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Decoding Breast Cancer with Quantitative Radiomics &
Radiogenomics:
Imaging Phenotypes in Breast Cancer Risk Assessment,
Diagnosis, Prognosis, and Response to Therapy

Purpose: To demonstrate, using the TCGA TCIA breast
cancer dataset of MRI images, the role of quantitative
radiomics in characterizing the molecular subtypes of
breast cancer and associating the magenetic resonance
imaging (MRI) computer-extracted image phenotypes
with genomic data.



Decoding Breast Cancer with Imaging

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 cancer patient and in

(b) the understanding of cancer

Quantitatively
Extract Lesion
Characteristics
(Computer
Vision)

Giger TC

Patient-Specific
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for Precision Medicine

GA 2015

Data-mining of Computer-

Extracted Features on Large
Datasets for Population-based

Cancer Discovery




Definitions

e Radiomics: High throughput conversion of
images to mineable data

e Radiogenomics (imaging genomics):
association of radiomic features with
genomics and other “-omics” data
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Imaging Genomics
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Imaging Genomics
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University of Chicago High-Throughput MRI Phenotyping System

(Quantitative Image Analysis Workstation)

Automated Lesion Segmentation, Feature Extraction [volumetrics, morphological, texture,
Kinetics] and Estimation of the Probability of Malignancy

(¥ Show Segmented Lesion | T2 Image

Time Course Curves

Current Mouse Location

Lesion Slice

Average Kinetic Curve B FCM Kinetic Curve

350
] 14 4
300 4 ]
1 1.2 4
250 4 E ]
] = 1
v E Z3 ]
=300 4 =L 3
323 52 ]
£E150 2806
= $:"°7
100 “0.4
50 0.2
o4 o
[T T [T
0 1 2 3 4 S5 & 7 0
Time iminutes)

Giger et al., RSNA 2010

(¥ Show Segmented Lesion | Subtraction TimePt 2

Computer-Extracted Morphological and Kinetic
Quantitative Lesion Analysis Output

Index Lesion: DIAGNOSTIC ANALYSIS

Volume:
Effective Diameter:

Surface Area:

Probability of Malignancy:

2131.8 mm?
16.0 mm
2301.0 mm?

90%

ﬁﬂ@ﬁ?

v
:.:-C-JJ
e w )

100

Load File

Case #2

Lesion
Segmentation

Select Centerpoint

Segment

Analyze

Automated
Computer-Extracted
Characteristics

# ) Probability of Malignancy

Irregularity
Time to Peak
T2 Max CC
Correlation
T2 Entropy
T2 Contrast

Show 3D Plot

Cancer
Prevalence

10%

*) 50%



cancergenome.nih.gov

| IMAGING ARCHIVE

cancerimagingarchive.net

Breast Cancer cases <€

~

Clinical /Histopathology MRIs of 91 cases (GE 1.5T)

/Genomic data collected by TCIA Tumor location on
downloaded by TCGA MRI determined by
Assembler & Molecular |‘ consensus of three of

subtyping / risk of MRIs of 91 cases downloaded the TCIA radiologists

recurrence values by

Perou Lab to UChicago for computational

MRI tumor phenotyping
(radiomics)

Giger TCGA 2015



cancergenome.nih.gov

| IMAGING ARCHIVE

cancerimagingarchive.net

Breast Cancer cases <€

-

Clinical /Histopathology MRIs of 91 cases (GE 1.5T)

/Genomic data collected by TCIA Tumor location on
downloaded by TCGA MRI determined by
Assembler & Molecular |‘ consensus of three of

sUsyppllng o MRIs of 91 cases downloaded the TCIA radiologists

recurrence values by

Perou Lab to UChicago for computational

MRI tumor phenotyping
(radiomics)

Giger TCGA 2015



Distribution of the 91 MRI cases
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Contrast-enhanced MR images of breast

e Tumors have increased blood vessels and differ in microvascular
density and vessel permeability

e Gd-DTPA shortens T1 relaxation time which leads to increase of
signal in T1-weighted images




