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[ Abstract] Precision management of breast cancer is essential for improving patient outcomes. Radiomics enables high-throughput
extraction of quantitative imaging features that reflect tumor biological behavior and heterogeneity from medical imaging data. With the
rapid advancement of artificial intelligence (Al), particularly deep learning, feature extraction capability and model performance in
radiomics have been significantly enhanced. Based on multimodal imaging modalities such as MRI, ultrasound and mammography, Al-
and radiomics-based models can address key clinical challenges including tumor diagnosis, staging, molecular subtype prediction and
therapeutic response assessment, thereby facilitating precision breast cancer care. This review summarizes recent advances in Al-driven
radiomics for breast cancer diagnosis and treatment and discusses future application prospects and challenges toward clinical translation.

[ Key words] Breast neoplasms; Magnetic resonance imaging; Ultrasonography; Mammography; Radiomics; Artificial intelligence;
Deep learning; Precision medicine
Chinese Journal of Medical Imaging, 2025, 33 (10): 1025-1029

FLIR R R A BRI A F d va BV IR, 72 SR AH i o MR S B AR b e d AR DG AR R
WHIEREAN AT i B R RN, BRHEHEZWA AE, ISR N B AR, P IR XE LR )
M IGYT R IE m AL B AR G T MR R REE R, NX L B MR i AR AT
I R IR BLEI A%, MBS FM TR Dy 97T IR TUS S UIAHCEL, Ik, N L8R
HEE R, AR FERAEYFAT N 6% (artificial intelligence, AD FiARICHZHLERZ T IR
T, i ERBUBUOR AN [F VG IT RS A Re RS YT EEESIRVRR R, Befg Al ). SREVEHRFE,
o WEZWIE NIGIR R, EVPEME S TR ARBRA IR T ER R TR, HESHE A H H3)
PEDTHANAAEA R, JCHRETIER RIS HELL . BB SRS 7 e, 3B 48T 1 RFIEHR I
REEAFIE R . SR FAEREZEN LA, SRR R AL BOR IE SO FLIRE RS HE 2 TT 1 5T
%, AR A . 20 AT RO R ORI RS RGN, A EE 2 I E AR B T IR R R E
EH. AERAMEZRGEA N RAG R T B, e R TR, Mok RGBSR, Mg
e, R, ShaHe MmN R T Ba WK . 2B b 18T S TN A FfE Ak 5 O Bt
R AR GERARTTIE LB IR S A AT IGIR I8, LIRS AR T IR SRR, AR SCBAE
208, AEE 55 HT SO TN 77 T A7 = PR A LR Fom RAIE 78 BUIR A 1 2 o

1025




HPF

1 Al R HZEFEARBR

2012 ¢, Lambin S5CHEH 5835 1 25 4H =%
o WRAY R MRS E G IR s
TERIEAR, W s 2= BB AL R AT F2 08 1) i 4 2 s
%, WREESEEE T, 25 S F oM. BT
7 ORI PR TS S5 AH SCHRRAIE , AT S Fif 8 1 K 1 12 Wi
PROL SRR HobRvE TAR AR RS EE IR EUE &
FHAESEI 5 0 108 DL S A5 R AL) 2 5 B0E, e IR
T . R0, L8G4 A7 1E A sh it Fbr ik
FEREAR, UFMEIRBUEBRIGE . 2 245 AR TR AE 1
I, SR A E Bz AR A 2B,

B Al HATGE K FE, TR E 2 SR S 2 A% 4
Wi ik o IREES SHE AN — A3, @
I 2 2 IR 4 W 28 78 DR 2 BRAG AIE)Z NA, H
i R B AR IR SAEG IR, IR
VAR ACE T o7 N T TN A R4 B A 3R EL
IRIZHFFE, > EMRZ; RERPe S et S AnE7E
ESUEE TR, ARSI s AR v B
s R PEEA, G A IGRSER S, KRS 2]
ARG, TP R BE AR, ORI SR

