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[ Abstract] Objective To develop a fully automatic detection system based on the deep convolution neural
network (DCNN) for screening myopic maculopathy (MMD) and identifying its severity. ~Methods Six thousand
and sixty-eight fundus images were collected from Anhui No. 2 Provincial People’s Hospital to construct the training
set,and the public fundus images data set was selected to construct the test set. The fundus images were preprocessed
and amplified, and the grade of MMD lesions was labeled and the data was cleaned. The automatic MMD detection
system proposed was composed of two-level network. The first level network structure was used to identify the presence
of MMD , and the second level network structure was used to diagnose the severity of MMD lesions. The accuracy,
specificity , sensitivity , precision, F1 value, area under curve ( AUC) and Kappa coefficient of four commonly used
DCNN network methods, VGG-16,ResNet50, Inception-V3 and Densenet,in MMD screening and severity recognition
tasks were compared and analyzed. The study protocol adhered to the Declaration of Helsinki and was approved by a
Medical Ethics Committee of Anhui No.2 Provincial People “s Hospital ([ L] 2019 - 013). Results  The

performance of Densenet network model was the best in the MMD screening task, with the sensitivity, specificity,
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accuracy, F1 value and AUC of 0. 898,0.918,0.919,0. 908 and 0. 962, respectively. The Inception-v3 network model
was the best in MMD severity recognition task, with sensitivity, specificity, accuracy, F1 value and AUC of 0. 839,
0.952,0.952,0. 892 ,and 0. 965 ,respectively. The visualization results showed that the network structure model used
in this study could automatically learn the clinical characteristics of MMD severity , and accurately identify diffuse and
Conclusions

focal chorioretinal atrophy areas. The MMD screening method using fundus images based on DCNN

can automatically extract the effective features of MMD ,and accurately screen MMD and judge its severity, which can

+ 603 -

provide effective assistance in clinical practice.
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Figure 1 Data preprocessing framework for fundus images
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Figure 2 Image amplification A Original color fundus image

B: Vertically flipped image C: Horizontally flipped image D: Image
rotated by 45° clockwise E:Image zoomed to 110% F:Image zoomed
to 90%  G:Image with brightness increased by 30%

contrast increased by 30% 1:Image with saturation increased by 30%

H: Image with

1.2.2 (0 R AR 40 26 bR ik SR [ bR ol 9
META #F 58 /N 42 ) MMD 4326 [ bRz o .0 4%,
JC 3 A R P s 72 5 1 g, AAEAE B BCIR IR IS 52 9%,
R K 0% RO 9 25 407 5 3 %, ok 4% S O 14 i 25
G54 9% VBT EELR . T 200 O PR K 4% I AR i A
1 Fuchs BEWFA R B 0528 (P 3) o Pkt 3 fiif S

3 A[E MMD % 25 AR Jix 2 2 E 1R
Figure 3 Typical fundus images of different grades of MMD
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Note ;: MMD : myopic maculopathy
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Figure 4

Network framework for MMD screening and severity

identification MMD : myopic maculopathy
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Table 3 Calculation formulas of various performance
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Note: TP ; the number of negative samples being identified as negative
samples; TN ; the number of positive samples being identified as positive
samples; FP; the number of negative samples being identified as positive
samples; FN: the number of positive samples being identified as negative
samples; The sensitivity was the true positive rate and the specificity was the
true negative rate  p, : probability of model accuracy;p, : probability of the
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Figure 5 The ROC curve of different network models in MMD
screening and MMD severity identification tasks A:ROC curve in
MMD screening task  B:ROC curve in MMD severity identification task
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Figure 6 Visualization of feature extraction A-C:The visualization results of choroidal atrophy with different characteristics A and B were grade

MMD-2,and C was grade MMD-4,indicating that the image features could be identified D:The model misjudged there was choroidal atrophy around the

optic disc  E: Blurred image seemed to be similar to diffuse choroidal atrophy, which led to the misjudgment of the model

