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Radiomics workflow

Imaging | | Segmentation | | pre-processing Feature
extraction Analysis and
and selection model building

Figure adapted from Aerts et al., Nature Communications 2015, courtesy of L. Court «

Features

What is a robust quantitative imaging feature?

— Repeatability is the variability in features extracted from images
acquired under the same conditions
* Same subject, imaging system, and image acquisition parameters

— Reproducibilty is the variability in features extracted from images
acquired under different conditions
* Same subject, but may have different scanner, kernel, image FOV, slice thickness, etc




Properties of an ideal radiomics feature

Repeatable Test-retest data

Reproducible Compare metrics through different analysis
pipelines

Low redundancy with other features  Quantify and rank statistical correlations

between features

Predictive or prognostic of a clinical Improved models
endpoint

Table based on Hatt et al, Eur J Nucl Mol Imaging, Published online June 2016

Radiomics focuses on improvements of image
analysis, using an automated high-throughput
extraction of large amounts (200+) of
quantitative features of medical images.

Lambin et al., ‘Radiomics: extracting more information from medical
images using advanced feature analysis', Euro. J. of Cancer, 48(4), 2012

extraction of large amounts (200+) of quantitative features

Image Intensity histogram  Shape features
(first order features) * Volume, surface area, - Gray level run length
* Mean, standard deviation, convex hull, roundness,

X * Gray level co-occurrence
skewness, kurtosis, entropy, sphericity, etc. « Neighborhood gray tone
etc.

difference matrix

Hua, K-L,etal., OncoTargets and ther, (2015)

Texture features

Courtesy of Laurence Court
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Feature Categories

Wavelet and Laplacian of Gaussian versions of these features bring numbers into the hundreds.

Also popular are gray level size zone [GLSZ, Thibault et al., nt. J. of Pat. Rec. and Al (2013)] and
fractal features

Feature Redundancy

* Features designed for 2D aerial
photos not 3D medical images
— Many correlated with volume

Correlation
Pearson: -0.57
* Many features from a few matrices Spearman: -0.93
- Gray level co-occurrence matrix
- Gray level run-length matrix
- high degree of correlation (i.e.
redundant)

Dissimilarity

* Spearman rank correlation often . § . . . .
more effective than Pearson . 0 = E) B B3
correlation which measure the Metabolically Active Tumor Volume cm?
linearity of the relationship.

Hatt, M., et al., Eur. J. of nuc. med. and mol. imaging, (2017)

Reducing Volume Dependence

Runviength nonuritormit

Spearman correlation for these features went from [0.95 - 1.00] to [0.0 —
0.77] for CT images from 107 NSCLC patients..

Fave, X., et al., Trans.Cancer Research, (2016)
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Reducing Voxel Size Dependence

fR.T) =f(P.T Voxel size scaling reduces dependence on voxel size

fIP.T)

W)=Y 1)

f(P.T)

(P, T)
! logn(P.T)

lume

V(PT) = voxels size = umb

ixel spacing
lice thickness
ncorrected feature value
number of voxels

Shafig-ul-Hassan, et al, Medical physics, 44(3), 2017

Standardization — Radiomics Software
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Larue, R. T, et. al., British . of rad., 20160665. (2017)

Image Biomarker Standardization Initiative

: To achieve consensus on
and provide:
« feature nomenclature
scommon image feature
definitions
sfeature and image processing
benchmarks
sreporting guidelines

Current status

3 institutions or < 50% identical)
Contact: Dr. Alex Zwanenburg

https://arxiv.org/abs/1612.07003v4 slandardi=od entical 20



http://bit.ly/IBEX_MDAnderson
http://code.google.com/p/cgita
http://www.eletel.p.lodz.pl/programy/mazda/
http://www.oncoradiomics.com/
http://www.texrad.com/

8/1/2017

Segmentation

Segmentation

Inter-observer variability
Intra-observer bias (and even variability)

Manual contouring is time intensive —
radiomics studies have hundreds or thousands
of contours

Yet — manual delineation remains the gold
standard

Semi-automated Segmentation in NSCLC

Study compared contours in 20 stage IB - 11B non-
small cell lung cancer

Methods

+ 3D Slicer Competitive region growing algorithm

+ Compared 3 semi-auto contours by 3 users to 5
manual contours (PET + CT)

Results
+ Semi-automated showed less uncertainty
+ Both manual and semi-automated diameters
were correlated to pathology results
(Spearmanr = 0.92 and 0.89 respectively)

Conclusion
+ Semi-automated contouring is accurate and
more stable than manual contouring

3D-Slicer

Velazquez et al. Scientific Reports
Article number: 3529 (2013) doi: 10,




a3 Camelaton Gosticient 16G)

