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Abstract
e Currently, the early diagnosis of glaucoma and
monitoring of disease progression is difficult and requires

assessment of structural ( fundus photo/ optical

coherence tomography scan) and functional damage
(visual fields) of the optic nerve head (ONH). It requires
the clinical knowledge of glaucoma experts and is highly
labor intensive. Artificial intelligence ( Al) applications
have been proposed to improve the understanding of
glaucoma and help to reduce the time and manpower
required for such clinical tasks. With the advent of deep
learning (DL), many tools for ophthalmological image
enhancement, segmentation and classification have also
emerged. Especially in the last three years, a large
number of algorithms suitable for analyzing the ONH
structure and/or function, which have been proposed to
help in glaucoma detection. Al tools have also been
developed to predict the early progression of the disease.
Bring the possibility of personalized precision treatment.
However, these algorithms are yet to be tested in the real
world. This review summarizes the diverse landscape of
Al algorithms developed for glaucoma. We also discuss
the current limitations and challenges that we need to
overcome.
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TGRS BN T M R E B R A AL
Tl XA 25715 2 B ( retinal ganglion cells, RGC) 15
AR, 51 RGC FET , e J5 5 BOUL HF gt , #L2))
RETRE™ . RE2 W G IR nT LR 40 2 BE A2 31 89 K
W B AR YT AT LATRR B 1k R, AR AT R R K
WG R . BT GRS W R W R Y
Ty 3 B2 MR AL B 43 B 06 A AR T 8T JE 43 4 (optical
coherence tomography, OCT ) FIH B 46 2 fy 25 %, {5 2 B
277 O MR 4 G0 W48 1% 20 A o S A v 45 A B2 1 T &
5] sOCT 1R 5 A8 ™ i 4 28 £F 4 )2 ( retinal nerve fiber
layer, RNFL) Y45 152 5 0 T ik 46.3%° 5 P 4G ) U] 2
£ RGC #1535 40% ~ 50% i 74 g tH BUAR L A edit ™ ol
T SE DAL I P 14 5 2 — 00T LA A 2 W L A O
PETIUIN o R B |, 15 2E T SRR A B0 3 2 A A ) &4
SRR T, XA A AR 0 SR oS AT gk e b
I EE S A A B ST B IR AR 9 I LA Ok, N T Rk
(artificial intelligence, A1) 7F 7 't HR B -5 HH 12 W 0 0 )
Sk I T B EE ) JLHRAER T B TR
PR PR 24 2] (deep learning, DL) , HE M & 2410 = 4k
B0 TR A B SRR AE o IR RS BB AT ocT ! A
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RLEFL2 S GE R AT B SRR, BE R B I AR P A R
F2Wr i SGIR T B0 Y i RS O . A SCEE AL 7EH 6
R P332 W R0 LN 7 T PR i SR AE — 253
1AIHER

AL JE 1956 AFE8E 19— T3z BIREE , F R (RS2 AL A%
XF AR RERORN L M AL R R IER R fE, R
= T B AT WS 4 i I R T XSS AR P 4 8 T g Iz
iz 47, B4 1959 44 M T Hl & % 2 ( machine
learning, ML) FYME, ML 2 AL B9 T2, ¥8 i 2118 AL
T WA 0 g AR, AT DU A5 A G T 2R R AT A Bl A
U BEBE T AR M KB ML Jein B T ARG HL g o
(conventional machine learning, CML) Fl¥E & 2% > ( deep
learning, DL) B KZE, CML FIFAESG G507, i &
b PRAEAS 1 A/ NI IR AR SR 4R %o v AR 000 1 A B TR
JB X —FEPERR S T CML B my Tz . 2010 4E A A
PEAE TR UL B 28 0T T A JREE, R A A AL BE R 4 BN 1
DL DL JE ML 148 40 55 K S i i A2 b 2 ) 45 3
IR%E 2 ML B T U8 A P 4% R G R B 4 W 4%
( convolutional neural networks, CNN) L8] B 25 1K IR b
FLEATCHY B BCEE ALY 2D | 2 IR 55 R R AR Y A
DL #%) Z i T2k M7, B8k, DL FZ T
B UG A AT, O s 7 5K A 12 W RN 90 D B A4S
Bl T B g 4 2600 B2 W00 I A 9 s IR T
YA AT AR S AR IR AR N PR TR 2 R A
AR BRI () aok A v 5 R4 A AR S A A o AR g 59 LA
MRJEHEAH (OCT FIALEF 25 Sy AT IR d 4t T i il
LG ITIAR X AR B A R UK SR A 1 T B Az ot
TR ) R TR A DTS AR B B K B IR M, B A AT PR
B AT A B RE I O X — B 24K Bl B A i X
— AIXE
2 Al 5EREERHE

