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Artificial Intelligence (ML/DL)
“AI” firstly introduced in 1956 in a research project “… to
solve kinds of problems now reserved for humans”.

Arthur L. Samuel. Some studies in machine learning using
the game of checkers. IBM J Res Dev 1959;3:210-229

AI winter: up to 2009-2014, Graphics Processing Units
(GPU) for Artificial Neural Network (ANN) /
Convolutional Neural Network (CNN) = Deep Learning

Human error

Pesapane, Codari, Sardanelli
Eur Radiol Exp 2018

ImageNet website, accessed May 2019

2018

Classic Machine Learning versus Deep Learning

2018

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

The Kodak:
Killed by digital revolution
September 1888: Founded by George Eastman and Henry A. Strong
Dominated the 20th century
1990s: Financial crisis due to slowness in transition to digital
January 2012: Filed for Chapter 11 bankruptcy protection in the U.S.
District Court for the Southern District of New York.

August 2012: Kodak announced its intention to sell its photographic film,
commercial scanners and kiosk operations, as a measure to emerge from
bankruptcy, but not its motion picture film operations.
January 2013: the Court approved financing for Kodak to emerge from
bankruptcy by mid 2013. Kodak sold many of its patents for
approximately $525,000,000 to a group of companies, including Apple,
Google, Facebook, Amazon, Microsoft, Samsung, Adobe Systems, and
HTC.

Radiogenomics
(1) = Genetic variation associated with response to radiation
therapy in analogy with pharmacogenomics. Andreassen et al,
Radioth Oncol 2002
(2) = Imaging (radio)genomics, correlation between cellular
genomics and imaging. Rutman, Eur J Radiol 2009

RadiomicsSECOND DIGITAL REVOLUTION:

AI: ML/DL & RADIOMICS

Distinctive imaging features may be useful for risk prediction,
disease diagnosis/classification, prediction of therapeutic response,
and prognosis, thus providing a basis for personalized medicine.
Lambin et al, Eur J Cancer 2012, Gillies et al, Radiology 2016

Three Radiologists’ Feelings towards AI

1. A threat
2. A not easy new field of knowledge
3. An opportunity for improvement

The Challenge of AI Knowledge
Supervised and unsupervised classification
Reference standard for supervised methods: histopathology diagnosis, molecular classification,
radiologists’ classification, clinical/imaging follow-up, outcome end-point (e.g., survival)
Classifiers: regressors, SVM, random forest, KNN, Bayesian, NN, CNN, DL, transfer learning
Image features: radiologist-based semantic features, hand-crafted features (e.g. radiomics), non-handcrafted (e.g., deep) features
Feature reduction: feature extraction, selection (robust features), and reduction
Image biomarkers: best classifiers predictors
Sample size calculation for training and validation
False discovery rate and overfitting
Dealing with prevalence unbalance by image and image feature augmentation
Image curation, annotation (e.g., segmentation, scoring)
Dealing with image diversity by image feature harmonization
Guiding interpretation by explainable AI (XAI)
Radiomic quality score

GDPR compliance
IBSI standards
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Half of AI for breast
regards radiology/imaging
1,472 / 3,043 = 48.4%

AI as a second reader

What about AI for DBT and CEM ?
(This is not a systematic review)

AI for DBT (1)

Methods: A data set of MLO view DBT of 99 patients containing 107 masses (56
malignant and 51 benign) was collected at the Massachusetts General Hospital

Conclusion: The features of breast lesions extracted from the DBT slices consistently
provided higher classification accuracy than those extracted from the 2D projection
view images.

More info from DBT slices

Histogram of the percentage
of times that a given feature
was selected. (a) DBT feature
spaces: (b) 2D projections
feature spaces: The mean
number of features in a
selected feature set was 2.1.

