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https://blogs.nvidia.c
om/blog/2016/07/29/
whats-difference-
artificial-intelligence-
machine-learning-
deep-learning-ai/
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“Supervised learning involves 
gaining experience by using 
images of brain tumor examples 
that contain important information 
— specifically, “benign” and 
“malignant” labels — and applying 
the gained expertise to predict 
benign and malignant neoplasia 
on unseen new brain tumor
images (test data)”
Erickson, Bradley J., et al. "Machine learning for medical 
imaging." Radiographics 37.2 (2017): 505-515.
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SUPERVISED LEARNING
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“With unsupervised learning, data 
(eg, brain tumor images) are 
processed with a goal of 
separating the images into groups 
— for example, those depicting 
benign tumors and those 
depicting malignant tumors. The 
key difference is that this is done 
without the algorithm system 
being pro- vided with information 
regarding what the groups are”

Erickson, Bradley J., et al. "Machine learning for medical 
imaging." Radiographics 37.2 (2017): 505-515.x1

x2

UNSUPERVISED LEARNING
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AlgorithmTaskLearning

Machine Learning

Supervised

Regression
Linear/non-linear 

regression models, 
ANN, DT, etc.

Classification SVM, ANN, DT, 
KNN, LDA, etc.

Unsupervised Clustering Fuzzy c-means, 
GM, etc. 

MACHINE LEARNING
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Inductive learning: to learn general models/concepts 
from specific examples. 

A good machine learning model must generalize well 
from the training data to any data from problem 
domain.

Frequent problems are:
• OVERFITTING: The model models the training data 

too well
• UNDERFITTING: The model can neither model the 

training data nor generalize to new data
x1

x2

TRAINING
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ARTIFICIAL NEURAL NETWORK
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Chartrand, 
Gabriel, et 
al. "Deep 
learning: a 
primer for 
radiologists
." Radiogra
phics 37.7 
(2017): 
2113-2131.

CONVOLUTIONAL NEURAL NETWORKS
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Images from:
Chartrand, Gabriel, 
et al. "Deep 
learning: a primer 
for 
radiologists." Radio
graphics 37.7 
(2017): 2113-2131.
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Pesapane F, Codari M., and 
Sardanelli F. "Artificial intelligence in 
medical imaging: threat or 
opportunity? Radiologists again at the 
forefront of innovation in 
medicine." European radiology
experimental 2.1 (2018): 35.

DEEP LEARNING
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Tang, An, et al. "Canadian Association of 
Radiologists white paper on artificial 
intelligence in radiology." Canadian 
Association of Radiologists Journal (2018).

Impact of sample size on performance of 
traditional machine learning algorithms 
(hand-crafted features) and neural 
networks with few (shallow), moderate 
(medium), or large (deep) numbers of 
layers. 

ARTIFICIAL INTELLIGENCE
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Lao, Jiangwei, et al. "A 
deep learning-based 
radiomics model for 
prediction of survival in 
glioblastoma 
multiforme." Scientific 
reports 7.1 (2017): 
10353.

RADIOMICS
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MACHINE LEARNING AND BREAST IMAGING
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Adapted from: Pesapane F., Codari M. and Sardanelli F. Artificial intelligence in medical imaging: threat or opportunity? 
Radiologists again on the wavefront of innovation in medicine Eur Rad Exp, In pressc



MACHINE LEARNING AND BREAST IMAGING
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INTRODUCTION

AI AND MAMMOGRAPHY

Marina Codari, PhD

Challenge will include a Community Phase after the Competitive Phase, where top-performing teams will 
work together to further refine prediction algorithms that can ultimately be used in routine clinical practice.



INTRODUCTION

AI AND MAMMOGRAPHY
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640,000 DE-IDENTIFIED DIGITAL MAMMOGRAPHY IMAGES
(146,000 MAMMOGRAPHY EXAMS, 86,000 WOMEN) + DEMOGRAPHIC, 
CLINICAL AND LONGITUDINAL DATA (KAISER PERMANENTE WASHINGTON)

+ INDEPENDENT DATASET WITH 15,000 IMAGES (3,200 EXAMS AND
1,400 WOMEN FROM ICAHN SCHOOL OF MEDICINE AT MOUNT SINAI) 

1,150 CODERS

TO DETERMINE THE CANCER STATUS OF EACH BREAST OF A
SUBJECT (POSITIVE/NEGATIVE) 
1. GIVEN ONLY A SCREENING DIGITAL MAMMOGRAPHY EXAM
2. GIVEN A SCREENING EXAM + CLINICAL/DEMOGRAPHIC

INFORMATION + PREVIOUS SCREENING EXAM(S).