W2 FL3k (optic nerve head, ONH) 22— ~3E 5 H %
) 254 RS B HA 2.1~3.0mm”, HIA K2 100 Ji 4
RGC liZs 2 AL X L' FEHR IE 2 LA RGC K H il %
TR NFHER R 2R AT PR 2, o] DL SO AR A2 R B
AR A FEUTUI I AEREAE 1 1 S R R A | X S g A
AT DL o B IR AR e S R

AR JPE HRAHRN AL S B9 45 6 s, AL A] DLAERA TR IR
R R E A B, A R A ) R R S M T Ak
99.1% , P 331 B¢ B A UK 1k R RR S 43 1 R 80. 4% FNI
99.1% ', 414>, DL AT LA B 42 M HRIS BEAR h 2 B0 95k
AR AH SC B S5 A I, 4Nl AR 4 LE (vertical cup/disk ratio,
VCDR) (#LAT 58 RE AN LAk 1 F0 RNFL Gl 45, X i
J L B I i AR R AT 2 S B ORI R R T O
iR, Ting %Y 3T CNN JF & ) DL 4047 T 125189 K HR
JEEIEAR MRS VCDR 7 DI AL 4t 1 F0J5) F RNFL ikt
WA B FIW A T OEIR R 2630 5k, 158832 & T4
FRAE Bl 8 F m A (area under the receiver operating
characteristic curve, AUC) >N 0.942, FHURAE N 96.4% s S
PN 87.2%, Hood %5 @7 1) DL 4047 T 48116 K ARJK
W (DGR 5 A] BE B OGR4 i 5 3 10279 5K ), AR
T B CIR Y AUC 4 0.986, iU& R 95.6% , 1 5+
R 92.0% , XEEHFFE IR T 58T IR IS B %) AT 7] L)
PRALATEE A FOLMR M 45 1 2 ALAE T OBIR h B AR
R RS, EJE H TUIZRIRE A K 2ok B A4,
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1B 5 SR Bk, 5 B S OUAE e R 22, 9 H AL &
R4 W6 B P e A R4 2 2 RN Hh B %) 1 A8 2 A
JE AT AR HopE— B 7 M, Hemelings 25
FBh2F ) T RS 24 > 45 DL F AR ] LU J 4k K i 45 1o 22
SRIFAG 58% , RIFEASF 3] T H A A9 0 2845 5L, AUC 24 0.995,
SR AR S 510 98.0% F1 91.0% , 1% 7 5 45 B
DI 5T A BRI T SRR o T B, R iR 9 i A
FHFAE R Jre BN 43 2 5 S Tk e R B IR JES 4072 |, 4o Sl 2 R
F3k B RUE ST R, LA SRS MR Y
RNFL St , ik« BIE 7 25 T ik, 52 B e ss /7 78
BN JE Z A 2], Fr e IR JEC R AR S e 4 v R AR 2 5
FEARWY 77% , 5 B B AR LA A7 78 IH S A 2%

