrast Model [ETM] + MGMT

Parsimonious DCE Parameters

Parsimonious DCE + MGMT

No model achieved meaningful discrimination 
(TEAUC ≤ 0.68), with high training but poor 
validation performance indicating strong overfitting 
especially in RF and XGB and unstable specificity 
making the models clinically unreliable.

SVM provides the best overall balance. RF attains the 
highest VAUC (0.83) but suffers from low specificity, 
and LR remains competitive indicating partial linear 
separability in the features.

RF delivers the highest TEAUC (0.84 ± 0.09) and 
sensitivity (0.91 ± 0.13), showing improved feature 
quality, but its specificity is low and unstable, while 
SVM offers the best specificity (0.77 ± 0.12) with a 
slightly lower yet acceptable TEAUC.

RF achieves the best overall performance (TEAUC 
0.89, sensitivity 0.93, specificity 0.76, F1 0.90) and is 
the recommended deployment model, with clear 
gains over the MGMT-free setup highlighting the 
strong added value of molecular biomarker 
integration.

R
o

b
u

st
 F

ea
tu

re

SE
LE

C
TI

O
N

To address class imbalance (TP > PsP), ADASYN was applied to the 

training set, which adaptively generates synthetic minority samples near 
decision boundaries, improving learning in difficult areas.
Kept the test set untouched to prevent data leakage.

We performed feature selection using a two-stage reduction pipeline, 

motivated by the high dimensionality of radiomic features (n = 1073) 
relative to sample size, where overfitting becomes inevitable without 
proper reduction.

In the first stage, the Non-Parametric Mann–Whitney U test was 

applied to evaluate the discriminatory power of each feature between 
TP and PsP. Features with p < 0.05 were retained, reducing the feature 
space from 1073 to 86.

In the second stage, Elastic Net regularization  ( With L1 (sparsity) and 

L2 (grouping) penalties ) was employed to further refine the feature 
set.

The hyperparameters (α, ρ) were optimized using grid search with 

five-fold stratified cross-validation, ensuring class balance across folds 
and robust generalization. 

First Stage Selection

Second Stage Selection
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SVM offers the best specificity (0.77 ± 0.12) with a 
slightly lower yet acceptable TEAUC.
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Parsimonious DCE + MGMT + RF achieves SOTA 
performance (TEAUC 0.89, Sens 0.93, Spec 0.76), 
confirming optimal feature–model synergy 

Enables high-confidence, non-invasive TP vs PsP 
differentiation, addressing a critical clinical 
uncertainty

Parsimonious PK modelling + MGMT integration 
significantly enhance discriminative power over 
conventional approaches

Random Forest effectively captures complex, non-
linear radiomic interactions, outperforming linear 
and boosting models 

Discussion & Clinical Significance
Small, yet imbalanced cohort (n=82)

Single centre data, that’s why scanner/protocol dependency may 
affect robustness 

Mixed ground truth (histology + mRANO) → potential label 
inconsistency 

No external validation has been performed. So, in reality the true 
generalisation still remains unproven 

Additional Constraints
Cross-sectional design  - ignores longitudinal disease evolution.
MGMT ambiguity (indeterminate cases)  reduces interpretability 
.
Limited clinical interpretability, because that requires SHAP.

Study Limitations
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Volume Transfer Constant

Rate at which contrast moves 
from plasma to the 
Extravascular  Extracellular 
Space (EES)

𝐊𝐭𝐫𝐚𝐧𝐬

Reflects Capillary Permeability & Surface Area

EES Volume Fraction
Fraction of tissue volume 
occupied by the Extravascular 
and Extracellular Space

𝑽𝒆

Increased in edema/necrosis

& lower in dense tumour

Plasma Volume Fraction
Fraction of tissue volume 
occupied by plasma 
(intravascular space).A

𝑽𝒑

Reflects vascular Volume or Density

Plasma Flow Rate
Rate of plasma flowing through 
the capillary bed per unit tissue 
volume.

𝑭𝒑

resents tissue Perfusion

Intracellular Water Lifetime

Average time water molecules 
spend inside cells.

𝝉𝒊

Shorter 𝜏 implies higher cell membrane
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A medical scan shows structure, 
not always clear meaning.

Foundations

Medical images, specially Magnetic 

Resonance Imaging give us a detailed 
view of what’s inside the body. We can 
see shapes, boundaries, and visible 

biological changes. But not every 
important detail is clearly obvious. 
Some differences are very subtle and 

obvious to overlook, especially in the 
early stages. So even though the 
information is there, understanding it 

completely is not always convenient !
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Misclassification

Foundations

Clinically, this is important. In glioblastoma, different 

tumour regions can show similar post-treatment 
changes, making TP and PsP look alike. This can lead to 
misclassification, resulting in either unnecessary 

treatment changes or delayed intervention.

A medical scan shows structure, 
not always clear meaning.

Foundations

Despite advances, widely used software from vendors  

like GE, Siemens, Philips, along with conventional 
models, remain limited in reliably distinguishing TP 
from PsP due to imaging overlap. Most approaches 

report performance ≤75% in accuracy. In this work, we 
adopt a fundamentally novel approach, achieving 
improved performance with an AUC of 0.89 and an F1-

score of 0.90 [ Different Gradient Coils too ]
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When Imaging isn’t

ENOUGH

A medical scan shows structure, 
not always clear imaging

Medical images give us a detailed view of 

what’s inside the body. We can see 
shapes, boundaries, and visible changes. 
But not every important detail is clearly 

obvious. Some differences are very subtle 
and easy to miss, especially in the early 
stages. So even though the information is 

there, understanding it completely is not 
always straightforward.]
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Misclassified
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Intelligence
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