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Proteomics—-based diagnosis of esophageal cancer with a few samples
WEI Shaochai, YANG Xiaofan, HONG Chengming, LI Shunyin

( Guangdong Chaozhou Health Vocational College, Chaozhou 521000, Guangdong, China)

Abstract: The analysis and diagnosis of esophageal cancer based on proteomics data face the problems of small sample size and
large sequence length, which affect the generalization and accuracy of the analysis method. To address this problem, a few—sample
learning—oriented method for esophageal cancer diagnosis is proposed. Based on Transformer, the method firstly introduces a local
window mechanism for it to alleviate the combinatorial explosion caused by the large sequence length, and uses the feature shuffling
operation to increase the window receptive field. Then, drawing on the idea of Masked Autoencoder, the asymmetric feature encoder
and decoder are designed, and the classification task is added into the decoder to improve the quality of feature learned by the
encoder. Finally, the prototype representations of esophageal cancer and adjacent nontumor tissues are created by the encoder to
achieve diagnosis with a few samples. The experimental results show that the proposed method only needs to learn 6 paired samples
(10% of the total samples) in the new dataset to obtain a precision rate of 93.45% and a recall rate of 95. 19% , which can provide
ideas for intelligent diagnosis of esophageal cancer.
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Table 2 Impact of different improvement schemes on classification performance
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Fig. 3 Visualization of the coded representation of the query sample after dimensionality reduction
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Table 3  Comparison of classification performance of different
methods
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