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Gene Data Generation and Mining of Breast Cancer Based on
Generative Adversarial Networks

YANG Jin, BIAN Taicheng, LI Xiaohui, JIAO Qiang. ZHU Xijun
(School of Information Science and Technology, Qingdao University of Science and
Technology, Qingdao 266061, China)

Abstract; There are the characteristics of small sample size of data, high-dimensional data, and feature generalization in
the omics data mining. To address these issues, a generative model RS-CGAN combining the residual network with the soft
thresholding method was proposed. The model improves the feature learning ability of high-dimensional data through a one-
dimensional convolutional layer and residual network structure, and introduces a generator for the residual soft thresholding
and a discriminator for the residual attention to reduce the influence of noise and prevent overfitting. The distance similarity
penalty term is used to guide the learning of the generator to enhance the training quality. A feature selection module based
on the structural causal model is proposed, and a causal structure diagram is constructed to calculate the estimated value of
the average causal treatment effect of the population, and to identify the biomarkers with the generalization and causal rela-
tionship. Experimental results show that the method has advantages of data generation quality, the accuracy of the dataset
after the feature selection in the prediction model is increased by 30. 58 % , and finally 10 breast cancer biomarkers are identi-
fied. of which 4 have been verified by clinical medicine as risks, which proves the effectiveness of the marker selection
method.

Keywords: generative adversarial networks; data augmentation; marker mining; causal inference; breast cancer gene
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