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st Ao @A defsto] AREE 4= UTHE 1). of Breast Radiology, |3} EUSOBI)¢} grzo = 24
St xRS FES Yot 2Estd dAESs U 4

FRUX7| 3B SHSSAE 2t Y 20| st AABFATH3L, 32).
olZX|So| XM 71&29] a2 PAre Tt o 2 H P4 (single-shot

echo-planar imaging, ©|3} ss-EPI)& Arg&3to] A=t}
T8 QoA A

2 Agk 2 A o] 7|HL 3 WMo gr] 1 Fu}(radiofrequency) B2
A BHoNG] Sigel £BS W7 0w, o) FAS = GAATAHG] R kespace® ZF AU oF 50-
H2YS4 7138 BdES A A7 3893 100 msec®] &2 Azt ol G850 7hssto] A}
A H8EE Wal A she At ASE T Atk B3l 240 9FE @ BT B AFYFLH signal-to-
AEAA 549 SRR GEY o thst A1E0]  noise ratio; ©]3F SNR)E 2= o] JATH(33). 124t
A Thope W9)o) HIgEel BolEE(47 45-100%, 79- BT WAl B3| o] FAA4E Aotg AT
95%) Hol=tl, o w2 ATes Bl A7 Aade Eoll Hst So] QtH33). ol s dis F5317] ¢
FA7Ez Y4 719 readout segmented echo planar 34 k-spaceE o] BHZ Yol grjovFut HAS
imaging(rs-EPI)Ur Tl Ee T2 4238 qdE2Yd 7o JBAEEE 5012 d3&e Aai7e 22 9
S it(fusion) st WS AFESIAITH30). ol &= AR IHHY (rs-EPI) oL} 1s-EPIY] FAFEEAIS %‘i*l
B QFEgol gnE7| YolMe dAEFHol FHE A 4 = simultaneous multi-slice rs-EPI(0]38} S
I AEE £59 AdsS 7HE 4 Qe YBAE S50l F8 rs-EPD)7} /WEE o] /dol E8E AL ITH(30, 34). 1 1
e AAbetH, Y9323 (European Society Y o] ¥ 7|RE2 7H5 A (acceleration factor) & &
1. ZHIZA E ASK s S 7Y LuelEe SFRA EX
Siemens Philips GE Cannon
k-space-based DL Boost SmartSpeed AIR™Recon DL IMC
DLR DL Gain
Image-based DL Sharp AiCE
DLR PIQE
Characteristics 1 SNR, !noise 7 Spatial resolution 1 SNR, !noise 1 SNR, !noise
1 Spatial resolution Motion correction 1 Spatial resolution 1 Spatial resolution
1 SNR, lnoise ! Ring artifact | Ring artifact
| Metal artifact Motion correction
Applicable 2D T1, T2, PD TSE, T1, T2WI 2D, 3D TSE, 2D (SE, GRE, FSE, T1, T2WI, T2*WI
Sequence 2D HASTE GRE FGRE, SPGR, SSFSE,  FLAIR, DWI, TOF
2D phase contrast DWI (ss-EPI, rs-EPI)  ss-EPI, FIESTA, MERGE, CS
3D VIBE Angiography MDE, ASSET/ARC)
3D T2 SPACE 3D (CUBE, VIBRANT,
DWI (ss-EP!, rs-EPI) LAVA)
Motion free T1, PD,
T1&T2 FLAIR
FSE-DIXON, DTI,
T1, T2 mapping
Algorithm CNN (VNN) CNN CNN CNN

CNN, convolutional neural network; DL, deep learning; DLR, deep learning reconstruction; DWI, diffusion-weighted imaging; EPI, echo
planar imaging; FIESTA, fast imaging employing steady-state acquisition; FLAIR, fluid attenuated inversion recovery; GRE, gradient echo; FSE,
fast spin-echo; FGRE, fast gradient echo; MERGE, multiple echo recombined gradient echo; SNR, signal-to-noise ratio; SPGR, spoiled gradient
recalled echo; PD, proton density; TSE, turbo spin-echo; SE, spin-echo; SPACE, Sampling Perfection with Application optimized Contrasts
using different flip angle Evolution; VIBE, volume interpolated breath-hold examination; VNN, variational neural network
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7hetd Qlg=o] TAste] S Al AaATled & ol FAF GA(FE7IM e A Estes d3AT &
AT Jom, 7129 ss-EPIQF FAME GEE S AIRNe. 1SS BHete] Ao RN JAEEE B FIA
ZEYse W 3= T Qlol 2 IFEE IS 2 dexE HAEHINA3, 37). 189 SRl
4 AThAL B QITk(35) A g/3std ol ZiE™ SNRo| /3=l e BA7

TR TR M= T Fe fsh ATE o o BEEPoEN Ao R Bis sl JEA
As i Fs A2 % T2 F2F8el A48 BAS shetl =50 2 4 ok 3 $33x978
AEo] HAEATH(2, 13,19, 36-37). YEH AFE2 A ZH7|F4HA S (apparent diffusion coefficient, o]}
15T = 3.0T A7 3B YY) S22 d8E 3 ADCE 3t 474 24& AT 4 e, 719
2 sl o, k-space 7|Fro2 B AP DA o RIS 71T} vlaste] AFA 5 7]E Aol
AT FAUYFE ASHOEN 7|29 A5 YHE 9T TAHE e A FAIME A H
T 40-50% J=2 FEESAITE € 7153 94 RS ADCHol F2g o7t glrkal Hilw o], M2
YE 2UNME £2 A AS S+ A 42 ABAG 7N YAV E A 88 SRR IYoEE A
shal QITh( ™ 2). =3 9 A7 DAl (k-space 71D A 2 AT FHe ARBE e 27 FHH(12, 13,

Fast DLR (b=800s/mm?)

HR DLR (b=800s/mm?)

. a—-c. 7|Z29| oH 0| FHHHA(a, single—shot echo—planar imaging; 0|5t ss—EPI, Z3A|Zt:
woltq 7t&stE HIx 0| 23 X|s MTPHS HEet (b, fast deep—learning reconstruction; 0|a} fast
2 2x) ¥ TsiME H#FEX A0 QIS Ks MTHE HE5 YA(c, high-resolution DLR; 0|5t HR DLR, &
f 800s/mm” FAOIA CIBXs MTA FAS0| HE HASIEO| SFAT|T HHO| ZA 7 HESH
). d. 98H ZESLIHY, RY 4= FHY e 20| HolcHEHAH).

C d
33 2, YR |SHAMC| SMUAXHAMO| k—space B4 M7 EHAOM MEE Q3X|s €2|E9 o
PHeE U0 2F 7.7 cm T7(2] AEM REt0| TITHE A3M| (XX FUX7|SHI AL SMZUTIMT HEN XHS
BEY EHI2 HHAY a
I
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