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Image-based Phenotyping and Genomics

* What is image-based phenotyping?
* How can relating image-based phenotypes to genomics
improve understanding of disease?
* How can Medical Physicists contribute? (a few examples)
— Standardization (harmonization)
* Ql biomarkers
* Big data (many data) from clinical practice vs. Limited
cases from controlled QI clinical studies
* QC/QA
— Mathematical & computational expertise
* CAD, QIA, modeling
— System evaluation methods
* What resources are available?

AAPM - Giger 2014

Definition of a Phenotype

* The observable physical or biochemical characteristics
of an organism, as determined by both genetic
makeup and environmental influences.

* The expression of a specific trait, such as stature or
blood type, based on genetic and environmental
influences.

What is Genomics?

* Genomics is a discipline in “genetics that applies
recombinant DNA, DNA sequiencing methods, and
bioinformatics to sequence, assemble, and analyze
the function and structure of genomes (the complete
set of DNA within a single cell of an organism”

— National Human Genome Research Institute (2010-11-08);
A Brief Guide to Genomics
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Image-based Phenotyping and Genomics

* What is image-based phenotyping?
How can relating image-based phenotypes to genomics
improve understanding of disease?
* How can Medical Physicists contribute? (a few examples)
— Standardization (harmonization)
* Ql biomarkers
* Big data (many data) from clinical practice vs. Limited
cases from controlled QI clinical studies
* QC/QA
— Mathematical & computational expertise
* CAD, QIA, modeling
— System evaluation methods
* What resources are available?
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Decoding Disease with

Image-based Phenotyping and Genomics
Involves interdisciplinary research:

— Development and/or customization of mathematical image
analysis methods for extracting information from biomedical
image data (computer vision) - developed from CAD research

— Investigations in the applications of these techniques to gain
knowledge in (a) the management of the patient and in (b) the

under ding of di normal
Patient-Specific
Quantitatively Image-based Tumor Signature
Extract Lesion for Precision Medicine
Characteristics
(Computer Data-mining of Computer-
Vision) Extracted Features on Large

Datasets for Population-based
AAPM - Giger 2014 Cancer Discovery

Imaging Genomics

Asks questions about the relationships between
features “seen” in medical images and the biology of cancer

Data Hisopathol
Medical Images pathology, -
Sources g Molecular
Classification
s Com;l)utt_er ;| | Rediologist T
egmentation o :
Lesions Descriptors Lead to Personalized

~
Computer-extracted
Lesion Features
(size, morphology,
texture, kinetics)

Screening and
Personalized Treatment

Which correlate and
which are
complementary?
Associations and/or Classification Relevant to Clinical or
Biological Questions
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Imaging Genomics

Asks questions about the relationships between
features “seen” in medical images and the biology of cancer

pata Histopathol
Medical Images pathology, -
Sources Molecular Genomics
Classification
Computer Radiologist
Segmentation of Descriptors
Lesions

Computer-extracted
Lesion Features
(size, morphology,

texture, kinetics)

Associations and/or Classification Relevant to Clinical or
Biological Questions

From TCGA Breast TCIA Group: Mass Observations - Shape |

Option:  Round — Oval Irregular

-

Imaging Genomics

Asks questions about the relationships between
features “seen” in medical images and the biology of cancer

pata Histopahol
Medical Images pathology, -
Sources g Molecular
Classification
Comput_er Radiologist
Segmentation of Descriptors
Lesions
~

Why computer-extracted features?
* Quantitative vs. qualitative
« Allows for rapid phenotyping

Computer-extracted
Lesion Features
(size, morphology,
texture, kinetics)

Associations and/or Classification Relevant to Clinical or
Biological Questions
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Phenotypes to Disease (e.g., breast, brain)

Examples of Image-Based Phenotypes

Lesion size (RECIST, volume) on CT
Characterization of parenchyma texture
Margin irregularity and sharpness

Kinetic characterizaton (uptake, washout)
SUV on nuclear medicine images

How to obtain computer-extracted
quantitative descriptors?
Draw from current fields using quantitative image
analysis (QIA)
CADe — computer-aided detection
CADx — computer-aided diagnosis

QIBs — quantitative imaging biomarkers - The
measurements of anatomical, physiological, and
biochemical states of the body through medical
imaging (QIBA).

