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Wenn man alles verwirklichen würde, was medizinisch 

möglich wäre, würde unser gesamtes 

Bruttosozialprodukt aufgebraucht. 

Es könnte nichts mehr außer „Gesundheit“ finanziert 

werden. 

Schon heute findet in Wahrheit eine verdeckte 

Rationierung oder auch eine offene Priorisierung statt. 

Prof. Dr. med. Fritz Beske, MPH

90 Jahre ist ein gutes Alter, um mit 

der Arbeit aufzuhören – im Prinzip.



"We are morphing 

so fast that our 

ability to invent new 

things outpaces the 

rate we can civilize 

them." 
The Inevitable, Kevin Kelly, 2016
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Hahn & Schreiber, 2017

(adapted from Topol, 2011)



THE DIAGNOSTIC DILEMMA
How Doctors are Drowning in Complexity



THE DIAGNOSTIC DILEMMA

individualized

interdisciplinary

highest quality

cost-efficient

participative

predictive

…

Medical (R)Evolution: Deepened
understanding of metabolic pathways

resulting in a vast number of subtypes

„Orphanization of Disease“
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…resulting in 

complexity, cost and

new sources of error
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Automation in Medical Imaging (AMI)
addressing the tasks
that doctors don’t like!

… and those tasks
they aren’t able to do.



ON THE LACK OF INTEGRATION
Between Precision and Simplicity
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„Screening“ = Find the N relevant differences
(N: unknown)

Why do we like solving these side-by-side pictures?
…because we are not particularly good in it.
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Deformable Lung CT 
Registration (3D/4D)

Validation:

 MICCAI Grand Challenge EMPIRE, 
DIRLab Benchmark

 Successfully used in > 1000 cases

Solution ready for product delivery

exhale deformed inhale

subtraction image
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Inhale/Exhale Scans – Without Registration

Data: EMPIRE10 MICCAI Grand Challenge, http://empire10.isi.uu.nl

Change 
Assessment
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Inhale/Exhale Scans – With GDREG

Data: EMPIRE10 MICCAI Grand Challenge, http://empire10.isi.uu.nl

Change 
Assessment
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EXAMPLE :  ENLARGED VESSELS
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EXAMPLE :  NEW TUMOR IN FOLLOW-UP



Example: Integrated Breast Care
Virtual Physiological Human and Healthcare (FP7)

 HAMAM (FP7): multimodal correlation, hypothesis

generating substudy on genotype-imaging

correlation (Dundee cohort, Tayside tissue bank), 

temporal and spatial linking of findings

 ASSURE (FP7): breast density and risk based

adaption of multimodal high and intermediate risk

screening, cost-effectiveness analysis, temporal 

change analysis

 VPH-PRISM (FP7): quantitative multiparametric

analysis of digital pathology, pathology-radiology

correlation on prospective clinical cohort

discussion…
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Quantitative Pathology
Specific Solution Components

 Combination of two key technologies:

 Automated tissue characterization

 Virtual multistaining
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J. van der Laak, Nijmegen



Fraunhofer
MEVIS

J. Lotz et al., Lübeck



ON HUMAN-COMPUTER TEAMS
Why Asking the Replacement Question is Wrong
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Geoff Hinton, 2016, Source: YouTube

Geoff Hinton comments on radiology and deep learning at the 2016 Machine 

Learning and Market for Intelligence Conference in Toronto
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Geoff Hinton, 2016

„ Let me start by just saying a few things that seem obvious.

I think if you work as a radiologist, you are like the coyote that's already over the edge of 

the cliff but hasn't yet looked down, so he doesn't realize that there is no ground 

underneath him.

„ People should stop training radiologists now.

It's just completely obvious that within five years, deep learning is going to be better 

than radiologists, cause it's gonna obtain a lot more experience. 

It might be ten years, but we’ve got plenty of radiologists already. ...

„ There's goona be thousands of applications of the deep learning technology we 

currently have, ...

„ Take any old problem, where you have to predict something, and you have a lot of data, 

and deep learning is probably gonna make it work better than the existing techniques. “

Geoff Hinton comments on radiology and deep learning at the 2016 Machine 

Learning and Market for Intelligence Conference in Toronto



Annual Conference on Neural 
Information Processing Systems 

(NIPS) 2014, Montréal



FATHERS OF DEEP LEARNING

GEOFFREY HINTON 
*1947, U TORONTO & GOOGLE

MICHAEL JORDAN
*1956, U CALIFORNIA, BERKELY

ANDREW NG 
*1976, VP & CHIEF SCIENTIST, BAIDU

YOSHUA BENGIO
*1964, HEAD OF MILA, U MONTRÉAL

YANN LECUNN
*1960, DIRECTOR OF AI RES., FACEBOOK
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Jeff Dean, Google

Deep neural networks 

exploit the property that 

many natural signals 

are compositional 

hierarchies, in which 

higher-level features are 

obtained by composing 

lower-level ones
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Anything humans can do within 1 sec, 

deep learning can do, too.

Andrew Ng, Baidu, 2017

Anything humans can do within 0.1 sec, 

the right 10-layer network can do, too.

