Towards Big Data in Radiation Oncology

Dr. rer. nat. Klaus H. Maier-Hein (né Fritzsche)
Head of junior research group Medical Image Computing

GERMAN
z CANCER RESEARCH CENTER
. IN THE HELMHOLTZ ASSOCIATION







Klaus H. Maier-Hein dldlo

Medical Imaging c e e e o0
Computing Group ) ceo

312112016 | Page3 The rise of big clinical databases 50 Vears ~ Research for

A Medicare Provider Analysis (MedPAR)
A Diagnosic/procedure information, limited patient characteristics

A Swedish Colon Cancer Registry
A Clinical factors, outcomes, co-morbidities

I A The Cancer Genome Atlas (TCGA) and The Cancer Imaging Archive (TCIA)
A Genomic and imaging data on a variety of cancers
A Official repository for Nature Publishing Group

Patient data
* Pre-operative
* Intra-operative

* Post-operative

Treatment

Outcome
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A Life Without Cancer

AVolume: the quantity of generated and stored data

AVariety: the type and nature of the data

AVelocity: the speed at which the data is generated and processed
AVariability: the inconsistency in the data set can hamper processing

AVeracity: the varying quality of captured data

Hilbert, M. (2015). Digital Technology and Social Change [Open Online Course at the
University of California] https://canvas.instructure.com/courses/949415
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A Generative Modeling
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Mnih et al., Human-level control through deep reinforcement learning. Nature 518, 5291 533 (2015)
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10 min training 120 min training 240 min training

Beginner level Expert level 13x better than
human

Mnih et al., Human-level control through deep reinforcement learning. Nature 518, 5291 533 (2015)
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What does all this mean for us?
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A Computers are great in learning from images

| = 84*84 *4 = 28,224 numbers
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A Computers are great in learning from images

28,224




What about medical imaging?




A Computers are great in learning from images
BUT

A Data matrices are wiiiddeeeee é .

N=30.000
a. ]
|1=128*128*128

A Meaningful data annotation difficult to get

Almage data = dark data
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-omics  a field of study studying the fotality of some sort

-ome addresses the objects of study
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A Clinical practice
A Segmentation of tumor (RECIST, CTV, GTV)
A Not predictive (overall/progression free survival)
AQualitative descreanmhcingns (i
spiculated mass in left lobeo )

A Potential of images
A Intensity, Texture, Shape
A Growth and response predictions
Aé
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AR e x t r and analysis of large amounts of advanced
guantitative imaging features with high throughputo [ 1]

A core hypothesis: resulting models provide diagnostic,
prognostic or predictive information [2]

A Radiogenomics

[1] Kumar V et al. Radiomics: the process and the challenges. Magn Reson Imag 30, 12341 1248 (2012).

[2] Lambin P et al. Radiomics: extracting more information from medical images using advanced feature
analysis. Eur. J. Cancer 48, 4417 446 (2012).
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Predicting antiangiogenic treatment
response in glioblastoma
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A Life Without Cancer

A 4842 quantitative MRI features (T1, cT1, FLAIR), 129 patients

30 Segmentaiion i) MRI

ii) intensity Normalization lii) Feature Extraction

IV) Analysis

FLAIR

- )

FFirst-l]rder Features

oz A
- ‘.‘.“' "\\‘
Volume/Shape Features

B

Texture Features

-

Wavelet Analysis

Radiomic Features

\

Clustering

|

v

Survival Analysis

~

T

Kickingereder P et al. Large-scale radiomic profiling of glioblastoma identifies an imaging signature for

predicting and stratifying antiangiogenic treatment response. (submitted)
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Consensus value heatmap (k=3)

e N ==t

Consensus Clusters:

