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Background

In the US, cancer is the second leading cause of death.

How do we treat it?



Background

To treat cancers, we need to be able to classify them.

PD-1, a target for immunotherapies1
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Background

Cancers were originally classified primarily based on the organ or
cell they originated from, or growth patterns.

Some of the organs from which cancer can originate?
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Background

Genetic sequencing has revealed many more cancer subtypes than
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The four consensus molecular subtypes of colorectal cancer?

3Image source: Guinney et al., 2015



Cancer Type Prediction

How good are existing cancer types?



Cancer Type Prediction

The Cancer Genome Atlas (TCGA) Dataset

e 9051 patients with known types

e Data on mutation, amplification, and deletion for 763 genes



Cancer Type Prediction

e Train a model to predict type from genetics.

e If it has good accuracy, then the types are genetically
meaningful.



Cancer Type Prediction

Logistic classifier:
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Shape of the logistic classifier's classification boundary*
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Cancer Type Prediction

Overall accuracy: 74.4%

Accuracy by model and type
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Logistic classifier accuracy on different cancer types



Cancer Type Prediction

Logistic classifier confusion matrix
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Cancer Type Prediction

Logistic classifier confusion matrix—related organ groups colored in
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Classifying Cancers

What are other ways to classify cancers?
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Classifying Cancers

Dimensionality reduction with t-SNE

t-SNE (6.8 sec)
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Classifying Cancers
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t-SNE of TCGA data, colored by type
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Classifying Cancers
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Classifying Cancers
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Classifying Cancers
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t-SNE plot of TCGA data colored four different ways.
From top left clockwise: mutation number, copy-number alteration number, TP53
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Conclusion

e Existing cancer types can be easily distinguished genetically.

e Cancers from related organs are similar.

e We can classify cancers by TP53 or PIK3CA mutations,
number of mutations, and number of copy-number variations.
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