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Objective

Prediction of 5 year cancer
outcomes from histology images

Estimate genomic characteristics

of a tumour
« gene expression data
« molecular subtype
« proliferation rate
« oncogenic pathway activation
« genomic instability
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« The Cancer Genome Atlas
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GDC Data Portal

https://portal.gdc.cancer.gov/
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« Fischer, W.,, Moudgalya, S., Cohn, J. et al.

« Sparse coding of pathology slides compared to transfer learning with
deep neural networks.

« BMC Bioinformatics 19, 489 (2018). https://doi.org/10.1186/s12859-
2504-8
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SCNN
https://github.com/CancerDataScience/SCNN

Survival Convolutional Neural Network
Docker Container
User friendliness???



http://www.pnas.org/content/early/2018/03/09/1717139115
https://github.com/CancerDataScience/SCNN
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SCNN
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Keras - R

https://github.com/keras-team/keras

User friendliness
Modularity

Easy extensibility
Work with Python

# model definition
model <- keras_model_sequential() a |

model %>% layer_dense(units = 256, activation = 'relu’,
input_shape = c(784)) %>%
layer_dropout(rate = 0.4) %>%
layer_dense(units = 128, activation = "relu’) %>%4 1
layer_dropout(rate = 0.3) %>%
layer_dense(units = 10, activation = 'softmax’)

model %>% compile(loss = 'categorical_crossentropy’,
optimizer = optimizer_rmsprop(),metrics = c('accuracy.

# training and validation
history <- model %>% fit(x_train, y_train, o[
epochs = 50, batch_size = 128, validation_split = 0.2) :

=4


https://github.com/keras-team/keras

Keras - R
https://github.com/keras-team/keras

User friendliness
Modularity
Easy extensibility

«  Work with Python W

)

training

Test Models and Example Data © e
Real Data ® o


https://github.com/keras-team/keras

Python

https://openslide.org/api/python/
https://github.com/quolc/keras-OpenSlideGenerator

https://github.com/zhaoxuanma/Deeplearning-digital-pathology
« Segmentation

https://ysbecca.github.io/programming/2018/05/22/py-wsi.html
« Patch Sampling for Deep Learning

AND
https://github.com/CancerDataScience/SCNN
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Python

https://openslide.org/api/python/
https://github.com/quolc/keras-OpenSlideGenerator

https://github.com/zhaoxuanma/Deeplearning-digital-pathology
« Segmentation

https://ysbecca.github.io/programming/2018/05/22/py-wsi.html
« Patch Sampling for Deep Learning

AND
https://github.com/CancerDataScience/SCNN
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https://github.com/CancerDataScience/SCNN

Python/BASH

cut -dS'\t' -f 2 gdc_manifest.txt | grep -E "\.*-DX[*-]\w*.
python generate_rois.py

Inside the Docker container and | can't read it ®
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https://github.com/MattBixley/Histology

