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Background
Cancer is the 2nd leading cause of death in US
Research shows relationship between mutations in the
genome and cancer development
A lot still unknown due to levels of gene expression,
copies of genes across the genome, what leads to variety
of mutations, etc. 
Being able to identify cancer through genome deep
learning (GDL) will assist with early detection.
“Identification of 12 Cancer Types through Genome Deep
Learning” by Sun et al.  in 2019 explores using individual
and ensemble DNNs for cancer detection.



The Goal:
To train a neural network to

identify if a patient has
cancer (and the type) based

on gene mutations.



The Data
CANCER DATA

The data for about 6,000 donors with 12 different cancer
types was collected from the International Cancer
Genome Consortium.  Data included cancer type,

mutations, genes affected, etc. 

HEALTHY DATA

Data for about 2,500 "healthy" donors was collected
from the 1,000 genomes site.



The Process

Training Method 2
Attempting to train end-to-end, unsupervised training was first used to
learn a latent representation of the raw inputs.
The encoder is then added as the front of a classifier and trained end-
to-end.
This was done on both cancerous and healthy data.
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Initial Model Fitting
The UMAP algorithm was first used to reduce the dimensionality of the
inputs from 30k down to 600.
A dense (fully-connected) neural network was then trained to perform
multi-class classification on the UMAP transformed data
Model was only trained and tested on cancerous examples (we had yet to
fetch healthy data).
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Data Encoding
Data filtered down to the
mutations and genes
affected per donor. 
Encoding rows include
cancer type and count of
mutations per gene for
each donor.

This results in about 30K
features. 

  (paper only did binary encodings)

 (paper only used top 10K for each cancer)



Results
METHOD 1

After training for 100 epochs, the
model achieved a validation accuracy
of 87%
Accuracy on hold-out/test set of
85%
Performed well, but was limited

Required initial transformation of data
with UMAP
Was not trained on healthy examples



METHOD 2

The autoencoder was trained for 50
epochs, the model achieved a
validation loss (MSE) of 0.01.
The classifier was trained for 100
epochs.

Validation and Test AUC of 0.98
Validation and Test Accuracy of
71%
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VISUALIZATIONS Low grade gliomas
255 pathways represented

 



 

VISUALIZATIONS

Widest range over cancer types include broad groups like regulation of biological quality, 
regulation of multicellular organism processes, and system development.

Cancers with the most isolated pathways include thyroid carcinoma (THCA- light pink) and  prostate adenocarcinoma
(PRAD- light green)



Next Steps
-Incorporate Tissue Specific Data
-Interpretability
-Binary and Multi-class Ensemble Approach



Tools Used
Jupyter Notebooks

pyensembl

scikit-allel

Cytoscape

 Reactome

BiNGO

Gene Ontology; Panther Classification

Ensembl

Keras

SHAP

Javascript

Puppeteer.js
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