Example Studies Relating Image-based

Cancer subtypes
— IDC vs. DCIS (vs. benign)

— Supervised vs. unsupervised dataming
Disease stage

— Invasive vs. non-invasive

— Metastatic (lymph node involvement)
Molecular classification

— ER- vs. ER+, triple negative

Genetic classification
— BRCA1/BRCA2 gene
— UGT2B gene
Genomics

— Pathways

7/21/2014
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How do we relate image-based
phenotypes to genes?

* Will learn how scientists related biological
phenotypes (e.g., expressions) to genes from
Dr. Cowperthwaite

* Need large datasets — big data
— Problem: we don’t have the images!

* How can we exploit existing phenotype-
genotype knowledge?

Using Established Knowledge and
Relationships

‘ Image-based Phenotypes ‘

- - Genes;
Biological pathways
Phenotypes

Using Established Knowledge and
Relationships

‘ Image-based Phenotypes ‘

Genes;
pathways

\

Biological
Phenotypes

Dr. Cowperthwaite

AAPM - Giger 2014
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Using Established Knowledge and
Relationships

‘ Image-based Phenotypes ‘

From CAD/QIA

— Genes;
Biological £ A pathways
Phenotypes

Examples: relating image-based
phenotypes to biological phenotypes
(“gene expression”)

Predicting breast cancer subtype and potential
outcome

— Relating image-based phenotypes to stage

— Relating image-based phenotypes to molecular
classification

— Breast Cancer (TCGA/TCIA)
* Predicting response

— Lung cancer
— Brain disease— Mia Markey

Examples: relating image-based
phenotypes to biological phenotypes
(“gene expression”)

* Predicting breast cancer subtype and potential
outcome

— Relating image-based phenotypes to stage

— Relating image-based phenotypes to molecular
classification

— Breast Cancer (TCGA/TCIA)
* Predicting response
— Lung cancer

— Brain disease— Mia Markey
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CADx/QIA in Image-based Phenotyping

Human Interpretation

Lesion and/or Parenchyma
egmentation

Morphological/

Kinetics Texture

CADx/QIA in MRI-based Phenotyping

Computer-extracted Lesion
Characteristics

Kineti
Featu

Quantitative Descriptors

CADx/QIA in MRI-based Phenotyping

Lesions Identification

Lesion Segmentation

Computer-extracted Lesion
Characteristics

Morphological/
Kinetics Texture
Features

G0 mate of Probability of Malignancy (iR CADx




CADx/QIA in MRI-based Phenotyping

esion Segmentation
Computer-extracted Lesion
Characteristics

rphological/
Kinetics Texture
Features

e.g., Prognostic
Phenotypes

Data mining & Visual Representations of
Breast Ultrasound Tumor Features in Cancer Discovery Research
Using Unsupervised t-SNE Dimension Reduction, the computer
“learned” the relationships between the cases. (similar to data
mining of genomics big data) to discover relationships and/or

simi MALIGNANT Losion 0% 2485

81D>2D

1126 Cases -

(2956 Images) e

Ceson as: 560

@ Benign Mass ,
‘ alignant Rt 2%
Cloud Computing o
on Beagle CrsTLesion e 2371

BEC oson 45455

Jamieson et. al
Medical Physics (2010)

AAPM - Giger 2014 .
Giger Lab

Characterization of
Cancer Subtypes based on Tumor Grade

IDC Grade 3 IDC Grade 2 IDC Grade 1 Benign lesion
IDC Grade 3 IDC Grade 2 IDC Grade 1 Benign
Irregularity 0.79 0.50 0.39 0.33
Circularity 0.65 0.81 0.89
RG 0.0094 0.014 0.020
Correlation 0.65 0.42 0.66
MaxCC 0.81 0.46 0.67
Variance 50.80 74.44 52.82
169.84 221.62 197.15

Sum Variance
Bhooshan N, Giger ML, et al: Computerized three-class classification of MRI-
based prognostic markers for breast cancer. PMB 45: 5995-6008, 2011

AAPM - Giger 201
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Characterization of
Cancer Subtypes based on Lymph Node Status
IDC LN(+) lesion IDC LN(-) lesion DCIS lesion Benign lesion

--

Characteristic
Kinetic Curves:

Ameun of contrast

Bhooshan, Giger et al: Image-based o3
Prognostic Markers from

Computerized Characterization of a

Clinical Breast MRI Database. L L

Radiology 254: 680-690,2010 Giger Lab

Performance of Computer-extracted MRI Phenotypes in
Distinguishing Subcategories

. AUC =
Subcategories 0s
Y SE -
Z
IDC lesions with LN(+) vs. 0.85 + 0.04 07 4

IDC lesions with LN(-)

