JLLYANALYAN
o2k H1M P SR AR R 22 Vol. 62, No. 1
2026 4 1 A JOURNAL OF NANJING UNIVERSITY

(NATURAL SCIENCE) Jan., 2026

DOI:10. 13232/j. enki. jnju. 2026. 01. 010

EHEKXAREBENSHURNIEZRBEARARENA

% B E ONC,BRER W OE

(V4 P A 3 R 2 3 S 2 B, AR L 610500)
o OE R L E A2 i (Frequent Pattern Mining, FPM) B FE 41 38 20 M &5 45 25 i I P 8932 A, 32 31
BE O . 2B LR L S0 FPM £ AR XE DL 22 B4k 10 B0l 4 7 75 R L BT, #2285 (Parameterized
Patterns, p# 20 ) B A2 30 F A . 38 a3 AE 5 2 51 A 80K 40 T DG i S, SC B o B 24 0k R A S AR RSB T
7o 25 42 4 53 7k (PMiner) , T MK &L AP & BB 256 oA 2K 48 o1 3 F p-#50 3 19 8] 56 86 B0 0] ( Graph Asssociation Rule,
GAR), & 1T GAR 48 5 1% GARGen, L& SN rf 15 o (8] (9 98 76 G T . 76 LSS R B0 1 S0 AN AL E T R vk
BATRCR R T p-Ba 56 Gt sy 25 5 DL R SUHE p-BEaX 1 (19 G AR 7255 4 900 54T 55 b 1A sk ik
SR A S I BRI, OG0 e T K 5 )
RESZES:TP301 M ERARARAD : A

Parameterized pattern mining techniques and applications

for large-scale graph data
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Abstract: Frequent Pattern Mining (FPM) on large - scale graphs has garnered significant attention due to its broad
applications in areas such as social network analysis. However, constrained by traditional pattern semantics, conventional
FPM techniques struggle to meet the diverse demands of data analysis. To address this challenge, this paper introduces
Parameterized Patterns (p - patterns) and their mining framework. By incorporating parameters into patterns, the matching
semantics are extended , enabling the effective capture of complex relationships within graphs. An efficient mining algorithm,
PMiner, is designed and implemented to discover frequent p-patterns from large graphs. Furthermore, this paper proposes
Graph Association Rules (GAR) based on p-patterns and designs the GARGen algorithm to uncover latent associations
between nodes. Experiments on real-world graph datasets not only validate the computational efficiency of the proposed
algorithms but also highlight the distinctions between p-patterns and traditional patterns, as well as the effectiveness of GAR
in tasks such as link prediction.
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