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An Improved E-mail Classifier Based on Support Vector Machine
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Abstract In the real spam-filtering environment, because of the complicated factor of spam itself. It’s easy to make
mistakes just as the traditional support vector machine classifiers model doing-assigning an e-mail example to a class
specifically. However, assigning an e-mail example to a class according to its probability output is a reasonable solution
to the problem. According to the theory, we put forward an optimising idea based on the traditional SVM classification
model. By computing the probability of output class, and judging the threshold of the probability, we can make sure

which class the input email example belongs to, The experiment has proved that this method is efficient and feasible.

Keywords Support vector machines, Text classification, E-mail filtering

1 55

[fi# Internet Hi R E K B, MK E 24E —FH%
RN FATER B PR E R R T A LAEA B AT
PR LR . B, SR ERARB A 47 E R RMIRA R
7R 93V B A AT AT TR B B K B B R iR AR AE B R
o B IR R A SURE B ) 45 77 58 R TS HLI 28 TR, T HL
HTREMEEME., B, RSB G T/ERES T4
DB, B4Rk, B AR HR A SRR — b 32 B R b I R A
HARER R, BT R g — S EHE, R ER
BEF e AR I ) By 3 AR R AR . B RERF I B E R
AR A X, R [F P 3T 6 — BRI 45 R AT BE = A
ER. BTULER, S BREIRESEBERFTHREAR
BEAAXE L.

geit g R—FME T IR /IMEA R T LAY
RIS, T HE BV (Support Vector Machine, L T & #&
SVMDEA—FE BRI B AR RS ITF I IS E
B & RERN—FEF OIS I B, i T HETEMN
B /MU , B b APt 2 o) A1, BB RIFOIHE 1
BE, BI F1 A RIS bE AR5 B/ MR 25 , BRI A (R X ik 57
IR A R R B/ RR . R R SVM R
AT 4N T 2™ 45 (ANND MR 5 2 05 69 3 — 3 57 #4
. BN 2 R BB R BB FE R BT BT b B
AT SVM, 75 H & b A0 b an A B A 30 35 B R B AR SR

OACRBERTHE AR ¥ RS (S5, CSTC2006BB2021 ¥R, fE R

B EBRAEEE A R 1F T 0B 5 O T LS T R B
TR .

AL EBSHTRRI T SCRr e BALIE R 2 T P
B . e B R AR IR BRI R B B B SR AT
TR BB E T 20 K07 B AR I IR B T R S R i
BHUR TR B2 69 BREBEAT T 2047 B M 7 SVM
MR Ay K8 IS A KA HHERL LR T A S BB
B A K P, XSS B9 SVM BB 2> K A8 I E SE 1Y
SVM, NaiveBayes [ T #f 4 53 2 iR 5L B S5O R HEAT T OB &%
JG A LIRE .

2 WREBEEEER

HRAA I T E R R BRI B 0 AR B IR R
HE At uk E BAA E TN AE T RS R %
GX BRI AR T HRF AR RS . BT RN 7 ik
FEE YR Boosting LKL = Fh, X Kl ik — BRI
BETHFAFLMR PN E B, NRER FIRE
DE P 0 e i AR LI Of e s 2 75 o Ui R APF » IR Y K SR
T BT MRS TR B3k EESE Bayes,
kNN.SVM, Rocchio, Winnow JL#l, X 255 ¥ BB X E LN
—MEEEYE UAENNIRESE NG CRAF HIER L.
BRI B A N B R SRR BT I L T R A i S
i,

4

RNERET NG B ERET BRI %, Bk
B4R, EEHRTRAREEE JRE T

B OMAERLEAZES BLPE, FERTSEVREEEKES AR, FEWR GO SIR SR SR O MAE R E AR

BHE,
.« 90 .


http://www.cqvip.com

HAR 2 2o 0 [P A ) AR R — > S0 43 K0 TR (I ) 1 R R
HE) , BRI — R B 4 REE MBUE BN S R EF 5
ROUABIRS o BRI SCA S R T FA T ZAFRAT . B4 SC
A TR SR RV, BRI SUAR B ZOR TR AE 2k
FAESCOS PR PR BT AIBT T, X LA US B 1R, A SCE
FURAE AT 36 L AR AL B SVML R4 23 288X — 35 .

