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a automatic classifier for cataract, and visualize the layer-by-layer feature transformation process of the intermediate layer
of deep network. Methods Based on the clinical fundus image, a deep convolutional neural network (CNN) was used to
directly learn useful features from the original representation of input data, and then the features extracted by the CNN were
compared with pre-defined features. The deconvolution neural network (DN) method was used to quantitatively analyze the
characteristics of each intermediate layer of CNN, analyze the pixel sets that have the most contribution to the prediction
performance of CNN in the input image, and explore the process in characterizing cataract by CNN. Results The classifier
constructed by deep learning achieved an average accuracy of 0.818 6 in four-category tasks. Compared with the existing pre-
defined feature set, the feature set automatically extracted by the deep CNN performed better in representing characteristics
of cataract. The features of the intermediate layer of CNN hierarchically transformed from low-level abstraction to high-level
abstraction, including changed from gradient to edge, then to the combination of edge-like divergent structures, and finally
to the high-level abstraction of blood vessel and optic disc information, and this transformation process coincided with the

clinical diagnostic criteria of cataract. Conclusion The classifier based on deep learning is superior to the existing classifier

in terms of performance. In addition, this method has potential application in detecting other eye diseases.

[Key words] artificial intelligence; cataract; deep learning; deep convolutional neural network; deconvolution neural network
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Fig1 Fundusimages of normal fundus and three different levels of cataract diseases

A: Non-cataract; B: Mild cataract; C: Moderate cataract; D: Severe cataract
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Fig2 Structure diagram of classifier for cataract grading based on deep convolutional neural network (CNN)
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Tab 1 Effect of different numbers of fundus datasets on accuracy of CNN in cataract grading task

Number 1 2 3 4 5 6 7 8 9 10 Acc  Var (X107
120 0.65 0.58 0.82 0.68 0.55 0.65 0.72 0.72 0.81 0.85 07048 1018.60
600 0.73 0.77 0.81 0.71 0.78 0.78 0.81 0.79 0.79 0.75 0.765 1 98.79
1200 0.77 0.75 0.81 0.81 0.75 0.81 0.78 0.77 0.82 0.80 0.776 4 68.07
2 400 0.81 0.79 0.75 0.78 0.80 0.80 0.80 0.77 0.82 0.79  0.7826 39.11
3 600 0.77 0.81 0.81 0.80 0.79 0.78 0.80 0.80 0.79 0.77  0.793 8 19.66
4800 0.81 0.82 0.81 0.80 0.78 0.81 0.80 0.80 0.79 0.80  0.7979 11.33
6 000 0.82 0.81 0.79 0.81 0.82 0.82 0.81 0.79 0.80 0.81 0.7932 12.21
7200 0.83 0.82 0.82 0.81 0.82 0.80 0.81 0.81 0.80 0.81 08010 8.19
8 400 0.80 0.84 0.82 0.83 0.82 0.82 0.82 0.79 0.82 0.83  0.8069 18.76
9 600 0.83 0.81 0.81 0.82 0.81 0.82 0.81 0.82 0.83 0.82 0.8197 6.45
10 800 0.81 0.81 0.82 0.80 0.83 0.81 0.82 0.82 0.82 0.82 08121 5.83
12 000 0.83 0.82 0.80 0.81 0.81 0.82 0.83 0.83 0.81 0.84 038186 7.21

CNN: Convolutional neural network; Acc: Average accuracy; Var: Variance
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Tab 2 Average accuracy of characterizing cataract by different classifiers

Method Image color Non-cataract Mild cataract Moderate cataract ~ Severe cataract ~ Average
Yang, et al'” G-channel 0.910 0 0.750 1 0.788 0 0.7350 0.795 8
CNN RGB 0.902 3 0.723 0 0.765 5 0.756 6 0.799 5
CNN G-channel 0.9412 0.752'1 0.799 4 0.7818 0.818 6

CNN: Convolutional neural network
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Fig4 Deconvolution examples of the highest activation feature maps in convl
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Fig5 Deconvolution examples of the highest activation

B

feature maps in conv2
From top to bottom, they are non-cataract, mild cataract, moderate
cataract, and severe cataract samples, respectively. A: Input images;
B-D: Examples of deconvolution results of the highly active

feature maps from conv2. Conv2: Convoluntion layer 2
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Fig 6 Deconvolution examples of the highest activation
feature maps in conv3
From top to bottom, they are non-cataract, mild cataract, moderate
cataract, and severe cataract samples, respectively. A: Input images;
B-D: Examples of deconvolution results of the highly active

feature maps from conv3. Conv3: Convoluntion layer 3
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Fig7 Deconvolution examples of the highest activation
feature maps in conv4
From top to bottom, they are non-cataract, mild cataract, moderate
cataract, and severe cataract samples, respectively. A: Input images;
B-D: Examples of deconvolution results of the highly active

feature maps from conv4. Conv4: Convoluntion layer 4
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Fig8 Deconvolution examples of the highest activation
feature maps in conv5
From top to bottom, they are non-cataract, mild cataract, moderate
cataract, and severe cataract samples, respectively. A: Input images;
B-D: Examples of deconvolution results of the highly active

feature maps from conv5. Conv5: Convoluntion layer 5
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