F: The model mistakenly

identified the severe fundus leopard spot as diffuse choroidal atrophy The fundus images and model extraction images were shown from top to bottom in every

picture
3 Wit

A T 7% 60 1R RS T4 1 FR TS 1 sh il B a2 i 2
Z: (£ DR Fl ROP gk P yZ W5 I AT, LS T %
JR %K. Pratt %7 AE EyePACS B4R %" L 3 A4
TEFEZ AN 10 A5 AR 1 25 BURE 25 9 2% 19 2%, %} DR ™
R IEAT 2 WER R IR T5% . T 2015 44 I
BB A4 % (5 MR T P #% MMID 45— Fiofi 7, Xu 2517 4R

H T — iR 5 800 BG4 8 A 43 2% D i 3 e R B
6, 0 B AR OF 32 775 TR G T4 o 1 3 80 ™ R EE
Lyu 2 g g T 3 A4S 45 Bl 28 000 46 465 750 Sf 3L 51 1
I S S SCIR R , 4% 5 3 1 3 2 4 b 22 ) 2% A6 4
1 B A %3 1 59 SO IR R A I M RE . % DR A ROP
3112 W0 BF 5T 0 R S, AR BIF 5 ) s — o 9 46 25 Ry A 70
AR BRI 8] R 2 75 47 76 MMD 3 0] i — 25 4] it
AL



e S IR R 243k 2021 4E 7 A 45 39 #5545 7 M Chin J Exp Ophthalmol, July 2021, Vol. 39, No. 7 . 607 -

MMD J2 i #0890 401 A i E 225,
&t — A 3 3 MMD A6 75 3% Xt 5391 BBy F s 9136 97
PM 5] (1 IR e AL B e 2 A RS X, 42 A 3
MMD i 5 2% ¢ i) i 7. 3 BT DA R Bkl : (1) HRIE 2]
151 SR B WL A M LB 47 — B, T iU R e IR AL A
FORBIR . (2) R AR — B, 5 BURE BR 120
MO ERHBBRMES . (3) B0 K& ik
PR JES 5 A% , o e e MMID 451 38 b T8 250 9 1 28 JF S 4
B RSB Z BRI o B HE 1A PR A BF
FENL T HA 98 OR AL AE S i DCNN, DCNN 7)™ 32
N TSI 6 1 4% A ST, © 2 80E W] 5B M B
o R PR R 4R AR AE o IE A A ) R — R AR A R
A I HHE K I U6 DI 5 i 46 30 2 B 4, ml T /N B
AR BN SRBEHY, I 02 BT F BE 97 AR L0 45008
BEXS S 2 PR, A BF S0 B A RIS 145 R T T e/
P B AR A A B R, AR R ot BE R
QIR 5 73 S0 T itk — B 4R THRE R RS 5% B A A 3 %
Xt U BE A & A 1, AT e B T BRIk B R
FEXSHE 3 PR A ki T 3 A S U B
A IR RN L K, bn i T O O B B AL R dl AR
MMD 73 R B =, H e BA A TP B . T
fifp PR XA )L, 22 0o T i B R A B i O, R
AT SE 1 —A> AT 0 R 0 TR 728 12 e i 7 1
i U B dhe 4, HLI 4R A I 25 4 i B R 2 22 A O
7E GitHub3 ( https ;//github. com/FundusResearch/MMD.
git) DUHE B A U AT 5T

AT BEA BB R T 5 ) 4 25 A0 A58 8 4 i 1)
MMD i 78 Je H ™ B2 o A Dy MMD ™ 2 722 HR JiE
K B B B =, H I 25 ) 3 iU B Ji 4, DA T 52
M ASE T PR HEJEE o RO AS B 20, IE % RIS 5 MMD
o 72 MR I A7 W1 S0 )RR AIE 22 53, 47 )& & DCNN [ 3
2] AT B2 O B R A o T MMID 8 A 11 ™ B 78
f18 DX ) 32 A T RIS 2 1 HR AL 10 I Jk 9% 155 25 4 5 B
AR SR IR B8R P AL, G R K MMID IR IS &R 5 R
IR B B IR FE — 2 1 DCNN 2% 3 R[] MMD J5 4% i
JERFAE , DCNN [ 45 25 14 5t 2% 5y ™ 2 AN - f PR A 5
W T, BT AABE TR 2 A M2 45 X

