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Dermatologist-level classification of skin cancer
with deep neural networks
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How does it work?

a tumor detection b library preparation C preprocessing d training and testing

e =

Option 1: train-test split

1

Option 1: weakly supervised Option 2: cross-validation

learning

train

Option 3: external testing

e external validation

. e external
size and magnification

Option 2: restrict to

tumor tissue may vary data set

Echle et al., British Journal of Cancer 2020



The principle of supervised deep learning
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Image classification is easy

OPLOS | ox

RESEARCH ARTICLE
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What is the context?
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Why is this useful?

What if we could do a
genetic test directly
from histology?
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Hypothesis

Specific genetic *_tumor cells (1st order)
alterations ... elicit changes * TME (2nd order)
In cancer ... in the phenotype of ...
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Deep learning can
infer genotype from
histology images

Kather et al., Nature Cancer, 2020



Histology-based genotyping
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Classification and mutation prediction from
non-small cell lung cancer histopathology
images using deep learning
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Deep learning can predict microsatellite instability
directly from histology in gastrointestinal cancer
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How many patients should we train on?

learning curve for MSI detection
(test on n=906)
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Multicentric, retrospective validation
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Pan-cancer application
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Training with only slide labels yields spatially resolved predictions
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Real-world decision-making
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Human plus Al

Hardware Algorithms Data
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Welcome

About us

We are a young, interdisciplinary group of scientists using
computational methods to decipher cancer. Our main tools
are Deep Learning and Computational Modeling. We
combine these tools with a clinical perspective on cancer
genomics, targeted treatment and immunotherapy. Our
focus is gastrointestinal cancer, including cancer of the
bowel, stomach, liver and pancreas. To learn more about our
research, have a look at our featured publications or find our

most recent preprints and papers below.
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