FORBCRIAERA L, A 25 I RS A AR 67
2 Al BB A IR FOIRRBE 7 IR

AL B ARSI X 55
BN E G . SR MRI 45, 7RSI 2T
REFELAER . R B 2R 28 58,
Al ©HCN BB G EEE, B )70 5L, R
CWIATT R S VEAGIRI RO, sk, E R4
F OB A AN AL T . X 20N MRI 457,
PRI PRAI 7T, EERAET RGN 41 A5
B BB Ik L ARSI Bl B 797 RO Al S T
WA R e e 2 J7 T U013 T e PR A 50 R0 2 1R 38 20
REAL G270 KR
2.1 ZWbRAEAL SRR T IR MR RS2
Wr S FLIRAG RS 55dE RS (breast imaging reporting
and data system, BI-RADS) 7328 BI-RADS ') 2
T FLIR X 26, 75 K MRI 252 W, (B
2O BRERAE T E AR, 23 SRR AE R ) 48 2 U
20, LEAFNLA AR AL — Bt 2 7. AL
SUAR AL 2B AT R X — I R ME A, I SR
W EARSWKYE, SCIlizBibritif . 2 0t ik
] AL MGG A A AL I 2 W OGRS 7 T 3R
B4R Felo-11,

IR AL RS0 4B BI-RADS 733K,

1026

R EEF#AG 2 E 2025 F F33 % 510 W

2N

okt RO, FEOLALEE A S AR A4 2 W
REl1015] LT 7 I A5 %) Ll o it 7 45 2 S
A R R ST R I B iR i 2 S B A, S S LR R R
AR (1) HER FE 1T 58 P R 5 410 Mao SE MR T3,
iR X 2t BUR I T o, S5 A pLas 5 ) BIE I
BRI AN X &Iz h R T 25+
B IR REE M o T 507 SR 28 At Le 3 g
FLISERS IAH A TT T B BE 2 2] A8 A A U
Jed RS Sk o R A B I R S A B 7181
5T MRI BRI AT FIEARH RS I R 2 1)
MERAR R ) TR, AR AL RGEAT IR msi FHE
JTTEFLAR MRI R EPER AR 550 H 2 Witk el

TG PR N ST, AT TE A2 W B 48 i 22 AR
I, T AT X 4. B LRI 2560 i A T2 R
NPT BER AL, EORRRBUBME 50U B I AH 24 (1)
[F, 2> TAERRY, n S RIS I 25 (1) &L
T BT
2.2 kR Zm A AT LR
Jer A = B S UL MR IR, ARAE 2013 4F St Gallen 1K, F,
M9 AT 43N Luminal A 4. Luminal B 1, AEREAK
[XF5244& 2 (human epidermal growth factor receptor-2,
HER-2) i FA BRI = [IVESE 0740 B o | T LR
U TR e e DAVRE R VAt g 2 1) e o, AR 4H
PRAt 7O R AT B A . BT, WEE
177 A2 BB A X Lh 3G 58 MRI (dynamic contrast-
enhanced MRI, DCE-MRD . FLMR X 283550 Xt 75 5%
SRR, SR R E B i MR = B
NI BN Y s i

A S 7 E T 298 DCE-MRI 5214 s 3
S IR JE AR R FRRAE, SRHERMER ZR 32 (estrogen
receptor, ER) \ 223 52 {& (progesterone receptor, PR)
HER-2 } Ki-67 555> F3RE /K, it e &4 He
S U T LR 43 4y B2 B), BT DCE-MRI 1)
SR A AR AE VT Al 2L 52 AR A R 43 7 A 2
WAL e B . Leithner 251225 T- DCE-MRI #2514
HHEERRAE, PEAS T LR 2 ARSI o3 B )12
Wrttae, SoRTENGRE PSR A FAR XS 7 AL 5)
FIHER FE SR 80%, FHEAEMOATIGHIESE PSR I0IE .
Huang %Y )\ DCE-MRI £ #4814 s 42 B0 1 5980
JAREAE, B FE LR 2 A T X 4 FLE 2 2 (1)
SR AR, 25 5L R 2R HRR P S R FE ReAR A
PRHE R MR 73 1o AR R AAME .

Z UL T A B FUIN R, S5 AR 24
2 AR R LE TR LR 70 P2 5 T A TR /5125281,



T EEF AR E 2025 F H33 % 5 10

2.3 RS AR A IR LA R O e
MRS RIS W E WS FER, dEF AR
fEXEHITIRIT T REREE, GG Tk (i
7O AR RS W RLRERT, Bl RS 2 DO FR
PSR TSI o SR AL 2R T —Fh T B T A
BB ERS I T RFES )T A MBI A2 2]
BRI HREAE, B RREE S, SEIE
BIFRI,  CAENE RS I 7] .

