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Abstract In this work, a visual language model is introduced in ophthalmic image disease recognition. And a
multi-disease recognition algorithm based on a pre-trained contrasting language-images model is proposed. First,
a multi-labeled fundus image dataset MDFCDS containing 8 categories is constructed based on several publicly

available fundus image datasets. Then, the generative artificial intelligence GPT-4 (Generative Pre-trained
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Transformer 4) is utilized to generate expert knowledge describing the fine-grained pathological features

of fundus images, which solves the problem of the lack of text labels in fundus image datasets. The paper

calculates the average precision (AP), F1 score, and area under the receiver operating characteristic curve

(AUC), and takes the mean value of the three as the final performance evaluation index. The experimental

results showed that, the method proposed in this paper outperforms the traditional convolutional neural network

and Transformer network by 4.8% and 3.2%, respectively. This study also conducted ablation experiments

on each module to validate the effectiveness of the method, demonstrating the potential application of visual

language modeling in the field of auxiliary diagnosis of ophthalmic diseases.
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Fig.1 Fundus images with different degree of fuzziness
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T T AU AR
4.43 HFFRZFEEREH

& 6 AlA, HRBRE IR I 48 % 2 R R AL
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5 441 WRSER g REAT X, R 7 PR
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R RE, T2 AR % SR IR g R 4R
T E N AR B, ¥R TR Y
FREE . 2 FALH) B R AR F 5 138 &
B AT CLIP BN SCAKE R HL
(B
4.4.4 FAExs g fE

£ 3.2 7, ARICRK 2 FRaE 7 2K ] L A B
PRSP R, JER B HEAT Ty, A
2 RS I N 2 A AR R X . B,
JFR 2 — KA A 2 MR IR IR R, s
A3 2 FREL, 735 PRI AL A JE A2 AN 2 £
WA, BI{L, “BEPRRALMBR AL ", “aEke
FHRIE S PEARAE” } o JEUEUHE T 45 70 B A H s
Xt BIL “RERBALMBBIRAS " VR, AR
FHRMEBE AL }o Ik B I Ah Hods 4k 217 7%
(K3 R, AR SO 3K A A 5 925 10 S 36 25 AR3E AT 0

Hr, “BIEL AR R CARS AR W, SRNE 8 Fn. 4iREY, ASCRARX

*6 RINRASERMITMARI LIRS RITEE

Table 6 Comparison of experimental results for template embedding and expert knowledge embedding

NN AP Fl AUC Final

BRRA 0.515 0.474 0.890 0.626

B R AT 0.733 0.680 0.958 0.790
F7 SHLTRMINMBIFE RN L

Table 7 Comparison experimental results for diverse expert knowledge and harmonized expert knowledge

AT AP F1 Auc Final

FRAR RN 0.515 0.474 0.890 0.626

ENERE S IN 0.603 0.546 0.933 0.694

ZREE AR 0.733 0.680 0.958 0.790

®8 ZIRBRUIRN S BIREHIERT LI Xt

Table 8 Experimental comparison of multi-label data pairs and singls-label data pairs

J5 AP Fl AUC Final

BABRZEH A ) 0.533 0.510 0.878 0.640
Z BT 0.733 0.680 0.958 0.790
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