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Research of Post-processing of FN Algorithm Results in Social Networking

NI Han BAI Qing-yuan
(School of Mathematics and Computer Science, Fuzhou University, Fuzhou 350108, China)

Abstract During the last few years, the clustering algorithms’ transverse comparison in the field of éomplex networks
has attracted a lot of attention. Among them, the algorithm based on modularity is widely used, and modularity is viewed
as an evaluation for a clustering, The Newman fast algorithm based on the modularity (Fast-Newman algorithm,FN for
short) is more prominent. Many related researches are based on the FN algorithm, however, most of the works focus on
operator improvement, application field extension,etc. For the results of the FN algorithm, most of research works are
tend to evaluation, measure and summarize. The study focuses on the post-processing of the classification results of the
FN algorithm. The research shows the common feature of the error nodes in the FN algorithm,and proposes three dif-

ferent solutions to make the final results more correspond to the actual situation and achieve a better clustering result.
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In some cases, the clustering accuracy is up to 100%.
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adjacent_matrix; 5 2% 4% ) 4R 46 B
Fast-Newman() : FN B3 B #{

GetModularity O : JRAGBRAER B (ARG RELE R
Scan() : F 4 R ¥

Queue: F71% B 17 R BAF!
PostP () : fE b3 BR ¥
1. Tree=FastNewman(adjacent_matrix)
2. R=GetModularity(Tree)
3. Scan(R) to Queue
4, while(Queue! =empty)
5. s=get first element from Queue
6. NewR=PostP(adjacent_matrix,R,s,n) //n=1,2,3 -FIxtH 3 F
LS
7. delete s from Queue
8. Scan(NewR) to Queue
9, output NewR
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