Segmentation — effect on feature robustness

Normalized feature range

semiautomatic manual

Lung nodule segmentation algorithms

3 lung nodule segmentation algorithms
52 tumors in 41 CT image sets

Nodules range from 0.03 to 66 cc
Compared multiple runs of each algorithm

Results

— Intra-algorithm results were less variable than
inter-algorithm results
— Least biased was also least repeatable

Conclusion

— Large differences between algorithms
underscored need to Use the same
segmentation algorithm throug
astudy Kalpathy-Cramer, et al. Journal of

digital imaging, 29(4), 476-48 (2016)

Features values depend on segmentation

Volume
Entropy

Total energy
Homogeneity
Dissimilarity

Zone percentage
Size-zone variability
Intensity variability

FLAB: Fuzzy locally adaptive Bayesian delineation
Larue, R. T, et. al., British j. of rad., 20160665. (2017)
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Test/retest Studies from 4D-C

Scan #1 Scan#2

Y

Concordance Correlation Coeffient
Inter-scan differences

e

Inter-patient differences
Reproducible = CCC>0.9

Repeatability for 328 features on 25 image pairs
* Average scans: 93% had CCC> 0.90

* T50 (end-of-exhilation): 73% had CCC > 0.90
* Breath-hold : 61% had CCC> 0.

Reproducibility for 328 features

* Avgerage scans: 86% had CCC > 0.90

* T50 (end-of-exhilation): 52% had CCC > 0.90
* Breath-hold : 42% had CCC>0.90

Reproducibility Contrast enhanced CT

* 23% have CCC>0.90 but . .

* Some initial scans taken at referring clinic

* Avg. time between scans was 38 days
(range, 17-72)

Hunter et al, Med Phys 12,12916,2013 2

Fried et al, Int. J. Rad. Onc. Bio. Phys. 90(4), 834-843,2014

CT Scan Acquisition Parameters

Pitch factor

Scanner Model

17
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Slice 1.25mm Slice 2.5 mm Slice 5.0 mm

Standard

ssessing Agreement between Ra
Lin Lu, Ross C. Ehmke, Lawrence H. Schwart;

Image pre-processing
* Image smoothing can reduce image noise and thus texture noise
* Bit depth resample can make co-occurrence matrices more meaningful

Butterworth Bit Depth Resample &
(s Smoothing Butterworth Smoothing.

NoPreprocessing

Xenia Fave

Does scanner variability affect radiomics features?

* Texture phantom

* Acquired 17 scans from GE, Philips, Siemens and
Toshiba scanners scattered throughout the Houston
medical center

Mackin et al, Investigative Radiology 50(11), 757-765, 2015
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Texture is scanner dependent

Contrast: pled to 1 mmipixel,

Texture (contrast)

Pixel size

* Radiomics models allow us to cluster patients into groups
e Variations in pixel size can degrade that ability

Patient

Pixel size
0.7mm
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Texture feature A (entropy)
Dennis Mackin, Chaan Ng

Image processing can fix this

Patient

®

Data resampled
then smoothed

©® Pixel size
@ @ M 0.7mm

Texture feature A (entropy)

Texture feature B (coarseness)
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Reducing Voxel Size Dependence (revisit)

Voxel size scaling reduces dependence on voxel size

V(P T)

f(P.T)
logn(P.T)]

volum

V(PT) = vorels size = —— -t
fumber vo

P = pixel spacing

T = slice thicknes
ncorrected feature value
number of voxels

Shafig-ul-Hassan, et al, Medical physics, 44(3), 2017

Repeatability — FDG PET

Test-retest for FDG-PET of NSCLC patients
19 ROIs

4mm voxels

volume > 10 cc

105 Features

— Intensity histogram (n=27)

— Texture (GLRLand GLCM; n=69)
~ Shape (n=9)

Compared semi-auto delineations on PET to manual
contours in CT using 2 PET reconstruction approaches

— point spread function (PSF)

— European Association for Nuclear Medicine (EANM)

van Velden, et al., Mol. Img. and Bio., 18(5), 2016

11
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Repeatability — FDG PET

= 100% ICC>0.9 for 63% of features
Features more sensitive segmentation than

PET reconstruction
van Velden, et al., Mol. Img. and Bio., 18(5), 2016

t, retest)

Internal vs. outside scans — esophageal cancer W
patients (Van Rossum et al) category
— 7 patients Conventional ~ SUVmax 0.87
PET
— 31d between scans (11-42d)

— Contoured using MiM. Geometry Roundness  0.92
— In most cases, high ICC First-order Skewness 0.86
Internal vs. outside scans — NSCLC (Fried) jlecure) busyness 0.69-0.83
~ 53 patients

Van Rossum, J Nucl. Med. 57,691-700 2016

Reconstraction Type Time iference

-3D 3 0-30
(n = 40) 0) | (=16

Fried, UT GSBS Dissertation, 2015,

slide used with permission from Laurence Court

High solicity.