T O HR A 7 25 X 15 1 S 00 e BRI R T LR
WEENE X, BT =8 YK 5 2, FOLIRM A p
I E— 2 RN, AR ARG A T N % e B R AL
FERES B AT A (RSAS 7 0 LR A R AR R
JE BEAH AR AL B4R A L T B, 25 2R 25 5 3R A5 IR
TR R TR LR, BEE DL K R J#Ear L
RS JEG B AR SRy Ll 74 7 i B 7R 4% 45 BHLARL ) O 4 7 v A R
737 FF R T LR A A8 A BE . Phene %5 36T DL #
S OBHR G AR A | AR 5 TR BN E AR R S
ARALEE A= #H 24, Ting AR Hood 25 MR 41 HIR S 1A AH
ONH MU B E T N T MAT 2 S, X et
FEAAUR KPR T AR ES , T AR S — A R F8 5
X G RRHEA T 0 A A T BE
3Al50CT

OCT REMEHE 1 5 2 A0 A 28 AL 0 I F &85 A oA 2 1b
WMEFALFLL RNFL JEBE 50 58 B8 0 48 o ARURT AL o s Ao
Z I A ( ganglion cell complex, GCC) & WHT
R0 7 S R e 5 # ek 2

e R T B OCT (time domain, TD-OCT) RNFL
JEREF ONH S8 N T A 2 2%, 1 LU 3 X 43 35 6 R
HUEREHR ,AUC 24 0.87"%" . Burgansky—Eliash %5 # i1 1
FHEA ONH JA RIS 80,155 T AUC 4 0.98 Y CML £
AN BEAT R0 R IR T G R T vl 2% | 38 BE X 275 G IR B A
BB, B G Barella 25" 1 Vidotti 27 #HE 1538, OCT
( spectral domain, SD—OCT) #4511 RNFL A1 2 55 48 o
7% T CML R 55 YEHR vEmf v 19 25 - R, CML 7E
DX 0 7 O IR R I 8 IR ELAT R A (R HERA P (B oK B
P SD-0CT 2 Wi & LR i SUSPE AR S E . DL A9 3L
25 AL ZERRBIR FHA ok 7 RER, —2& DL f# /] SD-OCT i
L3k RNFL EUZ , 20 B ) B0 A0 55 45 A 8 5 07 18] B9
RNFL & &M% M RNFL 8B SF- % RNFL R 4%
W oe B AL A SE R L T BN AR, 158 TR
F CML FIFEEIR L R A2l 5" Muhammad 25"
KA CNN 42 BT £ 5 IR RRAE A 55 RNFL JBREE fi4
T B+ P R Z SR JE (ganglion cell to inner plexiform layer
thickness, GCIPLT) \RNFL #t4 [E 1 en face [, ¥ HEHF 1]
B OLIR 5 R IR A SUX 4T, Hodp RNFL HER 1Y
HER M f s, 3K 93.1% , (HIZ WA AN A 102 i 5 3 B

/D, Ran 255V SR SD-0CT BIRLFL 3k 3 4k &l 2 <7
f) DL AR Y H R 5 0 2L Sk 75 O IR M 451 0 1) AUC W] 5K
0.969 , HURA: FIAF 51 43 31k 89% Fil 96% ., % W 5 1 FH
IR AT ISR, IR A5 8] T A G0 4k RR O I A 45
He, Park 2 FH OCT I % AR ( angiography OCT,
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Angio—OCT ) 3 - B¢ B 4 1L 45 % B Al GCIPLT #1577 6
W2 W 455 80 ) 3 B4 1 38 25 32 ) AUC i 0.50 ~ 0.60),
GCIPLT ) AUC 4 0.67 ~0.81, B fi F 1L 5% %5 FE A A 5
FARUERT  HAZ Wi RCRE T 22 | 8 1% % B A GCIPLT 45 &
HILHASHOL AUC 1 0.87 , AT A SRS GHR

AL B AT HR 4 OCT 19 3 252 A8 Ak T I 9 o 1) i 8
Christopher L3 52 F OCT ( swept source, SS—OCT) X
28 A fE A 93 B YEHR B A 3mo HEAT— KA, A
HH 2a, {1 FH 2 (0] U A B30 7 S HIR A A8 Al B2, SR 2%
JEHET 95% M fEEFERR WA Sl 595 & Ak e JE00 AL I 45
K5 LG RNFL 5 B AT - 35 545t (mean deviation,
MD) AHEL , 253 Wos 4 AL B0 3 Y6 IR #F 2 A4 58 B
WRTAEG Ik, AR RV AEAE fil B IR 5 7 G IR L i)
Bk A AREAR /DA )T,

