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#9249 (deep learning, DL)-& 7]§to 2 3t 9l
5 (artificial intelligence, Al) 7]|&-2 o] Ay}
SEE FIANZ 5 e U B2 S5 QUL
z79= AFE EX HE (computer—aided detection,
CADe) 9 AHHH HZ At (computer—aided diagnosis,
CADx)ol|l =2 &= glo}, dx AlS] &8 Hel= <
= Rdg (prediction modeling) ¥ 1A= AS3} (risk
stratification) F o2 = QlIct (1, 4, 5).
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A BEAZ Aste AL 1]?3;}@1:]- Al 31‘4 (Machine

Learning, ML)2 15 %]59] 519 Eofz, Hlo]Ejof| 4] =

| AdYFolt (6, 7). HAN=

7o ot £2rd 71¥F EA (handcrafted features)

FZo 9&EF o, o et el A 2ofl= A7} A
Al A

oF (neura network)

|

= %OH Eﬂ ]Hfﬁ
7|E2A AR Eﬂ
end) St&o] 7155HH,
=5t JH7HA —rﬁ‘* T %E]r 6, 7). @’ﬂ%
(Convolutional Neural Network, CNN)-& o]u]z
of £3tH el o[E A =, T4 7o FHA
EolHA EAE FE0t= Aol Lot &
0] 2] oA o] si4l 7|e= AR Aok (6, 7). E}E]E‘lli
(radiomics)= 98 F4S 18&9 tAE 4
Hokoto] TS BHAY (phenotype)dt %@@ = é
Atz 71eelt (3, 7). e Hx HE (CADe)2 24

B 1. 20354

or

g9

o of

£ QAL olnl EYS B
L 241 AFA)% Bofolt (7). (&1).

o4 AL Tedt AT BE ROl 5519 o
AaA Azdoz A5 gttt 19569 £ H7HA (ohn

McCarthy)7} Al /& A2 4703 o]F, 1970 &
£ S|5.eof g0l DU (6,7). 37] N2 3
wo] mef, A 5 4o M JbsE 54L&

2 Yo G4 SEgen, Bt E2EE W3

w2 Qurst Hio] vol YH AmAe] AgAelelt
(1. 20129 AlexNeto] oJu]z] Q14] the]of A 19| 4
42 AnuA eido] ATd 58 WA HIL, o
= =g ZopollAl AF ‘—EJJ & 7leo] BAste A
27} Sk, ejata AR ole] 4 35T Y B
wAE fEst] ffef AlE 2837 YAEEF AEST
EAHOR AFEA (8, 9). 2022 o] F Aol nd
(Large Language Model, LLM)¥} 2344 A7} 540t
HER 3= A4 2 Hel g (Multi-modal) HlojdH &
ol 7FealiR L (7) B Aghg dol AEE o5, 74

Term

Definition

Clinical Application

Artificial Intelligence (Al)
Machine Learning (ML)

Deep Learning (DL)
layer neural networks

Convolutional Neural
Network (CNN)

Radiomics

for image recognition

from medical images

Computer-Aided Detection
(CADe)

Computer-Aided
Diagnosis (CADx)

Generative Al (GenAl)

making

Systems that mimic human intelligence
Algorithms that learn patterns from data

Machine learning based on multi-
Deep learning architecture designed

Extraction of quantitative features

Al system assisting diagnostic decision

Al models capable of generating new data

Automated image interpretation
Lesion detection and classification

Automated medical image analysis

Lesion detection in US or MMG

Tumor phenotype and
prognosis prediction

Al system that highlights suspicious regions Calcification or mass detection

BI-RADS risk assessment

Image quality enhancement
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A AR A 5 Y =79
A ).

A EFE A7t 71555

TIE: Y ASTOIM QSKIS2 2 2L Al

St 20219 o] %= A A o= 8l YAERS G40l
o]0l 1 gl Al7]olt}. A% GH 281} (ABUS)9}

AL ZgHste] wefat olu]x] HlolelE Eajold (triage)

T 22uE HAA ERTE B2 ASAEC] T St B AR @EA7IE ARE L (7), 959
2 54 2o AlS] =4 a7} vf¢ {83t BoF 5 o s A= 9AE Hol 4 oF (molecular subtype) <
trolth, 20109 H] xRk A5A mAlyyd 2 54 = 5, 9ot fxd Ho] o5, a& M FAeteta Wk o
DA ZA, 27]9= AEE HE HA (Support Vector & 5 ISt o d|=02 AT of o] At (3,

-13).

