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ABSTRACT

Recently, the amount of web pages, which include various information, has been drastically increased according
to the explosive increase of WWW usage. Therefore, the need for web page classification arose in order to make
it easier to access web pages and to make it possible to search the web pages through the grouping. Web page
classification means the classification of various web pages that are scattered on the web according to the
similarity of documents or the keywords contained in the documents. Web page classification method can be
applied to various areas such as web page searching, group searching and e-mail filtering. However, it is
impossible to handle the tremendous amount of web pages on the web by using the manual classification. Also,
the automatic web page classification has the accuracy problem in that it fails to distinguish the different web
pages written in different forms without classification errors. In this paper, we propose the automatic web page
classification system using meta-tag that can be obtained from the web pages in order to solve the inaccurate

web page retrieval problem.
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{META NAME="Generator” CONTENT="B0IR ASE">
CMETA NAME="Author” CONTENT="RI SR>

{META NAME="Keywords" CONTENT="2 3| E">
{META NaME="Description” CONTENT="B|0IFY S48
<META NAME="Copyright' CONTENT="MZH EE">
{META NAME="Subject’ CONTENT="ZHOAZA L&
{META NAME="Title" CONTENT="ZT0I&">

{META NAME="Publisher” CONTENT="BIELHH F= F M
{META NAME="Other Agent' CONTENT="ZI YA
{META NatME="Classification” CONTENT="3tH 22| 28>
{MET& HaME="Reply-To{Email}" CONTENT="HZF4&">
SMETA NAME="FileMAME" CONTENT="LIZ0IT ">
{MET& NaME="Author-Date{Date)” CONTENT="RZL">
<META HAME="Location” CONTENT="2IF/IfEL2LAE LI2I0IEIIS">
<META NAME="Distribution” CONTENT="Hj ZA}" >

CMETA HAME="Copyright’ CONTENT="FZ&">
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Fig. 1. Structure of meta-tags
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4 Florida woman was arrested for allegedly attenpting to sell her 5-year-old son for $2,000.
prescription drug,grand theft,Pinellas County,County Jail.drug addiction,Florida
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Fig. 4. Meta tag information crawled to google news
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Table 1. The experimental results
Coe | Sompmen | Nave | g
Casel 67% 50% 27%
Case2 67.1% 58.94% 23.26%
Case3 59.8% 18.18% 30.6%
Case4 67.87% 57.72% 41.22%
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