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Algorithm 1:
Data: Graph G=(V,E)
Result: Digraph D
1 C, S5, B+ W
2 § + am/p;
3 while |E; < 6| do
4 IF S/C = () then
B z is the max degree node in |V /C|
6 ELSE
7 T 4+ argmin,cg,c|N(v)/$|
8
9

AllocCommmunity(C, S, Ey, z)
end
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