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Abstract

¢ Since the advent of artificial intelligence (Al), it has
been increasingly applied and rapidly developed in
various fields. In the field of medicine, image features can
be automatically extracted and the performance of feature
learning and classification can be completed with the help
of Al. In the field of ocular fundus disease, Al can give a
diagnosis of age-related maculopathy by analyzing and
identifying fundus photography and optical coherence
tomography with an accuracy rate similar to that of
ophthalmologists. In the future, Al may assist physicians
in making a diagnosis of age - related macular
degeneration, aid basic hospital in screening and curb its
progression in the early stage of the disease. However,
the technique has problems such as uncertain model
recognition performance, opaque operation process, and
excessive amount of clinical data required, which still
cannot be widely used in the clinic. In recent years, a lot
of research has been done in China in the application of
deep learning with Al to assist diagnosis of ophthalmic
diseases, and the results show that Al combined with
imaging analysis of ophthalmic diseases has such
characteristics as objectivity, efficiency and accuracy. In
this article, studies on deep learning in the auxiliary
diagnosis of age-related maculopathy are reviewed, and
the progress on its application and the limitations that
exist are analyzed, so as to provide more information on
the use and extension of Al in this disease.
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Pl 2J Bk Xk BT A B0 00 47 o A e e A D
D) T S TS P A = s S IR ST e £ AR 2 L
(convolutional neural networks, CNN ) Fl fi§ ¥ #ff 4 % 2%
(recurrent neural network ,RNN) ; JTCWi B 22> IR H
{5 P 4% ( deep belief networks, DBN ) Fl [ 3 %% 3 #%
(autoencoder, AE) . WiB 22 2] TG Wi 24 =) W & 2 8] /Y
X ANAETA T hn i N SR 4 . DL 76 IR B} 2 i
I 85 22 1) JURI S DAY 2 8545 CNN RNN AT DBN 4%
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TS I AT 45 BN 3 A9 4 M AN R
SEER  (H R AR I R R, SRR L AT R
FEAE 2 0 BB A6 B T 2K sl A LAY IR 0, T LA 26 AR H
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BT B CNN 762 5 EE e 1 B2 4806 1 n) A
I HAEARIE 32 5 o 6 B A ) I 14 005z 5 B I A CNN
HA A AR R LA B A A A I 2% 6 A BE % B R I 8
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S0 T 2 5 WAL AT (4 120656 3K R RS RS AE R I 25
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FEG T IEASUINZa A g M fE . 76 B0 TESE DL A I
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T, F 55 DL YT 5 o 6 BE 5 TR i % 2 A 1L . DL
RETRUAS B S 2 v A By 81.8% , I T & K 1Y 77.0%,
Matsuba 2" ] 5000 5K #3) ff HREE BEAH [ 1E % . 4130 5K,
TR AF W FH G 5 BE S % (wARMD) : 870 3K 1 Il 2545 5]
DL A=Y B Az AR A T 111 503 4% (1E % . 69
K wARMD 42 5K) 435 T 100% (1) 7 8L 1 97.319% 1945
S, I 5 6 AR ABLE A 12 W wARMD AEXT L, 25 51 R
DL BRI S W HER R A T IR B EE A=

IR S FEAH B T DL %) ARMD i#E47 23 0 A A5 1)
OB AT ATBEBE 45 N B ARMD BB 50 I PR sk o, ]
DL I 25 57 3] — BB K] K F2 1], Keel 1 Grassmann B 5% (Y
5 BE I BRJES R v A He A S A B B A%, U B DL 7
I3 M7 AR 5 52 HAb G BB e . Ik Ah 78 JEDEA R
WS AE T AR B A AS T T S, 2 B AR DL AR 1 15 51 i
WARIE, A SR AT W I AE VI 25 DL AR R B 31 115 37 Wb
TR B IR RS [R) A B8 | DA o A 80 7 L S ik SR e 2 o
B, PG o o [ 0 P S o R | T2 ELAR 2% 1 5 Sl il
FGASLIR AN LE 2018 AEENJE HE L — FhREATHR IS4G
BREGETIL, S48 AW AL RGO IR BERR R 90 2
THCRE TR S 43 91K 95.8% 1 80.29% ) U B AT H B3
i KRR 28 BEE AR R A0 55400 R 2R BT RE, 4 )5
AR IO BRI, EELFY B DL AR A
ST RIS R I £ B 22 A5 19 ARMD 32 B 68 1 474
KA,
2.2 & F OCT i F DL Xf ARMD #4743 # OCT J&—Ff
JEFE At IR AR W AR R A G AR A AR R HR 2 21

