FLSEVIER

Contents lists available at ScienceDirect
Engineering

journal homepage: www.elsevier.com/locate/eng

Research
Artificial Intelligence—Article

ETFREFTFHEFINIRRZRRIEBIRXE GRS E

VERESE 2%, LS % sgin *%, BElE°, HERE . Bkl O RS, ialise b

K

“Department of Ophthalmology, Sir Run Run Shaw Hospital, School of Medicine, Zhejiang University, Hangzhou 310016, China

" College of Computer Science and Technology, Zhejiang University, Hangzhou 31002, China

ARTICLE INFO HE

Article history:

Received 17 January 2020
Revised 18 March 2020
Accepted 20 April 2020
Available online 15 July 2020

X577
VI3
s
FFBIREAE
e
KLt

TR £ JBE 98 I A5 WL TR SR B 2 — 0 JEUAAE Sf b AR 5 R JORE SN I 45 45 AR AT 2R, Jk
Pk A I R AT b — bR B, T B RSUERIS T, R s RS 1R B RN . HERI IR YT
N I S50 40 A e, I8 KT A1 8 R 2 0 B B e i e 3 O BB S AT IR I IR XU, e o B 4 4
P BMRER e ASCHEH T — IR BE P AR IR 2% STA Y, 120858 280 3 408 300 3o 0T 1 A T A 1180 3 20 i 200 b
A TE) PR Gk S B¢ o FRATTET WIS G P A7 58 28 R0 il TE 1 — i e 408 At R 1 S P 45 b B L X5
PEPRFAE IR IL A IR G5 R I Lo 00 LU AR, FRATTER HH (R R B SR AIE 2% S A 120 5K UG 1)
MARLE A AER 2R BE SIS £1180%, €y T- 42 LA HIVR} B AF it BBk 21 1)~ 347K ¥ [(49.27 £ 11.5)]%.
© 2021 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher
Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

o

1. 5]

TH R, AN S WS B A S, 4
BN NILIA GG . Tk, AR BB
24 (CNND IYIR S 28 X VAR BT BB AR FR AR
TR o 50 73 RS S0k T AE & B2 2 R H R
2T N SR, WAL Z 4 (CT). #idt
Pepe® (MRD. HRJEMEAR . JesA 41T W Z34 (0CT)
A BE R[] XA 51 T B2 o7 UR BOR W LR R H
R R IR EAE . A PR AR SR AT X
YEPR A BBROE T 40 IbnttE,  mT LAAE RIS 1] Y A FAS
WA OBERE IR R .

*Corresponding authors.

E-mail addresses: wufei@zju.edu.cn (F. Wu), yaoyf@zju.edu.cn (Y.-F. Yao).

#These authors contributed equally to this work.

SR K 22 Bl RIS (I8 W O F AN it 22 R AR R s 2
JRARTIA,  PIEVF 2 B2y T LRI IR R 2 T R ANEAT B8
R ORAT, 3 EOX PR BB E s 1R T SR A Dy
FOL P AR R, (B AT I LRI R T AL AS 22 2112
Wi R GU RS 2, Bt B A2 R 7 R [2]
SEAEARAL ST T R AU — OB 2k A 70
AT AR AT I A7 Ao fAIB R A E i WO
JAR 2 [3.4]o PRAFAL TR, TSR 20474507 A DA E &
FABE 3 SO TR L, AT 5252 rh 21 R AR B
[4]. TG A N5 28 2 B UL R A B (510 I 1R A 5
PATIAT R IE WV, G A IR o Bl 25 (1R s A 9 Ji
ARSI A, S EURIBUR AL BSR4

2095-8099/© 2021 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and Higher Education Press Limited Company.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

YR Engineering 2021, 7(7): 1002-1010

5IH4<3: Yesheng Xu, Ming Kong, Wenjia Xie, Runping Duan, Zhengqing Fang, Yuxiao Lin, Qiang Zhu, Siliang Tang, Fei Wu, Yu-Feng Yao. Deep Sequential
Feature Learning in Clinical Image Classification of Infectious Keratitis. Engineering, https://doi.org/10.1016/j.eng.2020.04.012