AWFFER A B F DCNN [y MMD G #5 45 70 Ay
7o A BT MMD P K% R3] MMID 7™ 5 7 B2 A9 BE ) , 1R
2T VGG-16 Inception-v3  ResNet-50 I Densenet 4 fifs
LML 25 LR VGG-16 o 28 M iy I8 2 4 AR 2%,
13 A BRZ 3 A S 2 418, H 3 24 2 A
BRI M43 E . 5 VGG-16 A A, Inception-v3 [ 2%
I8 3 3N G B ok 2 BN [R) RO R AR A Al 4 . ResNet-

50 JEF k2= W 45 ok S, A5 L VGG-16 B IR 1 1 2%
W RETS B A R A, 2 = 7 A B B RS 5 B2 . Densenet
H A % 4 AL AL, E G AT R AR o FE AT R R B TR 2
P 2% BE AR 1R )2 10 5 8L L 1 S ] A R I, 1 2 ) 4% B 4K
15 UR 2 B BE A5 IS, 1R B RORE B Ml A T R4l AE
ZETR I Bl , B T R A PR g

TEMK 1, Densenet [ £% 25 14 168 704 3% 30 4 A AL 1)
MMD 5 R E 77 o Inception-v3 W 45 158 74 3% B 1Y £
R f 77 EE R B ) R 77, L B B R Kappa 2 %043 5
Sk 0.895 F10.784, ik 2 AT 55 By e LB ALY Kappa
REB L 0.78 388 T 8, e R A
TGP REF B 1T LA R B AE 9 78 07 A5 AT 55 v o IS 2R 11
JEPE A FLE L™ 5 R B UM 55 b i e e A TR 4 )
1 5. 9% F0 1. 6% , 1 4 S5 M RIS o 28 b ™ B R R 1L
145 11 55 A A5 780 43 B 3. 4% F1 3. 3%, 45 Fh I 4% &%
PRI AE MMD A5 0 K ™ 5 7 B PRI AT 55 h R B AR
) ) PR REOL 3, I 2 4 & 1T S 0L I 2 HL WA 4 9
BRI, BVCASTRAE — A5 0 ) 28 15 70 A i A7 1 0
115 B3 S RE . 76 MMD &g U f1 MMD ™
AR B PUIAT 55 o 4 B I8 BRI ROC 43 #r il 4k %
B AUCAE, B 5840 W] T A BIF 58 b it 19 O v H
AL R PERE R B — Btk . AR g R R, A BT
FE TR I DCNN 28 4544 7] LA 3 2y 2% 2] MMD ™5
S5 ORCH T T I DR AR AT, o 0 1R R 1 R R kM K 2%
25 4 DX 33

HY T R ECHE 42 O AR 45 00 I R 2 52 A% 0, AR BiF 5
R ATFEAREME WK E R AR REZLL, 5
S0 AR, AR R 42 58 2 0 I DR 5048 VE Sy il it 4
i 5 K B M Rl A R R S I TR L 0 3~5 4
P& AT N T2 W B AL G S 56, LS IE 12 7 i 2
MIRBN AR EA 2 WK J3 oh, R4 A B ik
2% 65 25 4 55 400 0 5 Gl DX I8 P Pk 2% S 35 4 R AE — 3L
AT BT 32 N 25 A5 TR 1L 4% [X 433X 2 oy
P Ik 2% R 22 445 1Y) i 70 . MIMID 42 B0i 722 TR TR AR 4% )
B A7 7 Ik 265 P22 40 TSI A A 090 5™ 1) 9/ 18 1k 5 SR
MRV 45 Dt PR S OB AL 52 4 H 2 2 F A MMD 2 2R i
PRk S 6 25 0, B0 IR PH MR 25 R A WF R Z R T
MMD 3 2% Fl 4 G 1) B4 2o /b, B #2508 MMD 41l 4k 43
GAT 55 2 RME 10, A BIF 5% ) 2 MMID 3555 745 % Aol =k ™
P ARRBFTE T, AT A Bk B T i
LA b, 3B A 1 TR] B 4R — b B T A A X
PR /0 B A H) S0 158 25 T o A b A U AL X
S, U S MMD S5 48 (1 ™ 8 45 2%, DA atE— 25 %l Bl I
PRI A4 il MMD



- 608 - B S R IR B AR

2021 4E 7 A58 39 %5 74 Chin ] Exp Ophthalmol, July 2021, Vol. 39, No. 7

FlEEmM R BrA 1R & 275 AP AE R 4 vh 5%

S % ik

[1] Verkicharla PK, Ohno-Matsui K, Saw SM. Current and predicted
demographics of high myopia and an update of its associated
pathological changes [ J ]. Ophthalmic Physiol Opt, 2015, 35 (5) :
465-475.DOI:10. 1111/0po. 12238.