Lee S50 HET MRI VR 5 2 2] 2 T L s
T 0 R L 4 B RS (12 B 1t BRI TR AT 25250 AT
S 7 LA TR0 LR 5 Ak B R A T TR R
izWrERe, WE N —F Rt A AR R . £
RS AR A 1 8 v 3 — 0 4 T T A Y i A e
FKERE . Tang SFPF K [MFEL-A S . DCE-MRI Kl
PREGHE (PR BE 2 SIRE Y, FH AR | e Tt L e 26
HIRE MR, RN SMBIAIESE F oy 53k
B M R A (0.819 A1 0.809) , Wi il 2RilE s
FLIR PR 1 3R 28 5 K o
2.4 ENFIRIT IR : B A BNIRYT (neoadjuvant
therapy, NAT) J7 R4l A Tl NAT 2 A E L5 &
TR I B BG4 B YR YT S A Ak B A 5 A
SR fi A2 0 BT A 0 T R B pl T 2 e A
SRRV 2 T FAJG T, IR R, Gl 3
BT RN T . AT 524G 2 B8 38 i Jy 4 i
BT IR DR RN S A AR AL, SEHL T NERS S
T 17 A R PR A AR

IR 7T SR 3L T MR IR P L0 515 4 2 A
RIR LA RO AL NAT 5720, HAE 27 I8 )
7RG AN R 2 R AR AR 2232, Liv U2 NAT |
%24 MRI ({645 T2WI 3 HUIIESUEF1 DCE-TIWD
M PRAT JE R S TS Y, 7 T 0 27 56 4> R AR 1)
e LA TR RS PR, Hh 2R R TR
w3t —S T, £E Luminal Y S = FA TR N B
%o WU T INILIRE NAT 5T R, £
TFEEIRYT AT IR AR L AR . BEE TR IE 2 21 B
W2 JFIRAER BRI IZ N, T NAT Yhal it
] MRI UG VT A A T 7L B NAT J7 380043 1 Bl
RRE334 i IR G B 5 R AR AL SRR 1) At
F, NG delta BAAG 215y, REXE X
FURRIE NAT J5 99 #2752 A Rt 10 T
3 Al REARA I B A &S A

Al RSB EAE A2 W 97 B0 TAS T T
W B E K. 16 AT PR B 1S = 1E

HA :/E\:

1027

SR T 70 RN A 2 BLLL N AR T 1.

3.1 ZEEMZSHGCBIREREG KR E
RIETRIHIRES 6 )1, SLM RS 2280014
IREERL S, SO — RS RIBRPE . K FLIR X 2t
. # A . MRI (DCE-MRI. T2WI. $ #hnA plef545)
H % PET/CT & 2 MEUORSE AL 1) BAME BT R e
A, AefE 5 A T LR AE R 0 2 2 A ATy (]
MU RE . MU A AIATENE L) « 228, ZEARE
AR R LU B — AR AR IR ) T v ik i pe 12200,
32 WERTRFEORAINT LR R
SR S EURIT RO E R BN 2, B
PN AS [R] X 5k 2 8] (14 2 ) S o Pk Ay 7 I # vp oy 7
R B LA I (R S . B AT A SRR AR
S 2 AN R R ) 1) e B M, AR B AR B A i
968 DX 3573 B S AR AR R AR R 1) 2 NP X3, DLEE
FErf L2 ) M, TR 2 T2 34T . NAT
I7 R8P A DA R T T &5 5 T J B e S P 7 85360,
UbAh, XA ROA ST IR N AT, BE R W R 5 18 32
TP SR N I AR OO B 1) B2 A ELAE
J2 LU Al P REAE B 58K 1 TS R ZR B, A, R
AL TERIT IR B TR AR, AT DARAEA RIS
WA A2 AE , JE I LE IR T AT R I RAAR 4 A4 1E
NI, SBEET I RE R S P ) Bl A AR33340
KRS WA BT NAT J7 80P R dER T,
& SRR S &S BRI TR