2

T G b A SR S A E A A 2R AR I S EAURR 1)
FER[6]0 TG A I A (1) 12 W 32 B e TR R s AR X
AR G P AR AR AE S0 o IR B, HRBHES AR5
AR BUAT W AU R MR AR S i o B T AR
ST AN, 48T WA A nT LU T H3 I F Rl g
SKRFOL R A IBOIRES, A B T IF & th AR ibs
HERANTRRE (AD B, ARG A IR 5 100 Al
IIHTHT T i

19984 T U, FATTAA R T —A KA HAHA IEffids
IR BT SRR B A, iRk H 10 60944 A
WL B, AR 115 4085k KI5 . JE T IX AN ER AR IR
IV — PP TR B 2% S W v, LA 21 (1) 5 =k
ITIRRME AR B2 W . O T B HB B IR B2 A2 12 Wy
RGP M 1) 07 20, AR T — FREAE 2 ST HLA,
T2 ) R VR R PO AN R A e 220, Herp g 5%
FEBIRAE R AT 3R IER G, MG AL X Ik
[ O BIA Sk IR AT U SR HES, AL l— AP
JF4E (SOS), I AN 48 BEATHRRAE 22 > o FeATI42
HH R P B AIE 2% TR AT DA ke s A8 X 451 Bz
R G 2R, FF HoaT L2 Bt i A A b 28 5 (R (B A
WRINZETVERE . ok, R4t 7 — MR
e CASEILE AT RE . AR, AR W (S 4R
XAV R FEAT VR4, 3RAS T 400 44 IR A= A 11 vy
(A1 WA %

2. BXTAE

2.1 BRI S i

ZAK, BT (EMR) LR T KE M5,
EAF WU N R BTV 2 RO AN . B RS A
ERE T Z N TR AR, DURBILRE I A, IR
PEE I AR B &P SR T . 2 Wi RNA YT .

S50 TOUI T - 0315 5 99 149 A A R i 2> 5 9 1 453 4 L
HETE S Yang 55 [ 7148 TR 1 il 5 1 sk ke 1
PRIGIEAEFFRIE, AN IR T I AOhE 5 5256 % 2R A1 2 [A]
(RIS o< o He 5 [8]48 F EMR 4 4 Wi il A 5 I
RIE, I IA] I N E s e IO AR

FLAT OIS W bR 25 A 25945 IS EMR W] 35 B B 3))
By HE S99 12 W oy BE AR AP IS Wi 2 % . Nees
(9145 FH OR W EMR 3C A< % 4f B2 5% 5 F < i IEMR _E R
SCHEAT ER B, JEAEEMR H ST HE B 14 95 95 12 W7 0000
Wright 55 [ 10148 FH Echin 428 772 B 22 55040 A2 vh sk A
FHEI DGR FIRNAE,  DATRIEE T R TP Lezy .

2.2 ARG BT AR R N

L 48 (1) s 27 G AT T A 3 e ik, i o v
WREAT 73 25 540 %o Scott®E[11]7E2003 45 4l J1] K &
CI) 45 A ML i 8 AGr I R RE i XA 2 A b ) e
o UAh, XIS FO G I S JE T X 7
BN HEAR . Manousakas 25 [12] 3 H X 4 &1 43 1
GRS B v IR AE MRT A A 359 59 4 00 2 e 321
N A . ZhaoFE[13] 4120 T TR A5 I JE A B 2 B Al
BAE, IR T M B B A A Gk W T, A
DX 53 s A B 1 A ) CT R v I il 8 i 2 . 52 56 4
KL, 520064 H B &N 7 iEMH L, %A
P 27 PR AG I M R 3 A D 7 T X SE AT K. BRI 2 b,
K-means ZZJS 0 ¥ i Kaus 25 [14] N A 760 JIFMRI gk
T AL ZER . Cordes®E[15]H LAl H 4 25K
FEk AT B MR EER P, 1% 77 2] LIRS 0l 21 A A 2))
PIARARLE, S5 R W], R A& niE B =k
SRRREM AT MO I E L0, 20064F, PohlZE[16]42
T B A AT T R R R ON e R BB #eas 1) 1R
W, AR AR, IR VAR E TR, s
FIER KGR PFB, P LUeE AT TSt 5 5 A AT
PEREATBR[17]0

