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Abstract

The theory and technology of Artificial Intelligence (AlI) are becoming increasingly mature, and its
application in the medical field is expanding, especially in the field of image processing. The incidence
of fatty liver disease is high, and the age of onset is becoming younger. Accurate screening, classification,
qualitative and quantitative diagnosis of fatty liver in the early stage, as well as accurate judgment
of the progress of the disease, are of great significance for the prevention and treatment of patients.
This article reviews the research progress of Al in the diagnosis of fatty liver disease on ultrasound,
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1. 5]

N T HfiE(Artificial Intelligence, ADAE [T FL WA AL THEHLBER AN BARAIHAT NSRBI REAES5 (1
Rt HORAE LA RN I SO A 1 Y R B ATy, DAk 9 N SEAE & I T AR P i B
R[] TR, AL FIEARFIHOR H 28 ok, R H UM AE AR K. BEE “ EIC +BET fd Fe
BEECHIANWTHERE AT BORAE B2 27 AU ) 7 FH B A B B A 2]

Jig 7 V5 9 (Fatty Liver Disease, FLD), iFRARII, & 24 IR 5162 0 L4077 8 1 i 107 28
FRFAE ) — b R EE S A ZENRIR b, BRI AT 23 9 AR 0ORS ¥4 6 197 14 9 (Nonalcoholic Fatty Liver Disease,
NAFLD)FIE K 14 A 7 PE RT3 . NAFLD J2& H a7t b s DL AT, 02 A OC & e R ABE T2 %
M EZIRE 3], #2016 HtHF PAMLUL T, I 19 AZEBEENGH BEEN D1 39%)HE, 6.5 2G5
FRAE N 13%) M. E, FLD /™5 g BN I@ R, RO R T B P 28 16 35 — K (IR
#2019 fEH [E R S ENR) Bon, PEBEGFMABCEEL 2 12), KRFEAWTHE, BRWEE
W HBFER . B FLD B vl RIS AR, 8 &8 o DUB R T DL B0 %, i A FLD &
HWTERREIRE, ATEAR A ARITVE %, HE 2R R A LS 4R o IR 35%~65% )
NAFLD & 2 H B 8 K RTFEF4EL IR, 3%~15%0) NAFLD 8 # & &K e N FiE{k[4]. Kk, FLD
RFRT . RRI. R BRI EE.

2. FEFE

AT R G SRR N TR RE(ADZE MR 07 V0 RS W U it Fe itk e, AT 98 41 PRISMA-ScR
TR BEAT ORI R S50 1%

2.1. R

KGR T 45 PubMed. Web of Science, LAz CNKI (H [ 5119 78 P 1) b 8 SCBHR e o 45 4 32
1A E HiE, WEA R O RIEETE: (“artificial intelligence” OR “Al” OR “deep learning” OR

“machine learning” OR “computer-aided diagnosis” OR “CAD” ) AND ( “fatty liver” OR “steatosis”
OR “NAFLD” OR “NASH” OR “fatty liver disease” ) AND ( “imaging” OR “ultrasound” OR “computed
tomography” OR “CT” OR “magnetic resonance imaging” OR “MRI” OR “pathology” OR “histology” )
AND ( “diagnosis” OR “detection” OR “quantification” OR “classification” ). 2[R & A 2010 4
1 %2024 £ 12 A

2.2. THIERIE
RIER RGN CEhic s, ERREE CHER. B ALHF & M7 s A 25, HERR A B A

ik

DOI: 10.12677/acm.2025.1582303 822 I IR 2= =23t e


https://doi.org/10.12677/acm.2025.1582303
http://creativecommons.org/licenses/by/4.0/

SRR

RIOT AL K shsest . 6 AT B QR EIS W) . X I Ik 4 B2 030 1) SCRR IR 4= 5, tHid
DLW BN AG  B RS AR 58—, BF7C % M AJE FLD (NAFLD/AFLD); 55—, WA AEE
BTN AT EARMLES 3] . IRE )M B A . CT. MRI 807 B & 3ET FLD e, 2%, &
EEAR TN 35 =, AL AL AR A RE VA G R . HERRAR S B —, ARIR AR A (v
W A EHEEELER): B, UERA GGG T, R & AL PG B, B
TR e BEBTC AR IA SC . WAL 583 O e 45 R 1 D40 ), 30 I iR B 10 35 = A0 L A
2.3. REFH