AI for DBT (2)

A reader study compared the performance of 24 radiologists (13 breast subspecialists) reading 260
DBT examinations (including 65 cancer cases, prevalence 25%) both with and without AI.
Without AI
AUC
0.795
Sensitivity (%)
77.0
Specificity (%)
62.7%
Recall rate (non-cancers) 38.0%
Reading time (s)
64.1

With AI
0.852
85.0
69.6%
30.9%
30.4

Difference
+0.057
+8%
+6.9
-7.2%
-33.7

p-value
< .01
< .01
< .01 (non-inf)
< .01 (non-inf)
< .01

Better performances, lower reading time

AI for DBT (3)

Multi-reader multi-case study with 240 bilateral DBT exams: 71 breasts with cancer, 70 breasts with benign
findings, 339 normal breasts. Reading by 18 radiologists, with and without AI

Without AI
Average AUC
0.833
Reading time (s) 41

With AI
0.863
36

p-value
0.0025
<0.001

The AUC of the stand-alone AI system was non-inferior to the AUC of the average radiologist.

Better performances, lower reading time

AI for DBT (4)

Retrospective observer study of bilateral MLO examinations and S-2D from a wide-angle DBT system. Breast
screening radiologists interpreted 190 DBT examinations (90 normal, 26 with benign findings, and 74 with
malignant findings).
Without AI
With AI
p-value
Average AUC
0.85
0.88
.01
Sensitivity (%)
81
86
.006
Specificity (%)
72
73
.48
Reading time (s) 48
45
.35

Better performances, same reading time

AI for DBT (5)

Retrospective study: 314 women (4 with bilateral BC) who underwent BCT followed by DBT after 15.2 ± 15.4 months. Three
readers reviewed images in 3 sessions. 6 recurrences (3 ipsi-, 3 contralateral) had developed at the time of surveillance
mammography.
DM
DM+DBT
DM+AI
Ipsilateral
Recall rate (%)
11.2
4.1
1.9
Accuracy (%)
88.5
94.8
97.0
Specificity (%)
89.3
96.1
98.3
Sensitivity (%)
66.7
22.2
22.2
Contralateral
Recall rate (%)
6.6
2.7
1.5
Accuracy (%)
92.5
96.1
97.1
Specificity (%)
93.7
97.5
98.6
Sensitivity (%)
33.3
22.2
11.1

Too low sample
size of recurences

AI for DBT (7)

Secondary analysis from a prospective study, DM examinations from 14 768 women examined with both DM and
DBT with independent double reading in the Malmӧ Breast Tomosynthesis Screening Trial (MBTST)
Of 136 screening-detected cancers, 95 cancers were detected at DM and 41 cancers were detected only at DBT.
AI performance:
• The highest risk score assigned to 10% of the examinations.
• Specificity
90.8%
Almost half of the
• Sensitivity
75% (71/95) of the DM-detected cancers
additional DBT-only
• Sensitivity
44% (18/41) of cancers at DM, originally only DBT-detected
screen-detected

AI did not reach double reading performance. However, if combined with
double reading, AI has the potential to achieve a substantial portion of
the benefit of DBT screening.

cancers detected at
DM with AI

AI for DBT (8)

Retrospective: 192 patients diagnosed with 203 breast cancers, all of
them studied with DBT and DM simultaneously. A commercial AI-CAD
was applied.
Concordance correlation coefficient = 0.934
Higher abnormality scores by S-2D than DM for cancers with distortion
and occult findings, T1 and N0 cancer, and luminal type (all p ≤ 0.001)

AUC

DM
0.945

S-2D
0.938

p-value
0.499

DM

S-2D

AI tools can be used for both DM and S-2D

DM

S-2D

AI for DBT (9)

16 802 DBT with ≥1 S-2D view available  22 032 reconstructed DBT volumes that
belonged to 5610 studies from 5060 patients, with masses and architectural distortions
annotated by 2 experienced radiologists.
4 groups:
5129 (91.4%) normal studies
280 (5.0%) actionable studies but no biopsy performed
112 (2.0%) benign biopsied studies
89 (1.6%) with cancer.
DL performance: breast-based sensitivity of 65% (39 of 60; 95% CI, 56%-74%) at 2
false positives per DBT volume on a test set of 460 examinations from 418 patients.