2.3. VRJE S AR BT AR N

EEEN Bz, SR TR
BN [18,19]. IRBE: S AL JECNN, &
Mgt =)=, MBRZE. b EZMEERZE. AT
TFRFET CNN SR ATEE,  BAl Tl 5 22K 5 b
VE I -

= 2% PR IR bR IS TR AN B W B — i 1 SR GO
FER Sy o ARJE, WA JUAS A LB 5 BIHG E s R 2
o B AR T DL W e 2% ) R, R G S AR (1) P 2 ]
G T DL K s, XS, CT. D
Fos BRI AG: . J f FIX Se K s, B T CNNIALSE
VL AT LK CT G BEAT A 51 45440 73 80207, 0 i 358 X S
2 PG IE W B 4 AT 4y I8 (210, 0] I BFL
g HEAT 0% £Y 22,231, A0 H G C T 41 4 19 S B A
B [24], AEFHIETFAE RS BUM S (GAND R ALGS T
AR BEAT 435 [25], HEAT O IENG I 226,271, LA AER
B P45 b PR A 2 5 4 B 45 [27,28]

FERR BRI, TR A FIOCT E5 & T4k,
DT I 35 T~ CNIN IR AT 925 2 2 3 FH A A R A A0 D B
993, LUK DRIPE PEAUL X R A AR G e B A R
YR [29-31]7.



T, N R RESH BN A PR 22 W R e 1 BN TR
P RAR AR U R S W O E AR gL, TG
FEM PR TEAEMNANGR . e —MF, 4
T ATST AT LUK 2065 B IR R b s Pk Rt i S
KRR AZ DI TF[2]0 SR ot — A7, IRFHE AR
uﬁ%%WHﬂMﬁ%%ﬁE%mﬁﬁ,m@Aﬁ
B A A A AR 5 A3 R 112 B a4 it 7 (14
ﬁ%o

3. 757k

3.1, EHGEE A 4t

SNRIANC BEZE Dy S b, IR 0 G B s AR i
T 199845 H 42201 8= AE WV K 24 = 24 B it i Al i K 1=
Wy IR AR A0 o 2R B KTl B8 SR A R 115 408 5K i IR 2507 1]
%, XS %R 510 609151 89 F £ MK i o I IR P
5 Fh P Fh 2 T () BT AT P Ak, B SR ) S BRAT
TBESL 130 (FE[E R/R-Z&w] A w]), £ T SL Cam for
Imaging B8, BEANEUR I 70 #1500 1024 X 76815 5% LA
K B B AHHLUnit DC-11f Topcon 4 AT W4 (H
AR A D, HENMER 5 #1740 X 153615 2 5L
2048 X 153615 %

TEHARAE T, FORE B M BB g 5, dE
NRPEMBLAR (BKO. FLRPEMER (FKD) a2
TR R (HSKD WIS, #lagsH 507k
R INZRaRAE . ok B A G 88 10 I R By
AU S WiAriE, 2045 LU RS R Wik ©
IR BIGREI W (a) Fro. @MW EL
WPk L2 B IR YT, SRl T A IR G 1 13k
i, M R T8 QYL FRALFEAS I S AR % g - AL
YRR LR R Gerh, I RS AR B R TR
IR RS s (R R e, Tl SR A e Y. (PCR)
VAL TE VR B A I AR AR AT s e B T A i
EALIIZENAL, A BAT AL SRR A0 1R LA A 55 2
F BB LM 0. 2R G Tl £ i
Ve WPEM GRS . B0 A R AR L SRR
FAMBGRAT AR, HE b SRR OK AR . AN
AR NEEGEL (a) Fis.

