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Abstract: One method to filter spam was proposed. The tf-idf method was used to extract e-mail’s lexical features. y°
method was used to select effective features. The several structural features were extracted which could discriminate spam
obviously. The support vector machine algorithm was adopted to filter spam automatically. By experimenting on dataset of

Cspam, the evaluation value F is above 82%, the tf-idf lexical features and structural features combined can improve the

classification accuracy, which proves that the method can approve the accuracy of filtering spam.
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Fig.1 Principle of spam filtering
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Fig.2 Class linear separable optimization hyperplane
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Tab.1 Structural feature extraction method
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Tab.2 Experimental results of spam filtering

HEAE EH3/%
TR (tf-idf) 82.68
TANCARHE + S5 FHE 93.10

M 2 ATUAE L AGE tf-idf 7R (416
TCAFAE , SRRt e O IER R 82.68%, 1N 8 4~
SERREAE LS, IEAA R I S $E R, i85 93.10%. AT LA
B, AR SO T LB S e s 3 e A i 1)
NRES

R T IR S A 1) T AL AN LA RO 43 25 R
SRR SE I, 25 SN TRl A% PR 3 2R R, BEGR)IT
FEAE 55 45 4 R AR 48 TCAE b RRAE , 22 300 =04 ok 20
degree ZELEHE 1, BRI AL KA Gamma 2
BOEPE 0.01, 450003 3.



2010 4F- 4 A

T, S5 BT NSRRI IR IE BRI + 75 -

R3 TREBREHPIFEIRFNER

Tab.3 Classification results of different kernel function
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