
Artificial Intelligence in Breast Imaging:  
Image Interpretation and Clinical Implementation  

 
Connie Lehman MD PhD



Breast Cancer: Most Frequent Cancer in Women 
Worldwide

Every Year: 
• Of 3.8 billion women in 

the world, > 2 million 
diagnosed with breast 
cancer each year 

• > 40,000 deaths in the 
US alone 

• > 600,000 deaths in the 
world



Precision Medicine/Risk Assessment Supports All Levels of Care Pathway

Prevention and Screening 
Detection of first cancer 
Detection of recurrent ca

Diagnosis 
B9 vs MG 
Staging

Therapy 
Informing and guiding 

 targeted Rx



Our Challenge

Screening/early detection is key to cure 
• Effective screening programs require: 

• accurate risk assessment tools 
• effective screening tests





https://link.springer.com/chapter/
10.1007/978-3-642-23893-2_15



AI and Screening Mammography

• Problems to address 
– No risk assessment models that predict individual 

risk with any accuracy 
– Human variation in interpretation (quality) 
– Lack of human breast imaging specialists to support 

screening mammography expansion (access)



Our Challenge

• In order for screening tests to be effective, essential to 
screen an at-risk population 

• False positives are decreased when prevalence is 
increased through risk assessment
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Impact of False High Risk Assessment 
on Patients and Systems

• Anxiety, unnecessary tests, interventions 
– MRI or US screening 
– Chemoprevention 
– Mastectomy 
– Costs



American Cancer Society 2007 

“Based on the evidence from studies of MR 
screening high risk women, and the limitations of 

mammography and CBE alone, the American 
Cancer Society recommends annual MR 

screening in conjunction with mammography in 
women at significantly increased risk of breast 

cancer.” 



JAMA Intern Med. 2014;174(1):114-121. 



• 75% of all screening MRIs performed were in 
women with less than 20% lifetime risk 

• Of women at greater than 20% lifetime risk, 
less than 2% had received an MRI



Classical Risk Models
Age

Family History

Prior Breast Procedure

 Parity

Risk

AUC: 0.631Breast Density

AUC: 0.607 without Density



Screening Mammography Interpretation 
and AI

• Breast Density? 
• Normal or Not?





Breast Composition

• “visually estimated content of 
fibroglandular-density within the breasts”



Advocacy efforts to inform women
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Breast Density Law

• Diagnosed: 2003, stage III 
• Her last mammogram was false negative 
• She lobbied for supplemental screening 
law in Connecticut 

• The law was enacted in 2005

Nancy Cappello 
1952-2018
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Breast Cancer Surveillance Consortium data 
from over 3.8 million screening mammograms 
in U.S. community practice: over 50% of 
women told they have dense tissue

Quartile ranges introduced



Wide Variation in Radiologists’ 
Assessment of Mammograms as “Dense” 

83 radiologists:   
6% to 85% of large 
(>500) number of 
mammograms read 
as “dense”





Screening Mammography Interpretation 
and AI

• Breast Density? 
• Normal or Not?



Prior Prior CurrentCurrent

Interpretation:  Normal or Not?



Challenges

• Our imaging screening tests depend on 
highly specialized human expertise 
– Human variation in performance of tasks



Advances in imaging technology have outpaced human performance in interpreting 
mammograms accurately



Tomosynthesis



DBT Reveals Occult ILC

Images courtesy of Drs. Di Maggio & G Gennaro,  
Istituto Oncologico Veneto I.R.C.C.S. - Padova, Italia

Lobular 
Carcinoma

Cyst

2D FFDM Tomosynthesis Slice

http://www.ioveneto.it/it/


P< 0.002





Lehman et al Radiology April 
2017 



Modern 
technology is 
better but wide 
variation 
across 
radiologists



Performance of screening test 
influenced by group 
(> 1 million cases)

Yankaskas et al., 2005
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MGH Breast Imaging Faculty



Knowledge of effective strategies for clinical implementation essential

• Rigorous peer reviewed 
original scientific 
publications 

• Breast density DL platform in 
place now at MGH and 
implemented in routine 
clinical care 
• 50,000 screening 

mammograms/year 
performed/processed  

• 1 (triage), 2 and 5 year risk 
assessment DL model 
platform in place at MGH and 
under evaluation for 
performance



Culture and Resistance to Change



Brief History of Past Traditional CAD Methods in 
Mammography



Overview

• CAD applied to mammography approved by FDA in 1998 
• With reimbursement, use rapidly increased across the U.S. 
• Multiple study designs in early phases: retrospective, reader 

studies, prospective small single site, etc. with mixed results on 
impact of CAD on accuracy of mammographic interpretation 



Background

• 1998-2002 at 43 BCSC facilities (GHC Seattle, New Hampshire, Colorado) 
• Conducted early in adoption (7 of 43 facilities implemented CAD during the 

study) 



Overall Accuracy of Screening Mammography, According to the Use of Computer-Aided 
Detection (CAD)

Fenton JJ et al. N Engl J Med 2007;356:1399-1409

Study Limitations 
• Data from early years of CAD 

integration (1998-2002) 
• Didn’t control for learning curve 

(weeks to a year to learn to use CAD) 
• Outdated “obsolete” technology (film 

screen CAD) 
• Low numbers (25k CAD exams)

Fenton, et al. April 5, 2007 
Data source: BCSC

N=333k

AUC=0.92

N=25k

AUC=0.87

P=0.005



Challenges addressed by BCSC:                      
No improvement of digital 
mammography performance with CAD0
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Sensitivity
Specificity
Recall Rate

Odds ratio for CAD vs. No CAD adjusted for site, age, race, time since prior mammogram and calendar year of 
exam using mixed effects model with random effect for exam reader and varying with CAD use found no significant 
difference in sensitivity, specificity or recall rate.

Study Strengths 
• Current performance 2003-09 
• Only digital mammo with CAD 
• Learning curve addressed 
• > 569k CAD exams



Intra-radiologist analysis: 
Mammography performance not improved with CAD
—sensitivity trended to worse with CAD

0

0.3

0.6

0.9

1.2

Ove
ra

ll 

Int
ra

-R
ad

iol
og

ist
 

Ove
ra

ll 

Int
ra

-R
ad

iol
og

ist
 

Ove
ra

ll 

Int
ra

-R
ad

iol
og

ist
 

0.81

0.53

1.02 1.02
0.96 0.99

Specificity RecallSensitivity

Odds ratios comparing CAD use versus no CAD, both overall and intra-
radiologist

110/271 radiologists 
read with and 
without CAD



Drivers of Practice: Science and 
Reimbursement

Years
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1998. FDA approves CAD 
2002 CMS    payment 
2005 NEJM DMIST 
2007 NEJM CAD











AI and Breast Cancer: Phase 1
• Problem to address 

– No risk assessment models that predict individual risk with any accuracy 
– Human variation in interpretation (quality) 
– Lack of human breast imaging specialists to support screening 

mammography expansion (access) 
• Large quality databases with known outcomes 

– > 250,000 modern digital consecutive mammograms at MGH linked to 
tumor registries 

– Partnerships with other institutions outside MGH 
• AI expertise: MIT 
• Clinical expertise and engagement: MGH



Future
• Machine Learning is a tool to address our 

greatest challenges for our patients 
worldwide and amplify our impact 
– Workflow 
– Image acquisition 
– Risk assessment 
– Image interpretation 
– Lesion and patient management 

• Clinical implementation of discoveries critical



Thank you



Integration of DBT at MGH
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