3 ET SVMHMm#SERA %

31 XHFmRMN

V. Vapnik $#2H 8% #5 BOLEBS BEAM B R Z —
Sk ¥y 4 RS B/ 46 B (Structural Risk Minimization,
SRM ), X B 41 T 1% 56 19 2 B XU B 5 /)y 46 IR U ( Empirical
Risk Minimization, ERM) , 1%t &) 3 #5 [al & HL& 8 i # i5
— AR, X PR ) AT A ] TR SR 4 2k
RESR AR EAERERE F B EW 5 (RIEES R 5N,
MAMESLERRBEKR, FTEUN m D YHEER: (2,31,
(2552) 5> (T s 3 ) RIBBAR ST HB P R B, EERK
BERE wH b BT (w « 2) =0 KB HKIRE/D . HE
TTRESTIRI R 5 0670 1 2 B O 3 2 - T ) A

yilCw e ) H+6]=21,=1,2,,m)

n&ng&(w)z Il w2

HRYE BRI, FIFH Lagrange s¥0Hs b1 W) AL 4L Ky
SRABAR AR R IR o) 1

max W (a) :é’]m '%i’jizlaiajy;yjK (zxi>x;)

s. L. _gazyi =0,0,220,(i=1,2,+ym)

b W 8 5 3 W S AT O
f(I) =sign{ goaiyiK (zi>x) ‘bo}

by ATARFMY e[y (wx: +0—1]=0 KB ac FRHEM
REABI Ky S HF I

fFAREME T 428, W i TR S S e PR i A LR
55 (R R0 » R A o1 B = B B — R ERRIE 5 A o, R
JEAEIX A R HE S W) FR R G B A 4 T o X A A
PREUS T AL, B T 7E B AR IE s [ P AT R 2 is B

3.2 SVM iRy B HER R

F SVM #EA7 HR 44 2 28 B E 245 B A 9 B Gl gR R 45
2.

(D M8

Stepl Ejml&f*yllgﬁ;#q&% () * V1 Yyeers (2 ’yl) s X €
Rn’yie{‘l’_'_l}o

Step? : G 3E 4% bR BB AZ S0 1B Sy e HERRAE 25 )
TR AR M — N ESOE R,

Step3 : ¥ A BRI S5 A% AL T 1k » 7 A 0308 BR A 7E %
PREEREEZ N .

Stepd: HEZEE Hn,n,

StepS : Fx KA T, USRI H R e

Q=353 DaayiiK @iz, 0<a<C,
T
Za iVi =0

Step6: & X HEIa B SV, RSBV REL 6.

Step7 : FE T VISR IR ) SR L e SRRV 1T » SE AR 45
(D5 EME

Stepl : ¢ A SVM IR K B s (4 R A< 088 o 4R IS4

£ 0 0 0 http://www.cqvip.com|

AR o F b, BEHB BN LIERE SV,

Step2: 1R iE

F(=sgn[ (w" YTg(x)+b6" ]

=sgn(Sar yiK (2., 2)+b")

BT A0 T AR A B L P 3 e

Step3: FI TR BEH f(@BH {1, +1} . fEH 2%
D3R 1 R B AR, — 1 A AR

BRSSO e — P SR B B R IR B X R 2 A
Je i, T I IR R At R B BB SRR, At
B AR AT GEPE LA 2 R A R M, th Sl - e b B R A
XU FHR R R Ak U R R EREEN. X
EF ik — ) B, X SVM BR443 2588 81T T AL (n i 1,

.....................................

I
—

.

