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Gene Mutation Patterns

Genomics
Applications for Neuro-Oncology

Filbin MG, Ann. Rev. Pathol. Mech. Dis. 2016, 11:497–521

Gene Expression (mRNA)

Reme T, PLoS ONE 2013, 8(6): e66574.  



Radiomics: Feature description

LBP: Local Binary Patterns
HOG: Histogram of Oriented Gradients
SIFT: Scale Invariant Feature Transform



Radiomics
Applications for Neuro-Oncology

Microscopical and molecular 
tumor characteristics :
- Cell type
- Receptor expression
- Invasion pattern
- Angiogenesis
- Gene mutations 

TISSUE + PATHOLOGIST

Radiomics :
- General tumor features:

- Histogram  
- Texture 
- Shape

-Local image feature maps

IMAGES + SOFTWARE

Clinical outcome :
- Final diagnosis
- Response to therapy (prediction)
- Prognosis (DFS, OS)

determine

Can be assessed
using imaging methods

Can be used
to determine

Treatment planning :
- Surgery (Extent of resection)
- Radiotherapy (Segmentation, Dose)
- Systemic therapy



- Prediction of clinical outcome

- Non-invasive determination of molecular
biomarkers

- Tumor segmentation

- Differentiation of recurrence from
radionecrosis

Radiomics
Applications for Neuro-Oncology



Radiomics based on Feature Description:
Typical Workflow

1) Manual segmentation of tumor
(and compartments)

2) Preprocessing
(filterung etc.)

3) Feature computation/
extraction

4) Model building (classification)
using clinical or genomic data

5) Validation of the model
using independent data set



Radiomics: Feature extraction and Model building 
using CNN (Convolutional Neural Networks)



Radiomics: Feature Maps



Radiomics for Survival prediction in GBM
based on tumor region

- 11 significant features
selected from a set of ca. 12000  

- All 11 features from FLAIR signal
of the contrast enhancing regio

- Most significant feature related to
tumor heterogeneity

training

validation



Radiomics for Survival prediction in GBM: 
based on peritumoral parenchyma



Radiomics for survival prediction in GBM: 
Results

Author N train. 
/valid.

MRI
methods

Primary 
feature
set

Selection
method

Final 
feature
set

Classification
method

Tumor 
subregions

Prediction accuracy
(valid. set if available)

Lee
(2015)

65 / 0 T1-CE,
FLAIR

36 
(habitats)

CoV 5 Symbolic
Regression

all subregions p = 0.00021
OS </> 12 m

McGarry
(2016)

81 /0 T1/CE,
DWI, FLAIR

81
(intensity)

Kaplan-Maier/
log rank test

5 Score
(vol. threshold)

CE-region
(T1-CE)

p < 0.005
median OS 25m vs. 8m

Kickingereder
(2016)

79 / 40 T1/CE, 
DWI, FLAIR

12190 Supervised PCA 11 Radiomics 
Score

CE-region
(FLAIR)

p < 0.004
HR 3.45

Prasanna
(2017)

65 / 0 T1-CE, T2,
FLAIR

3x 402 mRMR 10 Random
Forest

peritumoral p < 0.0001
OS < 7m vs. > 18m

Lao
(2017)

75 / 37 T1/CE, T2,
FLAIR

98304 CNN-S, C-Index, 
LASSO

6 Score
(linear comb.)

mainly tumor
core

p < 0.001
HR = 5.13

Li (2017) 60 / 32 T1/CE, T2,
FLAIR

45792 OCCC, C-index, 
LASSO

4 Score all subregions p < 0.004
HR = 3.29

Abrevatations:
PCA:      Principal Component Analysis
mRMR: minimum Redundancy Maximum Relevance
CoV:      Coefficient of Variation
CNN:     Convolutional Neural Network
ROC:     Receiver Operator Characteristics
SVM:    Support Vector Machine
OCCC:  Overall Concordance Correlation Coefficient



Radiomics for prediction of IDH1 mutation in glioma



MR radiomics for determination of IDH1/2 
mutations in glioma

Author Tumor  type
Biomarker

MRI 
methods

N 
train/valid

Primary 
feature
set

Selection
method

Final 
feature
set

Classification
method

Diagnostic accuracy
(valid. Set
if available)

Zhou
(2017)

WHO II
IDH mut / wt
75% / 25%

T1/CE, T2,
FLAIR

165 / 0 4x 42 ROC 3 Multivariate
Logistic
regression

77% (estim.)