IR TAE R, OCT AL X 40 D I 45 J2 VK 14 43 350 4 152
S T G B A AR T B T, %00 BB R R AR 2
SENA AT B AR SR BFSE A B, o0 BB R R A e T ik
46.3%'°, N T H#EE OCT {943 HUKE A P, Devalla %
HENT T HERN 4R DL ALY 1T [ SR SD-OCT g
22313k B 1 RNFL 0 A BT 41 23 00 iR (0 R & 7 2
(retinal pigment epithelium, RPE) . ik 4% B | IR A5 R 0 4z,
I [F] B 0 i M 2 AR AT e ORI 2
PRI 45 2 2 20 7 B TR 4 . Thompson A0 1 i ]
20806 FK A4 FI A ILFL S B I 25 CNN S X 5375 0%
AR5 IEH R, AATR 45 R R, 53T RNFL B 48 1Y
L5575, AUC 43 5114 0.96 F10.87 , 5% FH A 43 #1 i %k
Pe 7 /Y DL ZE 2 Wi i LR B BB i U H B 7R IR 5
W1, HETX e ROk 3 — R OCT, N 1Y
DL 2 %&i&E A OCT (b F it —4 801,
4 Al 5K E

LT R DAL A9 2 R LD e, 2T OLHR 2T 0 4
o R R T 000 3 R A HL B F B Goldbaum %57 A
1994 4F 1 YR T8 F ML 2 X 43 1E 5 0T F 5 S HR AL
PSR T 5ECIR T R HER R AN 67% ., WG
—SEE XL AT ML B B 5T AR 4R B, ORI 25 AT 2K
PEAI 45 MD, B AR 25 (total deviation, TD) , #5520 Fr i 25
(pattern standard deviation, PSD) 1% S R 2 R B 46 I
( glaucoma hemifield test, GHT) %% 15 3| 412 Wi 1% fiE
A Y ST AR L K, Asaoka S5 SR AR IR A 40 A
FRUEFIZ WiARAE B TD PSD Fl MD 2550080 43 1) 158 Ul 25
CML 1 DL, i Ffr AT 15 51 9 55 /i 75 0% IR 19 AUC 23 51 4
0.79F10.93, CML W2 Witk & T4 Jrid , 1 DL A &
BT CML, (HZMATRMTF 5T £ 02 5 B IR LB 5 52 4 1
WP AR F B, B 0T PR R A A 25 5 A H At 5 95 1)
o T E R A 2, Li DYl LR 22 (pattern
deviation, PD)X— 48 Hr Il 251K CNN, HAH 5135 SR o
A0 AR W) AR B BT 3k 0.876, B i & TR OBIR £ g
G5 T HERRTE (0.459~0.644) DL FILH T 38 K192 Wr
ReS1 . AR ZANE ZBESE AR E ST, I HAUR$E PD
R W LY 2 S S O IR AR, TG R TR B AR B R
IR,

TGRSR ARG e, BT EA ) 1z 0 H 1 I
PRFE b e S 75 G IR (o i g . fe ) 2 T LR 58 OB IR
IR ML, ARTE 181 75 SEHR F 3 MD i Bl 17 45 SR ok )
Wi B fa B R, &5 R B R ML 5 AREHZEFR

