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Abstract: With the development of the telecommunications technology, telephone call network almost covered the
whole society; the huge social network presents tremendous opportunities for telecommunication companies.
Especially in the increasing fierce market competition, more and more telecommunication companies are concerned
on maintaining customer relationship, mining customer potential value and marketing suitable target customers. The
distribute and stand-alone graph computing frameworks and tools were researched for mining large-scale social
network graph data like telecommunication network, and at the end the feasibility and usability of Graphchi in
large-scale graph datasets were verified and a graph mining application was made with telecommunication data using
stand-alone graph data processing tool—Graphchi.
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HE# b Rank fH
1 1653 7 788.59
2 21 407 4 524.67
3 1 786 295 3931.42
4 1 803 885 3 624.54
5 5299 3193.47
6 2 581 430 3077.34
7 3 806 2 32341
8 3 154 485 2 068.3
9 3 676 640 1 857.47
10 3653 185 1 803.97
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IR LT P E A FUES IS S PN R
HBER , WE 12 Fos, T UHRE 3 KRB,

%5 JK M Graphchi 1) CommunityDetection % i X} H
{5 Rl G At R U A L 36 BUALIX 1 733 613 4,
B RAEKA 35 558 616 1, 18 8 1 AT AW B — AL ]
SR AR URRE AT TE R PR LL R S & PR R
Aepp,

®5 #MAKIAET 10 B EA KD

bi= FEIX K ANVA
1 56 569 558 35 558 616
2 57 092 875 1 802
3 57 613 117 698
4 57 613 117 612
5 57 614 778 596
6 57 615 142 590
7 57 599 599 589
8 57 600 140 589
9 57 600 474 589
10 57 606 609 578
6 HRiE
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SZHANTE R LA A CHE G AL SRR OF i
SR L 1568 BAALAY Graphehi 1817 8 F 35 76 A Rl LA
08 4 B T 6 1 1Al 7T LB A 3ok S 5 0 AORE A I
Te2 B R AL 00 T R 15 5 135 3 £ AR 55 25 A T A
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