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Materials and methods

• Best performance with radiomics, but requires accurately segmented tumour tissues
• With a pre-trained CNN, an accurate, automatic and robust binary grading system could be designed

Conclusion

• State-of-the-art performance
• AUC of 93.5% while only requiring a

bounding box around the tumour.
• No tissue segmentation necessary

Results and Discussion

BINARY GLIOMA GRADING: RADIOMICS VERSUS 
PRE-TRAINED CNN FEATURES
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MICCAI BRATS 2017 Database
210 GBM + 75 lower-grade tumours

T1ce                    Segmentation Labels

1. Feature Extraction: Radiomics
207 quantitative features for each of 5 tumour regions:

Total abnormal, core, enhancing, necrosis, oedema

Tumour Intensity Tumour Texture Tumour Shape

Medical imaging is one of the major factors that have
informed medical science and treatment. By assessing
the characteristics of human tissue noninvasively,

imaging is often used in clinical practice for oncologic diagnosis
and treatment guidance1–3. A key goal of imaging is ‘personalized
medicine’, where treatment is increasingly tailored on the basis of
specific characteristics of the patient and their disease4.

Much of the discussion of personalized medicine has focused
on molecular characterization using genomic and proteomic
technologies. However, as tumours are spatially and temporally
heterogeneous, these techniques are limited. They require
biopsies or invasive surgeries to extract and analyse what are
generally small portions of tumour tissue, which do not allow for
a complete characterization of the tumour. Imaging has great
potential to guide therapy because it can provide a more
comprehensive view of the entire tumour and it can be used on
an ongoing basis to monitor the development and progression of
the disease or its response to therapy. Further, imaging is
noninvasive and is already often repeated during treatment in
routine practice, on the contrary of genomics or proteomics,
which are still challenging to implement into clinical routine.

The most widely used imaging modality in oncology is X-ray
computed tomography (CT), which assesses tissue density.
Indeed, CT images of lung cancer tumours exhibit strong
contrast reflecting differences in the intensity of a tumour on
the image, intratumour texture and tumour shape (Fig. 1a).

However, in clinical practice, tumour response to therapy is only
measured using one- or two-dimensional descriptors of tumour
size (RECIST and WHO, respectively)5. Although a change in
tumour size can indicate response to therapy, it often does not
predict overall or progression free survival6,7. Although some
investigations have characterized the appearance of a tumour
on CT images, these characteristics are typically described
subjectively and qualitatively (‘moderate heterogeneity’, ‘highly
spiculated’, ‘large necrotic core’). However, recent advances in
image acquisition, standardization and image analysis allow for
objective and precise quantitative imaging descriptors that could
potentially be used as noninvasive prognostic or predictive
biomarkers.

Radiomics is an emerging field that converts imaging data into
a high dimensional mineable feature space using a large number
of automatically extracted data-characterization algorithms8,9.
We hypothesize that these imaging features capture distinct
phenotypic differences of tumours and may have prognostic
power and thus clinical significance across different diseases. Here
we assess the clinical relevance of 440 radiomic features, many of
which currently have no known clinical significance, in seven
independent cohorts consisting of 1,019 lung cancer and head-
and-neck cancer patients. Two data sets are used to assess
the stability of the features, four data sets to assess the prognostic
value of radiomic features on lung cancer patients and
head-and-neck cancer patients, and one data set for association
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Figure 1 | Extracting radiomics data from images. (a) Tumours are different. Example computed tomography (CT) images of lung cancer patients. CT
images with tumour contours left, three-dimensional visualizations right. Please note strong phenotypic differences that can be captured with routine CT
imaging, such as intratumour heterogeneity and tumour shape. (b) Strategy for extracting radiomics data from images. (I) Experienced physicians
contour the tumour areas on all CT slices. (II) Features are extracted from within the defined tumour contours on the CT images, quantifying tumour
intensity, shape, texture and wavelet texture. (III) For the analysis the radiomics features are compared with clinical data and gene-expression data.
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Random Forest Classification

...
Slice level prediction: no tumour, LGG, GBM 

Mean probability for each patient

AUC Acc. Sens. Spec.
Radiomics 96.4(2.6) 89.6(3.8) 89.9(5.4) 88.8(8.6)

CNN 2a 93.5(3.0) 86.1(4.3) 85.4(5.4) 88.5(8.1)
CNN 2b 91.1(3.6) 82(5.3) 81.5(7.2) 83(9.6)

• Determining glioma malignancy is highly important for 
initial therapy planning

• Biopsies negatively impact overall survival

• Need for noninvasive, accurate, automatic, reproducible 
and robust CAD systems

Introduction

We compare the predictive performance of hand-engineered radiomics features with features extracted through a pre-trained 
CNN for discriminating glioblastoma from lower-grade glioma. The BRATS 2017 database was used containing MRI data of 285 
patients. State-of-the-art performance was achieved (AUC of 96.4%) with radiomics features extracted from manually segmented 
tumour volumes. With pre-trained CNN features extracted from the tumour bounding box, an AUC of 93.5% was obtained.
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