R — P, o7 T B I R B A 0T AN 7 OB IR & A
JE ) Yousefi 2150 % 139 44 £ 3% #4715 6mo — IR 11 Pl
Ui IR T 17.3 3K, 4390 3 B 1844 MD R ) 3 4 I
D7 55 AR AL B, WF 28 45 3 R, ML fg e HoAh i 3
Hi & B I R, T R O R IR B S A O IR
Garcia %"V JF & 1Y ML 0] LLA R A K 2a B9 MD {8,
M E MD 5 B S2{EAH2E 0.5dB 4 1 32.2% , #H2% 1dB 1 5
50.4% , K2 2.5dB 1) 5 87.2% , ] LIAT 24 92 5 1 o
B (E R TN 4 SR BT A 6 YR S
Kty , B EIRE 6mo , I HIZ BT 5EANBE VT 2a, % T 2a VLG
AT I AL ) 0 G A T — R B, Wen £ A
32443 NPLEF BT ST 170 J7 A0S ARG I 467 5, T
() DL I FI T A A 5.5a N OGHR 55 i 9L A8 Ak
BT AN S R A AL EF MD (B2 (8] AR e 0,92,
SN 0.41dB, ZHF5E FH LAV 5 DL (%00 B B3 34 5k

HIRFEA L 5.5a B Humphrey 24-2 2 F# , %f F 5.5a LA
S B TI0EL ) A B P DA R R 75 3 FH AN [R) A AL 4 %) 45 2R
575 B — e
5 Al SERBREMFGERENERLES

I PR TAE | PRl 6 25 48 sk D) BB AR fb R 45 B O IR
BT BEAFAE R 22 , 254 5 T RE AY 45 4 8 v sth W 2 5
FOCIR A JE R IR, e R WA 0F 58, AL 25 & IR K IR
A AL 2 50 VCDR | #0705 1 AR PR 18 AR BLF RNFL
JELRE A5 FNALET 48 FR (MD 8 5 0% 2 45 ) v] LUK A
AR5 H IR X 201, v R 3K 88% , iX Lb Bl 43 7 401 BT
(84% ) B HR JIE IEAH (80% ) FY VR B 5 ) Bl ML
B & TR RE 1IE N T £ A s ARRTE ik g5 A
BEMISE G e TH ZARMA S, AU 45 51 fE
Be T () K A 45 5 18 R 0F 98 %F 42, 0 ] — S8 3 i 25 4
(OCT) 78 YN 2k DL Fe1R 51 -1 oy 5 (RLEF ) ko2, I IR
HAT DL O HR R AR A A AT T =
1 -5 R IS BRAR B G OCT $dE )12k 0% DL, 7] LL7E IR IS
JEC RSB PN OCT A 2 {H, 4N Bruch’s R 1 31 A L
Bf RS 7 RNFL JREE | 8 B 215 40 N R Z
JEL 10 45t SR A S A8 A, I BE A 20X 51 3 O HR M 8 40
AR IR, ) 3X Fl L 2% X AL 28 1 22 =) J5 15, Medeiros
LEPV ISR T S HIRET 5.3a T G HR BT SE T OBIR B E K
RNFL JEEJE & B0 (%) FN XL 2] ) RNFL J5E B il Asf (] 48
ACAEAE B 2B AR O E | X 45 18 4 AR RS BB Sl T 75 Y6 FIR a2 e
WORTHIfE, XEHLEF SRS, RS Bt MY
K25 T B E 3R T — o 10 f 2
PUNECIR MRS . A JE A OCT WS T, AT MR
P IR R HE R R ARG B HE 5 s o 2 5 0 AR R B, ANMUA
A REAE UG 0 AT AR 2 AR, IF H ool DUARPE 1k
448347 R B TR 5 9 ) 0 A T O HIR A 9 A B 4L T 5
S PIRE
6EE

Wl R E R AR R TR AT R R PR R L,
B B4 S R RTG53 B9 CMILL, 2 BAT A ) ] v 4 L
% 3D RURHY DL, AL 15 BE 27 4508 & 7 26 B e o B2 i 4
FH o T REA A i IR FEAT  OCT At E I AE
MR ALEF SR HRTE &I R T 20T H OGR4
T2 O R TR 0 0 R T AT RS A5 3 i 4% Ak THAE
GG R IR B R, A , —SEHL A RS (1) 2
2,3k ATBR T AT AL b 2kt i mT DA fRT A A B HE
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HIZ RS 2] T8 AUC, (H 2 & B 50 Z 18] 9 A
AE ELIE (AT AR AUC R/ PN AT BO4FIR, AT
B IEAFTEBOTE BT AR A B /N B B E R A
FRAEHIX B AT o 25 S S I R Bl 2 45 T B A%
O, HATEIWTFE R Z R AR sl 2 OCHR 9 835 2dls
B Z PRI 2 BT AR T OBIR B 5 W AP
G , 5 ELSCE SR B 3 A A A IR 1 28 575 WA A FD
B T WSS RO T A AT RZMARIREAR
i /b, JCHIR B E R RO B9, Bk = 08 £ H B DT
AP A SR 5 0 T A Ar 25 SR A R R IR T — A il A 4
o, 2 T A 5 ) O AT 7 2 — 2D IR B A
9o A ARFAIE A FE I 2% 7, AL R 41 WO 2 5 uE 0 ] fif 13 5 ¢
DR A R R Y A, — S R R RHAG T AT B B2
FERE