B AR AR B 5k 1 867191 A A 1 2284 1R AR . VIl
R LR H 74701 5B 10387 9K Bl AL 3%k £ I BK K 14
S5195KFK & 1% . 4885K HSK &I 4% A1528 5K HoAth £ 1595 1]
5o WA AR Hh 12041 i B L 21 86 5K BK I 15 97
FKFK % 515KHSK 5 A 128 5k HoAth 12 Wr el 45 20 1 o

Others

* BK

* FK

* HSK
© Others

J o |8l

(b)

B 1. SR LT S A PG 5 FRAT T 11 DU I A S22 1) SO S B AL i A
FRAER - A AT LABIR RN (--SNE) [ R #iAk. Ca) ZHTETEfI 4
(BK). FLAPEMMESR (FKO. Falifaz i det bk Mgk (HSK) Fidt
b f RS2 C ok = 2 A Z A AR I 2D (ML BT R A A%
R 3599 TR R — 25 AN R B Be G I AS ) A B S HE . (b
SOSHRALE I - SNE RN BE I3 248 01l 1 — 24 % (W) IR A3 PR B e SRR AE o
t-SNE I T il WAL i e 5, 1o B ot 22 3ok 14 I B0 1) 488 5% ﬁt%ﬂ’]
SOSKIRLH RFIER IR (362MR G . T s ARSI AR 2
BOR TR TR 0 4 AN AN R 7 ﬁl@ﬂ%?%%ﬁ\éﬁﬁﬁm@
K5

AT VPASHRBHES A2 B0 73 FER I, JEFE ML T REAL
ST 8 S W PG LU i DA IRBHE 2R 02 WK1 (1 5
Pt CH R SEAE T T 120 5K P BOR PP IR BB A2 (2R B0 o

3.2, FE T IR P AURHE IR IS TS Y

WIFTHTIR, FRATR W T —Fh A EGUT BFAE I J
Yok IR S AR T N T R BATTHR 13X
— B, BTG IS ST iR T e
TR I 27 ) 7 VR RN T UG 1 B HE 1) U7 vi—— AT
T X,

BT e B R BRI IR B 2% TR R L 54 1 e b
W %, EEHCONNIET 2. i vl gk 1%
HRR Py, AR T T A S W J714[32,33]. 1E
Scus v, IRATTAERE TR =R i A% Sy SR &



4

H: VGG-16 Cphide [ AHER A v LT/ NS D [34].
GoogleLeNet-v3 CHIAEA FE L LeNet B8 (1 5 —
AMRAD [35] LKA R 4 (DenseNet) [36].

FERE T R BRFAE IR B2 SO AL 2 vpr, R iy
BT THATHIE AR, B DY ARG X
FH B AL 55 X 5 5 70 1 KRR s BRI X o FEi% 2R
L IRATFEFAEH T =R BB 458, BIVGG-16.
GoogleLeNet v3FlDenseNeto 7ERF IR I REAS T H 58 1k
Ve =B BVEZ E5 S UPIRPS kO SV TS L RS
gER,

TEHET P AR B 2 SIBER , TAEsk I s an
RIAAAAER AR XA, BRI ST RO S B B B AR A
30 O e P B N 1 i s B A SR S AN DN
KA IR, WE2PT7R . & A8 A B SMR S iAN E 3E L
KT BRI il A TS S, TG H
NN AMNAFIILS, S,y ..., Scyo MR PARESIE AL

B 2. SRAE USRS DI KN o [ R RN AT I IL S
TEJT AR X e SRR R i e A W R, s T
(RIRAE X I

@D
(8!

Sets of patches

Original image

Patch sampling

[}

ii T+ n— Max pooling
12 1’12:— —_— f1- '
- | DenseNet TR ,
{El} PR . :
@) f21 I pooling |

1B Feature
v f@‘. extractor

B, AEINZRB B, FRATT L BEAL SN HR AL S
RGP —on R, KPR 2 107
FIRG RKIMAGEEZFENE, A BIR I 2 ngs e .
BAIRH—MNRZ 5% ZECNN (WDenseNet), 18
o G ) 24 - AR 2 ATE 22 [37 -39 K AR BURE AN E A rh 1 R A
FHRIRAE . R G b2 BRS8N S5 120 A
Bep el — AN Befs s FLVE B R Ak 1) 5, 793 &
BT R ES {F, Fy, ..., Filo XTEANMESF, il
o i KM AT IR A BEA T AL G R AL S, RoRBEA
A EARYE I . T A8 X e A A 1 S A R
T, AT LA RIREYZ (long short-term
memory, LSTM) # B [37]———Fi & ML {5 5 1) 2% 2] B
B, SRGRIESTINLS L, fa ons J AR I T3 R0
RAE. AR EMGRE T DOE S — N A 2 e, |
i softmax vH5HAF B REA BRI K 70 KM . KT (b)
JETR T BRI I R R AR AR — 4 W) B An. B3
JEIR T ARG S5 1 . 48 1 3R1S IR 70 A 5 L S0hs
SR PR, T S n) A RERS TRAR T 2285 [40,41].