33 REEFINWS) T2 HSBEEEB  ARKNE
RETHCK R LERIT AL VR 2 TR 22 21 2 SR TR
B X R FAR A RRE . B2 GETE9%
HYID BRI = DL IR AS B AT Jo g Rl G
IIMT o TRPE S IR K A BRI R A X RO . 7
Yk H MM EIE AR, RERE S FHL 2 2 R A
(AT R, e H Am A2 16 2 e 4 T A AT LI e s 72
B S W LTI R SE, G R RSB AL B o SRR o
4 BhsR

4.1 HHEHEEARR  mE . bR 2
I GRIR B 2 SRR g Bk, H H RUAT) A2 2 B, 8
RIZ IR BREAE T80 it T A RIBIT R
AR S . REMINEZES, SBEGREM
IIARAFAE 5 22 5, B T8 1)z AL RE g AT
HE MBS, R POX —BRER A% O 7E T8 bR A 2
AERF IR, R 2 PO aTIEVERIE, DA R
RLET 2 NP @ .

42 MRIVERE SRR IREE S IBIY) B



HPF

R A A2 BELAG L R AF e PR = DA AR AN 32 RN A L
BEAG o Il PR IS i 5 L 17 MAASE TR A o 12 W B T ) 4K
P o DRIk, ATRRRETE AT IR B0 A 06 B2 e 25 1F
AR FE 5 2L bk B Al T AR TR SR X I, 3Rt
LT 20e s/ N e e B eIl LRt o = PN 3
AL AN RIAEH “ IR R SFSCRF R G
43 IR EEMBER KB TEEIR A DA In R
TR RS H, [ERDHBREIAREER. &
%2 BE AN B IR et S R K . AR R i, AR REAN
PR R FEIREA ST B, OIEEERA. B a.
FE VTN E AL o7 I o b S — R B I . 5
FEAE SRR R Re i A iy (RIS 0L T, dnfer i £f
FEH A EIVEA T SEVE B OCH B, B4 AL B
B2 Wi e, BT SR IHJE W — N MR e e B
[PPRE I FRIGReR
5 RRRE

S TPkl AT ISR A A e FL I A T 2T
HH R N FH TS OR T Rl o AR ATV I A B — R ) 22
BSRE . NERAIS W N 22 S T AR AT I ik, 2%
HAREE THE RGN 2 HERA AT ET
G AR TG EARM S WEA . 4
Ll R AR 1255 22 4 2 B0, T A 2x i g A 7L
JERRE AR L R AN G JR B2 W B T R G, It
— D HEBE IR RIAE, AN SEELE B MALE B, N
FUHRIEE RS HE BRI T T IR B R R =
Mo P 1E R 2P AR AE R it i R

S0

Bray F, Laversanne M, Sung H, et al. Global cancer statistics
2022: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries[J]. CA Cancer J
Clin, 2024, 74(3): 229-263. DOI: 10.3322/caac.21834.
Fumagalli C, Barberis M. Breast cancer heterogeneity[J].
Diagnostics (Basel), 2021, 11(9): 1555. DOIL: 10.3390/
diagnostics11091555.

Lambin P, Rios-Velazquez E, Leijenaar R, et al. Radiomics:

extracting more information from medical images using
advanced feature analysis[J]. Eur J Cancer, 2012, 48(4): 441-
446. DOI: 10.1016/j.ejca.2011.11.036.

Choy G, Khalilzadeh O, Michalski M, et al. Current
applications and future impact of machine learning in
radiology[J]. Radiology, 2018, 288(2): 318-328. DOI: 10.1148/
radiol.2018171820.

Zhang J, Wu J, Zhou XS, et al. Recent advancements in
artificial intelligence for breast cancer: image augmentation,
segmentation, diagnosis, and prognosis approaches[J]. Semin
Cancer Biol, 2023, 96: 11-25. DOI: 10.1016/j.semcancer.

1028

(9]

(10]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

=1
TR

SHEIVS

(L ESAF

2025 4E %533 % 55 10 3

2023.09.001.

Papanikolaou N, Matos C, Koh DM. How to develop a
meaningful radiomic signature for clinical use in oncologic
patients[J]. Cancer Imaging, 2020, 20(1): 33. DOI: 10.1186/
s40644-020-00311-4.

Zheng X, Yao Z, Huang Y, et al. Deep learning radiomics
can predict axillary lymph node status in early-stage breast
cancer[J]. Nat Commun, 2020, 11(1): 1236. DOI: 10.1038/
s41467-020-15027-z.