[2] Ohno-Matsui K. Pathologic myopia [ J ]. Asia Pac J Ophthalmol
(Phila) ,2016,5(6) : 415-423. DOI; 10. 1097/ APO. 0000000000000230.

[3] Ohno-Matsui K, Lai TY, Lai CC, et al. Updates of pathologic myopia
[J]. Prog Retin Eye Res, 2016, 52 : 156 — 187. DOI: 10. 1016/j.
preteyeres. 2015. 12. 001.

[4] Vongphanit J, Mitchell P, Wang JJ. Prevalence and progression of
myopic retinopathy in an older population[ J]. Ophthalmology, 2002,
109(4) :704-711. DOT:10. 1016/s0161-6420(01)0 1024-7.

[5] Liu HH,Xu L, Wang YX, et al. Prevalence and progression of myopic
retinopathy in  Chinese adults: the Beijing Eye Study [ J ].
Ophthalmology,2010,117(9) : 1763-1768. DOI. 10. 1016/j. ophtha.
2010. 01. 020.

[6] Hayashi K, Ohno-Matsui K, Shimada N, et al. Long-term pattern of
progression of myopic maculopathy: a natural history study [ J ].
Ophthalmology,2010,117(8) : 1595-1611. DOI: 10. 1016/j. ophtha.
2009. 11. 003.

[7] McBrien NA. Regulation of scleral metabolism in myopia and the role of
transforming growth factor-beta[ J]. Exp Eye Res,2013,114 : 128~ 140.
DOI:10. 10 16/j. exer. 2013.01. 014.

[8] Lin LL,Shih YF, Hsiao CK, et al. Prevalence of myopia in Taiwanese
schoolchildren; 1983 to 2000 [ J ]. Ann Acad Med Singap, 2004,
33(1) :27-33.

[9] Resnikoff S, Felch W, Gauthier TM, et al. The number of
ophthalmologists in practice and training worldwide: a growing gap
despite more than 200,000 practitioners[ J]. Br J Ophthalmol, 2012,
96(6) :783-787. DOI: 10. 1136/bjophthalmol-2011-301378.

[ 10] Decenciere E, Zhang X, Cazuguel G, et al. Feedback on a publicly
distributed image database: the Messidor database [ J ]. Image Anal
Stereol ,2014,33(3) :231-234. DOI:10. 55 66/ias. 1155.

[ 11]Quellec G,Lamard M, Josselin PM et al. Optimal wavelet transform for
the detection of microaneurysms in retina photographs[ J]. IEEE Trans
Med Tmaging,2008,27 (9) : 1230 - 1241. DOI; 10. 1109/TMI. 2008.
920619.

[ 12]Simonyan K,Zisserman A. Very deep convolutional networks for large-

scale image recognition[ J/OL]. arXiv preprint arXiv,2014 : 1409. 1556
[2019-11-01]. https://arxiv. org/abs/1409. 1556.

[ 13]Szegedy C, Vanhoucke V, loffe S, et al. Rethinking the inception
architecture for computer vision [ C/OL ]//IEEE. Proceedings of the
IEEE conference on computer vision and pattern recognition (CVPR).
NJ: Piscataway, 2016 : 2818 — 2826 [ 2019 — 11 = 10 ]. https://
ieeexplore. ieee. org/xpl/conhome/7776647/proceeding.

[14]He K, Zhang X, Ren S, et al. Deep residual learning for image
recognition[ J/OL]. arXiv preprint arXiv, 2015 : 1512. 03385[ 2019 -
11-01]. https//arxiv. org/abs/1512. 03385.

