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Homogeneous graph

Heterogeneous graph

Heterogeneous Information Network (HIN)
Node clustering

Node classification
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6 Link prediction

7 Embedding

8 Deep learning

% Graph neural network

Node pooling

Spatial network
Transportation and mobility networks
Power grids

Biological neural networks
Complex networks

Social and contact networks
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https://en.wikipedia.org/wiki/Neural_network
https://en.wikipedia.org/wiki/Social_network
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17 Scale-free networks
18 Small-world networks



https://en.wikipedia.org/wiki/Scale-free_networks
https://en.wikipedia.org/wiki/Small-world_networks
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19 Graph Convolutional Networks (GCN)
20 Message passing mechanism
21 Attention mechanism
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22 Graph representation learning
2 Metapath
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24 Semi-Supervised
25 Multi-layer networks
26 Multiplex networks
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27 Local community detection
28 Flattening methods

22 collapse

30 Aggregation methods

31 Direct methods
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32 Random walk

33 Deep learning

34 Graph convolutional networks
35 Influencer

36 Edge prediction

37 Semi supervised learning

38 Fake News Detection

3% Rumor propagation
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