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ABSTRACT Objective: To propose a RE-Net network structure based on the human visual attention mechanism to make the
convolutional neural network (CNN) more suitable for the intelligent diagnosis and evaluation of fundus refractive errors. Methods: In
this study, ResNet34 was used as the backbone network, and further used the contextual attention module, including channel attention
mechanism and spatial attention mechanism, so that the corresponding channel could play the maximum role and increase the weight of
the response area. Results: 4358 fundus images were used as the training set of RE-Net. On the test set containing 485 fundus images, the
classification accuracy rates were 93.3% for high myopia, 89.7% for moderate myopia, 83.2% for mild myopia, 82.5% for mild
hyperopia, 79.5% for moderate hyperopia, and 84.6% for severe hyperopia. The average classification accuracy rate was 85.5%, and the
area under the curve (AUC) was 0.909, with sensitivity 0.93, specificity 0.89, and the Kappa value was 0.79 (x*=23.21, P<0.05).
Conclusions: The RE-NET artificial intelligence diagnosis system based on deep learning can better diagnose and evaluate refractive
errors and is expected to provide a new screening tool for refractive errors.
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Fig.1 Operation process of RE-NET diagnosis assistant system

L4 EiRMRETTEN

AW AN T % W LB RG22 28 0 PERE AR TR AN
[F)43 245 (I % I P S RBURR (BT T35 AUC, SR 4026
e R AT WAL, Lo X R fE B % = TPHTN/
(TP+FP+FN-+TN), H: 77 B BH V£ (true positive, TP), 7R i i 1Y
WG R E A 532, ELBT 1 (true negative, TN), 3878 i B 22 1)
RIS BE R 7026 , B BA T (false positive, FP), 275 Bt 221
R JEE PR IR D20 O ot i B, Al PBH K (false negative, FN), R
JoT e A MR IS MR DR R JB 1 22 . P<0.05 Ry 22 AT e it

2 FR

2.1 EF CNNHARE XD EERILE

ARG FE R A TR BE 2 ) O 0 Ee N T B RRAE 3R
[Fi] CNN A (1) 73 FEPPAl R 25 5EmT WL, 5 HAth GoogLeNet,
VGG-11, AlexNet ZERBUAH [t , ResNet-34 5T lR e [EI45 5 T
AT 55 5 A A PERE, 2R UERG 2RIk 84.9%, 1F ResNet -1
P 4% R FE Aty - FRATIE— B T 1 R SO R i
ANFRB Y < I T I HLRIAN S [ L . S R AL
il FFI R AR o A BV AE H A CBPARAE SR IR ) AR, 10
AR ZE ) RRAE S 228 ST AN [ 11 BL o, il AR 1) 3
T8 R PR KA P o 2 IR0 o AL RE A% B i A 2 [ A i
AP 7 DR 3, 410 o S AT R v i 7 DX AN B . 5 At
LAY REE T L, FRATTFYEE (Y RE-Net 7EHER R AUC L Lt
ResNet-34 BA7 i, AL T HALZ M CNN, W3R 1,



DREYESSHE  biomed.cnjournals.com  Progress in Modern Biomedicine Vol20 NO.18 SEP.2020

- 3589 -

% | RENET SRR ESHEERINE RELE
Table 1 Comparison of RE-NET to Results of Different Algorithm

Classification Models

Model Accuracy (%) AUC
RE-Net 85.5 0.909
VGG-11 72.3 0.792

SqueezeNet 73.4 0.803
GoogLeNet 81.9 0.859
ResNet-34 84.9 0.893
Random Forest 68.9 0.787
AlexNet 81.7 0.848

22 —RHHEREHESRER

ATFFE PR SEUELL T, I RIZ W R 15 IRG.1% )R
JEAL(SE £ -6.0D),58 R (12.0% )y Hh B #1(-3.0 D< SE < -6.
0D); 184 AR(37.9% ) Wi ITA(SES -3.0D); 13 HR(2. 8% )My
BETELE (SE = +5.0 D); HEF L (2.0 D<SE < 5.0D) 44 [}
(9%); #2 B # (2.0 D< SE < 5.0D) 171 fR(35.2%) . %iR4E
X153 BAb) LA BRI 2.

