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AI Artificial Intelligence
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728, VEREDNR L L oSO F R E AT 5 L9
X% o7z, HERTIIFEIATED OMMEZZEL/ DD
B, TA =TT == T ERMEIED A TN
BEIC o 72,

ST, SOEYBTH =TT T LI THAH
WY T =TT — = I AR OGO I
, ALICavEa—yCHEHLLZAL=Z2—-I )
4 v b 7 — 7 (neural network : NN) ® # 1L ki T &
%, NNOH#ALM & Fr L 2Bl i, #@Eo 2@ o Al
T—LEBME LT, $TIEFEIZ2EONN T —
LB o722 TH A, WEEERRTIEEDT 1 —
T2 7E, R4IRT &) RGO L DT, &
HIAI =2 —F )V v ~ 7 — 27 (convolutional neural
network : CNN) LI id b, BAAAE, T—1) v
T, AR 3HHOBBIENLEICREAERL >
THEETHY, 72 SADHEOD D (ETN) DSR4
LERENTWDS, B, ~VEF T 714 DORIHE
BaEHOANE LT, W [EE/ RS/ EE] ©
SN TR TH L, T, YUETT T4 LR



FLOSAMGS B BT 5 AI-CAD OBI%E & ERMLOBURE RS OSA VT A A v v a v 2)

=

T—UrIRE

s

T=UVIE

Bt
- X%
B

8 & EE

2f0E

ERUEOZEM T 1 ILE
_ MELREL
7 = Rk L

Tz

Black Box

EfREOHE/NMLE EF C

& EfE

i

&Y EMOBEARBHBHRERZ 5&E

4. BAHIRAIZ2—=F Ay PT— 712K D BEEER D6
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8 A fl ] L T\ %, 2504E 51 © FFDM (Full Field
Digital Mammography)~ >~ &2 5 7 1 & v, F¥
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B, BHREHEIC X o TRAR S 2RISR R E 32
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Exploring the current status of the development and practical
application of AI-CAD in the field of breast cancer screening

Hiroshi Fujita

Faculty of Engineering, Gifu University

Conventional CAD (computer-aided detection / diagnosis) has been commercialized mainly in
mammography and has achieved some results, but there are not a few problems that hinder its
widespread use such as performance. Deep learning is a new technology that overcomes this
hurdle, and CAD is now undergoing further evolution / diversification as AI-CAD. Recent
prominent journals include those that show that AI-CAD performs as well as or better than
physicians, those that compare the performance of multiple AI-CADs and verify their
effectiveness, those that show that AI-CAD can reduce the number of false positives and the
number of recalls compared to conventional CAD, and those that show the effectiveness of Al-
CAD in automatically classifying normal and possibly abnormal images in screening (triage type)
to significantly reduce the workload of physicians. The CEO of ScreenPoint Medical in the
Netherlands predict that the performance of mammography AI-CAD currently on the market will
reach the average radiologist’s interpretation level, and will reach the level of high—level
radiologists or higher around 2025. However, even so, the current situation is that the
performance will be further improved compared to “AI-CAD” alone or “doctor” alone, not by
automatic diagnosis, but by the collaboration of “AI-CAD + doctor”. This paper describes the
progress of the latest AI-CAD, the problems to be solved, and the future utilization of the new Al
—CAD in breast cancer screening, based on the contents of the author’s keynote lecture, with
some of the contents updated.

Key words: artificial intelligence (AI), deep learning, AI-CAD, breast cancer screening
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