Machine, SVM)o|tt #e ZHAE (Random Forest) 11
S= AHgcto] BH o3 E
e BEFot AZFT (7). GA 2339 A A
T (PPV3)E 9-11%= o} o]5 7f4st7] Y3t Al 7]
Zg Aol tEE At (4) 20161¥9-20209-2 CNN
719k Zek H27F B Al7]oth 20161 ©Hd 251t
(SWE) Hlol€l¢t Hejd-& 2%
Aot A7 £2 A-e AT, S-Detect (Samsung
Zh] WS CADx A|AHlo] &
HEEHA A2 #5009 Sk ZpolE Hels] 5
= a7E Bk (10). 20184 99 220t GAF (breast

oF g2 HAleg &1

Medison)9} &2 22T

stol E%9| FHEE 2

2 2.

S-Detect (Samsung Medison)+= AH827F ¥

BI-RADS £5&F A A

=
1
e R 54 (B 99 3
|

A )& BAste] 9y THsA T2 oy 7P

4. 78 2SOl ALEElE &8 Al 4= (B 2)

A GGl &8 7het el A8 Al =752
A A A (CADx) = A= #19 (CADe)9| 7|52

rE
I olN
>

o,
™

H2 Y 2300 AL = & Al YE
HZF (MZA HEFA IEER SH4rAl Udd &8
S-Detect HHUS - LjZ&d « O|2#% 21t (possibly benign  BI-RADS 7|&& Atsat, AR}
(Samsung Medison) o AFEAPZFHEH  / possibly malignant) O|2M ZA BLIQFH MA ZIA
=4 A + BI-RADS descriptor 44 e A mER}BR
< A7t 2tE
a7 43
CadAl-B HHUS « ZAREEH  « ZAIRheatmap (CadAl-Map)  AIZE B &2| & 2T S¢,
(BeamWorks) gz) & et . obgEtE A4 (DadAi-score) A|UFLOM S5 S 7t
» BI-RADS category
Koios DS HHUS -#iH S8 + 0-TALO|Q] SHYStE 4% YA A E A, T=A1 2
(Koios Medlical) or < AARAIZFROI < BI-RADS 2-555 (benign / Q2| SA
ABUS A& probably benign / suspicious /
probably malignant)
BU-CAD HHUS -Hig S&d +0-100 ALO|2] Lesion g &2 & RITHEE, BI-RADS
(TaiHao Medical) « HARRPZFEE characteristic score (SLC) 1E8E Ats Y, TEAIZLEE
a4 « BI-RADS category
< AI7} HH « BI-RADS descriptor 444
oM A
QVCAD ABUS «3Dvolume 2| 22 marking s 28 T4, U8 JH0IM
(QView Medical) A EfAH « 2158 Minimum intensity HH ERZ| HR

projection(MIP) navigator 7|8t

circle overlay

HHUS, hand-held ultrasound; ABUS, automated breast ultrasound
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olEHA WIS ATt (4, 8). HIEHEA Z3} 0.909]
AUCS} 82%°] Mg, 83%°] Sol=& UERlom, £9]
Az} Aaolsr ARolo AT AT EE AR} ~Zos
Rebshe o] avbdolaty Rusttt (4, 7,8). (2 1)
CadAI-B (BeamWorks)= W A7|&2 A <

FEUE AN 4 280 AT B2 Aagolt
oA 9o =4 (annotation) §lo]k BE AAR O]
915 94 &qisiotel sHah AR B (weakly
supervised learning)' B4 ATt A A 7F T otk
oF4 &-E 1} BI-RADS 552 AF=5HH, 'CadAI—Map‘Ol
o 31 7o) ARE ol W U ol 3917} obg £
43} QU= A7tk £it. o), A $4 S
(Category D)o A W1 92.3%, 24 AZ% 96.0%2

HJr B x

T2 e B, &= o oA 3 = {9 &
A 59 #Ede Eo 3 (14). (Od 2)

Koios DS (Koios Medical)+= #H] A ZA et E361HA|

Aol Vst 5 Y BE 24 A9 A2tk A4
A ALGATL HAS Aes £ Ao SARE B
Hate] 0ol A 1 Afo]e wg 8L 4H2 A B, o2

BI-RADS 2|F B7} 55 (2~5)1} vfAste] AR} (5,
15). 7|3 Aol A %%4 o] g+ AUCE 0.839A4
0.87=2 FAA 7 o™, BI-RADS 7o) mh=x} 7t HAj:
AAaskint (14, 16). (717 3)

BU-CAD (TaiHao Medical)= (CADe)x} Zck
(CADx) 7]5°] g4 Wit 553 AZEolo|tt. A
A7} S 55t | %

