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Abstract

Key information, in the form of distinctive meneins,
navigation indicators provided by web site
constructors, can classify the main contents of web
pages and reflect certain taxonomy knowledge.
Mining such information is significant as it can be
used to improve web page classification and budd u
domain knowledge. This paper proposes a key
information mining (KIM) method to extract this kin

of information. This method contains two stepsisa |

of candidate key information is first extracted doe
the criteria provided; an evaluation method based o
entropy measure is then applied to discover key
information. Experiment results show that the mdtho
is effective in discovering key information. Withet
discovered key information, classification of those
web pages can be made easily and precisely.

Keywords. web mining, data mining, key information,
classification, entropy.

1. Introduction

It is obvious that web page classification can be
achieved precisely if key information exists and is
fully utilized. Another advantage of using key
information is to help catalogue integration [2].
Catalogue integration requires at least two catseg
that already have their categories. With key
information be extracted and web pages from each
web site be categorized, integration of them cam th
be proceeded. Moreover, as some kinds of key
information usually reflect certain taxonomies, ythe
can help build and populate ontologies that remtese
domain knowledge [3]. Thus, mining key information
of web pages is significant for certain web related
applications.

Wrappers [4] can be used to extract key
information. However, as the styles of key inforimat
differ from site to site, manually creating wraper
each site is time-consuming and error-prone. Wnappe
induction [5] is an automatic way of creating wrapp
based on a set of labeled examples. The main pairpos
of wrapper induction is to extract semi-structudada
from web pages and to our knowledge there is no
application of it to extract data like key inforriuat.

This paper proposes a new key information

Web mining has become an essential research field mining (KIM) method to ease the way of extracting

due to the rapid growing data on the Web. Web
content mining is one of web mining categories,
mainly focusing on mining web pages, such as
clustering or classifying page contents [1]. Wherea
“noisy information” [8] in web pages, such as
advertisements, copyright statements, and etc, is
challenging common web content mining methods,
some “key information” of web pages can help
improve the data mining results if they can bazedd.
Within a web site, if certain information embedded
web pages can categorize those web pages intcasever
meaningful classes, we regard this kind of infororat

as key information. For example, a distinctive menu
item in a web page indicates the category of thenma
content in this page; a hierarchical navigatioridatbr
shows the main topic of the page. Such menu items o
navigation indicators can be considered as key
information as they can categorize related web page
into different classes.

key information embedded in the web pages. KIM
does not require prior specific observations ofaier
web sites for creating certain wrappers, nor daes i
require any labeled examples. It generates a set of
candidate key information and then employs entropy
evaluation to select right information. With theNKI
method, classification of web pages from certai we
sites can be made easily and precisely. The feébeo
paper will describe this KIM method in detail ammen
present related experimental results.

2. KIM method

The proposed KIM method consists of two main steps:

Step 1. Candidate key information list (CKIL) is
extracted from each web page due to our givenrijte
they are then merged to form a site candidate key
information list (SCKIL);
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Step 2: Entropy evaluation is applied to SCKIL so
that real key information can be easily identified.

Step 1. Generation of candidate
key information

2.1

It is effective for information extraction to treatweb
page as a tree (DOM tree [6]) based on the HTME tag
it contains. However, due to the flexible use oé th
HTML tags, it is not practical to rely only on thges

of tags to extract the wanted information. Our
observation shows that though key information
(menus or navigation indicators) from different web
sites has different styles, it does have sometlving
common. It always contains concise words (around 2
or 3 words) and has consistent appearance withén on
web site. Fig. 1 gives examples of key information
from two web sites, which illustrate this feature.

Office Supplies §f Calendars & Planners f Pes
Accessorias f

fes > Computer Systems > Laghops & Nobebooks|

meT———

Fig. 1: Words in menus/navigation indicators

We first define some concepts so that descriptions
of generating candidate key information (CKIL and
SCKIL) can be made clearer.

Text node. We regard “CDATA” embedded in
tags of a web page’'s DOM tree as a text node \uih t
exception of those embedded in the tag <SCRIPT>,
<STYLE> and <SELECT>, as texts in them are just
functional codes, style or form data. An <IMG> iag
also treated as a text node if its attribute “&t"set
with values.

Word length. The word length of a text node is
the number of words the node contains. Here woods d

Menu instance. A menu instanceMl can be
denoted aslList, Pages), wherelList is a list of menu
items created from one specific menu subtree; and
Pages is a set of web pages that have the existence of
this menu subtree. An initially creatédl from one
page only has this page in its setRalges. If a MI’s
Pages contain a pagep, then p is called to be
associated with thisMI.