IDC lesion: th LN(-
Benign

True Pasitive Fraction (TPF)

—— LH(+) va LN(-)

——— (LN{s}+LMN(-]) v3 Bani

Cancer [IDC lesions with
LN(+) and LN(-)] vs. Benign

0z 0a 05 08
0.84 + 0.06 Faise Pasitive Fraction (FPF)

'NUmBer of Tesions: 54 LN(F), 64 LN(-), and 132 Benign

Bhooshan N, Giger ML, Jansen SA, Li H, Lan L, Newstead GM. ‘Cancerous Breast
Lesions on Dynamic Contrast-enhanced MR Images: Computerized Characterization
for Image-based Prognostic Markers” Radiology. 2010 Mar;254(3):680-90.
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Database:
Molecular Classifications of 168 cases

_ Molecular Classification & Cases

HER2 HER2- HER2+
142 26

ER ER- ER+
50 118

PR PR- PR+
75 93

Triple Negative Triple Negative All Others
40 128

10



7/21/2014

Database:
Molecular Classifications of 168 cases

_ Molecular Classification & Cases

HER2 HER2- HER2+
142 26
e HER2+ breast cancers tend to be more

aggressive and have a poorer prognosis than
HER2/neu-negative cancers. However, it is
not clear whether HER2/neu status is an

PR independent risk factor.
75 93
Triple Negative Triple Negative All Others
40 128
Database:

Molecular Classifications of 168 cases

_ Molecular Classification & Cases

HER2 ER+ and PR+ cases have lower risks of
mortality compared to women with ER-
and/or PR- disease.

ER ER- ER+
50 118
PR PR- PR+
75 93
Triple Negative Triple Negative All Others
40 128
Database:

Molecular Classifications of 168 cases

_ Molecular Classification & Cases

HER2 HER2- HER2+
142 26
ER co

Triple negative cases (HER2-, ER-, PR-)
overall do not respond well to treatment,

and thus account for a large portion of
PR breast cancer deaths.
/5 93
Triple Negative Triple Negative All Others
40 128
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Preliminary Results: Performance in terms of AUC for
the MRI-based Phenotypes & Tumor Signatures

MRI-based Phenotypes

Performance in the Classification Task
AUC Value
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MRI-based Prognostic Array
(heat map) - Patients: ER- and ER+
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Examples: relating image-based

phenotypes to biological phenotypes

(“gene expression”)

Predicting breast cancer subtype and potential

outcome

— Relating image-based phenotypes to stage
— Relating image-based phenotypes to molecular

classification

— Breast Cancer (TCGA/TCIA)

Predicting response

— Lung cancer

— Brain disease — Mia Markey

AAPM - Giger 2014
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Radiomics heat map (lung cancer)

Radiomics heat map. (a)
Unsupervised clustering of lung
cancer patients (Lungl set, n=422) c
the y axis and radiomic feature
expression (n=440) on the x axis,
revealed clusters of patients with
similar radiomic expression patterns
(b) Clinicall patient parameters for
showing significant association of th
radiomic expression patterns with
primary tumor stage, overall stage a
histology. (c) Correspondence of
radiomic feature groups with the
clustered expression patterns.

Using Established Knowledge and
Relationships

‘ Image-based Phenotypes ‘

Genes;

Biological pathways

Phenotypes

AAPM - Giger 2014

Examples: relating image-based
phenotypes to biological phenotypes
(“gene expression”) AND genomics

* Cancer Risk Assessment
— UGT2B genes

* Predicting tumor response
— Lung cancer

* Predicting breast cancer subtype and potential
outcome
— Breast Cancer (TCGA/TCIA) and pathways

AAPM - Giger 2014

7/21/2014

13



Mammographic Breast Density and Breast Cancer Risk
Women with dense tissue in 75% or more of the breast have a risk of breast
cancer four to six times as great as the risk among women with little or no
dense tissue. [Boyd NF, et al. INCI 87:670-675 (1995)]

BI-RADS 1 BI-RADS 2 BI-RADS 3 BI-RADS 4
fatty breast scattered heterogeneously extremely
< 25% dense densities dense dense

25%-50%
dense

51%-75% dense > 75% dense

..Erom (;yulmmings et al, Journal of the National
Cancer Institute. 2009;101(6):384-398

Computerized Image-based Cancer Risk
Assessment on Mammography (age matched)
to guide personalized screening

2D mammography 0.0010 S
Age matched
0.0008
N
N Area of 00006
| |dense 5 g & -
5'.] 4 | portion | & ooom Y ia
B0k & i, s .
AR L 4. A
0.0002 4 at + . A
Image-based +
Phenotypes 0.0000
! 0.0002 0.0004 00006 0.0008 00010 0.0012
Coarseness
Radiographic Percent
Texture Analysis Dense Women at high risk for breast cancer
of Parenchyma tend to have dense breasts with a

parenchymal pattern that is coarse

Huo, Giger, et al., and low in contrast.

