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Investigate imaging features associated with risk of 
advanced breast cancer

● Motivation 
○ Advanced cancer is associated with poorer survival
○ Hawaiʻi has a high rate of advanced-stage breast cancer
○ Risk models for advanced breast cancer are limited and 

do not include imaging information.

● Hypothesis - AI can fully interrogate images for any 
signals of advanced cancer risk
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Objective



Surveillance, Epidemiology, and End 
Results (SEER) Summary Staging
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SEER Staging

Kalli, Sirishma, et al. "American joint committee on 
cancer’s staging system for breast cancer: what the 
radiologist needs to know." Radiographics 38.7 (2018): 
1921-1933.

Code Definition

0 In situ

1 Localized only

2 Regional by direct extension only 

3 Regional lymph node involvement only

4 Regional by both direct extension and 

lymph node involvement

7 Distant site(s) involved



Cancer diagnosed at later stages has significantly lower 
percent survival

Stage vs. Survival

SEER*Explorer: An interactive website for SEER cancer statistics [Internet]. Surveillance Research Program, National 

Cancer Institute; 2023 Apr 19. [cited 2023 Jun 4]. Available from: https://seer.cancer.gov/statistics-network/explorer/. 

https://seer.cancer.gov/statistics-network/explorer/


● Rates of advanced-stage 
cancer are high 
throughout the Pacific

● Despite a comprehensive 
screening program, 
Hawaiʻi has higher rates 
of advanced-stage 
compared the to the 
continental US
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High Rate of Advanced-Stage Cancer in 
the Pacific

SEER*Stat Database: Hawaii 1975-2017 and SEER Cancer Statistics Review 1975-2017)



• Risk factors with strong 
associations to advanced 
cancer:

• Disease with atypia 

• Dense breasts

• Obesity
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Associations of Standard Risk Factors to 
Advanced Stage

Kerlikowske K et al. Cumulative Advanced Breast Cancer Risk Prediction 

Model Developed in a Screening Mammography Population. JNCI : Journal 

of the National Cancer Institute. 2022;114(5):676-85. 



The data used in this study are 

sourced from the Hawaiʻi and 

Pacific Islands Mammography 

Registry (HIPIMR)

Inclusion
○ In the registry before 8/31/22

○ All 4 standard mammographic 

views or images

○ Known staging, diagnosis, and 

outcome
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Data
Assessed for 

Eligibility

Assessed as 

cases/controls

Allocated as cases Allocated as controls

Excluded

• Missing MLO/CC view for L and R breast

• Has a prior tumor record

• Mammogram not acquired on Hologic System

• Unknown diagnosis or outcome

Excluded (Cases)

• Unknown staging

• Diagnosis date >2 years 

from ipsilateral 

mammogram

• Missing contralateral 

mammogram taken ≤1 

year from ipsilateral.

Excluded (Controls)

• Imaging is BI-RADS 2 or 

above

• Missing L/R 

mammogram ≤1 year 

from R/L



● Data exported as of 
08/31/22
○ 240,000 images
○ 26,000 women

○ 195 diagnosed with 
advanced-stage breast 
cancer

● AI-derived labels are 
sourced from NYU 
breast density algorithm 
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Data Demographics

Wu N. et. Al Breast Density Classification with Deep Convolutional Neural Networks. 2018 IEEE 

International Conference on Acoustics, Speech and Signal Processing (ICASSP); 2018 2018-04-

01: IEEE. 
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● Imaging/deep radiomic 

feature extractor

○ Base architecture

■ DenseNet121

■ Pretrained ImageNet

■ Weights locked

● Logistic models take in both 

L and R views
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Image-based Modeling Approach

Deep Radiomic 

Feature Vector (Left)

Deep Radiomic 
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Weights

Logistic Model

Left View Right View

Advanced / Not Advanced 

Cancer Prediction



We built 5 logistic models

1. Clinical density only model
2. AI-derived density only model
3. Image feature only model
4. Combined clinical density and 

image features
5. Combined dl density and image 

features

All models which include density 
were age adjusted
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Logistic Models

14

Deep Radiomic Feature Vector (Left +Right)

Logistic Models 

4 & 5

DenseNet121
w/ ImageNet 

Weights

Left View Right View

Density Age

Logistic Models 

1 & 2
Logistic Model 3



● Image features 
perform better than 
density only models

● Combined models 
performed best
○ Imaging contains 

signals of risk 
unique to density
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Logistic Model Performance 



● Imaging contains predictive information related to risk 
of advanced cancer
○ Information is unique to breast density

● Such models can be used to identify high risk women 
and intervene appropriately 

Caveats:

● Not all common risk factors were available 
● Small number of cancers with category D density

○ So we combined C and D when computing odds ratios
● Small number of advanced cancer cases
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Conclusion
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Mahalo nui loa!
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