TN TR Z HE(CBFERARTE R . Wi L. BIRIGIESS), AW 50 R R v 77 v 0R 0
WHoCi R, BAOGELL N H: SB—, DR (ArBE T/, sty 2 rty); BB, AU AERRAE(FE
RERN, K, AT, WREFE): 5=, ALBRANT(EEEA, MAEE, IZ/5r R 4% 5,
PERETEAR RS e SEDU, XU S HhRE(AH SRS . MRI-PDFF %5 &3 A, SR E
SV TR A i e (D B0 it B XU )

24. HERFER

FERR R EERIE B NANRT & FLD B AT 2 W E B 1 SCRR B B i % - (8 4 SO0 B BE
HEER A R R 45 AT TR HISEHUAC L, REEAT FLD 2Bl E 055, skt
AL I SR B IR Ve BE VAt T T A Rt I N BT SR T A £ S R

3. AIEreERR A HE & LRNR

WFER, TN B  (Computer-Aided Detection, CAD)7E 5 27 B 44 1R ) ATdsk st & fé[5]. FLamk
(10 3 DX Rl e ) T B R m AT 2 . AT R FERR T AL 2 2140, Bl T B 1A Witk
W, WA T2 UL R R R s 2 (P ST, VR B 5% 3] (Deep Learning) 7E il H4E FIFEAS 2] T RIEAI KR . R
EIRES IS 52 B3R5 180, EHBEAEF SRR 2N S8, BaH
SRAVFFESE I SR RE 7T o X —RREOE TIREE S SIEAR SRR Z il BA BRI 7).

YSTIRE FLD B350 K. Btk s, HioWid R R e e 2R, 9IN AL HRSE
IMYEA S 22 BB, AT MY BEAR e T+ FLD W2 WriEmf i, B Rext iz B8 d TR HE 095, Ak
AN [R] B RE B )RR SR AR I T FIVE T SR, S A B TR R R R T 4.

3.1. BEE%

A7 TE FLD 0t 25 i A2 Hh oA G 5 m R A o SR T 75 A B A AE 2 T IR AR i W%, mTRE 3520 FLD
W HERR T, AN F R A B — 4R 2 O B 7 2 A A FR AN 72%H1 76% [6]. Han Z5[710F K T
PRIFRT. [ — 25 AR 22 I 48 (CNIN) B, 43 1 T NAFLD [#572 Wi A i 5 20 B0 A6 11 o X T5U 78 LA MRI
Ji % BE T 7 BU(PDFR)E NS % brifk, JFRe 15 T8 A SIS S AR EE S 2], JFK T NAFLD £
Wi 7325 8 (MRI-PDFF > 5%)F17ill MRI-PDFF FIEIG 73 50l 545 . IXEEBVETE 102 45 53 k4
R RAFHIMERE . 1% K880 T NAFLD FIRGIEE IR 96%, 1 i [ 7 B00h 25 0000 0 i 17 70 #(iE 5
MRI-PDFF = BEAH K (r = 0.85) . H A Fitill i g 15 73 £ /E MRI-PDFF < 18%M%2 17 I B A S fEAH M =
0.79). Yang 5[ 8 ]id it B2 ORI ¥ th 45 5 [P 75 12 Wi e ik >R R RIS UEIR 252 2] R, DR BRI S 2] R4S
Kl NAFLD ()] R AN I RAH OGS F 1 o %0 7T B 2S-NNet X 2552 NAFLD Fryar 0 v fff 14 £ R %
FE£ 53 8 91.6%F1 95.0%, X HH # 5 NAFLD PRI I v Aff 14 R R B2 49 53l 1y 89.4% 1 76.5% » X 47-7E NAFLD
RS YRR A A R BEURE 43 R 90.5% 11 90.5% o MK A H 2S-NNet (R I T 14> FLD 5 #(AUROC 1.
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0.84~0.93 vs 0.54~0.82). Zhu ZE[9)if i % )2 B AL X 245 (CNN)-5 2 TG 2= BURFIE 1 22 7 UG Al 25
A, BeE R00s FLD #8755 20y G AHSE &, T2 E FLD 8  BEUR 0 E
At AT L, Gl AT A EIGR2 W FLD BEA 1R & TR S R