THERAPIXEL
(France)

FIRST TASK: PREDICTIVE ACCURACY OF
80.3%, WHICH WAS 5% PERCENT MORE
ACCURATE THAN THE RUNNER UP. 

SECOND TASK: TIED FIRST PLACE
− THERAPIXEL (ACC: 80.4%)
− YUANFANG GUAN (ACC: 

77.5%) 

BOTH WINNING TEAMS USED DEEP
LEARNING APPROACHES

https://www.ibm.com/blogs/research/2017/06/dream-challenge-results/



1. DEALING WITH AN IMBALANCED DATASET (Only 0.35% cancers)

2. PROCESSING HIGH-RESOLUTION IMAGES

3. LARGE DIFFERENCE IN APPEARANCE OF NORMAL BREAST TISSUE AMONG DIFFERENT VENDORS

4. SEPARATE NN FOR DETECTING MASSES AND CALCIFICATIONS

AI AND MAMMOGRAPHY
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1. INCREASE CANCER DETECTION RATE AND REDUCE THE RECALL RATE

2. QUANTITATIVE AND REPRODUCIBLE ASSESSMENT OF BREAST DENSITY TO STRATIFY RISK FOR

BREAST CANCER

3. RADIOMICS TO IMPROVE TREATMENT AND PROGNOSIS



Geras KJ, Mann RM, Moy L. Artificial Intelligence for Mammography and Digital Breast Tomosynthesis. 
Current Concept and Future Perspectives. Radiology (2019)



INTRODUCTION

AI AND MAMMOGRAPHY (BEYOND BREAST CANCER)
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BREAST ARTERIAL CALCIFICATIONS, ARE ASSOCIATED
WITH AN INCREASED RISK OF CARDIOVASCULAR
DISEASE EVENTS.

“CARDIOVASCULAR DISEASE, OFTEN THOUGHT TO
BE A “MALE” PROBLEM, IS THE MAIN KILLER OF
OLDER PEOPLE OF BOTH SEXES ALMOST
EVERYWHERE IN THE WORLD.” WHO, 2018

64 MILIONS

8 MILIONS

2 DISEASES

1 SCREENING

UNDERGOING MAMMOGRAPHY

HAVING BAC



HELPS IN THE DETECTION OF MASSES AND IN
WOMEN WITH INCREASED BREAST DENSITY

INCREASES READING TIMES (50% - 200%)
LIMITED RESOLUTION
LIMITED AMOUNT OF DATA
DIFFERENCE AMONG VENDORS

AI AND DIGITAL BREAST TOMOSYNTHESIS (DBT)
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CLASSIFICATION PERFORMANCE
OF THE MERGED-VIEW
CLASSIFIER ON EACH SUBSET OF
LESIONS CONSIDERED IN THIS
STUDY. AUC IS PLOTTED WITH
ERROR BARS SHOWING ONE
STANDARD ERROR. 

LESION DETECTION USING DBT IMAGES WITH
CONVENTIONAL RADIOMIC METHODS YIELDED
PROMISING RESULTS.

REDUCING RADIATION DOSE
ENHANCE OF SYNTHETIC IMAGES
ENHANCE THE CONSPICUITY OF CALCIFICATIONS
IMPROVE LESION CLASSIFICATION (3D)
REMOVE NORMAL FIBROGLANDULAR TISSUE

CNN
(feature 

extraction)

SVM
(classifier)

Adapted from: Mendel, Kayla, et al. "Transfer learning from convolutional neural networks for computer-aided diagnosis: a 
comparison of digital breast tomosynthesis and full-field digital mammography." Academic radiology 26.6 (2019): 735-743.



AI-ENHANCED SYNTHETIC
IMAGE

NORMAL SYNTHETIC IMAGE
AI-ENHANCED SYNTHETIC

IMAGES
NORMAL SYNTHETIC IMAGE

Geras KJ, Mann RM, Moy L. Artificial Intelligence for Mammography and Digital Breast Tomosynthesis. Current Concept and Future Perspectives. Radiology (2019)



HIGH AVAILABILITY, COST-EFFECTIVENESS, 
ACCEPTABLE DIAGNOSTIC PERFORMANCE, NON
INVASIVE, REAL-TIME

OPERATOR DEPENDENCY, SPECKLE NOISE, LOW
CONTRAST, AND BLURRED BOUNDARIES

AI AND BREAST ULTRASOUNDS
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• AI HAS BEEN INCREASINGLY APPLIED IN BREAST US AND
PROVED TO BE A POWERFUL TOOL TO PROVIDE A RELIABLE
DIAGNOSIS WITH HIGHER ACCURACY AND EFFICIENCY AND
REDUCE THE WORKLOAD OF PHYSICIANS.