3.3, MR AR T KR H2 Wi 8 ) 23 B

FATTINA [ 25 A8 IR RS A, A AT 2 T
AT W RE )y, JR IS OOIF R IR FE % 2] T k4T
P SEBLLE IR AR 0 B RN IR A rh A 47 B 1 48
RS I AIE 1 R B 2 MU I2 I BEATLIE R ) CRIA
F1205K B8 TR SL IR BB A= B AN 8] (1 22 AR Sk
fir O BE e A B i AR e e 2B, 3 B 2 24 B I I R
B TAENIA K22 B 2 Bt 1R B0 s Bt 31 3 STl
PP BRI 2 T R E L (5 1~54E, 6~10
EL 11~154F0 16204 L & 204E LA ). FRATT B ILHH 3%
T 21 4 IRRHEA.

MR B A T Bl A A0 B 45 A T B AT 35 1 - 5 1) 2 B,

Inner

o
; LSTM

22_ ||
| —
;
|
I

b{ Others

Predicted result

Ty ! — i

f,,| m— Max pooling | |

f33.\ e Y !
—————————— 1 KRR
F, 11 Outer
Feature Sequential of sets

B3, Wi DR TR B AL 2 2 A RD R 0 T ARk BT R PR R DA MZ IR 20 KA R CELRGE ML, BEAEK = 3). FRATAEEA I
I ONI A JZ B AN 2D FRAE, SRAER DR T A2 e 5 PP a1 o B 0 d A A K A2 (LSTMOD B HEAT R SIS AL 2 20 o fe SRR DSBS AL 5

VAR o e



TP . B0, IR A UK EE Bt AT
B, R B IR P AR 1 S I B 1 DY
AR, MIBK. FK. HSKRIH Al A 55 1 Fl 5
PEALZGIR B A, IRAHES AR I T3k £ 0 R B B A
Hizlr. 500, SHIRBHE AR S A EHEAH R 1 I
(LR AR ALY ARSI |V SEt ) SR DR GO p SA ol NN e
I IR) PO EEM S RGO CARAT D RS 25 At
Hob, BORIRRHE A TR F 25 je A e 245
Ko MR ER A2 B E o PrATHRABHES A= S5 30T 3k
ITBERERF, B I T BRI

3.4. ek o b

WP ANFR M 2FEAR KA. TAEN LML 25 5 5
HEAR A, AL SR 2 Gtk A (SPSS 18.0
Ji: 26 [ Cary 23 w6 HRBFZE A 1612 W £ 2047 4 ot
I3 HRRHEE A2 WOl 52 10 ~1- 380 7K1 L (B4 £ A
W) %R oR. i Kolmogorov-Smirnov 1656 46 il 5
P IEASYE. RIS Eds EaS e, A8 A SN 2= U7 2= 50
(ANOVA) 3t T AS[R] B2 B 26 0] A1 HRFR 20 2 [8] ()12 Wy
i ER. RN REEREHTSHEE RSG5
B o A8 B2 2R b AH OC JR B0 T 2 Wi v MR Ak 22
B4 Bt 2 A IAH OGP . SR B VLR AT 2 oo de Pk IRl A
IR, AR SR B BT S R Lk 4 56 A 8 45 T T
SR T et R I . BEAT T RO TR CEEXS IR
B AR5 M Wilcoxon 5 FET L CEHATIEIES
ISP D, DA E R JC N B 245 B LR,
B A AR iZ Wi e i It bR A W E R T RS
WK BE 4 0.05,

