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Abstract

Data mining is a method that extract useful knowledges from huge size of data. Recently, a
focussing research part of data mining is to find interesting patterns in graph databases. More
efficient methods have been proposed in graph mining. However, graph analysis methods are in
NP-hard problem. Graph pattern mining based on pattern growth method is to find complete set of
patterns satisfying certain property through extending graph pattern edge by edge with avoiding
generation of duplicated patterns. This paper suggests an efficient approach of reducing computing
time of pattern growth method through pattern growth’s property that similar patterns cause
similar tasks. we suggest pruning methods which reduce search space. Based on extensive

performance study, we discuss the results and the future works.
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Table 1. Number of patterns (PTS)

;ﬁ%‘i\ 1.5% 1.8% 21% 24% 2.6% 2.9%
Path 2817 2234 1724 1381 1065 903
FreeTree 586148 284294 117654 47496 27809 19578
Cyclic Graph | 132248 57951 17571 5743 3164 2277

Total 721213 344479 136949 54620 32038 22758

2. ofEHo| Tk (DTP)

pattomr | 3:6% 43%  50%  51%  64%
Path 4383 3474 2894 2289 1904
FreeTree | 22821527 1470771 672979 260874 75046
Cyelic Graph | 9037845 434760 229419 66090 14436
Total 31863755 1909005 905292 329253 91386
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