Limited
sensitivity
AND
2 FPs per
DBT volume!

“The large, diverse, and curated data set presented in this study could facilitate the development and evaluation of artificial intelligence
algorithms for breast cancer screening by providing data for training as well as a common set of cases for model validation. The performance of
the model developed in this study showed that the task remains challenging; its performance could serve as a baseline for future model
development”.

AI for [DM and] DBT (10)
From DM
to DBT

131 index BCs
vs. 154 negatives

AI detects preindex BCs
An annotation-efficient DL approach that:
(1) achieves state-of-the-art performance in DM classification
(2) Successfully extends to DBT
(3) detects cancers in clinically negative prior mammograms
(4) generalizes well to a population with low screening rates
(5) outperforms 5/5 specialists with an average 14% increase in sensitivity.
By creating new maximum suspicion projection (MSP) images from DBT
data, our progressively trained, multiple-instance learning approach effectively
trains on DBT exams using only breast-level labels while maintaining
localization-based interpretability. “pp”

120 pre-index BCs*
vs. 154 negatives

* mammograms interpreted as negative
12–24 months prior to the index exam

AI detects
pre-index
BCs

New “MSP”
S-2D images

New “MSP”
S-2D images

AI for [DM and ] DBT (11)

AI

Radiologists

AI better than humans
AI for DBT increases RR

AI for DBT: Summary
• More information to AI systems from DBT slices
• Retrospective reader studies showed better
performances than human readers (with lower
or the same reading time)
• Potential for detecting on DM almost half of
cancers detected by DBT only
• Does AI increase DBT recall rate (one study)?
• Limited results for women after BCS (one study)
• DBT plus AI has not yet reached the
performance of double reading (one study)
• New S-2D from DBT by ML
 A lot of work to do, especially prospective studies
with low prevalence versus double reading

AI for CEM (1)

92%%
specificity
but 66%
sensitivity

50 lesions described on CESM (24 benign and 26 malignant).

Radiologist 1
Radiologist 2
SVM ML

Sensitivity
22/24, 92%
24/24, 100%
21/24, 88%

Specificity
16/26, 62%
18/26, 69%
24/26, 92%

Accuracy
38/50, 76%
42/50, 84%
45/50, 90%

The results of our feasibility study suggest that a CAD-CESM tool can provide complementary information to
radiologists, mainly by reducing the number of false-positive findings.

AI for CEM (2)

100%
sensitivity
but 66%
specificity

Methods: We compare two analysis approaches, fine-tuning a pretrained network and fully training a
convolutional neural network, for classification of CESM breast mass as benign or malignant. We improve each
classification network by incorporating BIRADS textual features as an additional input. We evaluate two ways of
BIRADS fusion as network input: feature fusion and decision fusion on 129 randomly selected lesions annotated
by an experienced radiologist. Each annotation includes a contour of the mass in the image, biopsy-proven label
of benign or malignant lesion and BIRADS descriptors. At 100% sensitivity, specificity of 66% was achieved
using a multimodal network, which combines inputs at feature level and patient-specific classification.
Conclusions: The presented multimodal network may significantly reduce benign biopsies, without
compromising sensitivity.

AI for CEM (3)
88% sensitivity
and
92% specificity

A Random Forest classifier was trained on a selected subset of significant features by a sequential feature
selection algorithm. The proposed CAD system was tested on 48 ROIs extracted from 53 patients.
Sensitivity 87.5 %
Specificity 91.7 %

Our classification model outperformed the human reader, by increasing the specificity over 8% .

AI for CEM (4)

Better results
mapping
lesion on
recombined
images

A CEDM dataset of 111 patients (33 benign and 78 malignant cases). A CAD scheme was applied to segment
mass regions depicting on LE and recombined images separately. A multilayer perceptron-based ML classifiers
were built. When applying CAD to DES and LE images with original segmentation, areas under ROC curves
(AUC) were 0.759 ± 0.053 and 0.753 ± 0.047, respectively. After mapping the mass regions optimally
segmented on recombined images to LE images, AUC significantly increased to 0.848 ± 0.038 (p < 0.01).
Study demonstrated that DES images eliminated overlapping effect of dense breast tissue, which helps improve
mass segmentation accuracy. The study demonstrated that applying a novel approach to optimally map mass
region segmented from DES images to LE images enabled CAD to yield significantly improved performance.