APM - Giger 20. Radiology, 2002

Role of Image-based Phenotypes in Cancer Discovery
— Relating Image-based Phenotypes to Genotypes

Pilot association study to examine the genetic contribution of UGT2B genes to inter-
individual variation in breast density and mammographic parenchymal patterns
Li H, Giger ML, et al.: ation study of image-based and genomic biomarkers: potential in
breast cancer risk assessment. Medical Physics 41, 2014
» Candidate-gene-based studies (not GWAS)
- fewer SNPs, smaller dataset needed
- UGT2B gene family for this study
* 179 subjects -full-field digital mammograms (FFDM); blood DNA samples
* 123 SNPs with minor allele frequency above 5% were genotyped for the
UGT?2B gene clusters
*  UGT2B enzymes play an important role in the metabolism of steroid hormones,
thus, it has been proposed that variations in the UGT2B enzymes are involved in
the development of breast cancer.

+ Steroid hormone levels are correlated with mammographic density, thus, genetic
variation in UGT2B family may influence mammographic density by altering
enzyme activity or gene expression and, as a consequence, steroid hormone
levels. AAPM - Giger 2014

7/21/2014
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Role of Image-based Phenotypes

in Cancer Discovery
LiH, et al.: Association study of image-based
phenotypes and genomic biomarkers: potential

in breast cancer risk assessment.
Medical Physics 41, 2014

Results indicate that UGT2B gene
variation may contribute to inter-
individual variation in
mammographic parenchymal
patterns and breast density.

Understanding the relationship
between image-based and genomic
biomarkers may help understand the
biologic mechanism for image-based
biomarkers and yield a future role in

3 B

or
oy 5 rua3 137

personalized medicine.

Linear regression of the image-based phenotype MaxEdgeGradient on a
genotype SNP position at 69630002 (rs451632) in chromosome 4 resulting in

an adjusted p-value of 0.022.

AAPM - Giger 2014

Giger Lab

Rapid high-throughput image-based phenotyping yielding a
Mammographic Breast Cancer Risk Array
(next is to include clinical information, histopathology, and genomics into
association studies and incorporation into the  risk signature”)

BRCA1/2

Low Risk 328 women 53 women

Computer-extracted
mammographic
characteristics —>

Research on
correlation between
automatically-
determined, image-
based signatures
(phenotypes) and
histopathologic data

02 03 04 05 06 07 08 03 |

AAPM - Giger 2014 Giger Lab

What is a Pathway?

* “A biological pathway is a series of actions
among molecules in a cell that leads to a
certain product or a change in a cell.

* Such a pathway can trigger the assembly of
new molecules, such as a fat or protein.

* Pathways can also turn genes on and off, or

spur a cell to move.”

Www.genome.gov

7/21/2014
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MRI-based Phenotypes

Future: MRI-based Prognostic Array
Patients: ER- and ER+

H H“l

i ! ’ il
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|—> Relate to genomics & pathways

AAPM - Giger 2014

Future: Collaboration with Colleagues in Genomics
to relate image-based phenotypes to pathways

AAPNI - Giger 2014

Image-based Phenotyping and Genomics

What is image-based phenotyping?

* How can relating image-based phenotypes to genomics

improve understanding of disease?

How can Medical Physicists contribute? (a few examples)

— Standardization (harmonization)
* Ql biomarkers
* Big data (many data) from clinical practice vs. Limited

cases from controlled QI clinical studies

* QC/QA

— Mathematical & computational expertise
* CAD, QIA, modeling

— System evaluation methods

* What resources are available?

AAPM - Giger 2014
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Definition of a Biomarker

A characteristic that is objectively measured and
evaluated as an indicator of normal biologic or
pathogenic processes or pharmacological
response to a therapeutic intervention.

Goal to have
— Right treatment for right patient at right time
— Avoid trial and error treatment
— Reduce variability of interpretation

Definition of a Biomarker

A characteristic that is objectively measured and
evaluated as an indicator of normal biologic or
pathogenic processes or pharmacological
response to a therapeutic intervention.

