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Abstract. Automatic hypertext classification is an essential technique for
organizing vast amount of Internet Web pages or HTML documents. One the of
problems in classifying Web pages is that Web pages are usually short and
contain insufficient text to clearly identify its category. Text classification
mechanisms, by analyzing only the contents of the document itself, are
relatively ineffective in classifying short Web pages. This paper proposes a new
hypertext classification mechanism to address the problem by analyzing not
only the Web page itself but also its linked Web pages referred by the URLs
contained within the page. The URLs are treated as semantic links. The
hypothesis is that the linked Web pages contain related information to help
identifying the category of the Web page. Experimental results show that the
proposed approach could increase the accuracy by 35% over the approach of
analyzing only the Web page itself.

1 Introduction

Automatic hypertext categorization is an important technique for organizing vast
amount of information available on the Internet and Intranet. However, Web pages or
HTML documents tend to be short and usually contain insufficient text to clearly
identify its category.

Many text classification mechanisms, by analyzing only the contents of the
document itself, are relatively ineffective in classifying short Web pages. Rocchio
[15], for instance, is a classification mechanism where a training set of documents are
used to construct a prototype vector for each category, and category ranking given for
a document is based on a similarity comparison between the document vector and the
category vectors. Vector Space Model [1] [2] is a relatively new approach introduced
by Vapnik in 1995 for solving two-class pattern recognition problems. The methods is
defined over a vector space where the problem is to find a decision surface that best
separates the data points in two classes. Bayes Rule [5] categorization comes from
ideas in probability and information theory. A growing number of machine learning
methods include LLSF [6]-a regression model, kNN [7]-a nearest neighbor classifier,
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RIPPER [8] and Charade-rule learning algorithms [9], Swap-1 [10], Widrow-Hoff
[11], EG [12], and Experts [13]-inductive learning algorithms. Other techniques
include fuzzy retrieval [3], neural network approaches [4], and so on.

This paper proposes a new hypertext classification mechanism to address the
problem by analyzing not only the Web page itself but also its linked Web pages
referred by the URLs containing within the page (see Fig. 1). The URLs are treated as
semantic links. The semantic relationship between a Web page and its linked pages
can be generalization ("is-a"), association ("use"), aggregation ("has"), and
composition ("part-of"). The hypothesis is that the linked Web pages (page 1 to n)
contain information related to Web page 0. The related information is used to
facilitate the identification of the category of Web page 0. If a Web page does not
contain any URL, then a standard classifier is used.

A Web page 0
URL 1 /JRL 5 URL n
Linked page 1 Linked page 2 cee Linked page n

Fig. 1. Relation of a Web page and its linked pages

2 Proposed Page and Linked Pages (PLP) Classification

2.1 Architecture

Our proposed Page and Linked Pages (PLP) classification method consists of
extracting surrounding information of a Web page by analyzing its linked Web pages.
The overall architecture of the PLP classification is described in Fig. 2.

The Web page categorization process begins by using a standard text classifier to
classify the Web page. For each URL contained within the Web page, the process
retrieves and classifies the linked Web page. The process, then, computes the
similarity between the resulting page category and each resulting linked page
category, and assigned the similarity as a weight to each linked page. It groups linked
pages that belongs to a same category and computes the weight of the group as the
sum of the weights of its members. It selects the group having the highest weight and
compares the highest weight with a given threshold. If the highest weight is larger
than the threshold, then the process changes the page category to the category of the
group that has the highest weight, otherwise it keeps the original category of the page.

2.2 Algorithm

We constructed the text classifier (see Fig. 2) based on term weighing approach [14].
In general the approach takes a document and builds a dictionary of its words (also
called terms). It eliminates common words (also called stop words) such as pronouns,
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Fig. 2. Structure of PLP Classification

articles, and prepositions. For each word in the dictionary, it counts the number of
occurrences in the document. The number is normalized to become a percentage. In
short, a document D is represented by a set of ordered pair of a term ¢ and its
corresponding weight v (as shown in equation below).

D= {(tlavl)a(tzavz)ﬂ'"’(tm’vm)}

Similarly, a category C is also represented by a set of ordered pair of term s and its
corresponding weight u as shown below:

C= {(Slaul):(szﬂuz)""a(Sn’un)}

To compute the similarity between a document D and a category C, first obtain the
intersection £ of the set of terms for D and the set of terms for C, that is,

E={t,t,,--,t,} N {s,8,,"",S,

For each term in £ computes the product of its corresponding weights v and u. The
summation of all the products is a measure of similarity. This number is usually
normalized to maximum similarity as 1.



We used the same process to compute the similarity between the page category P and
a linked page category L (Fig. 2). The resulting similarity is then assigned as a weight
to the linked page. Some of the linked pages may belong to the same category. We
compute the sum of weight for each group of linked pages that belong to a category,
says G. For each category of linked pages, we calculate the weight for it by using
equation below.

q
w, = ZSimilarity(P, L)
j=1

Where w, is total weight of category G, Lj is the category of linked page j in list of
0 ifLj#G
linked pages, ¢ is total number of linked pages, and M =~ | ifLj=G

W, = max(w,, w,, -, w,)

where W is the highest weight in category list, let that category be K. The final
category C for the page are decided by equation below:

{ K lf Wk E T
C =
P if W<t
where K is the category having the highest weight in category list, and P is the page
category. The t is a threshold that determines how much influence the linked

information will affect the page category. It is obtained empirically based on results
of category similarity matrix (Table 1).

3  Experiments and Performance

3.1 Experiments

We experiment using 18 categories (Table 2) and a pre-classified training set of 2000
pages selected from top-level Yahoo. Using these pages we build a term frequency

Table 1. Category Similarity Matrix
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Table 2. Top 18 Categories

Letter Category Letter Category Letter Category
A Companies G Health M Regional
B Computers H Humanities N Religion
C Economy 1 Movies TV (6] Science
D Education J Music P Social Science
E Fine Arts K News and Media Q Society & Culture
F Government L Recreation R Sports

vector to represent each of the categories. To categorize a new Web page and its
linked pages we stripped the HTML tags, compute the word frequency vector of the
pages, and calculate the similarities of the page and the categories. In order to speed
up the classification process, we pre-calculated the similarities of the top 18
categories and save them in a category similarity table (Table 1). The threshold we
use in the experiment is 0.65.

3.2 Performance

We randomly selected 32 Web pages from Yahoo top-level categories. These pages
contain total 195 linked pages, average 6.1 links per web page. All 227 pages were
classified by page classifier and the PLP classifier. In addition, we tested a large
number of pages as part of our personal Web search filter project reported elsewhere.

Chart 1 shows the results of correct category numbers against Yahoo document
categories by using page only classification and by using PLP classification. Chart 2
shows the correct percentage rate by using page only classification and by using PLP
classification.

By using page only classifier to classify a web page, the correct percentage rate
against Yahoo is 56%. Using the proposed PLP classifier, the correct percentage rate
increase 35%. In this way, the correct percentage rate against Yahoo is 91%. These
results show that the proposed PLP classifier could significantly increase the accuracy
of automatic Web page classification. We anticipate if the proposed PLP classifier is
used in conjunction with better page only classifier, the overall accuracy will improve
further.
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Conclusion

We described a new approach to automatically classify hypertext documents. The
proposed approach exploits surrounding information extracted from analyzing linked
documents. Our experimental results show that the proposed classifier could increase
the overall accuracy of the classification by 35%. Much future research could be
conducted on exploiting additional semantic information included in HTML

documents.
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