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Why do we need machine learning in medical image analysis?

à More efficient processing of medical data

~31% increase in MR and CT images Only ~18% increase in radiologists
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Why do we need machine learning in medical image analysis?

à Personalisation of treatments, novel workflows



|  6Dr. Christian Baumgartner – Machine Learning for Medical Image Analysis Group – christian.baumgartner@uni-tuebingen.de

Why do we need machine learning in medical image analysis?

à Discovery of novel clinical biomarkers from big medical data
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Why do we need machine learning in medical image analysis?

à Safer medicine
• Large amount of misdiagnosis and unnecessary treatments

• In the US most people experience at least one diagnostic 
error in their life-time

• Physicians 
• are often overworked

• use intuitive reasoning and “often cannot fully explain how a 
diagnostic hypothesis occurs to them”1

• Are subject to biases (e.g. confirmation bias, self-serving bias, 
prejudice, …)

1Brush, J. E., & Brophy, J. M. (2017). Sharing the Process of Diagnostic Decision Making. JAMA Internal Medicine, 177(9), 1245
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Deep Learning on Medical Images
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Is the problem solved?

Geoff Hinton in 2016: 

“People should stop training radiologists now. It’s just 
completely obvious that within 5 years deep learning 
is going to do better than radiologists.”
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Reality
As of October 2019 there are 28 medical AI solutions operating on image data 
that have been approved by the food and drug administration (FDA)

• Little evidence comparing performance of humans and machines
• Often not comparing performance in clinical environments
• The true diagnostic power of AI remains uncertain

“The Lancet” meta-study
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Why isn’t AI used more in clinical practice?

Technical challenges
Regulatory challenges

Human factors
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Human factors 
Physicians’ fears about AI:

• Interferes with ability to make independent diagnoses

• Hurts relationship with patients

• It’s a form of management control

• Med students who know the technology are less afraid of it

• Less than one-third of med students knows AI basics

• Med students get more AI information from media than lectures

Ø Solution: Better education at student and professional level

Ø Better involvement of medical community in AI research

“AI won't replace radiologists, but radiologists who use AI will replace radiologists who don’t”, Curtis Langlotz

Safi, Sabur, Thomas Thiessen, and Kurt JG Schmailzl. "Acceptance and resistance of new digital technologies in medicine: qualitative study." JMIR research protocols
Gallix, Benoit, and Jaron Chong. "Artificial intelligence in radiology: who’s afraid of the big bad wolf?." European radiology 29.4 (2019)
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Technical challenges

• Deep networks lack robustness + non-standardised medical 
image acquisition 

• Annotated data scarce and expensive

• Medical images are often 3D or even 3D+t

• Human vs. AI approach, rather than human with AI

x

DeploymentLab
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My Research



|  21

Technologies for better human-AI interaction 
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Interpretability of fetal scan plane detection network 

Problem: Identify correct standard view planes in 20 weeks old fetus

Baumgartner et al., SonoNet: real-time detection and localisation of fetal standard scan planes in freehand ultrasound, IEEE TMI (2017)
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Scan plane classification and associated saliency-map explanations
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Interpreting a classifier vs. understanding a class

• Saliency maps show us which pixels a classifier is paying attention to

• Saliency maps do not show us all pixels characterising a class

Ø Take away: We should not use saliency maps for weakly supervised 
localisation

Ø In this work we investigated an alternative way of identifying all pixels 
belonging to a class

Baumgartner et al., Visual Attributions using Wasserstein GANs, Proc. CVPR (2018)
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Motivation: toy classification problem

Label "0" Label "1"

Subtype A Subtype B
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Result of Guided-Backpropagation

Input Image:

Saliency map:

Classifier focuses on minimum features required for classification!
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Alternative method for feature attribution not involving classifiers

Assume our image data are samples from two probability distributions:

p(x|c = 0) p(x|c = 1)

c=0 (mild cognitive impairment)          
c=1 (Alzheimer’s disease) 

Can we find a function m(x) that when added to a healthy image, 
will make it look like a diseased image?

m(x)

+

c(x)

Real or Generated

Sample from pd(x|c=1) Sample from pd(x|c=0)

m(x)

+

c(x)

Real or Generated

Sample from pd(x|c=1) Sample from pd(x|c=0)
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Finding the class-related pixels using Wasserstein GANs

WGANs are a flavour of GANs that can be shown to minimize the Wasserstein-1 
or Earth Movers Distance between the probability distributions. 

LGAN (✓,�) = Ex⇠pd(x|c=0)[c�(x)]

� Ex⇠pd(x|c=1)[c�(x+m✓(x))]

m(x)

+

c(x)

Real or Generated

Sample from pd(x|c=1) Sample from pd(x|c=0)

✓⇤ = argmin
✓

max
�

LGAN (✓,�) + �Lreg(�),
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Experiments on toy data
Observed Int. Grad. CAMAdd. Pert. VA-GAN
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Experiments on Alzheimer Brain Data

MCI AD Generated "MCI"

Close-up of Hippocampus
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Inter-operator uncertainty quantification

Segmentation of prostate transitional and peripheral zones

Baumgartner et al., PHiSeg: Capturing uncertainty in medical image segmentation, Proc MICCAI (2019)
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We would like to model the distribution 