‘ : VIEGAEAM
v

| XA
| - ]
[ wwormmn ]
=
Pr(y=l[x)za Pr(y=1|x)< g

e T
I A ] [ ﬁmm#J F& st |
— T T
+

I PS> GG Accur I

<

I S (BT B 0 53 344 UR XY WS 4 B Vil 5 ]

B 1 Bt SVM R4 2528E

F TR R A A By iy — SOy Ty v LB A TR R
B — BB T FIAT 6 B IR 4 ) S B 7 UL B » 551 R AR AR A
xRS B RA RS . — M EREREA AN RE B 00 e —
2,1 LA —E BER B — 5 B R T3 — 2, W & 42 5 e
B, BB 2Kl ye {1, T 1 RRENEBIHA
4. 8T SVM S A BB A i I8 ) 2 28, A SO Hof
PEAT T AN T b3

Xt — A BB Ry, AR 18—
1 BEATIGHIMT, TR R T3 — 2R . MRk
F z BT R RBERITE T

1
Prly=1lD~Pas @D =17 oA rin 1By~ /@

Priy=1|2) AR ABIFREAR « JB T +1 B0 B3R R4
BIBERE s AB B S5 BRAEBUE A X AR 5 R AR
£, {(ziry0) Vo1, K18 F(o) 2 5/t AB 89T RAE

; ,
ir(%rg)F(z):'.;(ti log(p:)+A—t)log(1—p:)),

Ni+1
N,z »=th

for p; =Pa.5(x;),and t;= ) yi==1,eee,1]
Nz ¥

091.


http://www.cqvip.com

F(2) 2y Platt #/MES S EBLER BB AL , No- Sl 3% MR R A
B, N B R R AR

BT R Pr(y=112) K, J Sy 57 3% MR 44 % ol BB+
R B Ak AR B mT BE AR, BT, AR SCIR B M
NBY o MR B KB N RN Y R KT o 8, HE
FIBLRERAE s /NTF RS, AR RF B o ZIRIAT, A E]
BEHRAE

RE EEMEANEEE 2 S2HREICRM R, T
BEBETEEITE 0. 7<la<{1. 0 H1 0<Cp<C0. 3 AT AL ZE R
AT, S HIE TG T E MR RS Accur,
MEFR/NT —E L h B, 53 2851 0 R 70T S8 1 R
fFIR 18 BN VSR AR R AR, 64T T — RIS, BRMER R R
BB, B BB SVM HREF 238,

4 KRS

BrRARAF IR 4L s R T UK T R #
HfE SRR H— R G2 A AR . £
24 H (Recall) 2 F (Precision) JEBZE (Accuracy) Hl F
fH. T SRR AR R (R R+ 1, & B R
%-1) H

A1 Wt R RN IAT A (AL R 50
B HHAE R BIREAG | & FOHE A SRR
SrRAE O BB R A B
SrRBH LN BT C D

N=A+B+C+D JiB il AR S5, 2R =

0 Accur= LD oAt S T XBTAT SRR 2 ¥

1 B 2
: A FEMH T o LA F T 819 Spam Base 3&
BT, EREE R Y 4601 BEEREE, FL A AT 1813 B BLIR HRAF
12788 B A IRMBAF . SCHH FOX HB AR R R A4 T SCHE AT
YIGRaA. FE Weka ™ WA F LB T RILE SVM 4326
2§ (Weka 1) SVM H1 NaiveBayes B i 0] H 17 XA %
). Weka B— M HEMEEZBWARE, IHRERHTH
BRI E D, I SVM, NaiveBayes M2 M4% kNN R4,
XA SCIR I B BUR B (SYM-PQ), TE LI 3 2 o, IR
(as) BEHBUEITEBRMMNE Accur H, SEHEBRN
B 2,

096 r

095 e =
094 | 7 \

093 o i
0.92 -
o P L

091 e S\
09 F !
0.89 }
0.88
087 ¢
0.86

H# £ (Accur)

e

0.70, 075, 080, o085, 090, 095,
0.30 0.25 0.20 0.15 0.10 0.05
%#@,B)

