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Abstract; To expand new business, the telecommunication companies need to understand their
users deeply. So the data of the user behavior was analyzed in the telecommunication system by
using the big data analyzing technology. A clique percolation based local fitness method was
proposed for weighted network algorithm ( CLFMw ) based on the call logs of users in the
telecommunication network. The social relationships were established from all of the call
connections. Based on the local fitness method ( LFM ) and the clique percolation method
(CPM) , the user group was constructed with CLFMw algorithm. According to the massive data
sets of the telecommunication system, parallelization design was used based on the MapReduce
programming model. Finally, the group construction algorithm is verified by the simulation data
set and the real data set for China Mobile. The experimental results show that this method is well
performed but also feasible and effective.
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BEGIN
Initialize var k=1
DO
k+ +

Calculate satisfied k-clique

1
2
3
4
5: WHILE k-clique is not the maximum clique
6. WHILE k=2

7 Delete k-cliques that have belonged to other groups
8 Percolate k-clique

9

Construct seed groups based on k-clique

10: k- -
11. END WHILE
END
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Fig.1 Incorrect group construction
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BEGIN

1. Construct seed groups

2. WHILE existing seed groups not belonging to any
groups

3. Initialize a seed group which based on largest

cliques as initial group

4. WHILE current group exists adjacency nodes
5 FOR each adjacency node

6 Calculate Fit,_,, ,N,,

7. IF Fit, . =Fit), &N, =N x %
8 Add this node into group

9 END IF

10 END FOR

11 Calculate InterRate( C,,C,)

12: IF InterRate( C, ,C, ) =InterRate
13 Merge group C, and group C,
14, END IF

15: END WHILE
16 END WHILE
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Fig.2 Influence of topological mixing parameters
on the group algorithm
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Fig.4 Influence of the number of overlapping
nodes on the group algorithm
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Table 1 Comparison of clustering coefficients in
group construction algorithm
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