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ABSTRACT

KEYWORDS: Deep Learning; Breast Cancer; Mammography

Deep Learning techniques have revolutionised computer vision and image processing.
The applications of deep learning have been seen in everyday life, in social media, per-
sonalised advertisements, organisation of emails and photographs etc, but can potentially
have far-reaching consequences in medicine. In oncology, a wide variety of applications of
deep learning have been seen, ranging from detection of cancer, to prediction of response to

therapy, and guiding management.

The practice of medicine is extremely complex. While over the last 5 years several deep
learning neural networks have been trained and tested, very few have made it to clinical
practice. A large part of the reason, is the complexity of the profession. There is thus a
need for medical professionals to actively participate in all aspects of network design, not

just in the data generation process.

Breast cancer is the leading cause of cancer related mortality in India. It is also a
cancer which is amenable to screening for early detection. It has been proven through many
randomised control trials with many decades of follow-up that early detection of cancer with

an X-ray based modality called mammography can result in significant mortality benefit.

Most western countries implement population level screening programs with annual or
biennial screening with mammography for all women above a certain age. The interpretation
of mammography is a an art and science that requires great training and practice, and also
suffers from the possibility of misinterpretation due to human fatigue. Thus there has
been a concerted effort towards development of networks to act as second readers, triage
mammograms to ensure the most suspicious images are seen well, as well as for automated

interpretation.

In India, due to paucity of resources, such population based screening is not possible. As
a result, breast cancer is detected in later stages (Stage 3 or 4 in comparison to Stage 1 and
2 in the West), and therefore has a higher mortality and morbidity in comparison to the
West. If computer vision techniques can help triaging mammograms, or perform an initial

automated read, population screening may become a possibility.

This thesis has been written both- for a medical audience as well as engineers. Therefore

we describe the basics of these fields extensively. We begin with describing the various appli-
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cations of artificial intelligence in the field of medicine, we explain some basic concepts and
terms related to machine learning and deep learning for the benefit of medical professionals,
we perform a systematic review of literature on deep learning solutions available for mam-
mography, and then describe our work, the networks we built and tested on Indian data for
detection of breast cancer on mammograms. We then describe a generative network based
tool we built for training of residents in interpretation of mammograms, and present results
of a randomised controlled trial we performed to evaluate the same. Finally, we present
details of a rapid reporting tool, which can be used for generating conventional radiology
reports within a few clicks, we present results of our clinical study where we showed the

benefit of use of such a tool in routine clinical practice.
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