4

ETIARBFAREFRENNMEERRARESREX

=68, AR, Tk
(FHzofd, K FREMNLZABARABRIELZRE, E H2 710121)

B OE: BEHP RTINS . AR R BN (SVMD SR $dE 42
BTG FEAR IR 8, 35T 40 8P B FREAR AL B g, $&H T — Rl i e 43 2 B e AR
ITERSE LS SVM BIENA L, F i BRI LA R TR Hi A B 2 AN AP UCT £l 4R i sk
g FEAT R LG, B UF HrER 520t 2 B A RS P A S AR VE R B A3 T &

KR R AN, SVM; A REUEE

HESES: TPISI XERFRIRED: A

doi: 10.11959/j.issn.1000-0801.2017208

SVM classifier for telecom user arrears based on boundary
samples-based under-sampling approaches

LI Chuangchuang, LU Guangyue, WANG Hanglong

National Engineering Laboratory for Wireless Security, Xi’an University of
Posts and Telecommunications, Xi’an 710121, China

Abstract: Telecom users’ arrears forecasting is a classification problem of unbalanced data set. To deal with the
problem that the traditional SVM on the unbalanced date set had a low detection accuracy of minority class, a novel
method was proposed. Based on the fact that the position of classification plane was determined by the boundary
samples, the proposed method was implemented via removing some of samples closed to the classification plane to
avoid the deficiency of the traditional SVM algorithm. Finally, the proposed method was compared with other ap-
proaches on unbalanced data sets. The simulation results show that the proposed method can not only increase the
detection accuracy of minority but also improve the overall classification performance.
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