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A study on large graph mining
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Most of the existing frequent subgraph mining algorithms do not have good performance to find large frequent
subgraphs. In this study, we assess some approach of large graph mining.
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D: a set of data graphs whose graph sizes
are at least minsize

minsup: minimum support

minsize: minimum size of subgraph to find
Step 1. Sort D in the descending order of size;
Step 2. Calculate graph spectrum of each data graph;
Step 3. F'S = g;
Step 4. P(9, D, minsup, minsize, F'S);
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Procedure: P(Ds, D', minsup, minsize, F'.S);
Ds: a set of data graphs used as a support set
G: the graph that finally added to Dsg
D’: a set of sorted data graphs used for further iterations
minsup: minimum support
minsize: minimum size of frequent subgraphs to find
F'S: a set of frequent subgraphs found so far

Step 1. IF Ds does not have any common subgraph of size
minsize based on Interlace theorem
then return;
Step 2. IF |D;| < minsup
then For each G; € D’
P(Ds U{G:}, D'|i, minsup, minsize, F'S);
000 //* D'li: A subset of D’ consisting of data graphs
// whose index is larger than 4
Step 3. Find frequent subgraphs S having at least minsize
vertices from Dg using an existing graph mining algorithm;
Step 4. IF S == ¢ then return;
Step 5. For each g € S
IF g ¢ F'S then F'S = FSU {g}
ELSE g.sup = g.sup U Dg;
000000 //* g.sup: A set of data graphs containing g
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