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Measure: Class-Controlled Feature Homophily (CFH) model parameters (d™,d ™) determine same- and different-class neighbor number

* Goal
- To measure homophily based on node features (i.e., A-X dependence)
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 Key Technical Innovation
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* A Simplified GNN Performance in CSBM-X Graphs. Consistent with the Theorem, the simplified GNN
performance increases as CFH — 0 (i.e., T = 0). FD roughly indicate feature informativeness for node class.

determine CFH magnitude relation between topology and features would enhance understanding of GNNs.