Jeff Dean, Google, 2014
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 DRG Radiomics Platform

 initiated by the executive board
Radiomics and Big Data of the 
German Roentgen Society (DRG)

 pilot project on prediction of outcomes for 
patients with acute myocarditis

 NaKo Incidental Findings Reading Platform

 collaborative reading and research tool

 approx. 30,000 volunteers with whole body MRI

 including Automated Quality Assessment (AQUA)

Ongoing Platform Developments
Specific Solution Components
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• Deep learning (DL) for pattern
recognition

• Automatic segmentation of
annotated structures

• Prediction of clinical categories
and parameters from image data 

• Prediction of clinical categories
and parameters from image data
with corresponding clinical data

• Comparison of DL results and
Radiomics features with framework
for algorithm validation ChallengR

Deep Learning for Pattern Recognition and Development 
of Imaging Biomarkers



Neural network based automatic liver and liver tumor segmentation
Grzegorz Chlebus, Hans Meine, et al.
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Medical Knowledge Through Research

Examples
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Medical Knowledge Through Research

LiTS Results @ MICCAI 2017

 Tumor segmentation

 Dice per case: 0.68

 Precision at > 0% overlap: 0.72

 Recall at > 0% overlap: 0.57

 Liver segmentation

 Dice per case: 0.96

 Relative volume difference: -0.4%
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Medical Knowledge Through Research
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RADIOTHERAPY PLANNING
Methodological Evaluation of 2D and 3D U-Nets on the Parotid
Gland Segmentation Problem

• Good results can already be achieved without much fine-tuning
• First results after only two weeks work of one person

Hänsch A, Schwier M, Gass T, Morgasz T, Haas B, Klein J, Hahn HK 

(2018) Comparison of different deep learning approaches for parotid 
gland segmentation from CT images. SPIE Proceedings Vol. 10575: 
Medical Imaging 2018: Computer-Aided Diagnosis
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Medical Knowledge Through Research
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Medical Knowledge Through Research
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Hänsch A, Schwier M, Gass T, Morgasz T, Haas B, Klein J, Hahn HK 

(2018) Comparison of different deep learning approaches for parotid 
gland segmentation from CT images. SPIE Proceedings Vol. 10575: 
Medical Imaging 2018: Computer-Aided Diagnosis
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U-nets for Image Segmentation           (O. Ronneberger et al.)

special variant of deep neural networks 
combining the “what” and the “where”

for decision support, 

add non-imaging 

information to the

„what“ level



CONCRETE SOLUTION APPROACHES
How Can We Accelerate Value Generation Together?
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Radiomics for Radiologists, Bremen, June 15-17, 2016

 Organisation: Ron Kikinis mit Unterstützung der DFG (Dr. Christian 
Renner) und in Kooperation mit der Deutschen Röntgengesellschaft e.V. 
(Prof. Stefan Schönberg) und der Konferenz der Lehrstuhlinhaber in der 
Radiologie  (Prof. Gabriele Krombach) 

 Teilnehmer (insgesamt 32): 

 Algorithmen/Technologie: Fraunhofer MEVIS, Harvard Medical 
School, Radboud Universität, DKFZ, TUM

 Radiologie: Radboud Universität, UMM, LMU, Heidelberg, Charité 
Berlin, Frankfurt, Köln, Giessen, Ulm, Lübeck, Münster, Tübingen
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Radiomics for Radiologist, Bremen, June 15-17, 2016

Es wurden mehrere Patientenkollektive vorgestellt welche prospektiv 
rekrutiert werden sollen, sobald die Finanzierung organisiert ist.

Beispiele:

 Uni Giessen: interstitial lung disease and CTEPH (Chronic thromboembolic 
pulmonary hypertension), Gabriele Krombach

 Universitätsmedizin Mannheim: Coronary disease, Stefan Schönberg

 LMU München: Bildgebung beim akuten Schlaganfall, Wieland Sommer

 Uni Lübeck: Pulmonary fibrosis, Jörg Barkhausen

 Uni Ulm, Uni Heidelberg: Multiparametrische Analyse bei Pankreaskarzinomen, 
Jochen Steinacker, Stefan A. Schmidt, Albert Strauß

 Uni Frankfurt, Uni Heidelberg: Liver, Thomas Vogl, Boris Bodelle, Albert Strauß

 Uni Köln: Bronchialkarzinom, David Maintz

 Prostate: Prostata, Tobias Penzkofer (Charité Universitätsmedizin Berlin), David 
Bonekamp (Deutsches Krebsforschungszentrum, DKFZ)

Joint Methodology for all Clinical Subprojects “V-K-D-T”

1. Define clearly the clinical question and expected 

advantage (value).

2. Refer precisely to the respective physiopathology 

and/or molecular biology (knowledge).

3. Define the data and modalities, protocols and/or 

sequences, which will be sufficient for the intended 

radiomics approach and at the same time feasible 

on a larger scale (data).

4. Define clearly those specific endpoints that should 

be correlated to the acquired complex imaging and 

additional data (target).
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Comprehensive Diagnostic Center Aachen (CDCA)

adapted from: Kiessling F. The changing face of cancer diagnosis: From computational 
image analysis to systems biology. Eur Radiol. 2018 Feb 27. [Epub ahead of print]
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Medical Knowledge Through Research

Web-Based Distributed DNN Training
coupled with AppStore concept

• Set up of QuantMed cluster: distributed 
system of 
machines that can host different services 
and which process training jobs for deep 
learning.

• Easy data preparation: One click solution 
.mlab  Docker
Can then be selected as data preparation 
service in DNN
training UI.

• Clinical raw data remains within the firewall of 
the supplying device and is analyzed on-site in a 
so-called QuantMed node.
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COMIC – Consortium for Open Medical Image Computing
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MEVIS „Werkstatt der Digitalen Medizin“ (2020)
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