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ABSTRACT

Because of a rapid growth of internet environment, it is also fast increasing to exchange message using e-mail. But,
despite the convenience of e-mail, it is rising a currently big issue to waste their time and cost due to the spam mail in an
individual or enterprise. Many kinds of solutions have been studied to solve harmful effects of spam mail. Such typical
methods are as follows : pattern matching using the keyword with representative method and method using the probability
like Naive Bayesian.

In this paper, we propose a classification method of spam mails from normal mails using Support Vector Machine,
which has excellent performance in pattern classification problems, to compensate for the problems of existing research.
Especially, the proposed method practices efficiently a learning procedure with a word dictionary including a generated index
by the n-Gram. In the conclusion, we verified the proposed method through the accuracy comparison of spam mail
separation between an existing research and proposed scheme,
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LxbA &3 vlgAlE BdAw, A=) A9
e8] AFddAd = 71 S8 dss 2o
radial #A¥dE AH8s wWAe Feg BAL
gamma & 0.52 AANS Z5ol ngx]&o]
71 SesisiA it Ao xR fo] Frlsle
FAge] glddet. =¥ gamma S 0.012 A
e AS 2"dd "AEE dotyt poly-
nomial #'d WAL A e wx]g9) 4
53 A °é%‘xl 2k & gamma %b“Jr H] 53}
o7k ot gep]
o & HAE @-‘)rﬂ 74Jr 7L°] viehde},
29l 257 A% ke A= (spam preci-
sion)$} A# & (spam recall) 2 v, A7
o2 E 7oA} Zo] radial A¥E A48 WA
o] dott polynomial A¥-& AH4-3F whi R} ~

E 7. n-Gram 7|gte| 4olof MM

Test set (10007}])

Kemel feature ;
definition | C21C | PARMERET | ot o | spam | spam

recall |precision

dot kernel [ 201 N/A 1.5 (38| 947 96.8

degreel [ 15|34 [ 951 96.8

degree3 | 14|36 | 950 97.0
gamma05 | 23 | 11| %66 | 979
:ﬁ; 201 |gamma0.1|20 | 11| 969 | 979

gamma0.01| 20 { 2.1 | 959 95.8

* spam precision(%) = #actual spammail /

#classified spammail
spam recall(%) = #actual spammail / #total spammailm
FP(%) = false positive, FN(%) = false negative.
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o E3% gamma® 0.1 ARHS
3 29 Held A5g 2o

6.3 ALMY EEE M5 Hin

EEelA Akt st 718 29 2y
Y gSael A% wlas) sisiel 71Ee] 4R
D =29 A pre ggsigon], gy
BERE AT H2E Geli volu wlelx|ek uhA
B 9= AR AL el AgE. =F
(13)e04) Aokt whe A% 54 $iste] AR
AR ertEl 2815709 olsldle] $alsllon, A
Avledsh el B8-S 80%9 20%2 F4s
o] 2ivlel Pel & Asiaet.

E 8. MY TeY 45 viLE UY 2F 2

=
m =

Ar

false false spam spam
Filter used | parameter | positive | negative [ recall | precision
(%) (%) (%) (%)

SVM  |gammaO.l1{ 2.0 L1 96.9 97.9
keyword NA | NA | 5301 | 9515
patterns
N/A
Naive
. 5.0 8.0 95.8 93.0
Bayesian

Aok v 71E Ao Qs S whe &

|8 A% (spam precision)et 2
o A"E(spam recal)E AHEslddl, n-Gram
Aalolel SVM-E 2438 HRXlo] xsivdd Held
Aatrded 7] xS e wawc 2o
s Bolon, volu wo|x|gt Al w4t
ADGZ gFelslgdoh =3 Addd Qg e vt
ol v wio]x|¢ta} F19r Hwlg AREE WP SR}
gt ey g Beda, Aoyl WS o] 83
29w delg] AL Ad3ed mlel g7k 3]
B AT, HE oF 22 A Azte] 4~gEYT
29} o] n-Gram A<lele} SVME AH23F A3
W JeES Flstd S A4S 2ddd Ly -
ol glojAl 53 A5 FHAT ¢ Qlgled, &~
Add A& ME 7)1E SR Ak A
£ galslgin)

>
o
=2

= d "L 93 A7E sl
o] wd p-Gram Hdoet SVM(Support
Vector Machine)& AH8-gt ~wielod Hejd wiab
< Akl Agkd v dig HAEE $s)A
thpe] ARl A2 e AR o]wdE A3
of gAEE AePsied o n-Gramell st A4
g Aqloje} hojabdel] ofste] A wlolE] AL
SVM #5719 A4z 2ddds Fey 3§
dek. SVM #5771 AH-E A F5E& dot,
polynomial, radial W& AH8slgen 72 #
d wkAloll digh HAE AdE ¥ 7oA deslgd
SVM #5719 AYF+=E radial WAlE AMS-
s At 7P 5 Aeg BHeleH, volr
dlo]z|qk WHAle| v vlme] s|uk upaldt 2 v|E o
TFE9 ¥l T 29 Fejy s ks
EH(&E 8 #x). 3R Ad#ae] 4% SVM
R 25t ghad AAhS slelvs HEEY
Hlgo] F7igo R FeY Aol oA FAA
of gledl, olol Wg Aoz ovdd 23
AelrlelE URL 4% A= oA wilez A&
gozA AT 5 ol& Aot
ol dtelAe 7 AEA 29dd ¥R
ol AlFsie}l & g Gue] FAste] A9
dd FegE s, FFel= ookt e
o] 2w dg "Rk Aol a3t

o EHE
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