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<E 2> A dF A%
Dynamic Static
GCN HGNN HGNN
AUROC AP AUROC AP AUROC AP
email-Enron 0.6609 0.7360 0.6622 0.7430 0.5588 0.5413
email-Eu 0.4920 0.5306 0.5077 0.5475 0.5046 0.5001
contact-high-school 0.6146 0.9905 0.6028 0.9906 0.5156 0.5083
contact-primary-school 0.5336 0.5443 0.5167 0.5708 0.4735 0.4852
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