AR EZERAEFEIEPIINA

T, 25, FEE
(P E B A RS EEAR, B 200122)

B B REBERNA R EUE B T 2 R0 B i 5 R 8 AR O RO R e E ik | X
T O A B B4R, 46 AU7E KO 96 2 BT R ELIA B R 48 R AL LL R AT SR T OT R . IKIT A M2 E B S B A7
ARG, VT o 8 B B BUARE J2E | M2 0 A RE W AL 0 A ZEOR A B 1 T BE AL AR AR AR 1, 4R B A AT A Y A [) A
KA AD A B I B TH RO B 5 T 11 505t A AL R T SRR R I L 7 4x [ O BR A R G0 A R
AT ARG, S B S ) S ) KO0 TR R R R T b 4 O e g o A B 2 I R B R e 2 R R A
FRANZ I 09 25K, 32 T R s R AN

KGR KRB  BEVLARM Pl 2% T Bl Ab 4

HE 525 . TNI19.5 X ERFRIRAD A

doi: 10.11959/j.issn.1000-0801.2016317

Application of random forest in big data completion

WANG Zheng, REN Hua, FANG Yanping
Shanghai Research Institute of China Telecom Co., Ltd., Shanghai 200122, China

Abstract: Telecom operators have a lot of data, but in view of a variety of reasons, the quality of the data is not
ideal, there are a lot of data is not complete or even missing. For existing data mining, it is necessary to carry out
the data to meet the quality of the data and to achieve sufficient sampling proportion. Relying on the country’s
existing log retention system, template library design data integrity, authentication could not meet the quality
requirements of the data, using the random forest algorithm, the same data with or related data was found, data was
completed and data quality was improved, and the template library was extended by optimization of feedback. The
construction of completion data subsystem in the system log retained end-to-end data quality guaranteed and
improved quality, completed and improved the real-time data and historical data, and ultimately met the
requirements of data processing and mining operators, improved data quality and value.

Key words: big data, random forest, machine learning, data completion
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