i E R g N H 2014 4F #5233 11 i)

=3 T EE e SR
AAE RN E T EIT R B

TR, X

(Rl (5 B DR EE, bifF 201306)

8 OE: A e R KR TR B 2, Bahil i, 235, WAE SN AU, %50 1 S D15 4 51
M DL H BN 8 PR R HE. A T R UUX AN )8, A SOt T — R PO AR B, BRI T T Rt AR,
B — s 7, B W fe, ik Seaeur i, AT 5L UF_Growth SVARCHE B .
KERIA: MBI, AN PR, PR ORI, w] R SR R ¢

http://www.c-s-a.org.cn

Algorithms of Frequent Item Sets Mining for Uncertain Data_ |
ZHANG Chang-Pin, LIU Guang-Zhong |
(Shanghai Maritime University College of Information Engineering, Shanghai 201306, China)

3

Abstract: Uncertain data exists in many. situations, such as sensor networks, mobile computing, military,
telecommunications and other applications, which makes it difficult to apply traditional algorithms to mining frequent
item sets. To deal with these situations, we propose an efficient algorithm based on possible world model with single
scan of database. The 5Igorithm works well without any tree construction. Experimental results show that the efficiency

of our algorithm is better than UF_Growth.
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