3.2.CT B

CT W[ LA} FLD HEAT & PEANE SVPAT,  AEOGE 568 75 A 75 A7 E 1 2 M DA S L RS B v 2, AR
FIER) CT A5 7 5854 JF B KU FLD Jiifx TAEMZESR . CT 2 W7 FLD B4R HE g I 2 5 1) 357 A1
JF/BE CT 2 tb/NT 1.0. Graffy Z5[ 10138 = 4B A0 4, ¥4 EH sh AT 8 59k N T g4
TCREIR AR HIAEIG SR CT Ay, A A Sgl 7 P AR 7 2 5 00 Zh A, s 5 3l Il & 45
RAF TR B R THE 5265 ARSI, B35 FahNEIEE S CT AR RiF
(F)—E @2 = 0.934). Huo ZE[ 11152 H T —Fh kT8 #B [X 3k (Region of Interest, ROT) 1] H 3l M 52 951 &
(Automatic Liver Attenuation ROI-based Measurement, ALARM)HI /515 IXFH VR E S TR TIREGHME
WA 24 R T 4310 A0 ROT (1 [ BhR L. KGR E BRI MK ST A SEARSE &, AI1E T2 8h o TH 5 AT 22
TR o A ALARM J5 5005 A RS 0ok 25 SR -5 T 2 D 2 P 3 el SR v A DG o Lin 85 [ 12) 86 T F
THERMES CT (PCD-CT) I RTHEME 2 PAFIRIE 78 5 iR T 4% SeRe AR BRI 2% CT P (B L . SR il
FIHE) SEA CT (H WA . PCD-CT 3@t bRitiAl CT (ES2IL T B UM RT AR AE Dkt 2 &, HAE SRR Y
43 $U(CTFF)5 MRI-PDFF &% 8, HAZIHSEEE S AR, 82 50(MRI PDFF = -0.58 x
CT 1 + 43. 1) AR EE T —FieE . MBI EBRA R, JHEH ALt S FE sl 2 2 1 B .
FAG B bR AL B T UI GRiz A TE R AT AL, YR BRI 1] 15 46 2 S X A R PR R IR R o A ARSR T R
Pty SNSRI R D e B AT RS R N . ALTE CT BE L el FLD A%
LS, RSN FLD B A7 IRA4HE S .

3.3. MRI E{&

MRI fa & A THE RS, 228, 25590, Z2TAEERMNSE, I Haes 2 iR RS #HRHE.
MR AL 5 MRIAHZE &, AT RUAH B B2 A 4 aos J e er 20 0 PRod s R AT i 12 T [ 13]. |, Ref AT
RCTRI 2B HVR T ROR, A B TS UHELLEE ST I FF i . MRI-PDFF (R FSHR 515 5 i 1l 43 50 /& — RS
K% ATEE A S AR EY, W T IR DA ) o) # 4 i2 K. MRI-PDFF  Re 86 AU i
e BEIPAG AL T, BB e N AL S R B[ 14]. FE—THZN 1100 502 14 s 38 1
ZRM R, 1T L A SRR UE SR EA MRI-PDFF 1A% AT HE B 28 4 (At . MRI-PDFF H
T B =g AR M 1 g, 2 90F 3 241 AUROC {E 53518 0.98+ 0.91. 0.92[15]. it MRI B4 & &
JEF I A 0 LA e mn e R PR o fE B AT G FEAE MIRT BEMG3EAT i 10 A8 1 X33 B SR i IF e 2, N
G SRR T SR TE RS HE M TR TT T &

3.4. FREE R

A A2 W FLD (I &AruE . SR HAZAER GIPE . AN A8 G fr) BOORE 15 25 R0V 22 2 1) f P B0 44 1)
A[16]. Bk, FIFH AT R A R 20 100 B BT — A RGAHI T, A5 RO i B 75 )
. HAET, Al 5% # 2% (Digital Pathology, DP)H 45 & /& — AN B X% MR 7T 408, A 1T REA)ER AR I PR
SEER VAT IR (ISR 4L 240 [17]. Al 5 DP BISST LLE G . EAr. BUASESHN %S
e, A AT RSk R R A 2 AR I AR V28 SR A [ 17] 0 X AR T AR M I 26 (NASH) AT
FEAR I JLER DP/AT T2 AT LASE 8500 NASH FI B4 21220540, I HLAghe LLERS . mT 3 8 1 7 6 FE

DOI: 10.12677/acm.2025.1582303 824 I IR 2= =23t e


https://doi.org/10.12677/acm.2025.1582303

SRR

KEREAT 73 A3 391, RIS BE SR A6 7 51 AR AL I SR 4R F5[ 18] Munsterman 58191714 1 —Fh 3t
7 R R B AL A B R (Whole Slide Imaging, WSDH RISV . X HE He € i1 L4300y A7 $0F
WA, I TARGERE AR PR X3 1255057 A i W AR PR L BT AR, IR 73 SR A2 1 ) AUC ik
0.970. FFHZI WSI AR AL #ERSAL, AR T Ja WAL FLD 6777 B0l R K b 78 20 A E