A 2Hlo| HEstHE, A7} X}
o=z W 99 (RODE Aot o |2d-S
gt} 0~100 Atolofl A B EA M4 (score of lesmn

characteristics, SLC)E Al-&stH, ol tf-§ot= BI-

RADS 7He| 2] e} FHiety 7ews o7 St &
= A 7HS AT OF 40% B2A 7= 84 Z ans B

It 4, 8). (2 4)

Classification
Shape

O ienitation

Margia

A&l 1, S-Detect (Samsung Medison).

bl 7 70} Hsio] 242 Y5ty
S-detect’t AHt5o 2 HHo| U8 1
2|1 EASICH ATEQOlE 2FH

Urnselected

Azsocisted Festures
Urrielected

g 4E 7|s0| 27I=(UCt Adapted
from Brot HF, et al. Ultrasonography

2024,

Special Cases

& Not paralel

3 Not Circumscribed

a3 2. CadAl-B (BeamWorks). A
A2t M2 & LA on A
SO HHE A522 Z A5t %ﬁ
StCt. CadAl d4E AlSotl HHE
BI-RADS Y2 £23ICt Adapted
from https://www.youtube.com/@

BeamWorks




ATIE: 7L 2SMIM ASKIs

o2& % ItA|

ANTI-RADIAL

2! 3, Koios DS (Koios Medical). ZARAP 24 99 Q|2 DFRAE 2 stH AT EQ0{ 7t HEES M5t BI-RADS
H2Z B A|ISIC} Adapted from Brot HF, et al. Ultrasonography 2024.

&l 4, BU-CAD (TaiHao Medical). ZAFAIZL BEALAY (radial) 2t SREAMA (antiradial) 42 &S5t

o4 JAS &S5t E BU-CAD AZEQ0f
2 1S5t ATEQ 07t A5 22 ROIE 45t HH S E= (score of lesion characteristics, SLC) 2 BI-RADS 7|&
201 (descriptor)2 A28t} Adapted from Brot HF, et al. Ultrasonography 2024.

QVCAD (QView Medical)= A5 44 221} (ABUS) Il 7% 23o0|M Q32| s2| U4 A&
Hgo g2 AA o] gt £F tlolE oA oA g

A= AlAcr BAFC BN BE ATt GEAXIH 1.21ctEY

ABUS7} B/dsh= 34 4] &F tlolelolA Smm o]

o oA YE F9& Ao r AEstal A 5Y A 1.1 ZIEH Zetzof gkat

EA} (Minimum Intensity Projection, MIP) gAef ©]4] T A2 A8etd Al =450 s9H 94 A
FHE 9P o2 BAR WHeh ABUS 94 B= A1 299 tisstAY ol & A2lsh= Aol Slas AAlsH
Aot A B2 E 2050, A4 5 A7 &5 2L Qlt} Koios DS&E 900719 H¥S tid o & g Ao
AA AE HAF 8 EQhl H skt (7). (1" 5) Al Al &5 AUROCZ} 0.882, 2] H+#<l 0.835 T} =
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Al YepETE (4). S—Detect= HEFEA 21} 0.899] =2
AUCE Hglow, tiifi k4 A+toA 72]9] 0.74
Hrot =2 0.839] AUCE 243t (4, 7, 8). +& digtw
(New York University, NYU) dlo]€] #}+& Al et NYU
g A2 (NYU Langone Health)= oF 289+ 749] Bhcjj gt
glolHE g5t NYU 9 ZdS 7idstly, i H|
A~EAO]A AUROC 0.976, 215 E]AEA]A AUROC
0.9279] At At & Bty G4t Mookl ¢
Al EZ AT A 832 oF 27.8% AAH AT (1).

1.2 TLHE W 9 B2 T014e] HY Ak
AFASL Q17re] A7 A7) FAE Hekstol Thrte
& 2ANAE £ AL 4T 7 Y2 52
5 w17 249 F940] SHrFo] NAE 023%)9 S
A 5= 060771 1% s A w10

& ol HFM4

(non—mass) *gHA = MobdeNet %4 Al nde
5ol 0.84~0.919] =2 A aleltt (7, 15).
SRR 21235} 0]— EO‘F_J H/doﬂk] ol7tHth ¢
=2 A (74.1% vs. 57.4%, p = 0.002)5 E3Tt (16).

