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[ Abstract)

currence surveillance, follow-up and treatment guidance for the malignancy. Artificial intelligence is the sci-

PET plays an important role in diagnosis, staging, treatment response assessment, re-

entific fields using computer and other advanced technologies to simulate human intelligent behaviors and
critical thinking, among which machine learning and deep learning are most widely used in medicine. Avail-
able big data, the progress of computer science and computational capabilities facilitate the application of ar-
tificial intelligence in image analysis. This article reviews the current clinical application research of artificial
intelligence in PET/CT imaging used for prognosis and prediction of malignant tumors, and puts forward

current challenges and prospects for the future.
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PET 7 AE IR 12 W7 S 52 Wr 4 1 7 55004 | a5
WA S AW R E AR, PET BIMEA N FAE 5 05%
& (4n CT 5 MRI %) |, RS 4R AL T 2 o)k | R R4 ok
FAFE . PET BRZ N H B A K ASA AR £, AR
SRR Tl 4 B b i) 23 £ B T 9 I AT
i, M GA G R T H & MRS FK-FREE .
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P2 28 J5 AT A T T AR 2 R a4 B ) S AR |
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Li %0PV# ML & 3, B F-FDG PET/CT 1t i 2 5
ARHAF 50% ( metabolic tumor volume 50% , MTV,) >4.04 J&
2 A J7 1 AE /N 4 B Bl 9 (non-small cell lung cancer,
NSCLC) & 5 A B A4 37 500 (X 22, /] VR S Fl il NSCLC
SR AT U AT R A bR ) . Zhong O A g 3k
TR PET/CT ZHUBEHLAR bR (random forest, RF)FEH
FHF WG TS WA 0R 200 0 938 A0 AT I A 4 SR B0, 45 SRR
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FE 1Y DL 7Y HAERA IR 3 89% FI1 87%

F., Al £ PET &SP EIGHHEAER

ARE S AL(BF PR ML ¢ DL) 454, i85 W E
UG R CE 1 AR T EA A S AR ACHR A LR
oA B AR DA R ST IR PG 5 51 R AN A 2
LSRRI B R T RS, AL B4 FH AT DR S B R A%
B I A £ 40 A ) B 905 o UL 3 =22 ) %) m AR, T L AL AT
DU FR R i 52 2= (AR R DG R, 7RI W L TS R S0 T 1Y
AT ARG I TG PRSI, AT 7E I PR 2 2% 4% Jy T A e 9L 1
B R R Y 1 (B HAE PET &2 RS AL B RN 43AF 7 THI 148 THI
[ e 15

T, ML AR R A S | 38 3 A 50 11 4 14 A 7 3
S INFR g, M E B, AHXS CT 1 MR, PET A5 4k
W80, BLAEA R A AU B AT 2R)5 , T RE AR
PR A X T D 4 ML i o — 2 1 TR ME, B0 S 520
PET AT#24E T %, BRILZ A1, 3t B o £ A | KA
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