Dynamic Contrast-Enhanced MRI
& Tumor Segmentation
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University of Chicago High-Throughput MRI Phenotyping System
(Segmentation of the Tumor within the Breast MR image)

4D DCE MR ‘; ‘n_ _.
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Radiologist-indicated Tumor Center

Computerized Tumor Segmentation

ER-negative ER-positive



3D Breast MRI image




Computer-extracted Breast Cancer on MRI
(can analyze as a “virtua

|II

biopsy of the tumor)




University of Chicago High-Throughput MRI Phenotyping System
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CAD pipeline = radiomics pipeline
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University of Chicago High-Throughput MRI Phenotyping System

T XYY =Xy
images .

Volume ated Tumor Center
Effective diameter

Maximum linear size or Segmentation
Surface Area

~cted Image Phenotypes (CEIP)

Texture

CAD pipeline = radiomics pipeline —

Giger TCGA 2015



University of Chicago High-Throughput MRI Phenotyping System

e Sphericity
e Irregularity
e Surface area/volume

Texture

CAD pipeline = radiomics pipeline —
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University of Chicago High-Throughput MRI Phenotyping System
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University of Chicago High-Throughput MRI Phenotyping System
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Tumors are Heterogeneous:
Contrast Enhancement Heterogeneity & Kinetics
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University of Chicago High-Throughput MRI Phenotyping System
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Chen W, Giger ML, et al. Volumetric Texture Analysis of Breast
Lesions on Contrast-Enhanced Magnetic Resonance Images
Magn. Reson. Med. 58: 562-571, 2007
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University of Chicago High-Throughput MRI Phenotyping System
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Kinetic curve assessment based on most-
enhancing voxels within tumor:
Uptake, washout, curve shape

1hancement

Chen W, Giger ML, et al.: Automatic identification and
classification of characteristic kinetic curves of breast lesions on
DCE-MRI. Medical Physics, 33: 2878-2887,2006
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University of Chicago High-Throughput MRI Phenotyping System
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University of Chicago High-Throughput MRI Phenotyping System
For Breast Tumors
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Can be thought of as a non-invasive
“virtual biopsy”
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“Virtual biopsy” yielding tumor phenotypes & signatures

Relating Computer-extracted MRI Phenotypes to:

Classification & Association Tasks:
1. Clinical Tumor Status
1. Tumor Stage
2. Presence or Absence of Positive Lymph Nodes
2. Molecular Classification & Cancer Subtype
1. ER- vs. ER+
2. PR- vs. PR+
3. Her2- vs. Her2+
4. Triple Negative vs. Others
3. Risk of Recurrence
1. OncotypeDX
2. PAM50
3. MammaPrint
4, Genomic Pathways




“Virtual biopsy” yielding tumor phenotypes & signatures

Relating Computer-extracted MRI Phenotypes to:

Classification & Association Tasks:
1. Clinical Tumor Status
1. Tumor Stage
2. Presence or Absence of Positive Lymph Nodes
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MRI-based Phenotypes of Size
— predictive of breast cancer tumor stage
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“Virtual biopsy” yielding tumor phenotypes & signatures

Relating Computer-extracted MRI Phenotypes to:

Classification & Association Tasks:

2. Molecular Classification & Cancer Subtype
1. ER- vs. ER+
2. PR-vs. PR+
3. HER2- vs. HER2+
4. Triple Negative vs. Others



From TCIA MRI Radiomics -- ER Negative Breast Cancers tended to
have larger size, a more irregular shape, and more heterogeneous in
terms of contrast enhancement
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From TCIA Radiomics- Triple Negative Breast Cancers tended to have a
more irregular shape, and more heterogeneous in terms of contrast
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From the TCIA Radiomics -- Enhancement Texture of Tumor
Heterogeneity appears Predictive of Molecular Subtype
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From the TCIA Radiomics -- Enhancement Texture of Tumor

Heterogeneity appears Predictive of Molecular Subtype
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“Virtual biopsy” yielding tumor phenotypes & signatures

Relating Computer-extracted MRI Phenotypes to:

Classification & Association Tasks:

