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The rise of big clinical databases

Cook J, et al. The Rise of Big Clinical Databases. The British Journal of Surgery, 2015
Rosenstein B, et al.How Will Big Data Improve Clinical and Basic Research in Radiation Therapy? Radiation Oncology, 2015

Patient Data

ÅMedicare Provider Analysis (MedPAR)

ÅDiagnosic/procedure information, limited patient characteristics

ÅSwedish Colon Cancer Registry 

ÅClinical factors, outcomes, co-morbidities

ÅThe Cancer Genome Atlas (TCGA) and The Cancer Imaging Archive (TCIA)

ÅGenomic and imaging data on a variety of cancers

ÅOfficial repository for Nature Publishing Group

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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ĂBig datañ in Pubmed
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Big data

ÅVolume:

ÅVariety:

ÅVelocity: 

ÅVariability:

ÅVeracity:

the quantity of generated and stored data 

the type and nature of the data

the speed at which the data is generated and processed

the inconsistency in the data set can hamper processing

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

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Big Data 

useless!

Image data
(many gigabytes)

Medical report
(few kilobytes)
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Atari 2600 Game ĂBreakoutñ
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Previous Approach

ÅGenerative Modeling
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Data-driven approach (discriminative)

üScreen

(40.000 pixels)

üScore

Action

Mnih et al., Human-level control through deep reinforcement learning. Nature 518, 529ï533 (2015)
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Results

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, 529ï533 (2015)
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What does all this mean for us?
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What does all this mean for us?

ÅComputers are great in learning from images

I = 84*84

é

é

*4 = 28,224 numbers
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What does all this mean for us?

é éé é

ÅComputers are great in learning from images

Image 1

28,224

é éé éImage 2

é éé éImage 3

é

é Data matrix

N=50.000.000

(1585 slides)
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What about medical imaging?
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ÅComputers are great in learning from images

BUT

ÅData matrices are wiiiddeeeee é.

ÅMeaningful data annotation difficult to get

ÅImage data = dark data

I=128*128*128

N=30.000
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Big Data 

useless!

Image data
(many gigabytes)

Medical report
(few kilobytes)
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ĂRadiomicsñ in Pubmed
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-omics   a field of study studying the totality of some sort

-ome      addresses the objects of study
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Radiomics (idea)

ÅClinical practice

ÅSegmentation of tumor (RECIST, CTV, GTV)

ÅNot predictive (overall/progression free survival)

ÅQualitative descriptions (ñperipherally enhancing 

spiculated mass in left lobeò)

ÅPotential of images

ÅIntensity, Texture, Shape

ÅGrowth and response predictions

Åé



Page213/21/2016 |

Klaus H. Maier-Hein

Medical Imaging 

Computing Group

Radiomics (definition)

Åñextraction and analysis of large amounts of advanced 

quantitative imaging features with high throughputò [1]

Åcore hypothesis: resulting models provide diagnostic, 

prognostic or predictive information [2]

ÅRadiogenomics

[1] Kumar V et al. Radiomics: the process and the challenges. Magn Reson Imag 30, 1234ï1248 (2012).

[2] Lambin P et al. Radiomics: extracting more information from medical images using advanced feature 

analysis. Eur. J. Cancer 48, 441ï446 (2012).

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Radiomics features
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response in glioblastoma

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

predicting and stratifying antiangiogenic treatment response. (submitted)

Å4842 quantitative MRI features (T1, cT1, FLAIR), 129 patients 

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Predicting antiangiogenic treatment 

response in glioblastoma

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

predicting and stratifying antiangiogenic treatment response. (submitted)

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Predicting antiangiogenic treatment 

response in glioblastoma

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

predicting and stratifying antiangiogenic treatment response. (submitted)

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Contribution to personalized medicine

ÅGenomic/proteomic technologies blind to spatial + temporal 

tumor heterogeneity

ÅBased on biopsy or invasive surgery

ÅAnalysis of small portions of the tumor

ÅStrengthen the role of medical imaging in Ăpersonalized 

medicineñ 

ÅComprehensive view of entire tumor

ÅMonitor development and progression of 

disease/response to therapy

ÅNoninvasive, existing data
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret

XNAT:

Å Study collections

Å Study objects

Å Imaging sessions

Å Annotations
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret

XNAT:

Å Study collections

Å Study objects

Å Imaging sessions

Å Annotations

Å MITK Workbench

Å CTK Command Line

Å Python Scripting
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Novel generation of machine-learning

driven segmentation techniques

Question asked: IS THIS é? 

