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[ Abstract |

diagnostic accuracy. As a recent innovation in artificial intelligence, convolutional neural network (CNN) displayed the

Artificial intelligence has been gradually applied in medical image diagnosis, showing good efficiency and

ability to interpret medical images with accuracy at or near that of skilled clinicians for some applications, indicating

overwhelming clinical application prospects. The research progresses of CNN in musculoskeletal radiology were reviewed in
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FEMFARRAENM EBCEIr. X 556 05 &4 6 i
4 ,DenseNet # A ) AUC & 0. 92, H K 90 i 358 5 7
(R RE 7 5 T SRR 5 U R 24, — A I &5 SR 58 4 A
WEZ IR — B8R 8 (Kappa ZECH K 0.93) 5 1 %
T BT IR Y B AR SR B LG R R B e 2%,
HHLW SR MEZ R Kappa 2B AN 0.71 5
0. 78, ZMFFOKE KAV E M 42 MURA A JF & A, DL
SE T A SIS k. #E 2019 4F 12 H L HE
Z AT 8 1) CNN #H Kappa 2B T 0. 80~0. 84,4
O T I G AF 58 i S R B2 W Y 3R B (Kappa AL
0.78) . [FIEE A8 AR I FE A B 37 7 1, CNIN AR AR
A, 5 B R AT L LE 40U ) B U 12 W g

TOMITA 20757 CNN B 046 ) i 4 45 Pk
B, HoE# R 89% . PRANATA 2508 L3k F
CNN ) ResNet #&#I7E CT K& rh B £ I B8 5
Pr. 12 Wb o B R 5 1k 98% ., CNN R o] A 1 4 36 5
PrHewd, 2019 4 CHENG %2007 25 505 iR PO ik X £k
B CNN B RS HEAT il 25 , T 5 76 3 605 iF & % 1F
B X 2 F bt — 2B U4, B Ja % 100 41 #5358 B P R
HEAT IR, 45 5 5 HOTE X 2 5 b 6 D 4 30 - 7 1 o
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THE L B T B 2 (medical image computing and
computer assisted intervention society, MICCATI) #
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similarity coefficient, DSC) 0. 91 3K 15 $k & 38 & %2,
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