3. Risk of Recurrence from multi-gene assays
1. OncotypeDX
2. PAM50
3. MammaPrint

Giger TCGA 2015



Computer analysis of
Breast MRIs of tumors

Multi-gene
assays of
risk of
recurrence

Radiomics for

“virtual” biopsy __

—

Good Prognosis Case

Poor Prognosis Case

(left) (right)
Cancer Subtype Luminal A Basal-like
OncotypeDX 144 100
Range [0, 100] (low risk of breast cancer (high risk of breast cancer
recurrence) recurrence)
MammaPrint 0.67 -0.54
Range [0.848, -0.748] (good prognosis) (poor prognosis)
PAMS0 ROR-S (Subtype) -2.2 56.3
Range [-7.42, 71.76] (low nisk of breast cancer (high nisk of breast cancer
recurrence) recurrence)
PAMS0 ROR-P 0.96 532
(SubtypetProliferation) (low nisk of breast cancer (high nisk of breast cancer
Range [-13.21, 72.38] recurrence) recurrence)
MRI Tumor Size
(Effective Diameter) 16.8 mm 21.7 mm
Range [7.8 54.0]
MRI Tumor Irregularity
Range [0.40 0.84] 0.438 0.592
MRI Tumor
Heterogeneity (Entropy) 6.27 6.51

Range [6.00 6.59]




Radiomics “Virtual Biopsy” & Risk of Recurrence

Research Correlation Moultiple linear regression model
Gene Assay coefficient firom
multiple linear
regression analysis
Correlation | p-value Phenatypic Feature negr_'_mu: [ Standard Exror T ShEfstic Pvalic
coefficient categorics cocicies
Tl aPrimnd 0.55 7.02¢-08 — Constant 55999 3.4665 27693 00065798
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Textare mlzh;':
Enhancement Sam 02216 0.054321 26125 001032
Texture 8¢
Size Effective -0.019505 0.0060721 -3.2122 00018936
diameter
OncotypelDX 0.5 1.42¢-06 - Constnt ToT 32 15052 T35 TS
= = Maximi 10.298 40853 25208 0.013697
Kinetic Carve ““;
Assessmend nt
Enhancememnt Maximnm 20023 60938 -3.2858 0.0015108
lati
Texture mue::
Size Effective 1.3856 049319 3.7849 0.00029576
diameter
Pmso 0.56 2 A40e-08 — ‘Constant 40136 102.17 25560 0012451
(Subtype)
Enhancememnit Maximnm -13233 44 826 -4.0675 0.00011062
comelation
Textare coefficient
Enhamcennemt Som -9.8692 4.7021 -2.0089 0.03898
Texture e
Size Effechive 1.2348 033661 3.6682 0.00043 3854
diameter




Performance of the MRI Tumor Signatures in
the task of predicting Risk of Recurrence

True Positive Fraction (TPF)

(ROC analysis )

1 Research Risk of Recurrence | Phenotypic
09 Gene Assay Task Categories
0 MammaPrint good prognosis bad Size + Shape +

(70) prognosis | Enhancement
0.7 (14) variance
o5 kinetics
PAMSO0 [low+medium]| [high] risk Size +
0.5 (Subtype) risk of of Enhancement
recurrence | recurrence variance
04 (69) (15) kinetics
0.3 PAMSO0 (Subtype| [low+medium]| [high] risk| Enhancement
: + Proliferation) risk of of Texture
02} ,' —MammaPrint (AUC=0.88 (SE=0.05)) i
, —PAMS50 ROR-S (AUC=0.72 (SE=0.08)) recurrence | recurrence
L - -PAM50 ROR-P (AUC=0.61 (SE=0.09)) (71) (13)
0

0 0.1 02 03 04 05 06 07 08 09 1
False Positive Fraction (FPF)

ROC curves for leave-one-out LDA classifier using computer-extracted MRI phenotypes
as decision variable in the tasks of distinguishing between [low+medium] and high risk
levels of recurrence for MammaPrint, PAM50 ROR-S (Subtype), and PAM50 ROR-P