R AFFRER AN ERIZHTEE )R H

4. R

4.1, ANRJER BEASL Y (1) P B o) L

S0 R PR G5 TR R FEABE AR H e 5 2% B2 Wi AT 55
HARE AT, T VR EH B IR R B 2 S A CNN Ak
o BATG TAERIEPE T VGG-16. GoogleLeNet-v3Fl
DenseNet < Fi & MBI 254, FFXF L T HXTBKL FK.
HSK 2 WiEffi %, WmRIFIR. SR R e K
B NCNN eSS & A — 20 R HfE B, Fdllidt—2
B X Mgk Bt TR EUR T E AL [42,43]. 7
ST G TR, RS B N RRVE A R
YUpg bl X . ARG 55 X 4 7 it DX R s B X
XA R, FRATIEAA N e 0 JR iR EG, Al
FH AL 53X 2L X5 1) R T AT 43 8. R T T Bk
(AR TR Stof A AN 7 B 1) VU0 VR A 2 4 D3] R 0% 2k £1149.62%
51.52%M160%. {ERFANEMR T )E, T 2 5 s
(R )5 i ALK MG RS W g St o 3T R 1B (A 7l
X G113 ZEHEAf 2 43 03 o] LLIA 3)52.50% 55.52% Al
66.30%, WE1F7r.

B, BATE R T BUGT HURAIE AR Y, %0792
REE DR IR S R P (G 2 R S5 M5 B . il BTk,
T-HAEA 70 I AE AL T i P 1 A0 0I5 HE B 35 A5 1)
(RISOS), ¥ SOSHEHURFIE fig ik 21 78.73% I 53 S HEM
Ho BRT AL THIN, BATEARR T BV 1T
P (ROP) MBFHEF )1 He (SOP) KARAFHFIESTFH1 -
ROP @ ik B LIRS = AT HU5 41, 1M SOP 2 UM Py 211 4b
(RGP KA 51 (AR A 4 e T[] — 5 B ) - R SR
—AMESD. LR K, ROP VLA ILH]74.23%

Test dataset (%)
Level Algorithm
Acc BK FK HSK Others
Image-level VGG-16 (image) 55.24 48.84 52.57 62.74 53.90
GoogLeNet-v3 (image) 57.73 53.49 55.67 66.67 58.59
DenseNet (image) 61.04 60.46 56.70 80.39 57.03
Patch-level VGG-16 (voting) 52.50 45.34 54.64 56.00 54.68
GoogLeNet-v3 (voting) 55.52 44.19 51.55 74.51 58.59
DenseNet (voting) 66.30 59.30 68.04 58.82 72.66
Sequence-level Random-ordered patches (ROPs) 74.23 75.29 68.04 82.35 75.00
Sequential-ordered patches (SOPs) 75.14 66.28 86.60 84.31 68.75
SOSs 78.73 65.12 83.51 90.20 79.70

The image-level, patch-level, and sequence-level features are learned from the whole image, the lesion area, and the sequence of patch sets, respectively.
The test dataset contains 362 images, including 86 BK, 97 FK, 51 HSK, and 128 others from 120 patients. Acc indicates the overall accuracy of each model,
and columns BK, FK, HSK, and others show the recall for each corresponding category.
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PR BERR STV S IR B A R B 280 T P 53
HERAPE DL A2 B 4R (12000 150 IR A= 11
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M B A AR 55421 A IR BHEZE S INIX I G, A2
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(49.27 £ 11.5) % (Jufl: 20.00%~86.67%), &AL T Al
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Level Algorithm

Dataset for evaluation of ophthalmologists (%)

Acc BK FK HSK Others
Image-level VGG-16 (image) 50.83 46.67 43.33 73.33 40.00
GoogLeNet-v3 (image) 55.83 50.00 63.33 70.00 40.00
DenseNet (image) 64.17 56.67 63.33 80.00 56.67
Patch-level VGG-16 (voting) 51.67 23.33 43.33 76.67 63.33
GoogLeNet-v3 (voting) 54.17 26.67 73.33 80.00 36.67
DenseNet (voting) 71.67 46.67 86.67 73.33 80.00
Sequence-level ROPs 77.50 66.67 70.00 93.33 80.00
SOPs 79.17 73.33 70.00 96.67 76.67
SOSs 80.00 53.33 83.33 93.33 90.00
Human-level Average performance of ophthalmologists provided with image only 49.27 46.55 45.56 65.01 39.95
Average performance of ophthalmologists provided with image to- 57.16 * 55.55 " 56.28 * 73.25° 43.56°

gether with medical history

The first-visit and diagnosis-proven images of patients with four categories of the corneal diseases were selected from the testing set to construct a dataset
for evaluation and comparison of deep learning models with ophthalmologists. The dataset included 120 clinical images.
* P <0.001 compared to the average performance of ophthalmologists provided with image only.