- Cluster 1
B Cluster2
B cuusters

B Always cluster together
[INever cluster together

Kickingereder P et al. Large-scale radiomic profiling of glioblastoma identifies an imaging signature for
predicting and stratifying antiangiogenic treatment response. (submitted)
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Kickingereder P et al. Large-scale radiomic profiling of glioblastoma identifies an imaging signature for
predicting and stratifying antiangiogenic treatment response. (submitted)
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A Genomic/proteomic technologies blind to spatial + temporal
tumor heterogeneity

A Based on biopsy or invasive surgery
A Analysis of small portions of the tumor

AStrengthen the role of medicsz¢
medi ci nen

A Comprehensive view of entire tumor

A Monitor development and progression of
disease/response to therapy

A Noninvasive, existing data
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A Life Without Cancer

A Capture

A Manage

A Process

A Share

A Integrate

XNAT:
A Study collections
A Study objects

A Imaging sessions

A Interpret A Annotations

A Analyze
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A Life Without Cancer

A Capture
A Manage
A MITK Workbench
APr A CTK Command Line
OLESS A Python Scripting
A Share
A Integrate
XNAT:
A Analyze A Study collections

A Study objects
A Imaging sessions

A Interpret A Annotations
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Norajitra T, et al.3D Regression Voting on-@dlumesfo the Human liver for SSM Surface Appearance Modefihgpe 2014

@ Norajitra T, et alImproved 3D Statistical Shape Mo@alidance usinRegressio#based Landmark DetectioiEEE TMRO15 (submitted)
Norajitra T, et al.3D SSM incorporating 3D Random Forest Regression Voting for Robust CT Liver SegnSiatzi,5
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[Js.o0. A ___ By

Small perturbations: Medium perturbations: Large perturbations:
t<B.0mm, r<0.4,5<0.1  t<B.0mm, r<0.6,5<0.15 t<12.0mm, r<0.8, 5<0.2
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Independentof Initialization

[1] Norajitra T, et allEEETMI2015.3D Statistical Shape Models incorporating Landrrade RRHsubmitted)
[2] Norajitra T, et alShape2014.3DRegression Voting on Human Ii&fs foSSM Surface Appearance Modelin
[3] Norajitra T, et alSPIE2015.3DSSM incorporating 3RRFVotinfpr Robust CT Liv&egmentation.
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Expert 1 Expert 2

. Edema

. Active tumor
Contrastenhanced

[2] Gtz M, et al. Extremely randomized trees based brain tumor segmentakoo¢c.MICCARO014BraTSChallenge2014

® [1] G6tz M, et alDALSADomain Adaptation for Supervised Learning from Sparsely AnnotatdchitiesIEEETMI2015
[3] GotzM, et al. Input Data Adaptive Learning (IDAL) for-swghite Ischemic Stroke LesiBegmentationSpringel.LNC2015
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[2] Gbtz M, et al. Extremely randomized trees based brain tumor segmentakoo¢c.MICCARO014BraTSChallenge2014

® [1] Gtz M, et al DALSADomain Adaptation for Supervised Learning from Sparsely AnnotatdchitiesIEEEMI2015
[3] GotzM, et al. Input Data Adaptive Learning (IDAL) for-sughite Ischemic Stroke Lesi8egmentationSpringel.LNC2015
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Tumorload/ location

Tissuecharacterization
HCC vaiealthy

CCC vg:attyliver

[1] GOtz M, et allEEE TM2015.DALSADomain Adaptatioffior Learningrom Sparsely Annotated MiRages.
[2] GOtz M,et al.Proc. MICCAI 201BraTSChallenge2014.Extremely randomized tredsr tumor segmentation
[3] GOtzM, et al.Springer LLN@015.Input Data Adaptive Learning (IDAL)lfesion Segmentation.
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Prognostic models?

A Weber et al.. Tumor Progression Mapping: An Intuitive Visualization of Glioblastoma Progression in MR Follow-ups. ISMRM (2014)
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Machine learning & disease mechanisms

A Unpublished data: Weber et al. Individual estimation of brain tumor invasion margin using data-driven glioma growth models. (in preparation)
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