(Subtype+Proliferation) from Perou .. cc2015



“Virtual biopsy” yielding tumor phenotypes & signatures

Relating Computer-extracted MRI Phenotypes to:

Classification & Association Tasks:

4, Genomic Pathways Giger TCGA 2015



Radiogenomics Flowchart

I TCGA-Assembler I QIA workstation

Clustering
analysis

Regression

GSEA :
analysis
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Exploratory Cluster Analysis of the MRI
Tumor Phenotypes
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Radiomics from the MRI tumor “Virtual Biopsy” shows

ivities

association with Pathway Transcriptional Act

g
(=)

> 2
— ]
Qo
ox

c
b=
P

[
=
a

[+ 5]

-
o

b S b= = ) W) O
Vo oToop LoD
SEEZQQAO0OSE=Z=ZZ= =
a.n.neemc.nh.nhh
Dl N S ettttt
ocCT T - —_OLTEOCEC®
coa55aocaacaaa
Ngg.ﬁmAmggggg
e e cEEccEccC
Som S Omcmomm®©
Eccls AECcEE =
E== = ) L oD
T »n 2 ..MSSSSS
A mxm O £ Omi—
W o HGthA
o= oW =>B5-
= o> W
(O] >

S

qo| I[

(aoueleA) saienbs Jo wng

aojuBEA WNS

Adonjus wns

abelaae wng

IUB|01J209 UOB|SII00 WNWIXE A

Z Uo[1e|91109 JO 2INSEa W UOljBWIoU|
| UOIB|31102 JO 3INSEa W Uoe WIoU|
JUS WO W 30USI3YIP 38SIaAU|

Adonu3z

{ABJau3) Juswow puoosas Jenbuy
aJuBlBA 32Ualaylq

Adosjua asualtayiq

uone|aLIod

1SEJJUO0D

a1e4 Buisealsep aouBlIBA JUBWSIUBYUT
a1e4 Bujsealoul asuelIBA JUS WSIUBYUT

2suBlBA WNWIXeW e yead o] aw))|
U3 WadoUBYUD JO SOUBLIBA WNWIXE A
UolBLIEA 9]E1 |B]0) PaZIIBWION
uoelBA 2]el |B1O |

s|axoa Bujpueyua 3soW JO aWnN|oA
opel Juswasueyua |eubis

Giger TCGA 2015

Zhu et al submitted

Juiodawiy 3senuooysod 1S4 I8 Jua wasueyusy

xapu) adeys aaing

2]Bl INOYSEAA

ajel ayeydn

¥ead o) sw|L

JUB WSIUBYUS WNWIXe A
welbolsiy Juaipelb |ejpel JO J3UBLBA,
ssaudieys uibiew Jo asueleA
ssaudieys uibien

aZ|S JEeau|| wnuwixe
eale aseuns

lajawe|p aanosay3
aWN|oA Uoj|sa]

OBl 3WN|OA 0] 22BNS
Aueinbaul)

Ayoliayds

3|
(<58
=
2
(5]
o
(=
©
b=
©
=
+—
=
[<9)
&
o
=
©
m.

qo| J2b19

w
@
—
=]
frmr}
>
L
)
4
=
L<b)
£
@
(S}
=
o
e o
: =
(NN

Significant Negative Association (adjusted p-Value £ 0.1)




entified

significant associations

71 Copy number variations Bl Genes with [ Protein expressions
of pathways somatic mutations
wrfap L X -
: .' - - ‘xﬂ Q-D
3 " 5 ; %
% o, . . s
-o II’o-lo
Radiomic Phenotypes
< Hl Size phenotypes
b G . ¥ » = 2 ®  mm Shape phenotypes
% e ® o & s _® 2 __.'. B Morphological phenotypes
INER 71 Enhancement texture phenotypes!
B Kinetic curve assessments
Enhancement-variance kinetics
—— Significant positive association
Significant negative association
“\"t......_...v/ 3
I Gene expressions of pathways [ miRNA expressions
a
. . Enhancement | . ..
Size Shape Morphological cexbira Kinetic curve | Enhancement-
henot hen hen men variance kineti
phenotypes | phenotypes | phenotypes phenotypes assessments | variance kinetics
Gene expressions of pathways 223 150 87 542 334 155
Copy number variations of pathways 29 9 10 25 25 24
Mutated genes 5 3 23 35 4
miRNA expressions 126 0 0 142 11 0
Protein expressions 14 0 12 28 1 0