W3 MAEBEBEIUN  TAFLE BB B 2 e M PURR -1 24 23 SRt

Dr. Group Participant number Boxplot Mean £+ STD (%) Range (%)
Total 421 I — ¥ 4927 + 11.85 [20.00, 86.67]
Hospital RK.
Teaching 84 S C— 55.69 & 12.19 [33.33, 86.67]
Ciy 171 L **t o 48.46 + 10.70 [24.17,78.33]
Community 166 o — 46.84 + 11.63 [20.00, 81.67]
Year of employments
1-5 89 1 4596 + 1322 [22.50,78.33]
6-10 117 re 4939 + 11.80  [20.83, 76.67]
11-15 69 N N 50.85 =+ 12.03 [24.17, 81.67]
16-20 41 —{ ] 49.94 + 1230 [20.00, 76.67]
>20 105 O ! 50.64 + 9.66 [25.00, 86.67]
Physician RK
Attending 173 — —C— 51.76 + 11.94 [20.00, 86.67]
Fellow 150 4938 + 11.18 20.83, 81.67
Resident 98 I : ' 44.69 + 11.66 {22.50, 78.33%
Hospital RK and physician RK
Attending in teaching 36 — . A 57.08 + 12.02 [33.33, 86.67]
Fellow in teaching 30 —t : | 55.47 £ 12.21 [35.00, 77.50]
Resident in teaching 18 L1 1 5329 + 1221 [33.33,75.00]
Attending in city 78 L 1 51.63 & 10.45 [24.17,77.50]
Fellow in city 59 I f 46.96 + 9.07 [24.17, 66.67]
Resident in city 34 - . 43.80 + 11.57 [25.00, 78.33]
Attending in community 59 L} . 48.69 & 10.36 [20.00 74.17]
Fellow in community 61 I 4872 + 1253 [20.83, 81.67]
Resident in community 46 I | 41.99 £+ 10.51 [22.50, 63.33]

)3 04 05 06 07 08 09

RK: rank; STD: standard deviation; * P = 0.003; ** P < 0.001
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= B AT HR R I 242 1) 26 B BE i 4 s e AL DX 2 T 114D 22 A
(P <0.001), 1fjTiglEpefislx iz 2 aAE gt 2 5+
(P=0226). NI E IREE AR 2 Wil R R
IF B AT B v (R MR, L vy PRI v SRR B il f
B FAE BT (4359 P < 0.001 1P = 0.003), {HF
PARRFN P ZLURRR 2 0] 22 S o Ge vk 22 L (P = 0.071)s
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LB ISR SR MRS, BUEFERL
(e R FRIR R = A2 () R IR [ HERf PE R (57.08 £+ 12.02) %,
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PER(41.99 £ 10.51)%, VG 22.50%~63.33%]. &4
2 TG a1 VA 43 AT A5 52 2 A P ) = AN AR A
1 (R =0.062) IHAERBKTHNE (B=0254, P <

Predicted labels
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0.001); FEAI2 (R* =0.100) FLATEEBe/K T (B =0.239,
P <0.001) FIENVIFR (B =0.200, P <0.001) [HKZ,
B3 (R = 0.109) HAT A7 = AN 2. & B AK T
(f=0227,P<0.001). TMIHFR (B=0.326, P <0.001)
M TAEFEMR (B=-0.164, P=0.024).

it IR AR SR AR TR R IR B = 2745 15
b, AL R R S R I BRI A Rk KA
CUn A7) DU ZG L, P 02 WrdEif 7 ) 49.27% 12
R 3157.16%, 725 BAT gt 242 X (Wilcoxon 35 Bk A
%, P<0.001). F4HE, MOmESERE, BKIFE
Wit #E A 1 M 46.55%F2E F $1]55.55% (P < 0.001), FKM
45.56%$¢ 1 5156.28% (P <0.001), HSKM65.01% 35
$173.25% (P<0.001), 4044 M35 MAERTESE =
T 8.28%, 94 PR MUEMTE N F% T 2.13%, HAh8H B
A HERf R AL

