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Progresses of deep learning in imaging research of knee osteoarthritis
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2. Department of Rodiology, Gansu Provincial Hospital, Lanzhou 730000, China)

[Abstract] Knee osteoarthritis (KOA) is a common degenerative joint disease, for which early diagnosis and accurate
assessment are crucial to improve patients’ life quality. Traditional imaging examinations for diagnosing and evaluating
KOA faced challenges such as strong subjectivity and lack of unified diagnostic criteria. Deep learning (DL) has
possibilities for automated diagnosis and assessment of KOA. The progresses in DL for X-ray and MRI research of

diagnosis and evaluation of KOA, as well as in imaging assessment of total knee replacement for treating KOA were

reviewed in this article.
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[ Z] BERTREKOA) W WABFTHE ST G , B2 Wi AR B0 1297 Xk B AT i B R R B, oGy
LW HITAL KOA FE0E 0SS Wibn A 58— S5 U, 2% 2] (DL i A 34612 AT Al KOA $2 6 T 37 19 7T 8
A SCHIZE DL T X 28 MRIIZW 534 KOA, BLECG B2 04 DLAS I SC T B4 ARG T KOA BFFE R JRTT 4708 .
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B 7T R (knee osteoarthritis, KOA) & LB 4T
PR OB . KOA FUH LI SR L O 1 (8 0 A 3 3l 2
PR Sy 3 1w R 2R B W4 OG5 58 42 32 48 PRI N B, R
B Bk R e B AR TR R S W SR T
KOA BAEEZ X, S5 AR% 72 W KOA £
WP, HOHR 0 2 USR5 2. ARk,
N T % fE (artificial intelligence, ADHEAR 45 5] & IR 24
>J (deep learning, DL) B3k E )2 N HF B 7%
2 I Ko A= A 43 AT B A AR AT 55 . O B S A2 K A
Al KOA #2455 78 nT /™ . A SCHIZE DL I F X
2 MRI ZWr 5 974l KOA, DL BGAR A 1Ak DL 4 6T
B AR (total knee replacement, TKR) &7 Hi ] KOA B
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1.1  KOA ¥ KL 4+ %  ANTONY %' X} 7
ImageNet | 2 i #l I %k 09 & B fh & ™ %
(convolutional neural network, CNN) #4750, LLZ
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A s IrAh X LA R KOA KL 205, Hi2 ki KL
0~4 % KOA B U 77 7 R 82.3%.29.7%.
TL7% M 78. 1%, FF S BE 43 i 68.1% . 83.9%
97. 4% K 98. 7% 3% 7 4y Gz Wi KOA 1 HE B M A
H AL S8 7 1A T4 i o ARG B2 B KOA 19 5085 B IR
NORMAN %7 2 F DenseNet 1 22 W) 28 20 44 (1) 42 &
T KOA J=F2 R, Hxt KL 0~4 2% KOA 1% f &%
FE5r 3 83. 7% .70. 2% .68. 9% K 86. 0% , F¢ 53 JE 4y
R 86. 1% .83.8%.97. 1% K& 99. 1% ;1% )5 ¥4 T 5
JE KOA MBUREE TG KOA 1Y% 55 47 B $2 5 L {3 X}
B KOA M55 B 8%, HL45 SRR TARTE., 5
AW E I KT — A B o] R R ZE T
Ab BRG] T3 A KOA M EEE RS T2
W7 A e 5 T AR 5 0 i R R AR /N R AL 7 AR R
2%, LITTLEFIELD &P 5 T FastGAN £ #1 4 i,
INBEAR MG T X KOA 3847 KL 40 9 i 1 5% 0
72.7% R8> DL Y257 75 i (8] K9 R, A B T 48
F2 W KOA I HER MR . SUBHA S 2
GAO-DCNN R4 T KOA AU F7 5 B 4 5k
98.25% M 98. 93 % .4y UEH KA 98. 77 % LR R
R4 GAO-DCNN HF KOA BUR M T34 DL AL,
1.2 AR KOA XKI7H B A & KOA Ut R
MR E AR br . A5 N T 5 kA 78 0Pk
SR WLEE IR AR SR S )Y DL Al [ gh
AN 55 B O 1 T 0 T ORG B Ak O T 8] B B
(joint space width, JSW), ABDULLAH ZE0120 3|
Faster R-CNN 2245 [ gh $#5] X £ F b i) JSW, 38
I 4 CRE AR S 3 i R B L B E I OGY JSW R/ IX.
B MERR 2K 98,5200, HH T432% KOA ™8 & 1)
SARHER R N 98.90%, GUO ZEM LT DL ikt
AR R O T ot 43 B ASE AR, - N7 T G Y (] B Bl A AR
PRAEHY w] Sy B T T4 IR AR . B O Al 2
KOA FRAEPER B el AR 22—, 22 1 VAR - 250 T 900
SRR R A R
2  MRI #f4 KOA