ldentified

71 Copy number variations Bl Genes with

[ Protein expressions

significant associations

of pathways somatic mutations S i Ze
: N = I. .- ‘x"c Q—Q
= Phenotypes
diomic Phenotypes
< I Size phenotypes
b G . * » = ® B Shape phenotypes
% - (I @ s __® 2 . 2 B Morphological phenotypes '
INER 71 Enhancement texture phenotypes!
B Kinetic curve assessments
[ Enhancement-variance kinetics
—— Significant positive association
Significant negative association
xpressions of pathways 1 miRNA expressions
a
Gene . . Enhancement| . .
Size Shape Morphological cexbira Kinetic curve | Enhancement-
. henot hen hen men riance kineti
exp ressions Of phenotypes | phenotypes | phenotypes phenotypes assessments | variance kinetics
thways 223 150 87 542 334 155
pathwaMs of pathways 29 9 10 25 25 24
Mutated genes 5 3 23 35 4
miRNA expressions 126 0 0 142 11 0
Protein expressions 14 0 12 28 1 0




entified significant associations

Enhancement
Texture
Heterogeneity
Phenotypes

Radiomic Phenotypes |

71 Copy number variations Bl Genes with [ Protein expressions
of pathways somatic mutations

B, . -

o Hl Size phenotypes
. Su . ® ®  mm Shape phenotypes
L] D ] L] L ]
% - (I @ s __® . B Morphological phenotypes '
INER 71 Enhancement texture phenotypes!
B Kinetic curve assessments
[ Enhancement-variance kinetics
—— Significant positive association
Significant negative association
/g% expressions
I Gene expressions of pathways [ miRNA expressions
a
. . Enhancement | . ..
Size Shape Morphological cexbira Kinetic curve | Enhancement-
henot hen hen men riance kinetic
phenotypes | phenotypes | phenotypes phenotypes assessments | variance kinetics
Gene expressions of pathways 223 150 87 542 334 155
Copy number variations of pathways 29 9 10 25 25 24
Mutated genes 5 3 23 35 4
miRNA expressions 126 0 0 142 11 0
Protein expressions 14 0 12 28 1 0




Summary & Conclusion

e Computational quantitative MRI analysis shows promise as a means
for high-throughput image-based phenotyping and appears to predict
breast cancer molecular subtypes

e Radiomics of tumor size and enhancement heterogeneity appear as
dominant MRI phenotypes in classifiying tumor subtypes and risk of
recurrence.

e Significant associations were identified between the MRI phenotypes
(such as tumor size, shape, margin, enhancement texture, blood flow
kinetics) and molecular features involved in multiple regulation layers
(including DNA mutation, miRNA expression, protein expression,
pathway gene expression and copy number variation).



Summary & Conclusion

e Limitations included a small dataset of only 91 cancers

 TCIA is collecting additional images
* |nvestigators are organizing a multi-institutional radiomics network to
collect beyond the TCGA/TCIA

e |dentification of radiomics of molecular subtypes of breast
tumors is expected to allow for virtual biopsies

e Ongoing research involves relating and merging MRI
phenotypes with genomic data to develop improved predictive
models



Questions

e |s it possible to decide targeted therapy based
onh imaging-genomics association results?

e Can imaging features inform important
genomics features?

e Can integration of imaging and genomics
features lead to higher power in prediction?

e Can imaging serve as a virtual biopsy?

—non-invasive, covers complete tumor, & repeatable



Thank you & please attend our
related Workshop & Posters

Workshop: Imaging Resources for the TCGA:
Radiology and Pathology Tools for Enabling
Science; May 11; 4-5pm and repeated 5-6pm

Poster 91
Poster 79
Poster 105

Giger TCGA 2015
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