R BR T 5 B R LR i S ) R RE 245 ) D RE 4
R, A HIBIR IS B A AR S R 1 2R
B AT SR RESR B B MERR A9 20 R NN S SR (E2 h el
KA IR BUR:  fin A AT BRI 2 | PO R AE O AR & T AT
BORE g L as2y > HLas 19 05 2 s rRE LE AL AN 5 2
NTARRE , BETCTH braE 1Y AL A BT RE/R L AL O BE
) B AR AL R SE Bl R AR h A RE L IE R B E
BB EL
S 3k
1 Tham YC, Li X, Wong TY, et al. Global prevalence of glaucoma and
projections of glaucoma burden through 2040: a systematic review and
meta—analysis. Ophthalmology 2014;121(11) ;2081-2090
2 Osborne NN, Wood JP, Chidlow G, et al. Ganglion cell death in
glaucoma: what do we really know? Br J Ophthalmol 1999; 83 (8):
980-986
3 Tatham AJ, Weinreb RN, Medeiros FA. Strategies for improving early
detection of glaucoma: the combined structure — function index. Clin
Ophihalmol 2014;8:611-621
4 Nelson P, Aspinall P, Papasouliotis O, et al. Quality of life in
glaucoma and its relationship with visual function. J Glaucoma 2003 ;12
(2):139-150
5 Jampel HD, Friedman D, Quigley H, et al. Agreement among
glaucoma specialists in assessing progressive disc changes from
photographs in open—angle glaucoma patients. Am J Ophthalmol 2009;
147(1) :39-44 el
6 Liu YN, Simavli H, Que CJ, et al. Patient characteristics associated
with artifacts in spectralis optical coherence tomography imaging of the
retinal nerve fiber layer in glaucoma. Am J Ophthalmol 2015;159(3) .
565-576,€2
7 Harwerth RS, Carter — Dawson L, Smith EL, et al. Neural losses
correlated with visual losses in clinical perimetry. Invest Ophthalmol Vis
Seci 2004;45(9) :3152-3160
8 Hemelings R, Elen B, Barbosa—Breda J, et al. Accurate prediction of
glaucoma from colour fundus images with a convolutional neural network
that relies on active and transfer learning. Acta Ophthalmol 2020;98(1) .
€94-e100
9 Phene S, Dunn RC, Hammel N, et al. Deep learning and glaucoma
specialists; the relative importance of optic disc features to predict

glaucoma referral in fundus photographs. Ophthalmology 2019;126(12) .
2084

1627-1639

10 Rogers TW, Jaccard N, Carbonaro F, et al. Evaluation of an Al
system for the automated detection of glaucoma from stereoscopic optic
disc photographs: the European Optic Disc Assessment Study. Eye
(Lond) 2019;33(11) :1791-1797

11 Muhammad H, Fuchs TJ, De Cuir N, et al. Hybrid deep learning on
single wide—field optical coherence tomography scans accurately classifies
glaucoma suspects. J Glaucoma 2017;26(12) :1086-1094

12 Shigueoka LS, Vasconcellos JPC, Schimiti RB, et al. Automated
algorithms combining structure and function outperform general
ophthalmologists in  diagnosing glaucoma. PLoS One 2018; 13
(12) :e0207784