MRI RE 7% B o 7 R 6 7 R 2 A A R Bl 56 3K
YLAZEFY SRS KOA I As 1) 8 B2 15 4 ik .
DL Hl T MRI 2 Wi 53745 KOA J& B i & 240,
AT 5 A8 2 B0 v R 0 5 9 A Bl A O ) A TR
I T AR bl TR ) 5 A O T RURS: .k Ak, DL
FEFZ I A OG5 18 2 RAF 5 3E 47 40 O & UPF- T
W R I 7, 680 S W43 9 KOA AR IE 97 e 3R
FATAs 7 R AR B W] S8 A AR R R PE S4B T,

DL AJ & =2 W KOA A B, 3 0 I KOA 9% 1%
PAAE S L, WG 2B AR RS IR R AR B (R
J B IR TR B ) BN 1D 2 BT ik — A R e T
MW KOA B #E it , SCHIRATTI %1% P 2 F MRI
AN R AE 5 (1) DL 43 R R T KOA 3% 12 AW
g B O, Hil 46 T 1 R Carea under the curve,
AUC)H 0. 650, & 2 &5 T Zead LMk 55 Y1 0 J80 3 B B2
(0. 587) 1 HAM KOA 2 J& K i 47 99 ¥ 40 1) & 1L
52 G i BB IR A 2. LEE %5 R H 3D
DenseNet A ZE I F KOA B F MR K AUC 15
0. 898 MM 5 T MRI Hk G It JR 45 AF 4 2 1) 196 £ 455 7 i
M) AUC H 0.794, PANWAR %5180 73 5]
L CNN. AlexNet.ResNet 34 & ResNet-50 37 #& Al
W KOA ™ & f2 B, 2o % 0 5 b 84.79% .
85.66%.95.39% M 95.73%.,

3 DL ATEGFTMH I TKRIGTEEE KOA

TKR & H#5iAI7 B KOA B E 21k 8 A5
S L IIRE . DL JH T IRAY TKR 3
FL W 77, AT 4 i 12 W i M L T30 AR o e 0T B i
R

LEUNG %" 32T ResNet 34 #57 f DL A5 74 i
M TKR AT AUC K 0. 87 4T KL ¥ 432 Fiim
BRI 0. 74, ARG IG YT IR 1 KOA 245 % Kk
$i, TOLPADI %) 3 F DenseNet-121 DL ] J
MRIL IR J AN B 22 3R I TKR 2R B9 AUC
0.83440.036, JAMSHIDI £V #| ] 7 f DL J5 i
s T TKR #AY, Hodp L Cox,DeepSurv M 284 %
o 1) i AL R RY B o B PR B . AUC #8908 0,87, 1
DeepSury {0 1 3 AR CPY IS8 B8 A8 (KL S5 4%
TR 56 A i AR BRIV AT 3K A5 AH T 00N AL g L B AUC
0.86., RAJAMOHAN %™ % f] 3D CNN 4244 % F
2k MRI # 57 DL BEA, FLHU TKR JA8 97 3LRE & T
BE T RRZR I IR XU TR 3R 1Y 1% GE 8 A0 SRR 4 B T X
LA DL R, BA B % Transformer %5
HEEHE ] TmageNet i iIl 25 A1 = 4 25 (8] 41 56 Pk il
M KOA i 275 #:52 TKR BIRHE R 4F .
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