Yu
(2016)

WHO II
IDH mut / wt
71% / 29%

FLAIR 110 / 30 671 mRMR 110 SVM 83%

Li
(2017)

WHO II
IDH mut / wt
74% / 26%

T1/CE, 
FLAIR

60 / 59 16384 CNN (segm.)
Fisher vector
t-test, F-score

494 SVM 91%

Eiching
er
(2017)

WHO II/III
IDH mut / wt
75% / 25%

T2, DTI 59 / 20 101
(LBP)

none 101 Neural Network
(single layer)

95%

Zhang
(2017)

WHO III/IV
IDH mut / wt
45% / 55%

T1/CE, T2,
FLAIR, DWI

90 / 30 2970 ROC,
Redundancy
reduction

386 Random Forest 89%

Abrevatations:
mRMR: minimum Redundancy Maximum Relevance
CNN:     Convolutional Neural Network
ROC:     Receiver Operator Characteristics
SVM:    Support Vector Machine
LBP:      Local Binary Patterns



MR radiomics for determination of MGMT and 
1p/19q-Status in glioma

Author Tumor  type
Biomarker

MRI 
methods

N 
train /valid

Feature 
Set

Selection
method

Final 
features

Classification
method

Diagnostic accuracy
(valid. set
if available)

Korfiatis
(2016)

GBM
MGMT methyl /non
43% / 57%

T1/CE, 
T2

155 / 0 18 Ridge
regressio
n

4 SVM
Random 
Forest

81%

Xi
(2016)

GBM
MGMT methyl /non
44% / 56%

T1/CE,
T2

98 / 20 1665 LASSO 36 SVM 80%

Han
(2018)

GBM
MGMT methyl /non
n.a.

T1, T2, 
FLAIR

117 / 42 512
(nodes in 
final layer)

CRNN 
L2-regul.

n.a. Softmax 62% 

Zhou
(2017)

WHO II
1p/19q  codel / non
25% / 75%

T1/CE,
T2,
FLAIR

165 / 0 4x 42 ROC 3 Multivariate
Log. Regress.

90%

Shofty
(2017)

WHO II
1p/19q  codel / non
55% / 45%

T1CE, T2,
FLAIR

47 / 0 152 MWU-
test
PCA

9 Ensemble
Bagged Trees

87%

Abrevatations:
CRNN:   Convolutional Recurrent Neural Network
CNN:     Convolutional Neural Network
ROC:     Receiver Operator Characteristics
SVM:    Support Vector Machine
MWU:  Mann-Whitney U-test
PCA:     Principle Component Analysis



Radiomics
Tumor Segmentation



Radiomics: Segmentation



Radiomics
CNN for tumor 
segmentation

Yu J, Eur Radiol 2017 Zhuge J, MedPhys 2017

Low grade glioma High grade glioma



Combined FET-PET/MRI Radiomics 
Discrimination of radiation necrosis from 

recurrence in metastases treated by 
radiosurgery

Lohmann et al. , submitted
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Histogram stdValue

Volume

Shape Sphericity

Compacity

GLCM Homogeneity

Contrast

Correlation

Entropy

Dissimilarity

GLRLM SRE

LRE

SRHGE

LRHGE

GLNUr

RLNU

RP

NGLDM Coarseness

Contrast

GLZLM SZE

LZE

LZHGE

GLNUz

ZLNU

ZP

Rec > RN p < 0.05

p < 0.01

p < 0.005

Rec < RN p < 0.05

p < 0.01

p < 0.005

Rec

RN

accuracy
MRI 81%
FET-PET 83%
Combined 89%



Hi, this is NeuroCastR, your personal digital assistant in 
Neuro-Oncology, please enter images:

… segmentation
… computing features
… generating predictions

Probability GBM: 90%
Probability AA: 5%
Probability OD: 0%

Probability IDH-mut: 37%
Probabilty 1p/19q codel: 1%
Probability MGMT-methyl: 56%

Prediction Survival@1year: 48%

…. generating resection mask



Radiomics: Summary

• Digital images contain a large amount of data
• Methods from digital image processing & statistics
• Convolutional neural networks

• Outcome prediction from radiomic features
• Assessment of genetic markers (accuracy 80-90%)
• Visualisation of feature maps
• Advanced methods for tumor segmentation


