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Algorithm for mining approximate frequent subgraphs
in a single graph
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Abstract: Graph mining is an important part of data mining, and significant research
has been dedicated to the field. Due to the inevitability of noise during data acquisition,
it is crucial to address the issue of approximation in mining frequent subgraphs. Previous
work has only considered the absolute value of the graph edit distance (GED); however,
the relative value between the GED and the size of the subgraph should also be considered.
Hence, in this paper, we propose a novel algorithm to mine approximate frequent subgraphs
in a single graph; this algortihm takes into account the size of current subgraphs for the
calculation of approximations. We increase the efficiency of this algorithm by estimating
the upper bound of frequent subgraphs, and pruning according to local anti-monotonicity.
Experimental results show that this algorithm can find subgraphs that are missed by
traditional mining algorithms, and our proposed approach is relatively efficent compared

to other algorithms.
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Fig.2 Approximate frequent subgraphs from graph G
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Algorithm 1 SimilarGraphGene

Input: V,, E,,T,d=|g| x (1—0)
Output: All Similar Graph of g

1: § «— Vg, By,
2: for each vertex or edge x in S do
3: Deleted «— z
if x is a vertex then
Deleted « every edge connected to =
end if
m=isconnected(Deleted, V;, E,)
if m = true then
k=|T|
10: Vg = Vy Deletedy
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11: Ey = E; Deletedg
12: if |Deleted| < d then
13: SimilarGraphGene(Vy/, Eyr, T, d — |Deleted|)
14: if k= |T| then
15: T«—g

16: end if

17: end if

18: if |Deleted| = d then
19: T« g

20: end if

21: end if

22: undo line 3-5

23: end for

24: return T'
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Fig.7 Process of approximate subgraph matching
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Fig.9 Time required varies with support requirements
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Tab. 2 Experimental results showing the ability to discover subgraphs
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