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The Radiomics Hypothesis

- The tumor’s structural phenotype reflects its
molecular and clinical properties.

 This is an extension of the clinical use of radiology in
which features like volume and density are used to make
predictions.

 In Radiomics, we extend this clinical use by extracting
and using quantitative image features.

* We extend the use to making predictions of clinical and

molecular features.



Representative CT images of lung cancer

Tumors are different
Medical imaging can capture these phenotypic differences



Advantages and Disadvantages

Advantages of Imaging:

Performed non-invasively
Provides 3D picture of the entire cancer
Already performed in clinical practice

Multiple times during treatment for diagnosis, staging,
radiation oncology planning, response assessment

Captures a cancer’s appearance over time and space
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Advantages and Disadvantages

Disadvantages of Imaging:
Probes the cancer at the macroscopic level

Often qualitative not quantitative

Very heterogeneous acquisition protocols:
- comparisons between patients difficult
- comparisons same patient in time difficult

Storage of only reconstructed images (not the raw data)
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Multi-level patient data

Radiomic Data
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RADIOMIC TECHNOLOGIES
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ENGINEERED FEATURES

Engineered features are those extracted from physician-annotated
images of ROI's. They measure quantities including intensity,
shape, texture and wavelet. They are then tested for stability across

cohorts. Pyradiomics allows for the extracting of such features.

x%

DEEP LEARNING

Deep learning features refers to feature vectors in neural nets’
hidden layers. Deep radiomics involves utilizing convolutional
neural nets - or convnets - in extracting these features and building

prognostic models for supervised and unsupervised learning.

The Present

The Future




Radiomic Engineered Feature Set (current release ~1600 features)
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Radiomic features to capture tumor phenotypic details



Imaging-Genomics across cancer types

nature

COMMUNICATIONS

*Aerts et al. Nature Comm. 2014

* Radiomics analysis on CT imaging of >1000 patients with Lung or H&N cancer

* Developed and validated a prognostic radiomics signature that can be applied
across cancer types

* Imaging-Genomics analysis showed strong correlations between radiomics and

genomics data
*Aerts et al. Nature Comm. 2014
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Radiomics
fealures

Radiomics CT Workflow
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Radiomics Signature:

1 “Statistics Energy”

2 “ShapeCompactness”
3 “Gray Level Nonuniformity”
4

Wavelet “Gray Level Nonuniformity HLH”

*Aerts et al. Nature Comm. 2014



Survival Probability

Radiomics CT Signature Performance

Lung cancer cohorts
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Performance Model:
- Cl =0.65 on the Lung2 Validation Dataset (n=225)

*Aerts et al. Nature Comm. 2014






PROFILE TIANJIN HARVARD - RT MOFFITT

EPIE) (n=257) (n=162) (n=131)
EGFR+ (38/17.8%) EGFR+ (115/45%) EGFR+ (19/11.7%) EGFR+ (11/8%)
KRAS+ (89/41.7%) KRAS+ (20/8.1%) KRAS+ (59/36.4%) KRAS+ (47/35.8%)

Mixed histologies Adenocarcinomas Mixed histologies Mixed histologies

Mixed treatments Tx. Surgery Tx. Radiotherapy Tx. Surgery

Diagnostic CT’s Diagnostic CT’s RT - planning CT’s Diagnostic CT’s

OncoMap panel EGFR and KRAS EGFR and KRAS EGFR, KRAS, P53 and
STK11

Integrative analysis in 764 patients with lung adenocarcinoma

Question: Can imaging features predict KRAS/EGFR

mutational status?



genotypic and phenotypic variations across the datasets.

A priori, 26 features were selected based on robustness (test-
retest) and independence

These features were evaluated for differences between
mutational subtypes (FDR of 5%).

Results:

Wit g Siar oiZe compared 10 NoN-RRAS muaeq wmors.,. e

We found 16 radiomic features to be significantly associated
with EGFR mutations, and 10 features associated with KRAS
mutations.

EGFR mutated tumors has a higher radiographic
heterogeneity, a smaller volume, and presenting overall lower
density.

KRAS mutated tumors were more likely to be homogeneous,
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Radiomics Informatics Platform
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@ RADIOMICS HOME SCIENCE CODE DATA TEAM
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Radiomic feature extraction and analysis tools
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PyRadiomics
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PyRadiomics Platform

Open source python package for Radiomic Feature extraction
* Aims to establish a reference standard

* increase awareness of radiomics capabilities

* Supports extraction in 2D and 3D

*van Griethuysen et al, Cancer Research 2017



Extracting engineered features in python

* Easy to use
* Does not require extensive programming expertise

* Readable source code
 Supporting users and developers

* Modular design
 Easy addition of feature classes / filters
* Pipeline defined in one module for easy usage

» Extracts ~2000 engineered features per image
* Continuous Testing to ensure correct calculation

*van Griethuysen et al, Cancer Research 2017



Easy customization

 All settings combined in 1 parameter file
* Yaml structured text

: 'sitkBSpline’




Hosted on GitHub

O This repository Pull requests Issues Marketplace Gist
Radiomics / pyradiomics @Unwatch> 15 rUnstar 35 YFork 21
<> Code Issues 10 Pull requests 2 Projects 0 Wiki Settings Insights ~

Open-source python package for the extraction of Radiomics features from 2D and 3D images and binary masks. Edit

http://pyradiomics.readthedocs.io/
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*van Griethuysen et al, Cancer Research 2017



Extensive documentation

value indicates a peak near

values implies more asymmetry about the mean while a low
- . . the mean value and less variation about the mean.
>cs » Welcome to pyradiomics documentation! © Edit on GitH

getClustershadeF eaturevalue() .

Home

4. Cluster Shade

Welcome to pyradiomics documentation!
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This is an open-source python package for the extraction of Radiomics features from medical

aim to establish a reference standard for Radiomic Analysis, and

imaging. With this package
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provide a tested and maintained open-

nd the
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If you publish any work which uses this package, please cite the following publication: Joost JM 5

van Griethuysen, Andriy Fedorov, Chintan Parmar, Ahmed Hosny, Nicole Aucoin, Vivek Narayan, 5. Cluster Tendency

Regina GH B
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Cluster Tendency is a measure of groupings of voxels with similar gray-level values.

This work was supported in part by the US National Cancer Institute grant 5U24CA194354,

QUANTITATIVE RADIOMICS SYSTEM DECODING THE TUMOR PHENOTYPE. getContrastFeatureValuel)  [source

6. Contrast

Table of Contents
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7. Correlation
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Correlation is a value between O (uncorrelated) and 1 (perfectly correlated) showing the

linear dependency of gray level values to their respective voxels in the GLCM.

When there is only 1 discreet gray value in the ROI (flat region), oz and @, will be 0. In
this case, an arbitrary value of 1 is returned instead. This is assessed on a per-angle basis.
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*van Griethuysen et al, Cancer Research 2017
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Input Image Volume: | brainl_image :
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 'sitkBSpline’, P elSpacing': None, 'label': 1, ‘norm
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Thank you for your attention

Visit us at

Look at our code at

Watch the movie at



