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(a) Facebook network

(b) Brain network
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(EAX: http://www.wired.com/2012/04/facebook-disease-
friends/,
https://commons.wikimedia.org/wiki/File:Network_represe
ntation_ of_brain_connectivity.JPG)
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Algorithm 1 MCL
A = A+l //Add self-loofs to the graph
M := AD? //Initialize M as the canonical transition matrix
repeat
M = Mexp = Expand(M)
M := Minf := Inflate(Mr)
M = Prune(M)
until M converges
Interpret M as a clustering
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Algorithm 2 Proposed clustering algorithm
Input : Network A/ regularization factor r
Ng =N
My = Ny // Initialize matrix
M := Coarsening(Ny // Matrix of a coarsened network
M; := M // Coarsened matrix
foreach / = to 3 do
M; .= Prune(nflate(MixMgr) // In MapReduce
end
M := FlowProjection(M))
repeat
M := Prune(Inflate(MixM),r) // ITn MapReduce
until A converges
Interpret M as a clustering
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