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1. Convolutional neural networks (CNNs) have been used in many machine learning problems, but their application to graph data is limited due to the non-Euclidean nature of graphs. 
2. Existing methods attempting to generalize CNNs to graph data fall into two categories: spatial and spectral methods. 
3. This paper presents a new method called Graph Wavelet Neural Network which uses graph wavelets instead of eigenvectors of the Laplacian matrix as a set of bases for convolution, and is more efficient than existing methods.
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Appears moderately imbalanced: The article provides some useful information, but is missing several important points or pieces of evidence that would be required to present the discussed topics in a balanced and reliable way. You are encouraged to seek a more balanced perspective on the presented issues by exploring the provided research topics and looking at different information sources.
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The article provides an overview of existing methods for applying convolutional neural networks (CNNs) to graph data, and introduces a new method called Graph Wavelet Neural Network (GWNN). The article is well-written and provides detailed information about the different approaches that have been taken so far, as well as the advantages of GWNN over existing methods. However, there are some potential biases in the article that should be noted. 
First, the article does not provide any evidence or references for its claims about GWNN being more efficient than existing methods. While it does provide some theoretical justification for this claim, it would be helpful if there were empirical results or studies that could back up this assertion. Additionally, while the article mentions some potential drawbacks of existing methods such as spectral CNNs, it does not explore any counterarguments or possible benefits that these approaches may offer. 
Second, while the article does mention some potential risks associated with GWNN such as high computational cost due to wavelet transform, it does not provide any details on how these risks can be mitigated or avoided. Furthermore, while the article mentions that GWNN has been tested on three benchmark datasets (Cora, Citeseer and Pubmed), it does not provide any details on how these tests were conducted or what results were obtained from them. 
Finally, while the article provides a good overview of existing approaches and introduces a promising new approach for applying CNNs to graph data, it fails to present both sides equally by only focusing on one particular approach without exploring other alternatives or considering their merits and drawbacks. In conclusion, while this article provides useful information about applying CNNs to graph data and introduces a promising new approach in GWNN, its lack of evidence for its claims and failure to present both sides equally make it difficult to assess its trustworthiness and reliability.
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· Graph convolutional neural networks
· Spectral convolutional neural networks
· Wavelet transform
· Graph Wavelet Neural Network performance
· Graph Wavelet Neural Network applications
· Graph Wavelet Neural Network risks
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