AI for CEM (5)

80 patients with known breast lesion. All patients underwent CEM
examination in both craniocaudally (CC) and double acquisition of
mediolateral oblique (MLO) projections (early and late.

Best performances of ML systems
Accuracy
Early MLO
0.77
Late MLO
0.73
CC + early and late MLO 0.87

AUC
0.83
0.82
0.90

Dynamic
information

System
ANN
ANN
SVM, multiv. anal., pattern recogn., 144 features

AI for CEM (6)

Retrospective study: 100 patients with 103
breast BCs. Lesions manually segmented.
Radiomics analysis accuracy
Invasive vs. noninvasive
HR+ vs. HRHER2+/HR- vs. HER2-/HR+
Triple- vs. Triple+
Triple- vs. HR+
Invasive G1 vs. G2-3
Non-invasive G1 vs. G2-3

IDC, HR-, HER2-, G3

87%
78%
97%
100%
82%
90%
100%

Subtype
characterization

IDC, HR+, HER2-, G2

AI for CEM (7)

intra-individual comparison of 48 patients with 49 biopsy-proven BCs.
Radiomics analysis was performed by using MaZda software.
CEM
MRI
Invasive vs. non-invasive
92%
90%
HR+ vs. HR96%
83%
G1 + G2 vs. G3 invasive
78%
78%

Subtype
characterization

IDC, Hr+, HER2-, G3

Preliminary results indicate a potential of both radiomics
analysis of DCE-MRI and CEM for non-invasive assessment of
tumor-invasiveness, hormone receptor status, and tumor grade.

AI for CEM (8)

52 patients, 68 lesions. Radiomic analysis was performed on regions of interest (ROIs) selected from both lowenergy (LE) and ReCombined (RC) CESM images. Fourteen statistical features were extracted from each ROI.

Encouraging results for differentiation between ER+/ER-, PR+/PR-, HER2+/HER2-, Ki67+/Ki67-, HighGrade/Low-Grade and TN/NTN were obtained.
Specifically, the highest performances were obtained for discriminating HER2+/HER2- (90.87%), ER+/ER(83.79%) and Ki67+/Ki67- (84.80%).

Subtype
characterization

AI for CEM: Summary
• Only preliminary studies
• Interesting first data for BC subtype
characterization

To consider that a great future is open for CEM
as an equivalent of MRI

Sensitivity 95%
Specificity 81%
AUC 0.94

What about AI for DBT and CEM ?

Opportunities: Clinical Needs and Possible AI solutions

Clinical needs

AI role

1. Personalized screening

BC risk stratification

2. More efficient screening

AI reader, reduced human time

3. Reducing biopsy rate of benign lesions

Lesion classification (mal. vs. ben.)

4. Personalized therapy

Cancer “molecular” characterization

5. Prediction of response to NAT

Advanced image analysis

AI as an Opportunity
The key point is the separation of diagnosis and
prediction from action and recommendation. Radiology
practice is much more than the simple interpretation of
images, including: communication of diagnosis,
consideration of patients’ values and preferences,
medical judgment, quality assurance, education, policymaking, interventional procedures, and many other
The gain in efficiency provided by AI will allow
tasks that, so far, cannot be performed by AI.
radiologists to perform more value-added tasks, such
as integrating patients’ clinical and imaging information,
having more professional interactions, becoming more
visible to patients and playing a vital role in integrated
clinical teams.

AI will not replace radiologists.
Yet, those radiologists who take advantage of the potential of AI
will replace the ones who refuse this crucial challenge.

Thanks for your attention
francesco.sardanelli@unimi.it
francesco.sardanelli@grupposandonato.it