BIPE e MR P A Y IR, OCT Ha 2
AH T HAb ARG A o o #5025 W A S I R 4 0 ), o
BEX P A 0 o 12 W i 50 A B TR ) ARMD
B ELRAE 91 G0 o B K BT A I A e k- A 2 IR R
ARMD JAY7 G BEVI I E T 5

Treder 251 I JH 22 |22 1R B 45 TR #2544 ( DCNN ) %f
wARMD MG FIE # HR K R R 17 % 51, 5256 R H B & 4F
ImageNet A 120 J7 5Kk S AT I 25 0 DCNN X 1012
K E1% (ARMD ;701 5K fa@BRE 311 5K) dEF7 U125, B 28I 2k
ERY AE B R 5 B 100%, Z 5 Al DL AE 48
TensorFlow™ ,KTL\{W 100 ® OCT IEH%(ARMD;SO i fit i .
50 W8 ), B Je 45 SR o0 L ORI 1009% , 457 SR 92% , i R
96% ., Rim Z“HAITF % 7 —Fl DL £ A& M OCT Hrif 4
PEA BT AR ML 4E 9 A I8 R O M B BE AR 1 (nARMD ) , H T2k
H 55 [ 19 12247 5k OCT EUR IR, >k A S 17 91509
5k OCT MG AT A 30 E 7 A1 ¥ 56 UF J5 i1, AUC Fil
AUPRC #3357 0.952(95%CI:0.942~0.962) F1 0.891(95%
C1:0.875~0.908) ¥ & /KF-. DL & T 8] LI OCT &% 4
ZEMIEH A ARMD 38 7] LIFE M E 2266128 ARMD ) OCT
Eg 25T M S8 M ARMD, Motozawa 2518 %F ARMD
AR B Y 1621 4 OCT BR AT THF9E, &
—> CNN HE g ] 1382 > ARMD £ OCT &4 F1 239 4~
1EH OCT EHE AT IR AN 35 AIE 5 25 — > CNN AR H T
721 4~ wRARMD N 661 AP 45 % A1 5 M 2 58 A8 1
(dARMD) MG AT U ZR AN 56 AIE, 25—~ CNN FiAY | 155
T 100% MY HURANE 91.8% 147 5 A1 99.09% 14 TR 4 1) 43
TR MR FE RS ARMD A 6B i As Ak h | il
TR 98.4% | Fr F 1 Ky 88.3% , MEBAYE N 93.9% . Yim

g — IR B W2 W wARMD OB Fd 5l AT
CNN SR43H7 £ 35 1) OCT EME S T 55 — HOHR i i e oy
wRARMD RUMER 25599% Al RGEH 5/6 LR RKIMGH
U, T — HERA ARMD ¥ 50 & o5 — HHR & 0% i fE 6 A
R EIGIR B AR it & B OCT EHZ 55 — HOHR 1
T NG 78 SR N 55— HUIR ARMD 19 % 4, DL A 3l 3 K%k
P 27 27 RS BEROR 43 B 15 45 A\ R B ARMD ) & A4 B
ZE ] S A B ARMD (1 K HER 1] 4 FR |

DL #ERIZE /M OCT EG H B B i vERf 1, Fh
T AFHA AN A1) 4 AN TR) T BB 238 N [ 1 10 T 58 2% 44 A 471
S, SR Rim AOASE B AL [R) B R b IR %) OCT B A R
U A2 PERE , X IE B DL B RS A 43 28 Hog il F P, 4
OCT EME LN 52 , 5 & 24 55 Al HIR 5 9 2 i A% mig v e
V1955 A8 AR VG B, DL AL 2B OCT [R5 14 P fE 7 30 55 24
B RESRRR, KW AR e 4 B SR I LR 5 A
FREA IS, B 2 PR SE tH A h f) OCT % 2 A AR 1
T, Seebock A0V fufi FH G W B DL B8 OCT B% 4326
RS R e 0 ARMD, I HLAE9Z 528 81.4% AY
W | HE—25 58 3 0 W 27 ) A T RE 2 sl Xk
AUBRIC U ZRBE S AR
23 EFREREEIH OCT A DL X ARMD BT 4 #f