13 Asaoka R, Murata H, Hirasawa K, et al. Using deep learning and
transfer learning to accurately diagnose early — onset glaucoma from
macular optical coherence tomography images. Am J Ophthalmol 2019;
198:136-145

14 Li F, Wang Z, Qu GX, et al. Automatic differentiation of glaucoma
visual field from non — glaucoma visual filed using deep convolutional
neural network. BMC Med Imaging 2018;18(1) :1-7

15 Yousefi S, Kiwaki T, Zheng Y, et al. Detection of longitudinal visual
field progression in glaucoma using machine learning. Am J Ophthalmol
2018;193.71-79

16 Lu W, Tong Y, Yu Y, et al. Applications of artificial intelligence in
ophthalmology : general overview. J Ophthalmol 2018;2018:5278196

17 Ting DSW, Peng L, Varadarajan AV, et al. Deep learning in
ophthalmology : The technical and clinical considerations. Prog Retin Eye
Res 2019;72.:100759

18 Mayro EL, Wang M, Elze T, et al. The impact of artificial
intelligence in the diagnosis and management of glaucoma. Eye ( Lond)
2020;34(1) :1-11

19 Esteva A, Kuprel B, Novoa RA, et al. Dermatologist — level
classification of skin cancer with deep neural networks. Nature 2017 ;542
(7639) :115-118

20 van Ginneken B. Fifty years of computer analysis in chest imaging:
rule — based, machine learning, deep learning. Radiol Phys Technol
2017;10(1) :23-32

21 Weng SF, Reps J, Kai J, et al. Can machine - learning improve
cardiovascular risk prediction using routine clinical data? PLoS One
2017;12(4) :e0174944

22 Hoffmann EM, Zangwill LM, Crowston JG, et al. Optic disk size and
glaucoma. Surv Ophthalmol 2007 ;52( 1) :32-49

23 Sinthanayothin C, Boyce JF, Cook HL, et al. Automated localisation
of the optic disc, fovea, and retinal blood vessels from digital colour
fundus images. Br J Ophthalmol 1999;83(8) :902-910

24 Ting DSW, Cheung CY, Lim G, et al. Development and validation of
a deep learning system for diabetic retinopathy and related eye diseases
using retinal images from multiethnic populations with diabetes. JAMA
2017;318(22) :2211-2223

25 Hood DC, De Moraes CG. Efficacy of a deep learning system for
detecting glaucomatous optic neuropathy based on color fundus
photographs. Ophthalmology 2018;125(8) :1207-1208

26 Tan NYQ, Friedman DS, Stalmans I, et al. Glaucoma screening:
where are we and where do we need to go? Curr Opin Ophthalmol 2020
31(2):91-100

27 Huang ML, Chen HY. Development and comparison of automated
classifiers for glaucoma diagnosis using Stratus optical coherence
tomography. Invest Ophthalmol Vis Sci 2005;46(11) :4121-4129

28 Burgansky—Eliash Z, Wollstein G, Chu T, et al. Optical coherence
tomography machine learning classifiers for glaucoma detection; a
preliminary study. Invest Ophthalmol Vis Sci 2005;46(11) :4147-4152
29 Barella KA, Costa VP, Gongalves Vidotti V, et al. Glaucoma

diagnostic accuracy of machine learning classifiers using retinal nerve



Int Eye Sci, Vol.21, No.12 Dec. 2021 http .//ies.ijo.cn
Tel.029-82245172 85263940  Email :1JO.2000@ 163.com

fiber layer and optic nerve data from SD - OCT. J Ophihalmol 2013;
2013.789129

30 Vidotti VG, Costa VP, Silva FR, et al. Sensitivity and specificity of
machine learning classifiers and spectral domain OCT for the diagnosis of
glaucoma. Eur J Ophthalmol 2012 [ Published online ahead of print ]

31 Ran AR, Cheung CY, Wang X, et al. Detection of glaucomatous optic
neuropathy with spectral — domain optical coherence tomography: a
retrospective training and validation deep—learning analysis. Lancet Digit
Health 2019;1(4) :e172-€182