[15]Huang G, Liu Z, Van Der Maaten L, et al. Densely connected
convolutional networks [ C/OL ]//IEEE. 2017 IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR). NJ: Piscataway,
2017 : 2261 = 2269 [ 2019 - 11 = 10 ]. https://ieeexplore. ieee. org/
document/8099726.

[16]Fang Y, Yokoi T,Nagaoka N, et al. Progression of myopic maculopathy
during 18-year follow-up [ J]. Ophthalmology,2018,125(6) : 863-877.
DOI:10. 1016/]. ophtha. 2017. 12. 005.

[ 17]Pratt H,Coenen F,Broadbent MD, et al. Convolutional neural networks
for diabetic retinopathy [ J]. Procedia Computer Science, 2016, 90 :
200-205. DOI:10. 1016/j. procs. 2016.0 7. 014.

[ 18] Gulshan V,Peng L, Coram M, et al. Development and validation of a
deep learning algorithm for detection of diabetic retinopathy in retinal
fundus photographs[ J]. JAMA ,2016,316(22) : 2402-2410. DOI; 10.
1001/jama. 2016. 172 16.

[19]Xu M,Cheng J,Wong K, et al. Automated tessellated fundus detection
in color fundus images[ C/OL]//OMIA. Proceedings of the Ophthalmic
Medical Image Analysis Third International Workshop ( OMIA 2016) ,
Greece: Athens, 2016, 10 : 25 -32[ 2019 - 11 = 12 ]. https: doi. org
1017077 omia. 1043.

[20]Lyu X,Li H,Zhen Y, et al. Deep tessellated retinal image detection
using Convolutional Neural Networks[ J]. Annu Int Conf IEEE Eng
Med Biol Soc, 2017,2017 : 676 - 680. DOI; 10. 1109/EMBC. 2017.
8036915.

[21]Graham B. Kaggle diabetic retinopathy detection competition report
[R/0L]. (2015-08-06) [2019-11-14]. https://dokumen. tips/
documents/ kaggle - diabetic - retinopathy - detection - comp etition - report -

diabetic-retinopathy-detection. html.

(iR A 91 :2019-11-15 {8 [ H 1 :2021-05-31)
(A 5T

AT X Sk

TR AL T AL ) T AT GB 3100/3101/3102-1993 [ B B 437 i K
O0) BRIV B KHLE  BARSAT R S b R R Qe E b R
FEEBRET RN N EE RN RS RS ATRM. Aa PSP RRMBRIALN 22
ng/ (kg - min) BJE L, 04 H ng/keg/min BIE . R A RERE AN A5, ) DL S AR BB A (s AR
T BAL, 0 Y/ ming FERUR H 5 S5 9 15 € Tt AL EfE F5 5 NS

2001 4F H A7) o

SLH - AR - g

RitERMHERAEX

LI /7 50 5 B RNAT 5 0 — S S U/ (BT AT 3
0 i i B A R A ) S 3 M (N R R AL
A A TR H
B8 M R A G
3 IF ] BT 00 5 A SR R — i B RO B, AT A

BRI B 3 G i B 5 R AR B B R AR R E T R A . SRR A TR, Y S R SRR R

R AR R I, S Al HE 13, B I 45 54 BUE 20 5

BRI PR S TRMMBEZ 5 BIU0:“75. 4 ng/L+18.2 ng/L” W] LI 7R N

“(75.4x18.2)ng/L7, 55’9%?*@%%%%,@%%&( IH PRt ) I 95 528 Ao
R A el % o ek A W R AR T A R A 4 5 MR ek bR [ 1998 1126 45 SCAFCO& Tt F 42k B0 i T RS 4 kD S R ) L

S BN K Sy 1 9 G T

AT LA T 22 2K SR AL (mmHg ) 2l JH K K AL (emH, 0) Sy v 8 847, B 8 YO T 57 7 W] mmHg 5%

emH,0 5 kPa (#8240 (1 mmHg=0. 133 kPa,1 emH,0=0.098 kPa)

(A T 2 308 )



	16_YK7ML_PS
	16_YK7A_PS
	16_YK7B_PS
	16_YK7C_PS