Definition of a Phenotype
The observable physical or biochemical

characteristics of an organism, as determined by both

genetic makeup and environmental influences.

* The expression of a specific trait, such as stature or
blood type, based on genetic and environmental
influences.

QIBA & AAPM

* AAPM members in QIBA
* AAPM members in NCI QIN
* Recent AAPM-QIBA grant application

* What does it mean to have a qualified
biomarker?

* How is related to image-based phenotypes

7/21/2014
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Image-based Phenotyping and Genomics

* What is image-based phenotyping?
* How can relating image-based phenotypes to genomics
improve understanding of disease?
* How can Medical Physicists contribute? (a few examples)
— Standardization (harmonization)
* Ql biomarkers
* Big data (many data) from clinical practice vs. Limited
cases from controlled Ql clinical studies
* QC/QA
— Mathematical & computational expertise
* CAD, QIA, modeling
— System evaluation methods
* What resources are available?
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Ultrasound Classifier Performance: Summary in Task
of Distinguishing between Cancer and NonCancer

A.R. Jamieson et. al Medical Physics (2010)

US Classifier Performance Summary
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Image-based Phenotyping and Genomics

* What is image-based phenotyping?
* How can image-based phenotyping be used to potentially
relate to genomics and improve understanding of disease?
* How can Medical Physicists contribute? (a few examples)
— Standardization (harmonization)
* Ql biomarkers
* Big data (many data) from clinical practice vs. Limited
cases from controlled QI clinical studies
* QC/QA
— Mathematical & computational expertise
* CAD, QIA, modeling
— System evaluation methods
* What resources are available?

AAPM - Giger 2014
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Imaging Genomics: Resources

NCI TCGA/TCIA

* NCIQIN

RSNA/AAPM QIBA

NCI TCIA white paper — Larry Clarke

* Available software
* AAPM FOREM on Imaging Genomics
— Future white paper

AAPM - Giger 2014

The Cancer Genome Atlas E{

@ fCANCER Frederick National Laboratory

IMAGING ARCHIVE for Cancer Research’

Login Register Need Help?

10
THE CANCER

IMAGING ARCHIVE

TCIA

@ fCANCER Frederick National Laboratory

IMAGING ARCHIVE for Cancer Research

10
THE CANCER
IMAGING ARCHIVE

te
‘CIA data, which authors may use as dats
rly papers.

AAPM - Giger 2014
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TCGA Glioma Phenotype Research Group

ER Frederick Naliurkal Laboratory
ZFive for Cancer Research

Log into TEA

TCGA Glioma Phenatype Research Group

Summary
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TCGA Breast Phenotype Research Group

Preliminary Results
Comparison: Radiologist vs. Computer Vision

Bt ot M Loz arves
A A ML T R LA Feature Homogenedy vs. Radiclogist
i ; Imternal Erancement

;
I

Spharicy vs. Radistoght Shage

-

pr—

fami AAPI Giger 20 TP

NCI Cancer Imaging Archive (TCIA)

TCGA Breast Phenotype Research Group — Preliminary Results

Relating MRI Maximum
Entire Lesion Signal Enhancement Ratio

vs. Neoplasm Disease Lymph Node Stage Enhancement to PR Status
T T

] S — S—

Maximum Enhancement

*lo om

05 1 15 2 25
PR Status (1-PR- and 2:PRs)

o N2
Lymph ode Stage

AAPM - Giger 2014
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Future

* Task-based improvement of the image-based phenotypes by
integrating optimization of the multi-modality acquisition
systems with quantitative image analysis

Unified Framework for optimizing Image-based Phenotypes

Detector

— arameters
Patient parameters —_ parameters p
Segmenlatlon ................

Image-based features
Dynamic
Morphological
Intensnty based

Regres ON | wassssssap | Optimization |.
models algorithm
1 Improve

image qualit
Computer output geq Y
Phenotype

Future

* Further understanding of the relationship between imaging,
histopathology, and genomics by imaging across scales
(anatomical to cellular) and data mining large datasets

e
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Can we integrate the “silos” to further
advance cancer understanding and
personalized medicine?

In vivo
Image-based
biomarkers

Histopathology
& gene
expression
biomarkers

Future

Genomic
biomarkers

« Conduct routine rapid high-throughput image-based
phenotyping along with clinical and genomic tests for an

integrated signature enabling personalized precision medicine

(CAD) -- Pre-clinical and clinical
* Images not just for qualitative viewing but for quantitative

measurement

Thank you

&
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