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Introduction Dataset Findings

Head and neck cancer (HANC) Our data comes from The Cancer Genome Atlas
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the head and neck squamous cell car-
cinoma (HNSCC). Recently, tumors that test positive for human
papillomavirus (HPV) seems to be more reponsive to chemother-
apy and radiation than the HPV-negative cases. Previously, geno-
type variations have been found among different subtypes, but
no researches are on molecular level classification.

o 600x600x3 gt fl [ BEEE ea
560,000 We apply deep learning with Con- e g et
Diagnosed annually  yol|utional Neural Networks (CNN) to 2

Obeservations so far:

* Random sampling of patches doesn’t help increase accuracy.

* We have tried patch size of 128, 224, and 600. Larger patch
l ‘ sizes tend to have more predictive power.

* Assuming all patches are discriminative according to their
image label, this introduces noisy label problem.
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