32 Park K, Kim J, Lee J. Macular vessel density and ganglion cell/inner
plexiform layer thickness and their combinational index using artificial
intelligence. J Glaucoma 2018;27(9) :750-760

33 Christopher M, Belghith A, Weinreb RN, et al. Retinal nerve fiber
layer features identified by unsupervised machine learning on optical
coherence tomography scans predict glaucoma progression. Invest
Ophthalmol Vis Sci 2018;59(7) :2748-2756

34 Devalla SK, Chin KS, Mari JM, et al. A deep learning approach to
digitally stain optical coherence tomography images of the optic nerve
head. Invest Ophthalmol Vis Sci 2018;59(1) :63-74

35 Devalla SK, Renukanand PK, Sreedhar BK, et al. DRUNET: a
dilated—residual U—Net deep learning network to segment optic nerve
head tissues in optical coherence tomography images. Biomed Opt Express
2018;9(7) :3244-3265

36 Thompson AC, Jammal AA, Berchuck SI, et al. Assessment of a
segmentation—free deep learning algorithm for diagnosing glaucoma from
optical coherence tomography scans. JAMA Ophthalmol 2020138 (4 ) :
333-339

37 Goldbaum MH, Sample PA, White H, et al. Interpretation of
automated perimetry for glaucoma by neural network. Invest Ophthalmol
Vis Sci 1994;35(9) :3362-3373

38 Chan K, Lee TW, Sample PA, et al. Comparison of machine learning
and traditional classifiers in glaucoma diagnosis. IEEE Trans Biomed Eng
2002;49(9) :963-974

39 Goldbaum MH, Sample PA, Chan K, et al. Comparing machine

learning classifiers for diagnosing glaucoma from standard automated

perimetry. Invest Ophthalmol Vis Sci 2002;43(1) :162-169

40 Asaoka R, Iwase A, Hirasawa K, et al. ldentifying “ preperimetric”
glaucoma in standard automated perimetry visual fields. Invest Ophthalmol
Vis Sct 2014;55(12) .7814-7820

41 Asaoka R, Murata H, Iwase A, et al. Detecting preperimetric
glaucoma with standard automated perimetry using a deep learning
classifier. Ophthalmology 2016;123(9) :1974-1980

42 Brigatti L, Nouri — Mahdavi K, Weitzman M, et al. Automatic
detection of glaucomatous visual field progression with neural networks.
Arch Ophthalmol 1997;115(6) :725-728

43 Garcia GP, Nitta K, Lavieri MS, et al. Using Kalman filtering to
forecast disease trajectory for patients with normal tension glaucoma. Am J
Ophthalmol 2019;199.111-119

44 Wen JC, Lee CS, Keane PA, et al. Forecasting future Humphrey
visual fields using deep learning. PLoS One 2019;14(4) ;0214875

45 Brigatti L, Hoffman D, Caprioli J. Neural networks to identify
glaucoma with structural and functional measurements. Am J Ophthalmol
1996;121(5) :511-521

46 Christopher M, Bowd C, Belghith A, et al. Deep learning approaches
predict glaucomatous visual field damage from OCT optic nerve head en
face images and retinal nerve fiber layer thickness maps. Ophthalmology
2020;127(3) :346-356

47 Thompson AC, Jammal AA, Medeiros FA. A deep learning algorithm
to quantify neuroretinal rim loss from optic disc photographs. Am J
Ophthalmol 2019;201.9-18

48 Medeiros FA, Jammal AA, Thompson AC. From machine to machine;
an OCT - trained deep learning algorithm for objective quantification of
glaucomatous damage in fundus photographs. Ophthalmology 2019; 126
(4).513-521

49 Lee J, Kim YK, Ha A, et al. Macular ganglion cell-inner plexiform
layer thickness prediction from red—free fundus photography using hybrid
deep learning model. Sci Rep 2020;10( 1) :3280

50 Medeiros FA, Jammal AA, Mariottoni EB. Detection of progressive
glaucomatous optic nerve damage on fundus photographs with deep

learning. Ophthalmology 2021;128(3) :383-392

2085



