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Applications of Artificial
Intelligence in Mammography
from a Development and
Validation Perspective
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Mammography is the primary imaging modality for breast cancer detection; however, a high
level of expertise is needed for its interpretation. To overcome this difficulty, artificial intelli-
gence (Al) algorithms for breast cancer detection have recently been investigated. In this re-
view, we describe the characteristics of Al algorithms compared to conventional computer-aid-
ed diagnosis software and share our thoughts on the best methods to develop and validate the
algorithms. Additionally, several Al algorithms have introduced for triaging screening mammo-
grams, breast density assessment, and prediction of breast cancer risk have been introduced.
Finally, we emphasize the need for interest and guidance from radiologists regarding Al re-
search in mammography, considering the possibility that Al will be introduced shortly into clin-
ical practice.

Index terms Mammography; Artificial Intelligence; Breast Cancer
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Fig. 1. Development of deep learning models. The first step is to collect a large-scale dataset, followed by
dataset annotation by radiologists, to improve the utility of the dataset. Deep learning models are trained
using the collected data and annotations.

BI-RADS = Breast Imaging Reporting and Data System, IDC = invasive ductal carcinoma, ResNet-34 w/BIN =
RestNet-34 with Batch Instance Normalization

Deep Learning Model

DATA

+ Cancer, benign, normal Tumor-attended

Device, model, etc Feature feature maps Invasiveness
) ) pa score (0™)
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| Loss
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Annotation B
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Loss

Attention Map Cancer mask
annotation

https://doi.org/10.3348/jksr.2020.0205 15



Ahﬂﬁjibﬂ

7

=

.
o
=

ol 2k Aol A H e et

L
L

ah5A17]

=

2d YAES

1

o]
=]

FIHYolA 4702] Fd=E

Sk
of

L= AT R 440] 4 FolA ojtfoll USR] B2
T}, 47+0] odAtol| 4] gHfQto] x}R|5H= HA o] b

o-

228 T

Ao}, wahA] 7}

Alof] et 912] Eol| o

AN
A

#olc}. gix]of of

M= faet 2ol o] ofcio 9l

ol7] 9I

o O
2=

R ghlE o2 &

5|

ol
[¢)

HJHEE A

5

ek =y

= 210

]"‘i

23]

=
T

o] 2 950l ol Zol frtol

ok
=

pio] glon, & Uolr}

A& &8ss

o

=2

]

%o 2}

lo

NI

45

1

ol
fall

]

= g7 (label)7} B8 Al

5|

Q.
©

I Stk da1e]F shgof| Ak

70

SH
o

=
T

Ch. TRt o] 2HgoilA]

oM e skl ek AleAl "ok A=

(label)7} 2ufLt 7o)

|

e g

A

Je

& %
=

o]

L=
L

(supervised learning)°l|A]

Ta
B

=
L

{n

Tor

0 2

3}
=

R Rt

o
=

=
=

JE

_q]z

ol o] &AL, 4 XU = oJAke] BI.RADS WY At 5

!
g

i

SRR

].
Aol et

7]

OEH:I

SHA]

ApAlolct.

ol
R
__O\_

&l

7N

ar
o

=750| tac), mahy

T

=1 QF

o o

hel Yoz 7

o el FEdE 2 &

31 oju] 2] 24
141 27ke) o

5

OEH:I

N2 chA|R A2 oRtel

(o] o
e

(o]
o

1= J=

H

e Yol 9L,

=
=

A2

=
L

ol o

=13
=

o] AAR 7Y

A2

]_
dlojEle] 44 2 g A=l

k)

ol

5‘5]—

T

2 3lg =HQle) o2

1 91gt 371d "l 71

5

5
=

5ol A

L 3k
[

b= 2ol
TH26-29). whekA

3

7| a2 7} Eofof

Sk
=]

T

Shgide 1A LAdEA =, o] BolA 4

ML

o) ALg-g Soists

e ARE

Fr, o] ZgeilAf o zel

5]

H7F e Aot

jksronline.org

16



EH15“_|-0<=)|AO|-Q|T5‘_I|'E|X|

CHstAlo|5ts|X| 2021;82(1):12-28

Fig. 2. Process for clinical validation of deep learning algorithms.
RCT = randomized control study

Retrospective Prospective
cohort cohort
study study

Internal Reader
validation study

Prospective
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Fig. 4. Diagram illustrates potential scenarios for triaging mammograms in breast cancer screening. In the
standard scenario, radiologists read all mammograms.

A. In a rule-out scenario, radiologists only read mammograms above a rule-out threshold.

B. In a double reading scenario, mammograms below a certain threshold are read by one radiologist and
mammograms above the threshold are interpreted by two radiologists.

C. In the rule-in scenario, mammograms are triaged into an enhanced assessment when the score is above
arule-in threshold (after negative double reading by radiologists).
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