We postulate a hierarchical generative process for the images

p(s|x)
<latexit sha1_base64="qDGnw3d39tm3D3xxxO0oT9Icbt4=">AAAB7nicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix6MVjBfsB7VKyabYNzWZDkhXL2h/hxYMiXv093vw3pu0etPXBwOO9GWbmBZIzbVz328mtrW9sbuW3Czu7e/sHxcOjlo4TRWiTxDxWnQBrypmgTcMMpx2pKI4CTtvB+Gbmtx+o0iwW92YiqR/hoWAhI9hYqS3L+unxHPWLJbfizoFWiZeREmRo9ItfvUFMkogKQzjWuuu50vgpVoYRTqeFXqKpxGSMh7RrqcAR1X46P3eKzqwyQGGsbAmD5urviRRHWk+iwHZG2Iz0sjcT//O6iQmv/JQJmRgqyGJRmHBkYjT7HQ2YosTwiSWYKGZvRWSEFSbGJlSwIXjLL6+SVrXi1SrVu4tS/TqLIw8ncApl8OAS6nALDWgCgTE8wyu8OdJ5cd6dj0VrzslmjuEPnM8fjDqPDA==</latexit> s

<latexit sha1_base64="8r6dWOvdyfgmPOHEanDSQrmgcis=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpu6XK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSrlW9i2qteVmp3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH3/OM+w==</latexit>
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p(s|x) =
Z

p(s|z1, . . . , zL)p(z1|z2, x) · · · p(zL�1|zL, x)p(zL|x)dz1 · · · dzL
<latexit sha1_base64="oWK0wwDi7HcJbC3lWT8qJIG9JCs="></latexit>
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Variational Inference in our conditional hierarchical model 

p(s|x) =
Z

p(s|z1, . . . , zL)p(z1|z2, x) · · · p(zL�1|zL, x)p(zL|x)dz1 · · · dzL
<latexit sha1_base64="oWK0wwDi7HcJbC3lWT8qJIG9JCs="></latexit>

Use q(z|s,x) to approximate p(z|x)

Evidence lower bound (ELBO)
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Variational Inference in our conditional hierarchical model 

We can use a variational approximation q(z|s,x) to approximate p(z|x).

L =Eq(z1,...,zL|x,s) [log p(s|z1, . . . , zL)]� ↵LKL [q(zL|s, x)||p(zL|x)]

�
L�1X

`=1

↵`Eq(z`+1|s,x) [KL [q(z`|z`+1, s, x)||p(z`|z`+1, x)]] ,
<latexit sha1_base64="moKFBFn9NqxfpWEFVgv8gAPR8Oo="></latexit>

p(z`|z`+1, x) = N
⇣
z`|�(µ)

` (z`+1, x),�
(�)
` (z`+1, x)

⌘
(1)

q(z`|z`+1, x, s) = N
⇣
z`|✓(µ)` (z`+1, s, x), ✓

(�)
` (z`+1, s, x)

⌘
(2)

p(s|z) = Cat(s|⇡(z)) (3)
<latexit sha1_base64="yAeFTUy7dNyWV3uLQUoGMxb2NEE="></latexit>

ln p(s|x) � L(s|x)
<latexit sha1_base64="LfDutrUUhMUTwOnyIhxqPxkDNo4=">AAACCXicbVA9SwNBEJ3zM8avU0ubxSDEJtxFQcugjYVFBPMBuRD2NnvJkr29c3dPDGdaG/+KjYUitv4DO/+Nm0sKTXww8Hhvhpl5fsyZ0o7zbS0sLi2vrObW8usbm1vb9s5uXUWJJLRGIh7Jpo8V5UzQmmaa02YsKQ59Thv+4GLsN+6oVCwSN3oY03aIe4IFjGBtpI6NPC5QXFQP90fI69Fb5IVY9wnm6dUoUzt2wSk5GdA8caekAFNUO/aX141IElKhCcdKtVwn1u0US80Ip6O8lygaYzLAPdoyVOCQqnaafTJCh0bpoiCSpoRGmfp7IsWhUsPQN53jO9WsNxb/81qJDs7aKRNxoqkgk0VBwpGO0DgW1GWSEs2HhmAimbkVkT6WmGgTXt6E4M6+PE/q5ZJ7XCpfnxQq59M4crAPB1AEF06hApdQhRoQeIRneIU368l6sd6tj0nrgjWd2YM/sD5/AFJWmXg=</latexit>



|  36Dr. Christian Baumgartner – Machine Learning for Medical Image Analysis Group – christian.baumgartner@uni-tuebingen.de

Implementing the hierarchical model with neural networks
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Learned uncertainty can be displayed as samples or as uncertainty map

Annotator variance Predicted variance

Baumgartner et al., PHiSeg: Capturing uncertainty in medical image segmentation, Proc MICCAI (2019)
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Intriguing Robustness properties
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Future directions 

Methodological advances to enable human-AI collaboration
Generative
Modelling

Interpretable 
ML

Human-in-the-loop
Systems

Uncertainty Estimation
Robustness

Probabilistic
Inference

? ?

?



|  42Dr. Christian Baumgartner – Machine Learning for Medical Image Analysis Group – christian.baumgartner@uni-tuebingen.de

Summary

• We are seeing the beginning of an AI revolution in medical imaging 

• This revolution will open many exciting avenues for improving patient 
outcomes 

• However, the initial, superficial success of deep learning is misleading 

• There remain challenging methodological problems to be solved, especially 
involving the human-AI interface

• Real research progress will happen in collaborations between clinicians and AI 
researchers
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christian.baumgartner@uni-tuebingen.de

Thank you for your attention!

? PhD or Post-doc in interpretable ML for Medical Image Analysis

? PhD in robust ML for Medical Image Analysis (joint with M. Hein)

? Master student uncertainty quantification in neuroimaging 
(joint with                  )


