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Assisting Pathologists in Detecting Cancer with Deep
Learning

FRIDAY, MARCH 03, 2017
Posted by Martin Stumpe, Technical Lead, and Lily Peng, Product Manager

Search blog by keyword or author O\
A pathologist's report after reviewing a patient’s biclogical tissue samples is often the gold standard in the diagnosis of
many diseases. For cancer in particular, a pathologist’s diagnosis has a profound impact on a patient’s therapy. The Archive 3
reviewing of pathology slides is a very complex task, requiring years of training to gain the expertise and experience to
do well. Labels +

In fact, the prediction heatmaps produced by the algorithm had improved so much that the localization score (FROC)
for the algorithm reached 88%, which significantly exceeded the score of 73% for a pathologist with no time
constraint?. We were not the only ones 1o see promising results, as other groups were getting scores as high as 81%
with the same dataset. Even more exciting for us was that our model generalized very well, even to images that were
acquired from a different hospital using different scanners. For full details, see our paper “Detecting Cancer
Metastases on Gigapixel Pathology Images”.
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In International Conferences
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- An Adaptation of Bayesian Theorem for Passenger Destination Estimation, IEEE ICOIN, 2021, 15t author

In Domestic Conferences
- Interpretable Medical Diagnostic Pipeline using Multi-head Design, IEIE, 2022, 15t author
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