Hosny A, Parmar C, Quackenbush J, et al. Artificial intelligence
in radiology[J]. Nat Rev Cancer, 2018, 18(8): 500-510. DOI:
10.1038/s41568-018-0016-5.

Nassif AB, Talib MA, Nasir Q, et al. Breast cancer detection
using artificial intelligence techniques: a systematic literature
review[J]. Artif Intell Med, 2022, 127: 102276. DOI:
10.1016/j.artmed.2022.102276.

Shen YQ, Shamout FE, Oliver JR, et al. Artificial intelligence
system reduces false-positive findings in the interpretation of
breast ultrasound exams[J]. Nat Commun, 2021, 12(1): 5645.
DOI: 10.1038/s41467-021-26023-2.

Mao N, Yin P, Wang Q, et al. Added value of radiomics on
mammography for breast cancer diagnosis: a feasibility
study[J]. J Am Coll Radiol, 2019, 16(4 Pt A): 485-491. DOL:
10.1016/j.jacr.2018.09.041.

Liu Z, Li Z, Qu J, et al. Radiomics of multiparametric MRI
for pretreatment prediction of pathologic complete response
to neoadjuvant chemotherapy in breast cancer: a multicenter
study[J]. Clin Cancer Res, 2019, 25(12): 3538-3547. DOI:
10.1158/1078-0432.CCR-18-3190.

ZJH, DWW, BT, & BT ARSI MRI
RIS AR LH R TR I 33 Ak 2 225 5 s (1 Rl AT 1 F 7 0],
FRARTRGT A R, 2022, 56(6): 631-635. DOL: 10.3760/cma.
j-cn112149-20210810-00460.

D’Orsi CJ, Sickles EA, Mendelson EB, et al. ACR BI-
RADS® Atlas, breast imaging reporting and data system[M].
Reston: American College of Radiology, 2013.

Qian XJ, Pei J, Zheng H, et al. Prospective assessment of
breast cancer risk from multimodal multiview ultrasound
images via clinically applicable deep learning[J]. Nat
Biomed Eng, 2021, 5(6): 522-532. DOI: 10.1038/s41551-
021-00711-2.

Wang Y, Xu Z, Tang L, et al. The clinical application of
artificial intelligence assisted contrast-enhanced ultrasound
on BI-RADS category 4 breast lesions[J]. Acad Radiol, 2023,
30(Suppl 2): S104-S113. DOI: 10.1016/j.acra.2023.03.005.
Shao Z, Cai Y, Hao Y, et al. Al-based strategies in breast mass<
2 cm classification with mammography and tomosynthesis[J].
Breast, 2024, 78: 103805. DOI: 10.1016/j.breast.2024.103805.
Zheng T, Lin F, Li X, et al. Deep learning-enabled fully



AR E

[21]

[22]

[25]

[26]

[28]

2025 4E 2533 % £ 10

automated pipeline system for segmentation and classification
of single-mass breast lesions using contrast-enhanced
mammography: a prospective, multicentre study[J]. EClinical
Medicine, 2023, 58: 101913. DOI: 10.1016/j.eclinm.2023.
101913.

Jiang Y, Edwards AV, Newstead GM. Artificial intelligence
applied to breast MRI for improved diagnosis[J]. Radiology,
2021, 298(1): 38-46. DOI: 10.1148/radiol.2020200292.
Lauritzen AD, Rodriguez-Ruiz A, von Euler-Chelpin MC, et
al. An artificial intelligence-based mammography screening
protocol for breast cancer:
workload[J]. Radiology, 2022, 304(1): 41-49. DOI: 10.1148/
radiol.210948.

Shoshan Y, Bakalo R, Gilboa-Solomon F, et al. Artificial
intelligence for reducing workload in breast cancer screening
with digital breast tomosynthesis[J]. Radiology, 2022,
303(1): 69-77. DOI: 10.1148/radiol.211105.

Leithner D, Horvat JV, Marino MA, et al. Radiomic

signatures with contrast-enhanced magnetic resonance

outcome and radiologist

imaging for the assessment of breast cancer receptor status
and molecular subtypes: initial results[J]. Breast Cancer Res,
2019, 21(1): 106. DOI: 10.1186/s13058-019-1187-z.
TR, B, 2R, S5 BT MRI 2 GRG0k
i R AR R AE R RO AT HON FL IR Ki-67 FIBIRE[].
AR U 5 2 A 2022, 56(9): 967-975. DOL: 10.3760/
cma.j.cn112149-20211224-01137.

