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Mining Top-k frequent patterns for graphs based on subjective

and objective metrics

HUANG Fang, WANG Xin", GAO Guohai, SHEN Lingzhen, FU Xun, FANG Yu

(School of Computer Science and Software Engineering, Southwest Petroleum University, Chengdu 610500, Sichuan, China)

Abstract; In order to solve the problem that traditional Top-k pattern mining results failed to meet the users’ practical needs, a graph
data Top-k frequent pattern mining approach that integrates subjective and objective evaluations was proposed. A pattern representation
technique based on minimum DFS coding was introduced to encode patterns. The graph patterns evaluation model (GPEM) was built
based on a siamese neural network, which learned the biased order relationships between pattern pairs and predicted subjective
preference of patterns. A pattern interestingness evaluation function that combined subjective and objective factors was designed to
guide Top-k pattern mining. Experiments on six real graph datasets demonstrated that GPEM outperformed other models on various
metrics, with up to 93% accuracy.
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