A result from PET ngnenergy

COM Ener

Gerall survival
(all patients)

igh Energy High solidity Low solidity,
low energy

Low Energy Low solidity
Fried et al, IJROBP 94, 368-376, 2015
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MRI Acquisition Parameters
Field of view
Slice thickness
Acquisition matrix

Magnetic field strength
Echo time

Repetition time

Flip angle

Bandwidth (Hz)

Scan duration

Pulse sequences
Diffusion-weighted imaging
Dynamic contrast-enhanced
imaging

GE MRI Scanner Operator Interface

Effects of MRI acquisition parameter variations

Phantom: Polystyrene/Agar gel Pixel size
* Insert 1: 1.25 — 2.00 mm spheres (matrix size)
* Insert 2: 2.00 — 3.15 mm spheres

Varied Parameters

* number of acquisitions (NA)
* repetition time (TR)

« echo time (TE)

« sampling bandwidth (SBW)

Results
« Texture features were sensitive to variations in any of the parameters
* Reducing the imaging resolution reduced the sensitivity

Mayerhoefer, et al., Medical physics, 36(4), 1236-1243.
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Normalizing the Intensities in MRI

Literature search (2004 — 2017)*
* Scopus.com
* Key words: MRI and (Texture or
Radiomics) u+30
Excluded conference papers Histogram normalization
746 papers Non-uniformity correction
Other methods

Only 4% (32 papers) mentioned
Normalization

* 19 Papers cited Collewet et al.

*Courtesy of Joon Sang Lee

Influence of normalization on texture

16 old cheeses (43 days)

16 new cheeses (18 days) * Normalization methods:

T2 weighted MRI 1. Intensity rescaled to 64 bins
2000

2. Rescaled by W(ROIJ; 64 bins

Used textures
1. Co-occurrence matrix mean(all ROIs) .
features 3. Rescaled by mean(ROI) ' 64 bins
Run-length matrix 4. u+ 30; 64 bins
Gradient matrix
Harr wavelet energy

Collewet et al., Mag. Res. Img. 22, 81-91, 2003

14
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4 Normalizations for T2
weighted cheese

Classification esror

Its for 1 nearest neighbor classification

Intensity normalization scheme:
1. Intensityrescaled to 64 bins
o
Rescaled by ——2 . 64 bins

64 bins

Collewet et al., Mag. Res. Img. 22, 81-91, 2003 camembert cheese

Summary

Radiomics workflow (Summary)

Imaging Segmentation | | pre-processing Feature
extraction Analysis and
and selection model building

Figure adapted from Aerts et al., Nature Communications 2015, courtesy of L.

15



Radiomics workflow (Summary)

Imaging Segmantation 8 Foature

. Control image acquisition parameters. hlysis and

o . del building
. If you can’t, some harmonization is possible.

. PET and CT are repeatable but less reproducible.

. 4D CT repeatability: Avg > end-of-exhale > free
breathing.

. Acquisition parameters matter in MRI
[ ]

Figure adapted from Aerts et al., Nature Communications 2015, courtesy of L. Court s

Radiomics workflow (Summary)

Imaging | | Segmentation pre, " Loatica
1. Evidence is in favor of semi-automatic methods.

2. Use a single method in a radiomics study.

3. We need truly automatic segmentation to be
developed.

Figure adapted from Aerts et al., Nature Communications 2015, courtesy of L. Court «

Radiomics workflow (Summary)

Imaging Segmentation | | pre-processing Feature
. Image intensity (bit-depth)
rescaling + smoothing can
help optimize and harmonize
images.

. The most common MRI

normalization scheme is
1+ 30; 64 bins.

Figure adapted from Aerts et al., Natur mmunications 2015, courtesy of L. Court s

8/1/2017
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Radiomics workflow (Summary)

Feature

extraction Analysis and
and selection model building

. Modifying feature definitions may
reduce redundancy and increase
robustness.

. Standards definitions for features are
needed.

. Image Biomarker Standardization Tormun interity
Initiative is working to define those
standards.

Radiomics workflow (Summary)

Imaging | | Segmentation | |pre-processing Feature

Analysis and

1. Check features for redundancy. model building

2. Favor the Spearman rank correlation
over the Pearson correlation.

Turmour lexiare

Figure adapted from Aerts et al., Nature Communications 2015, courtesy of L. Court s

Summary

Segmentation — For now, semi-automated approaches have the most support in the literature, and
the 3D slicer implementations are probably the most studied.

For 4D CT repeatability: Average > end-of-exhalation > free breathing.

Some harmonization is possible with image intensity rescaling (bit-depth resampling) and smoothing

W30 with 64 intensity bins is the most commonly used normalization for MRI

In radiomics, nothing has been settled. To my knowledge, none of these approaches have been verified
to be the best.
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