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Abstract: In this work, a new paradigm of visual language modeling is introduced in
ophthalmic image disease recognition. And a multi-disease recognition algorithm based on a
pre-trained model of contrasting language images is proposed. First, a new multi-labeled fundus
image dataset MDFCD8 containing 8 categories is constructed based on several publicly
available fundus image datasets. Then, the generative artificial intelligence GPT-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 experimental
results showed that, the proposed method 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, and also
demonstrated the potential of visual language modeling in ophthalmic disease research.
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Table 6 Comparison of experimental results for word embedding and template embedding
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Table 7 Comparison of experimental results for template embedding and expert knowledge embedding
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Table 8 Comparative experiments of diverse expert knowledge and harmonized expert knowledge

J7 i ml_AP ml_F1 ml_AUC Final
R SCA 0.515 0.474 0.890 0.626
LRI SN AN 0.603 0.546 0.933 0.694
2R AR SR 0.733 0.680 0.958 0.790
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Table 9 Experimental comparison of multi-label data pairs and single tab data pairs

Jiik ml_AP ml_F1 ml_AUC Final
RS 0.533 0.510 0.878 0.640
ZFRE N YE 0.733 0.680 0.958 0.790
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