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Motivation - Improving Breast
Cancer Al for Women in Hawai‘i

1. Most breast cancer Al is developed on datasets of White women
from the continental US and Europe. In Hawai‘i, we are
powered to look at ANHPI subgroups.

2. Personal growth: Significant opportunity to use computer vision
& Al techniques while actively contributing to the project.

. White Filipina Chinese Japanese
BCSC 5-year risk N = 91,308 N = 6,551 N = 24,051 N = 2,485

% of invasive cancers discovered within 5 years

<1.67% chance of developing
cancer in the next 5 years 54 90 93 89

=1.67% chance of developing
cancer in the next 5 years 46 10 7 11



@ The Hawai‘i & Pacific Islands

ISTORY QUESTIONNAIRE
acific Islands Mammography Registry

* Prospective cohort of women

Birthdate:

nnnnn

* Collects breast imaging and breast health
information (2009-present)

3 months?

tor discover a new or unusual lump?

* Linked to the Hawai'i Tumor Registry to identify
cases

This facility is participating in the

Hawai'i and Pacific Island
Mammography Registry

Fact Sheet

Mahalo for contributing to valuable breast cancer research by completing our
health questionnaire each time you come in for a mammogram!




@ Modern Breast Radiology & Al

1. Computer-aided diagnosis and detection systems using
artificial intelligence (Al) have transformed breast radiology
In recent years.

2. HOWEVER, clinical imaging data often contains necessary
artifacts that hinder accurate algorithmic evaluation.




@ Big Ideas & Significance

Large repository of clinical mammogram images for ANHPI

X Data cleaning — X Reliable verification of Al models with diverse data sets

REAL LIVES DEPEND ON THIS!!!



@ Research Question & Hypothesis

How can we address this lack of standardization in HIPIMR mammograms?

Our Hypothesis: A fully-automatic pipeline for cleaning

mammography images can be developed
for the HIPIMR.




@ MammoClean - Project Overview

» This project focuses on answering how to develop an

automated pipeline for cleaning and standardizing HIPIMR
mammograms.

« This project involves:
» Labelling data with anomalies

» Developing methods to identify anomalies
« Computer Vision (CV)

* Deep Learning



@ Anomalous Mammography Types
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Annotations & Labelling

« We annotated our large dataset, individually identifying
regions of interest and labelling them respectively by hand.
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Computer Vision Methods




Computer Vision Methods




@ Computer Vision Methods

Is it bright? Is it bright? s it straight?




@ Deep Learning Methods

 Granular Anomalies
* Palpable lump markers
* Post biopsy clips
 Handless spot compression paddles

* Traditional & Rectangular
Problem: Too heterogeneous to automate using

traditional computer vision methods.

Solution: Train a deep learning model
to more effectively identify these
anomalies.




@ ResNet50 Spot Compression Model

A Binary Classification
of Spot Compression
Paddles

Trained and compared 4 pre-trained
models
 ResNet50 achieved the best
performance
Achieved an accuracy of 96.0%
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@ Skin Marker & Post Bx Clip Detection Model

« Detection of fine grained anomalies
 Post-Biopsy Clips
e Wire Markers
e Skin Markers
e Trained a RT-DETR model
* 97% sensitivity for skin markers
and biopsy clips 81% sensitivity
for wire markers




@ Overall Results

» Performance of the classical CV methods was evaluated on a randomly
selected, hand-labeled validation subset of 2,649 images:

« The CV methods achieved great performance with accuracy and

precision exceeding 95% for all anomalies.

» The classification model achieved an impressive 96% ROC-AUC score in
accurately identifying Spot Compression paddles.
« The detection model achieved a 97% sensitivity for skin markers and post

biopsy clips and 81% sensitivity for wire markers.



« Performance metrics of the MammoClean pipeline by artifact category

on the validation set.

@ Quantitative Performance

« Best results are highlighted in bold.

Artifact Type Precision Recall F1-Score Balanced Acc MCC
Spot Compression 1.00 0.71 0.83 0.85 0.81
Regular Paddle 1.00 0.97 0.98 0.98 0.98
Small Breast Paddle 1.00 1.00 1.00 1.00 1.00
Breast Implants 0.96 0.79 0.87 0.90 0.87




@ Conclusion

e MammoClean:
 Rule-based computer vision.
* Transparent and explainable method.
 Deep Learning methods for more difficult anomalies.
* Near-perfect detection for standard compression artifacts.
» Adataset of 9,000 labelled mammograms to train & validate Al models
specifically for ANHPI women.
« Addresses critical limitation where mammograms of ANHPI| women
are not typically included in training.
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