Huang G, Du S, Gao S, et al. Molecular subtypes of breast
cancer identified by dynamically enhanced MRI radiomics:
the delayed phase cannot be ignored[J]. Insights Imaging,
2024, 15(1): 127. DOI: 10.1186/s13244-024-01713-9.
XuM, Liu Y, Zeng S, et al. Development of an ultrasound-
based radiomics nomogram for preoperative prediction of
HER-2 status in invasive breast cancer[J]. Acad Radiol,
2025, 32(6): 3160-3169. DOI: 10.1016/j.acra.2024.12.059.
Huang Y, Yao Z, Li L, et al. Deep learning radiopathomics
based on preoperative US images and biopsy whole slide
images can distinguish between luminal and non-luminal
tumors in early-stage breast cancers[J]. EBioMedicine, 2023,
94:104706. DOI: 10.1016/j.ebiom.2023.104706.

Youk JH, Son EJ, Kim JA, et al. Pre-operative evaluation of
axillary lymph node status in patients with suspected breast
cancer using shear wave elastography[J]. Ultrasound Med
Biol, 2017, 43(8): 1581-1586. DOI: 10.1016/j.ultrasmedbio.
2017.03.016.

Lee CF, Lin J, Huang YL, et al. Deep learning-based breast

1029

[29]

[32]

[35]

[36]

wPF

MRI for predicting axillary lymph node metastasis: a
systematic review and meta-analysis[J]. Cancer Imaging,
2025, 25(1): 44. DOI: 10.1186/s40644-025-00863-3.

Tang X, Zhang H, Mao R, et al. Preoperative prediction of
axillary lymph node metastasis in patients with breast cancer
through multimodal deep learning based on ultrasound and
magnetic resonance imaging images[J]. Acad Radiol, 2025,
32(1): 1-11. DOI: 10.1016/j.acra.2024.07.029.

(o [ AL e B A B R 9T R IRIR(2022 4RIR)) LK.
L e B B R T R IR (2022 AERROD]. P EDE
i 2% i, 2022, 32(1): 80-89. DOI: 10.19401/j.cnki.1007-
3639.2022.01.011.

Cortazar P, Zhang L, Untch M, et al. Pathological complete
response and long-term clinical benefit in breast cancer: the
CTNeoBC pooled analysis[J]. Lancet, 2014, 384(9938): 164-
172. DOLI: 10.1016/S0140-6736(13)62422-8.
Braman N, Prasanna P, Whitney J, et al. Association of
peritumoral radiomics with tumor biology and pathologic
response to preoperative targeted therapy for HER2
(ERBB2)-positive breast cancer[J]. JAMA Netw Open,
2019, 2(4): €192561. DOI: 10.1001/jamanetworkopen.2019.
2561.
W TR, ATASES, BhRTE, . BT RIS MRI Y
delta 5215 2“7 T 2L s 5l BhiR o7 93 B 58 4= 2R AR 1)
M AE [7]. H R 2 2 3 2023, 57(2): 157-165. DOL:
10.3760/cma.j.cn112149-20220706-00581.
Zhou Z, Adrada BE, Candelaria RP, et al. Prediction of
pathologic complete response to neoadjuvant systemic
therapy in triple negative breast cancer using deep learning
on multiparametric MRI[J]. Sci Rep, 2023, 13(1): 1171. DOI:
10.1038/s41598-023-27518-2.
Gatenby RA, Grove O, Gillies RJ. Quantitative imaging in
cancer evolution and ecology[J]. Radiology, 2013, 269(1): 8-
15. DOI: 10.1148/radiol.13122697.
Kazerouni AS, Hormuth DA 2nd, Davis T, et al. Quantifying
tumor heterogeneity via MRI habitats to characterize
microenvironmental alterations in HER2+ breast cancer[J].
Cancers (Basel), 2022, 14(7): 1837. DOI: 10.3390/cancers
14071837.
Langlotz CP. The future of Al and informatics in radiology:
10 Predictions[J]. Radiology, 2023, 309(1): e231114. DOI:
10.1148/radiol.231114.
[k E#AT 2025-10-15  [4BEIBHT 2025-10-18
(R4 1S5