Similarity of menu instances. Two menu
instancesMI; and MI, extracted from two different
web pages are compared according to their firstumen
item, i.e., IList[0]. If either IList[O].name or
IList[ Q] .style is same, then they asamilar; otherwise,
they are not.Two similar menu instances may not be
identical. MI; andMI, areidentical (denoted by “=")
only if Ml.IList is exactly same witMI..IList. If Ml
= Ml,, then they camerge into one menu instance by
adding up their associated web pages together.

Site menu. A site menuM consists of a set of
similar menu instances extracted from different web
pages of one web site, denotedNdhSet. All identical
menu instances in one site menMkESet should merge
together, remaining only similar instances.

Given the above definitions, CKIL can be denoted
as menu instance list of a certain web page andlISCK
is corresponding to the site menu list.

It should be noted that the definition of the menu
subtree is so loose that some other parts of the we
pages can also become menu instances. However, as
far as the menu containing key information can be
extracted, the definition is acceptable, as we @oul
perform an entropy evaluation later.

Fig. 2 is an illustrative example (adopted from
http://www.pcmag.com) that can help understand
these definitions. Both A and B are treated as menu
subtree, as they only contain text nodes with word
length less than 5. The first menu item of menu

not include separate characters (i.e. space, tableinstance created from A hasme “Home” andstyle

character) or other meaningless characters. livibrel
length equals zero, the corresponding node will be
ignored.

Menu subtree. A menu subtree is a sub tree of
DOM tree of a web page. It is a subtree that costai
only text nodes whose word length is less thamhe
value ofa can be adjusted. We commonly ¢éet5, as
the word length of a menu item is always less then
based on our observation.

Menu item. Menu items are created from menu
subtrees. A menu iteinhas two components, denoted
by (hame, style), wherename is the text extracted from
the text node of a menu subtree atyde is the style
pattern created by concatenating the tag informatio
from the root of the menu subtree down to the lexve
the text node. The tag information includes the @mam
of the tag and its attribute lists.

“<div class=breadcrumb><a href=al>". The two
corresponding menu instances are similar because
their first menu item is same. However, they aré no
identical due to the difference of their fourth men
item.

<div class="breadcrumb">
<a href="al">Home</a>
&nbsp; &gty &énbsp;

<a href="a2">
Product cuides
</arenbsp; &gt; enbsp;
<a href="a3"»
computer Systems
</a=enbsp; &gt; enbsp;
Desktops

</div>

A B

Fig. 2: Two illustrative menu subtrees

<div clags="breadcrumb”>
<a href="al">Home</a>
&nbsp; &gt; enbsep;
<a href="a2">
Product Guides
</argnbsp; &gt; enbsp;
<a href="a3">
computer Systems
</arenbsp; &gt; enbsp;
Laptops & Notebooks
</div>
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With the above definitions, it is easy to extract a
list of menu instances from a given web page by
treating it as a DOM tree and checking menu subtree
of it. After menu instance list is extracted fromack

web page, they can be merged into one site mehu lis

if they are from one same web site. The merging
process is controlled by the definition of simitgrof
menu instances and site menu. After the mergegea si
menu list is generated for entropy evaluation.

2.2. Step 2: Entropy evaluation

anogL S=N
HM)={ =
(SN ¢ S-
log— - | g— S>N
Z © S S S g

Where&N means that some web pages are not
associated to any instances of méfuln this case,
we assume there is a “fictional instance” wih web
pages associated.

It is better that the entropy of each menu be
normalized to a fixed range of values so that tteay
be compared with each other. Given the property of

Entropy evaluation has been demonstrated to be the entropy:0< H(X)<logr, wherer denotes the

effective in finding informative content blocks [@hd
eliminating noisy information [8]. Here we will sivo
it is also effective in discovering key information

There are three main categories of site menus.
First, noisy information such as advertisements and

copyright information would be treated as menus.
However, such noisy information always constantly
appears in the web pages across a web site. Ifateey

treated as menus, these menus may only have one
menu instance with many web pages associated. Forngrmalized

number of all possible values that random variable
can take [9], we calculate the normalized entramy f
each menu using the following formula:

T(M) N
_ | logn
NH(M) = H (M)
log(n+1)
Continue the above example of web steThe
entropy of the menu containing

example, there are 100 web pages from one welXsite advertisement is 0.29. For the menu containing
A site menu containing an advertisement may have accidental contents, its normalized entropy is 0.21
only one menu instance associated with 95 pages. The menu containing real key information then has
Second, some parts of the main content can also benormalized entropy of 0.96. Thus menu with higher
accidentally treated as menus. In this case theumen pormalized entropy is more likely to contain key
instances of these menus usually have little wgfepa  information that we expected.

