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Design of Anomaly Node Detection Model Based on Network-Enhanced
Joint Sparse Canonical Correlation Analysis
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Abstract: Study on the anomaly node detection in attribute networks was conducted. An anomaly node detection model
based on network-enhanced joint sparse canonical correlation analysis (NEAnomSCCA) was proposed, and a comprehensive
analysis of the network structure enhancement, feature learning, reconstruction error and canonical vector calculation. as
well as anomaly node detection was made. Firstly, this model uses the k-nearest neighbor algorithm to generate k-nearest
neighbor (kNN) graphs for each node, and to enhance the network structure and complete the discrete nodes; Then, graph
neural networks are used to learn the attribute and structural features of nodes; Next, the reconstruction error and typical
sparse vectors are calculated to comprehensively evaluate the degree of node anomalies; Finally, the correlation between the
reconstruction error and typical sparse vectors are reconstructed to calculate anomaly scores and detect abnormal nodes. Ex-
perimental results show that compared with models such as JAANE, ARISE, and PROPOSED on four real-world datasets of
BlogCatalog, Cora, Citeseer, and Pubmed, the NEAnomSCCA model has improved the AUC by 1.13%, 1.35%, 1. 11%,
and 3. 33% , respectively . with the superior performance of this model in detecting abnormal nodes. The results show that
the NEAnomSCCA model can effectively improve the accuracy and robustness of attribute network anomaly node detection by
combining the network enhancement and sparse canonical correlation analysis.
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