5.1918

—RON T, AR, WFRE. AR, DRI
DX AT FIWT,  JF DL SR AT I 2 1) 53 e [44]
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PR AR AR R/NAAH A DA B A SR 2 [a] f) 5%
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1.0 BK HSK  Others BK  FK HSK Others
3.1 22 16.0 1.0 1.0
o 08 BK (102%) (7.4%) al (s3.5%) (33%)  (33%)
©
2 06 o gk 85 55 24 o px 40 BECM 10 0
% 2 (28.2%) (18.3%) (7.9%) 2 (13.3%) ECEEFON (3.3%) (0)
8 g4 © ©
() B | () ()
> — Macros R AUG =094 > 3.6 19.5 4.9 > 2.0 1.0 27.0 0
= ool 1= Rgcc"’cjrvfe'i%eclafsch(“gzg 5892‘; 84) = HSK (120%) (©.7%) NCEEON (16.3%) £ HSK 670 (33%) KOBE (©
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FR[46). EAKTHNG 2 W 1 BAKSE M S A HERE . 7R P
A NG, BN R A B B 5 e 3 R SN
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PLRGL T AN A H BRI AR B B L. AR L 5K
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X
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BERe, DAIF R T AR B e e s i R 2 W R e . A
PR ) RN G 1 B O A R I 45 SR v LU, R
HAAANN], HIXAT 2 — AN RAMERAESS, JCHEX T
VGG-16F1GoogLeNet-v3. X R i 1E K 1 HL 502K
R RIAE, R 1 P2 TR I B T R 8 25 G
fit. AHHLZ T, DenseNetft) E1ER 7 H /3 2Kk 5160%, %
FIR1LH166.3%. WEFTR, W0 RBLRLE G 13
RIS T, A DRGNP S5 A X A T R 1
P L AR LU AR IR T R RS g (R e e . ROP 7V ]
B A B R e 2 S G BR T IR IE ) 7 — Fh k. 45
AW, RS AT 2 BAE R, K& S 45 7]
DLHE— 20 o035 R i . JRAT TR B, AT 5
SOS & H T 41 L5 H A AR G EA T2 W7 1 B A i ¢ 11
J5i%e SOS LU HA 7 v BUaF ) AN ] g Js DR A X AR
B2 YRR, TSI T 0] i A PR T 5 A ) 3 24
FIF . SOPRIIAE, & KA B %A 2 150 A8 X k1) 28
TEitt . YRIRATIEN, ABFFE G T —Fh A 1 4
RIRPE 2 IR, AR AN AR EE BR BEA T2 TN EL A
RIRRHEE A HAT S e It . AEAREIT Y, — IR}
= A A AN 8 T 1) A7 B0 12 W vh (X R IR LU AT R 48
Ze. IGEE], AN RIS W] Re i AU P AN IE 1 1
2, FECRARFIE AR S O], AR A2 K S N A
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SEMA, 3N (R T RECEAR . X R IR ER
AT 8 JC Y S A T b e s MR = A2 06 £ 899 (14012 T v A
PE, BE SIS R AR 0 D T ReARE T = A%, ovkiiid
IR3ANR R TR A E 2 . DRI, TSR AT LA )
I PR = 2B LS s 2 W e v S 2 3 iR e ), S A
TR RO A A s R 52 3, RN 48 T By BT
AR A H T A AT A 450 7 N 1E T 52 i £ i
I 5 S A BT ol S 0P b B A AN RS, R A
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) = AR P AL PG RGN, 2 WTHE R Tk LE sl it 45
TR (M49.27% M 4257.16%, P < 0.001). %453
LB, HAbE ST A B — P s W R I, AL
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P, A USSR R A BRI S R eV 2 AN TR 1)
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AT, AEILE Be AT ALS Wit 1 L e
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03 By = A W DR S e R S BRI - R R T R
FA IR AN R PEAS [51] o

6. 4518
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