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Input: A(Adjacency matrix from Graph)
N(The Number of Community)= ComputeN
for Number of community detection method do
while (Can change initialization parameter) do
ECD+:=run(community detection method)
end while
if(Can change final state community detection method) then
ECD+:=run(community detection method)
end if
end for
ECD: Ensemble members of Community Detection method
[*Each column show one result of community detecteethod*/

Co.assosiation matrix:=run(Consensus function)

C:=run(Hierarchical clustering method)
v Output:C(Final community detection result)
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Input: A(Adjacency matrix from Graph)
for (Number of base community detection methdal)
NECD+:=Number Of Community(run(community detectrapthod))
end for
NECD: Number of Community in Ensemble community éa¢bn methods
NECD:=Refine(NECD
N:=Avg(NECEL)

Output:N(Final community number)




g o w5 :
A0 A0

ki yo sba,ls

(1

9 (S S Az
GJJJT ‘5&)

\Y
YY




—_

9 S Al ) ) 9 o,
_ Slpadin (o b b, Ao o
saisT o5 SOl (9 S o s, b gl

— ] 000 PRy R | | 6818 &€ gozxo

.
X

ECD Basic Community Detection M ethod
Avg E Avg B Data Set
ASRS SRS CTS CSPA HGPA MCLA EAC R GN NG N

0.4519 0.4522 0.4518 0.4528 0.4522 0.4488 0.4528 0.4528 0.4266 0.3984 0.4304 0.4518 0.4258 o ﬂ
0.4068 0.4179 0.4197 0.4188 0.3836 0.3683 0.4197 0.4197 0.3982 0.3853 0.4009 0.3980 0.4086 &1,
0.5922 0.5985 0.5985 0.6019 0.5687 0.5775 0.5988 0.6019 0.5777 0.5581 0.5714 0.6027 0.5788 JLigd
0.4424 0.4445 0.4438 0.4447 0.4375 0.4390 0.4428 0.4450 0.4405 0.4394 0.4397 0.4442 0.4389 sl
0.4294 0.4334 0.4374 0.4368 0.3989 0.4288 0.4334 0.4377 0.4238 0.4019 0.4334 0.4269 0.4332 SHgbo
0.5566 0.5685 0.5763 0.5765 0.5137 0.5246 0.5597 0.5769 0.5437 0.5036 0.5463 0.5766 0.5485 oo |
0.9491 0.9534 0.9528 0.9546 0.9432 0.9394 0.9458 0.9551 0.9487 0.9419 0.9472 0.9511 0.9547 Sl ple
0.5469 0.5526 0.5543 0.5551 0.5282 0.5323 0.5504 0.5555 0.5370 0.5183 0.5384 0.5501 0.5412 AVG
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