L B4

&gl 5, QVCAD (QView Medical). QVCAD= 5mm O]4f
217} Sl 2|0 ZAIH 9l 3Tt 9| 00|22 &0l sE

of-testimonials-1

1.3 YEIRES 5512 S5 A% 23
T B-mode F/d<] S %Eé}ﬂ A8l 7154

H

Sgshe
1 k. =4 &
(stiffness) AR = AP
°1ﬂ°4i-4ﬂ%a%1%ﬂ¢%siﬁga%w
% 93 sttt 3). =29 ¥ Y5 =

olgste] A7 ARt vABY WAL Al2 BHT A,
o= 24T AUC7]- 1
RADS 4 ®®io] 7+ 71

=
=
o

hL

1_:_0

o =
/\1 Y EL 37.3%, HA AA 8742 27. 8% st
= _B_ij—g _1_0]'93\14' (1) I e oq:ILOﬂ/\i —4 E
Zotx & F5fl BI-RADS 4A BH2| 19%%5 BI—RADS 3

(probably benign) 2 o}3F 2451911, o] © 5%%to] oF

Aoz et ¥hA, A7} BI-RADS 304 4AR A

o 238 PHOAE 1797 S22 gels g, ol
o

=22 FoHAL EL Qo AAHL £ 49

MARIS £9IZ U250 4 O HHS BABICH AL

. Adapted from https://www.qviewmedical.com/copy-



1.5 B Alzie] 3 £13

F91a, AHY (discrimination) A]ES1 AUROCE 0.921
oA 0.9532.2 Folu|stA 4 (p = 0.002) HActal B
15kt (15). BU-CADE i ¢
ANZFE B 3015004 18112 °F 40% FAA 7=
TIE BAFAT} (4, 8). o]2gt Al

o] yh=9] it ofy g} HEfo] T Abg
A9 HEEIAE BE 2L E YD
AA AT £ E A Aet=d AEH
a9tk 4, 17).

1.6 {48 E2J0R| U Y AR £

olch. NYUQ] tf = dlo]e] 7]¥t A
99.86%Tt= WS =2 o4 o =%

cCERE EEECE

.77z 23| EZst 2 A5 210

Al= BI-RADS &5 AAl w2 B | FHetd 7]&
(descriptors)& A 0 & AA|sto] HiA 2] a&
de =Y & ok A%A AF A4 o=, S-Detecttt
Koios DS} -2 A~ R o] mof Wk A 55
AEor FAst] Ao S HEE o e BES
5 7)& 2L AF3t 4, 8). o]= wEA} 7F WAl A4
o] g2 SARTt ¥ HEoEe] Ty dTAE Eo
I F7HA]1 A olu AEo] AQ = ARHE Eol=
gl 7199 4= QlTk (6, 8). 2025 ©]F HAFGH 7 tj¢loir
g 7|9te] BdE Al HERE HolHE Fdcte] #E
w0 e+ AHF AAste ool ZERleH, ol AE
o] P 4R AAAAS ok (18, 19).

2.0 g9

2.1 2Ok 0|5

ATAT A8 A oL T IAE £AT &

ATF: R 2SN USKISC
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Hoogt
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X

of &= Hr 1 o N
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Jm 19,
ol
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ox ol
o |

subclones) 9]
S= 7hFs oA _e (12).
ER2 2+2} o] 4 @7l A sfiAlo] 7ithe-g
o gedo EgS e 4 itk HA =
92238t (Immunohistochemistry, IHC) 2
e SHok7] s A& (Silver In Situ
Hybridization, SISH)oJ4 &30 (fluorescence in
situ hybridization, FISH)Z} -2 542+ 4=59] 'Ground
Truth'E A4 5ttt d7to] Bad gdajd 2d2
HER2 2+ AtlollA] ¢F 86.6%2] =2 AL E
ol 7|9 HH HEoEo] YT R
= fromn|stA ZalRit (12).
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ool o BN ot o

]
A H o g4 942k AUC (0.89-0.96)
(1), 9% R Ged B ok
% 71 47 (CNB) A7t o 2 33t (AUC
0.99 vs. 0.67-0.82)F Hof 3ot (11).

i)
fr e rlo

1

B AZIE
7] ¥3} (Response Evaluation Criteria in Solid Tumors,
RECIST)E 7|&o=2 SAsHAT, A= jhgste] T4
ol Awd 2o & HiAlE A 7] ®sprt A9 glof ¥
& o5 Ags] dsly] o Fet B (4, 8). ®
St HARARS] o] whet A7 Eetales AR AR
ok (3). Al 2 g2 2t =~ (DLR)9| 2§ = e
A &4H Whg (pCR)= A5 4 Sl=H], Jiang 52 A=
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o] HEhS $H1O] OF 90%E AE
W, A7 27] GACNA 't gl oF
o 2AT} 2 o)L olAbA A utelster) (13).
ool A7k e 27 Wshe dol $¢ Wi
AlgA o] Bt Hale T dolg Bt
W ARE ATToRA 2 25 .
B2tk Holtt (3, 13).
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aH— =

