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Network Representation Learning
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[Abstract] Adialyzingithe relationship between diseases and biologicdl entities such as genes and miRNAs is an
important goal in the field“ef biological research.However, the cost of biological experiments based on massive data is
too high. This paper proposes a correlation prediction algorithm basedion network representation learning. A biological
heterogeneous network is constructed by integrating multi-source datasets, and this basis a heterogeneous network
representation learning algorithm based on Generative Advetsarial.Network (GAN) is proposed to learn robust vector
representations. The discriminator and generator in the proposed method both consider relations in the network to capture
rich heterogeneous semantic information and are trained by adversarial learning. On this basis, associations between
diseases and genes as well as diseases and miRINAs\are predicted by measuring the similarity between entity vectors.
Experimental results show that compared with HSSVM , GAN and other algorithms, the algorithm has better prediction
performance, achieving the highest AUC value: on the two related prediction tasks, and demonstrates that the
introduction of more heterogeneous data‘for training can improve the performance of the algorithm.

[Key words] heterogeneous network;\network representation learning; disease association prediction; Generative
Adversarial Network( GAN) ;advérsarial learning
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