B2 SEEBBRE

ABE 2 BT DUE Y, 5 800 BUE % B E § 34 (0. 85, 0. 15)
BY, 4 S HER RS ; T 4 S 5E B (0. 70,0. 30) 8 (1. 00,
. 92 [ ]

£ 000 http://www.cqvip.com|

0. 00) , BB HUSHE 53 [B A, ME R A AR AR . AEMERR %
WHEBSEF h=0. 952, #) (a, 7 (0. 85,0. 15) B , A2 LB
SVM-PO B {F 43 45 FIZ GEEY SVM HR {443 26 8507 | naive-
Bayes HB{443 2450 BSC RAURACR LRI 2.

A2 MMy ETRERLEK

By Precision Recall Accuracy
NaiveBayes 0. 898 0.832 0. 895
SVM 0.927 0. 867 0. 934
SVM-PO 0.954 0. 896 0. 952

T 2 FBAERT LUE L A SR T SVM B
HEARF4Y 288 SVM-PO I b5 B 1) SVM, NaiveBayes B {4
SR LR BEHEHERREE SRR, REETMN
AR,

£FRiFE SVMBLFERRIRF S S BmE R B9)) 2
N BLTE LLBE AT B0 3% R 38 5 AR 2 E R NaiveBayes
B, TESCRR B BRI N P A IR 4 R AR X 28 B Rl 4
BB R R, A S A A U O R — 26, M Ay R E R, D—
EMEL—-ERBEHTHEMNSEEFLHEH R, RE
XFpEAE, A SCTEME G SVM ERE A S s i ER EL 4RI T
PERY SVM-PO 43 2528, 8 1 o 20 250 A7 SR 3 IR
B PR A SRR E X R A TR B B 258 . M %
Hihg SVM HR{42 2535 F1 Naive Bayes HR {84328 2% , 32 5-iE 43
X R BB S 2 2R A BT, AR R —
. TS T/ekagkes 6k SVM BREa R BB e i,
R} it e — B BRI F 7 SR R4 - 2R B S 1 B R BT i 2
HA 1RO

2 % X |

1 Vapnik V. The Nature of Statistical Learning Theory. New
York: Springer, 1595

2 WM. BT A MBIRERA L ESFI(D]. 0 ER T
AR T, 2004

3 Kolez A, Alspector J. SVM-based Filtering of E-mail Spam with
Content-specific Misclassification Costs [AJ]. In; Proc. IC-
DM22001 Workshop on Text Mining, 2001

4  Joachims T. Text categorization with support vector machines:

Learning with many relevant features, In; Proceedings of the

10th European Conference on Machine Learning,1998. 137~142

Yang Y, Pedersen J. A comparative study on feature selection in

«1

text categorization. In; International Conference on Machine
Learning (ICML), 1997

6 Cristianini N, Shawe-Taylor J. An Introduction to Support Vec-
tor Machines, Cambridge U K;Cambridge Univers'ity Press, 2000

7 Platt J. Probabilistic outputs for support vector machines and
comparison to regularized likelihood methods. In: Smola A, Bart-
lett P,Scholkopf B, et al,eds. Advances in Large Margin Classifi-
ers. Cambridge, MA, 2000

8 Spambase. http://www. ics. uci. edu/~ mlearn/MLRepository.
html/, (2006-6-22)

9  Weka. http://www. cs. waikato, ac. nz/ml/weka/

10 Drucker H, Wu D, Vapnik V N. Support Vector Machines for
Spam Categorization [J ]. IEEE Transactions on Neural Net-
works, 1999,(20)5; 1048 ~ 1054

11 Androutsopoulos I, Koutsias J, Chandrinos K V, et al. An Eval-
uation of Naive Bayesian Anti-Spam Filtering, In: Proceedings of
the Workshop on Machine Learning in the New Information Age,
11th European Conference on Machine Learning (ECML 2000),
Barcelona, Spain, 2000, 9~17


http://www.cqvip.com

