EI0f Bt SNE 0183 AY BM 2F wHi S A7 35

http://dx.doi.org/10.3745/KIPSTB.2011.18B.5.315

Sl HhE EAL o] &% 2% FA EF Wyd] B A7

el ggol ) el W A Auel {&, Ao ofF FHH &3, FEA F& 2Rz 75 T A A EAE oPIE
ok =R AR FAE H8R e 8 JHE -‘?—i}‘ﬁ’ﬁf’.i frEAlE 299 Fue 7lae] #FE tdsAn girk
Bag-of-Words 2¥& ol &3 & 7|uk 28 &7 W dA7tAe] A7 S04 7P Aoz AH¥E wom azu; oo WRe #
fr 2ol ohy sbAeld ALgE 79| S AuutoR gl BAE RSP uid A2 &3] A 5 qls A9 Ad 33 wWd) of
§ thA w#o] ¥aick
2 EdAME oY EAlE daly] g EAdA s N dojo] AL ol &d Aq FA A WS A@l H iR
23 FAAME wEstnal s 28 BrE UHEsE A% lan, o= 24 BME #dd: 7IEeE AHEE F QA & =i
do] yhEe] SAE HPY F A= 6719 WFE Pojstn olF #H Y 442 e £408 ANk & wmRdA A%tEl: 29 g
A gl A% Wk s8] B2 X2E dolge ojuld dolEE of&sle] 7| WEIte] wlm e WYPstdn, A 24 T
At o] e skt

rr e

IS 28 AP AW ANGY Co| ATY, Sof 85

A Study on Spam Document Classification Method using Characteristics
of Keyword Repetition

Seongjin Lee" - Jongbum Baik’ - Chung-Seok Han' - Soowon Lee™

ABSTRACT

In Wed environment, a flood of spam causes serious social problems such as personal information leak, monetary loss from fishing and
distributicn of harmful contents, Moreover, tyvpes and techniques of spam distribution which must be controlled are varying as days go
by. The earning based spam classification method using Bag-of-Words model is the most widelv used method until now. However, this
method 15 vulnerable to anti-spam avoidance techmiques, which recent spams commonly have, because it classifies spam documents
utilizing only keyword occurrence information from classification model training process.

In thie paper, we propose a spam document detection method using a characteristic of repeating words occurring in spam documents as
a solutior of anti-spam avoidance techniques. Recently, most spam documents have a trend of repeating kev phrases that are designed to
spread, and this trend can be used as a measure in classifying spam documents. In this paper, we define six variables, which represent a
charactenistic of word repetition, and use those variables as a feature set for constructing a classification model. The effectiveness of
proposed method is evaluated by an expeniment with blog posts and E-mail data. The result of experiment shows that the proposed
method oatperforms other approaches.

Keyworcs : Spam Filtering, Spam, Spamdexing, Term Spamming, Word Repetition
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