4. HIERIBEAR

NTHBELE FLD B2 Wihiiin 2 EPbil: 55—, SRTRtEA L. ST AL SEERA7 76 W] fif
FEVERET, e LAV I W B AL 5 A2 W 85 e 2 R IR R OGH . 38—, BRIMECREES Z Al . JHIE
BRI AR BOS FE A7 7E S 25 FORR AL 1) . ANFRZ R B G e & S . SHRES R, SBEG
JREAFAEZE S, ELARRI G e T R TS 5 — Bk =, X iiE KEEE AR TR Al
PR T BRI 3 1R 55 K 192 W 28 G0 1 v P2 AR B2 1) i BB b e VR D I AN B0 Y B Ak o 56
WO, B (et 5B ARE IR R R AL BIRAEBNIRPR S A AT, A5 ZFEA a5 AN ) NFEARFAE . 2 A% 26
RAVL R R AR S St S A (A B, AT A A PEAT AR PR VP4l o 2R LPTIR, 78 FLD QUi d—
AR ZIE AR R B RIS W ATRER, D5 BR T I v 22 P

5. RFKMRT5[E

RAE ALAE FLD BHR S Wb B BRI 0, (B3GR AR EAL T I m1#% 2 PhhR. BT xhXsephi, ARk
WEFURN B i RVE LA N DUANTT [ 5, MEARTEAL 2 O SR M e, SR GRS ARHE AL AS & A K
ANy [ ARAIRARAE TSR, @i, 200 i FLD 2R 5 B MR Bl i . 0K 7 EE i € 4t
— I E BRI B R A I bn s @ ST B LA IR S L S AR BEAEZE, Rt AT Tk, —Bu
PRE(NIE TARAEL ORI AR P . SOREIG BN« LR 4EALIT 2 R GE). BERBRE B A2 I SR AN IR IE B iz AL g
71 AR SRR . 55 =, MBS 2 ST BOR R LR Bl BERL A VA SR I AT IR T, R 7 5] A& s
B2 OBl M R R B A . HLAAVPRLE 52 5P AIEER B2k, DOZHAE RS H M AR R
GEHIHE . RRBIE T IR ZIE T A R R BAS I ICHS  SIHESEAE FLD 2 Wi AR A AR 55 AT 2 2R
Feegz e, DDA I KB MO S B B AL Z [ P & - 3R =, KT N LB RERATY, 2Tt
AT ST [ AT R PE AT W] B SR I R A5 AR A DR 8RE . ARRIFFENBUN T PR AR AT IR BOR Ak
RUBENS ELULJE 7 FLAE S W (e 381 43 2. NASH 1R B B A 45 S 00 B IX S s deit- A & HAT w)
FREPE RO AR s T IE AT 5 5 5 I R 22 AR DS sl 0 BRRFAE A A SR o 0K A B T B R S S
W, KOWEEmZE, JFRBIEERT A B0, R AL SRS ISR RS T 55 77 R0r A i —
WAL, ARKRWEFBIRARR AL W fTEE G ZRAREE  IRRE S A2, M RS HER
A& FLD 3 e R TR R (B a) NASH . £F4E40 . JFHAE A Ji 0 XU BA S Va7 (CEE 77 U F T 24
W) S A R IV AR, DA RS HE TR AT SRS AR Bt SCHF -

6. BESRE

BB NP SR e, AT N B8 2 LR AS PR B AT 2815 21 1 B 4%, FLD
P ACE TR Y RT 2 R H RI 2 H 5790 B P9 f5e e LR IO - B AR R ST I 0 PP A — 5 1 B BR 1
SR E T R T AT A SR D I RREIR 23 ot Fesk = N, Fpr s R fe EAEEBOV PR -

NI REAE FLD B2 Wb R IWE T a2, F5hl 2 e A . CT. MRI G755 FLD
AT, W TARRC S EZEM . 1 AL SHBIREASTE FLD RIZHZUR B2 b sk, BRsHE. FLD iR4E 2
RIS B AT S 0 M, WoRAS R Z XS HEIZ T, AR T FLD BRI 73 J2 Bt SO i o
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