associated. Continue the example of sKe an In practise, the above evaluation method is
“accidental menu” may contain 2 instances assatiate gsgometimes fooled by some “false menus” who have
with 2 and 3 web pages respectively out of 100 page only one instances associated with around halhef t
The third category is menus containing real key whole web pages from the analysed web site. These
information. Such menus always have several “fajse menus” are usually some fixed advertisements

instances, each of which is associated with a nambe
of web pages. For sit&X, a menu containing key
information may have 4 instances associated with 10

existing on a proportion of the web pages. To
overcome this problem, we also calculate the
normalized entropyNHx) of the menus by excluding

15, 20 and 30 web pages respectively. We regard athe “fiction instances” mentioned above. The final
menu as a random variable with several values yajue used to evaluate the site menu is the avérage

(instances) it can take. If the probability of tadkieach
value is closer, the entropy of the random variable
would be greater. Thus an entropy evaluation is
suitable for distinguishing menus containing key
information.
Suppose a menM hasn menu instances and the

i-th instance hag, web pages associated. The total
number of web pages from the web siteSisLet

n
N = Z P, ., thenS>N. The entropy of meniM
i=1
can be calculated using the following formula bg th
definition of entropy [9]:

normalized entropyANH) of NH andNHXx.

After ANH of all site menus is calculated given
the above formulae, they are resorted accordingiso
value. The new list of site menus is presentechab t
users can pick out the one containing key inforomati
by checking a few top ranked menus.

3. Experimental results

We collect web pages from five well known web sites
ABC news fttp//abcnews.go.com Yahoo news
(http://news.yahoo.cojp CNET (ttp://reviews.cnet.cojp PC
Magazine ffittp://www.pcmag.coth PC World
(http://www.pcworld.con). The method used to collect web
pages is a breadth first crawling within the giveeb
site. Due to the large size of web pages one site c
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have, the collected web pages are only a propodion
the whole pages from each web site.

We applied our method to web pages from each
site to obtain an entropy sorted list of site menus
From this list, key information of the web page® ca
be discovered. Table 1 presents the experimenitsesu

Besides the capability of finding a topic tree, the
method can also find other key information provided
by the web site. Still take the PCMag web site ms a
example. The "8 ranked site menu contains the
information of authors of the main contents. Théowe
pages associated with this site menu are perfectly

The column “Pages” denotes the number of web pages grouped by authors.

collected from the corresponding web sites. “List
Length” means the length of candidate list contejni
extracted site menus. It is easy to see thisdisfuite
long. “ANH” means the averaged normalized entropy
value of our desired key information. “Rank” is its
rank position in the candidate list. It is obvidhat the
rank position of the key information is quite upthwa
high averaged normalized entropy value. A little of
“false” key information still has high values foorae
web sites, for instance, the CNET web site. This is
because web pages from these web sites contaioflots
small sentences or short phrases. These noisedlare
treated as potential key information, building upeay
long site menu list (for CNET, 5837 long). Thus the
effectiveness of the entropy evaluation is a little
degraded. However, the results are still acceptable
the rank is still high compared with the long léngf

the candidate list.

Table 1: Experiment resutls for 5 web sites

Web site | Pages | List Length | ANH | Rank
ABC 671 484 0.929 1
Yahoo 492 558 0.9242
CNET 786 5837 0.666 3
PCMag 700 1235 0.8082
PCWorld | 2360 | 847 0.877 1

Given the discovered key information, we are able
to reorganize the web pages in a meaningful wag. Th
web pages from web site PCMag, for example, can be
classified as illustrated in Fig. 3. The numberghia
brackets tell how many pages are associated wéh th
corresponding topics.

If0.5308]Home
E-Home(72)

E-Praduct Guides(13)
F-PDA&s & Phones(B2)
—Phones{39)
—Caombo Devices(23)
—PDsrd)
—Mabile Madems(1)
-Computer Systems(13)
—Laptops & Motebooks(43)
—Desktops(28)
—Taklet PC2(1)
—FPC Appliances(1)
—Media Centers(1)
[=HDiital Photo & Yidea(2)
—Digital Catneraz(42)
—Paottable Media Certers(3)

0 B32]Tashiba Pa
[0.G00]hack

H[0 599 Howy wee ter
(052910l
i[0.533]Casio Exilir Ek
[0.593]Apple Pow
H[0.562]Howe we te
H[0.582HP iPai hie
f[0.5521Palm
[0.57STtenpingirl
H[0.572]Palm Tungs
I[0.572]SamsLng =

Fig. 3: Classification of we'b'pagés By 'key'infor'mat

4. Conclusion

This paper points out the existence of key
information in web pages and the significance of
mining and using key information. It then proposes
KIM, a two-phase method that can automatically mine
key information from web pages. KIM first extraets
list of candidate key information and then uses an
entropy evaluation to filter most of the noisy
information in the list so that the key informatioan
be discovered easily. An experiment shows that KIM
is effective in mining key information, and key
information can allow us to easily classify web gsg
in a meaningful way without applying sophisticated
clustering or classification methods.
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