XF LU BE RE-net BEANZIIEE R (WL 3), IR ZHT 15
HR Ay BE A 5 % BB RE-net 121 14 IRV BRI, 1 IR Sy v i
AL, IRV AL, IR RIZWrh B AL 58 IR b il
fi& RE-net 2 R4t N IR 52 IR, 3 IRZWEh AR,
3RZWCAE BRI, GRS 184 IR il
fie RE-net Wi R4 b B 153 1R ,4 RIS W7k & B T
M, 27 BSW T B IR RIS s 13 B, 2 6

RE-net 2WiE EEEM# 11 AR, 1 IR h e, 1 BN ; IR R2
Wb B 44 BR b, %5 AE RE-net 2 B il 35 R ,4
MROME R, 4 IR, WRZWREZEAE 171 IR, 26
RE-net i2Wi BEm ol 141 AR, 23 0R Jyrfss | 7 IR 2 fig
RE-net Wi 240 5 G RIZWIZE R — B 85 R BoR , = —
by 415 IR, RE-NET BOAVE BEIZWIERR Ry 0. 85, REPUE
7 0.93, Rk 0. 89, Kappa {8 0. 79 (2 =23.21,P<0.
05).
3 3tig

IR BRI A U A B 55 , T3 2050 41,
FKHEAT58 AL NEHIEM (SR AT 49.8%),9.38 {Z A
AT AL AT ) R B LS AL TG B S R
TR R T SO T MR B R 5 DU R R, i — s il 3
TR FR (4 5 T R A B0 AR AE — BB R A FHRY, Bt 3 5 ml 4
BT BEXHIT AL FREAT TN , Ko it 22 B3 122 3 32 T Bk bt i o
TR IAVARITT AR B EE MG IR E X

T VEAG AR L A% G R A AR A FE R URR 57
B, RS 40 0 BRSO , i 72 v kend . JLEE &
NEEAHEME LRI AR R RIWT, OB Bl A 50 6 Y 8
S, T A A G A A SR — 2 114 i i [m) IF(L 52 0 1 i PR
SR EERYE . MHEIRR G Ttz E s WIE RS 5% .
AR AT T , X T 25 A B AR /K - ZESRAIL, W A1 4 K i
NI B F s BT R . B2 N T RESE U
FHMBIIERE, IR VR S5 HRE 2 DG a2 5 IR AR
2R B OCER Y . T E AR ERORMET IR B A T2 BN
R L B BRI ST A 3R S 2220,

R2BIREN S RMAMER[FIH(%)]

Table 2 Dataset Division and Composition Information

Training Dataset

Validation Dataset

Characteristics
(N=4350) (N=485)
Number of eyes 4350 485
Age (year, mean+SD) 45.7 8.8 423 +9.1
Gender [male (%)] 2387 (54.8) 267 (55.1)
Refractive status, [cases (%)]
Severe myopia,
152 (3.5) 15(3.1)
(SE< -6.0D)
Moderate myopia,
505 (11.6) 58 (12.0)
(-3.0D<SE < -6.0D)
Mild myopia,
1662 (38.2) 184 (37.9)
(SE< -3.0D)
Mild hypermetropia,
1562 (35.9) 171 (35.2)
(SE=< 2.0D)
Moderate hypermetropia,
379 (8.7) 44 (9.0)
(2.0D<SE< 5.0D)
Severe hypermetropia,
P P 90 (2.1) 13 (2.8)

(SE= +5.0 D)
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Table 3 Performance of RE-NET Classification Model in Validation of Dataset

Refractive status Number Accuracy(%)
Severe myopia,
vop 15 93.3
(SE< -6.0D)
Moderate myopia,
vop 58 89.7
(-3.0 D<SE < -6.0D)
Mild myopia,
vop 184 83.2
(SE< -3.0D)
Mild hypermetropia,
P P 171 82.5
(SE< 2.0D)
Moderate hypermetropia,
P P 44 79.5
(20D<SE< 5.0D)
Severe hypermetropia,
P P 13 84.6
(SE= +5.0 D)
Total 485 85.5
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