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Association rule mining and applications based on higher-order
structures in complex networks

HU Youxin, LIN Maoyan, LUO Jiangiu, CHEN Chao, and HUANG Jinyu"

(School of Computer Science and Engineering, Sichuan University of Science and Engineering, Yibin 644000, China)

Abstract: The study of higher-order structures, which refer to subnetworks within a network, is a crucial
research topic in network science. In recent years, although the research on higher-order structures has been
increasing, there has been relatively little research on the internal connections between higher-order structures. In
light of conventional association rules, the evaluation criteria of association rules between higher-order structures
are defined, and a general algorithm framework for effectively mining these association rules is proposed. The
proposed approach has been applyed to mine association rules among three-order structures in six real-world
networks. The results demonstrate strong association rules between higher-order structures in real-world networks,
as well as variations in these rules across different networks. Additionally, we apply strong association rules to link
prediction, resulting in a new link prediction method. This method outperforms the baseline methods in four real
networks.
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T (20)

~ max{Tou(x), Fin(»)}

TEXS b S ae A, 1 B8 B &= R H AUC (area
under curve) FEFREY o XTEESEEGRA 6 S RS H 5
A T N4 o R X 4 A A% IR 9:1 BRI RI
RNZREEANNEE, 73 HhE 20 k. @i 20 sk
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=4 AUC &Rl

Jiik
DCN DAA DRA DJA DSO DHPI DHDI ARHS
Cat 0.871 0.886 0.887 0.887 0.887 0.862 0.875 0.892
Celegans 0.796 0.783 0.789 0.770 0.770 0.779 0.767 0.819
Yeast  0.518 0.513 0.516 0.519 0.514 0.513 0.518 0.518
Email 0942 0921 0.948 0.935 0918 0.923 0.929 0.952
Small ~ 0.687 0.683 0.686 0.685 0.685 0.686 0.685 0.683
WikiVote 0.924 0.923 0.922 0921 0.920 0921 0916 0.928
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