,d
o
oL
fu
N
5
N,
i

- A1 o A o]
clinically node—negative) 1t &7t Fom, &
Holz] ¢F= |4 o] (micrometastasis) & =
o] 15~20%0l 93ttt 2o Al 7142 A §9] 7]
o2 Ao ol BE westy] flof A AAE He
ofet g FF (primary tumor) 9] 231 E4-&
etttk (4, 20). 9] AR el Y5 Aoz 4
o4 Hdojet AT ATAYY a2 B
AAE ﬁ&%ﬁj Axtoltt (2, 20). Zheng 52

u} @/del &4 2autket A4 o]
gt opy et ?ﬂo]% HxA
9] 7H—.— (heavy vs. low burden)7HA] &35 1 0.9052]
AUCE E T (2). o]= ACOSOG Z0011 94+ A&
ol wet EE et Aot A &S 0oty e & |

Hzyl 7zvo Hzra o Fisleld A 44 97te] 5

dob £O oY it o rx

H

-

C

ix o .IIN' O o~ rSL ek

Hdm

ﬂ.IE = ﬂlgﬂ o,

=2
r&

IE—LJoLJQF-IE}iéHﬂm Io-{oo}m_lﬂ_l%

ol H:l m&

S dAReh A2 A Hol A E S5k Al
Ldo] H|AEH Q4 Hie|@utA (biomarker) 24 7Hs
go] A& AASEAT (2).

4 R7| 2|2 MefE Yo 3=

Egjolz|= A Ayt 1o r] Holgte At
toz 19 ofg (d: TNBC) 7HsAde Z719] A]
& ot s}t WMol 4% A3 Hot w2
QA Btk (4, 8). oFF o] Zmut ol Ki-67

et g o] et AAE A

2 3|32}

ri

Al
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M
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ol

1.7123 4 |2k

AA'I Ol I SkEA
= o
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19
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< 4 0}74]7P °‘E’r (4,
A2t Hlo]eeF 22 AfQletE
A 71eH oz mje 7ittag
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o 12
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NNy
L b 1o K

i)
ol
rr

1.2 £0j9] A|ZE (domain shift)2} Lut3}
(generalizability) 85

9 2eute A AARCR 107 ol F2 Ax
AZE ZE7] T ERRARA Z1ad A4S ARgska ol

(10). =HII A ZEE= QIF 25 RHlo] ot oA 74
At glo]g B (source domain)t AA eJAfo| A afF
Sh= dlo]e EX (target domain)7F GA|51HA] o= 3¢
9 9] & 5ol Aot FdS onlgtth. mEtbA, &
A 2u| 2 st E Al BEo] Th2 A 2ALe] ZH|u) T2 9]
=7])7H9] 2ol A sl §436] ActE = ZH|Ql A ZE

£ A2 5 Yod, ok WY EUel 27164 4UE 3

Sitolet (7).

1A
H
&

1.3 ZARRE|Z2E L BFE 3 24
% 281} (Hand-held ultrasound, HHUS)= AARA}
o] ALl ol Ao el g4te] dol 3A gt =
AN OE2AS FHAT (4, 8). ol HlEEst At
S E HrAle AlQ] Rt él&x_‘%—sﬁé 2~ o]oni o].l:_?ﬂ
oje} FytstA At 52 HuEAQl gz
= M 94 85

1493822
Al £540] 5
1% A8 Bl A FEolor s o
Be AEe] WEo| 9l sd ool 25 ROI A%
e B (7,9, 10). B, Ged muo] 835 of

o

mlo Y



AFaH TE Azke] ATHOR olad 4 gl Belu
& BAE 9B A0] AFE A aio)7]E st (1,
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Applications and Challenges of Artificial Intelligence in Breast Ultrasound

Jin Kyung An

Department of Radiology, Nowon Eulji University Hospital, Eulji University School of Medicine

Breast ultrasound is widely used for the evaluation of breast lesions and as an adjunctive screening
modality in women with dense breasts, owing to its high accessibility, lack of ionizing radiation,
and capability for real-time image assessment. However, it is inherently operator—dependent and
has relatively low specificity, which can lead to increased false—positive findings and unnecessary
biopsies. Recently, deep learning — based artificial intelligence (AI) has emerged as a promising tool
to overcome these limitations. In this review, we provide an overview of recent advances in artificial
intelligence for breast ultrasound and explore its clinical applications in diagnostic and predictive
settings, along with the challenges associated with its integration into real-world clinical practice.

Index words: Breast ultrasound; Artificial intelligence; Deep learning; Computer—aided diagnosis
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