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Fig 1 Architecture of the CNN model for splice site prediction
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Fig 2 Schematic diagram of One-hot encoding
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Fig 3 Performance comparison of CNN models with different structures
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Prediction of Gene Splicing Sites Based on
Convolution Neural Network
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Abstract : The study of splicing sites can further explore splicing mechanisms and gene prediction methods. It is very important to
predict splice sites accurately. Based on the deep learning technology, a new prediction method is proposed. This method does
not need to extract sample features manually. The K-MER coding vector of gene sequence is used as input, and the convolutional
neural network (CNN) model after training is used for prediction. Based on the human gene HS3D donor data set, this model
was compared with the traditional machine learning methods for prediction. The results showed that the main performance indica-
tors of the prediction model, including Matthews correlation coefficient (MCC) and sensitivity (SN) , exceeded the traditional
machine learning methods.
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