• GREAT PROGRESS HAS BEEN MADE IN PROCESSING AND
SEGMENTATION OF US BREAST IMAGES

Feng, Yuan, et al. "An 
adaptive fuzzy 
C-means method 
utilizing neighboring
information for breast 
tumor segmentation in 
ultrasound images." 
Medical physics 44.7 
(2017): 3752-3760.



AI AND BREAST ULTRASOUNDS
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• GREAT PROGRESS HAS BEEN MADE IN LESION
CLASSIFICATION IN US BREAST IMAGES

• ZHANG ET AL. ESTABLISHED A DL ARCHITECTURE THAT
COULD AUTOMATICALLY CLASSIFY BENIGN AND MALIGNANT
BREAST TUMORS FROM SHEAR-WAVE ELASTOGRAPHY
(ACCURACY OF 93.4%, A SENSITIVITY OF 88.6%, 
SPECIFICITY OF 97.1%, AND AUC OF 0.947.

• HAN ET AL. USED CNN DL FRAMEWORK TO CLASSIFY
BENIGN AND MALIGNANT LESIONS ON BREAST IMAGES
ACQUIRED BY ULTRASOUND (ACCURACY 0.91, SENSITIVITY
OF 0.86, SPECIFICITY OF 0.96 AND AUC OF 0,90)

Han, Seokmin, et al. "A deep learning framework for supporting the classification of breast lesions in 
ultrasound images." Physics in Medicine & Biology 62.19 (2017): 7714.

BIRADS DISTRIBUTION OF
(A) TRAINING DATA (7408 
IMAGES) AND (B) TEST DATA
(829 IMAGES).



INTRODUCTION
BREAST MRI DATA WELL FITS TO DL APPLICATION

• MORPHOLOGIC / SPATIAL

• DYNAMIC / TEMPORAL

• HUGE AMOUNT OF DATA FOR A SINGLE PATIENT

AI AND BREAST MRI

Marina Codari, PhD

87% HAVE RETROSPECTIVE DESIGN

56% USING 1.5 T, 18% USING 3 T, 20% BOTH

74% DCE ONLY
12% DCE AND (DWI OR MRS OR T2-W)

STUDY DESIGN

B0 STRENGTH

MRI PROTOCOL

Codari M., Schiaffino S, Sardanelli F and Trimboli RM. 
Artificial Intelligence for Breast MRI 2008-2018: A Systematic Mapping Review. AJR (2019)



87% HAVE RETROSPECTIVE DESIGN

56% USING 1.5 T, 18% USING 3 T AND 20% USING BOTH

- 74% DCE ONLY
- 12% DCE AND (DWI OR MRS OR T2-W)
- 5% DIXON’S METHOD
- 5% DWI

STUDY DESIGN

B0 STRENGTH

MRI PROTOCOL

STUDY DESIGN
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IMAGE PROCESSING

LESION CLASSIFICATION

PROGNOSTIC IMAGING

RESPONSE TO NAT

ADDRESSED AIM
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Dalmış MU, et al., Medical physics (2017)

Fan, et al, PlosONE (2017)



54%

11%

9%

14%

11%

1%

Breast lesion classification

Tissue segmentation

Lesion segmentation

Prognostic imaging

NAT response

Improve image quality
Codari M., Schiaffino S, Sardanelli F and Trimboli RM. 
Artificial Intelligence for Breast MRI 2008-2018: A 
Systematic Mapping Review. AJR, In press

ADDRESSED AIM
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BREAST IMAGING REPRESENTS A FERTILE GROUND FOR AI APPLICATION

AI HAS THE POTENTIAL TO IMPROVE IT

CLOSE PARTNERSHIP BETWEEN CLINICAL AND DATA SCIENTISTS WILL BE
THE KEY OF SUCCESS

LESION CLASSIFICATION AND IMAGE PROCESSING ARE THE CURRENT FOCUS

TAKE HOME MESSAGE
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WHAT TO EXPECT
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