H Al 7E K £ 0 36 F IR K BB A e 56 F OCT 1 A DL

XF ARMD #4743 #4028, A WF 52k B 4 AR K BEAH A
OCT FUREE A 438 , v A5 30 9 b i A% 2 AR 22 1) BOK: #h
1S B RS 10 0 S8R . Khalid 250 #8577 —A
FERIARSAEY AT DL S 7E OCT 1R JES % 22 6] 2 57 %o g
KZHK ARG ARMD, ZiR58 504 3 BB S — B B
e T 100 A~ A HIRJES BERR , I X 44~ N4 T 68 ¥k OCT
I35 6800 5K OCT EIMZ , ix & K4 4k i 1 IR B & K An
TC MR 40 ARMD ARG ARMD 5 28— B B Sl 2Rk Xt
P BRI T 02, Z 516 OCT 23 My b B R /3 2 IE
W EME AT ARMD | #4025 ARMD 1) 58 3 i BRI FEAH (1
FHEASE =B BT 5 = W Bk E stk AR = B
HRC MG 217 20 B, 70 25 5 B ARMD AT EE H ARMD
DL #EHIAE OCT R 3 B AR b 43 5l i8 2 96.4% 97.1%
11 96.19% FWERAPE | R A5 TRy S0k 5 76 TRl — B 45 1Y
AR R M1 43 3K 3 T 86% . 76.6 F1 90% . 443 #r [F]
iFEA OCT FMHRJE BUR M 1 il G RGERT, & (0 HER B |
RTINS N 98% . 100% 1 97.14% . 4558 BoR
il R A BERIARE TR ELAT B 1 3 2B R L Yoo M 2
SEEAEY IR 2] —FP 255 OCT FIHR I FEAR 1) 24K
= DL BRI ARMD #E475325 {0 A OCT 19 DL 2 W ifi
WA E] T 82.6% (81.0% ~84.3%) . L f# FHR I i DL
ZPHY 83.5% (81.8% ~85.0% ) FTERI AR, WIRIES OCT
RO AT R IS W RE 7, VE AR R X 90.5% (89.2% ~
91.8%) , WFFTeEFFM , i THRE AN OCT RA% vl 76 #18 ™)
JEE R LT AN R RO OCT FHR JE BB AH 45 4 %) DL
PR ELAT T I A BCRE
3/INEFIRE

ARMD J&—Fp A7k HOAS Al 5 61 9%, N T8 fiE DL
2E AN B B FRAT AL T & ARMD A9 5.1
A TR, 38 0] LU/ R BE 45 TAEE AR IR R A2 i
WORM TR, AT IRV RELS ARMD M2 Wi K T % 4
P TR ERCR DL M S M, AN TS S I TR R A R
J& OCT 1 ] DL %F ARMD #4750 4, A sh b Bk AR e & 4%

845



EiRRRIZAE 2023 F 58 EF23% FE5H
B93E.029- 82245172 85205906

http://ies.ijo.cn
B85 {57%§.1J0.2000@ 163.com

FKUNE L Ko PR T, 7T LAY 44 i 2 502 W ARMD
If It i R N AR 2

M HHT BT R R , BAR DL AR R AR ST 56 28 3R 55 4
AT ARMD i B2 Wi 3145 1T B0 B U R S
e YE (B B AR DL RN AT ARMD HARAAELL T
BRFE : (1) 5 AR 22 Ho s ot A I R EUGOR I R A 46 5
W AR S R T AR Y R T B AL
B EAV I ANA R IZ2 AT, S BOHAR METE 4 [ 38 58 T 1
(2) DL 9% > i PR B J&— b I g 4 BRURRIE 472 >0 1Y
ORI AR R ML = E R TP R (SR P
B AT B B T T O ORAE A B A I T R
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ARMD [ BFFEACA [T BRPE A ST | A2 75 REFTHE M H] T I R
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