Novel question:  WHERE IS é?

Norajitra T, et al. Improved 3D Statistical Shape Model Guidance using Regression-based Landmark Detection. IEEE TMI, 2015 (submitted)
Norajitra T, et al. 3D Regression Voting on CT-Volumes fo the Human liver for SSM Surface Appearance Modeling. Shape 2014
Norajitra T, et al. 3D SSM incorporating 3D Random Forest Regression Voting for Robust CT Liver Segmentation, SPIE 2015

Norajitra T, et al. Improved 3D Statistical Shape Model Guidance using Regression-based Landmark Detection. IEEE TMI, 2015 (submitted)
Norajitra T, et al. 3D Regression Voting on CT-Volumes fo the Human liver for SSM Surface Appearance Modeling. Shape 2014
Norajitra T, et al. 3D SSM incorporating 3D Random Forest Regression Voting for Robust CT Liver Segmentation, SPIE 2015

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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[1] Norajitra T, et al. IEEE-TMI 2015.3D Statistical Shape Models incorporating Landmark-wise RRF. (submitted)
[2] Norajitra T, et al. Shape 2014. 3D Regression Voting on Human liver CTs for SSM Surface Appearance Modeling. 
[3] Norajitra T, et al. SPIE 2015. 3D SSM incorporating 3D RRFVotingfor Robust CT Liver Segmentation. 
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Novel generation of machine-learning

driven segmentation techniques

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Χ

1. Data selection

2. Annotation

3. Training

4. Model selection
andApplication

Patient

LiverCT LiverMR
é

é Model NModel 1

Feedback V Transfer learning

V Confidence

V Active learning

V Self-learning

Self-learning models
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Transfer learning solves data annotation 

problem

Edema

Active tumor

Contrast-enhanced

Expert 1 Expert 2

[1] Götz M, et al.DALSA: Domain Adaptation for Supervised Learning from Sparsely Annotated MR Images. IEEE TMI2015
[2] Götz M, et al. Extremely randomized trees based brain tumor  segmentation, Proc. MICCAI 2014 BraTSChallenge, 2014
[3] Götz M, et al. Input Data Adaptive Learning (IDAL) for sub-acute Ischemic Stroke Lesion Segmentation. Springer LLNC, 2015
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Recuced annotation time, similar accuracy
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[1] Götz M, et al.DALSA: Domain Adaptation for Supervised Learning from Sparsely Annotated MR Images. IEEE TMI2015
[2] Götz M, et al. Extremely randomized trees based brain tumor  segmentation, Proc. MICCAI 2014 BraTSChallenge, 2014
[3] Götz M, et al. Input Data Adaptive Learning (IDAL) for sub-acute Ischemic Stroke Lesion Segmentation. Springer LLNC, 2015

Conventional Proposed

[Menze 2014, IEEE TMI]
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One method, many applications

Tissuecharacterization

HCC vs. healthy

CCC vs. Fattyliver

[1] Götz M, et al. IEEE TMI 2015.DALSA: Domain Adaptation for Learning from Sparsely Annotated MR Images. 
[2] Götz M, et al. Proc. MICCAI 2014 BraTSChallenge, 2014.Extremely randomized trees for tumor  segmentation.
[3] Götz M, et al.Springer LLNC, 2015.Input Data Adaptive Learning (IDAL) for Lesion Segmentation. 

Tumor load/ locationDECT vs. Perfusions-CT

Predictions

T1T2 ADC B0f DCT

http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
http://blog.lukas-emele.de/wp-content/uploads/2009/02/offenes_buch.png
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret
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Patient specific models

Patient
specific
model

Patient similarity
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Distributed knowledge

Patient
specific
model

Aggregation 
of models
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret
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Big data challenges

ÅCapture

ÅManage

ÅProcess

ÅShare 

ÅIntegrate

ÅAnalyze

ÅInterpret
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Prognostic models?

Å 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

CurrentTumor

Future Progression

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


