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ABSTRACT

Aim of this paper is to describe a method of automatic webpage classification. The classification method exploits
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Firefly algorithms and linear classifier as well as semantically text processing tools. In contrast to general text docu-
ment classification, in the web document classification there are often problems with short web pages. In this paper we proposed two ap-
proaches to eliminate the lack of information. In the first one we consider a wider context of a web page. That means we analyze web pages
referenced from the investigated page. The second approach is based on sophisticated term clustering by their similar grammatical context.

This is done using statistic corpora tool the Sketch Engine.

1 INTRODUCTION

At the present time the World Wide Web is the largest reposi-
tory of hypertext documents and is still rapidly growing up. The
Web comprises billions of documents, authored by millions of
diverse people and edited by no one in particular[1,2] .When
we are looking for some information on the Web, going through
all documents is impossible so we have to use tools which pro-
vide us relevant information only. The widely used method is to
search for information by full text search engines like Googlel
or Seznam2. These systems process list of keywords entered by
users and look for the most relevant indexed web pages using
several ranking methods. Another way of accessing web pages
is through catalogs like Dmoz3 or Seznam4 or weka dataset .
These catalogs consist of thousands web pages arranged by their
semantic content. This classification is usually done manually
or partly supported by computers[3]. It is evident that building
large catalogs requires a lot of human effort and fully automated
classification systems are

needed. However several systems for English written documents
were developed [4,5] the approaches do not place emphasis on
short documents nor on the Czech language.

2 PREPROCESSING

In order to use FA & Linear algorithms we need to build a train-
ing data set. Data Cleaning Despite of selecting restricted docu-
ment content-types (HTML, XHTML) it is necessary to remove
noise from the documents. An example of unwanted data is
presence of JavaScript (or other scripting languages) as well as
Cascading Style Sheets (CSS) and the most of meta tags. Elimi-
nation of such data was mostly done by removing head part of
the document (except of content of the title tag which can hold
an important information about domain). As other unwanted
data were marked all n-grams (n>10) where portion of non al-
phanumeric characters was greater than 50 %.Very important
issue of document preprocessing is charset encoding detec-
tion. However the charset is usually defined in the header of the
document, it is not a rule. We have used a method of automatic
char set detection based on byte distribution in the text [6]. This
method works with a precision of about 99 %.

A lot of web sites allows user to choose language. Even some
web page son he Czech internet is primarily written in foreign
language (typically in Slovak). With respect to used linguistic
techniques, we are made to remove such documents from the
corpus. The detection of foreign languages is similar to charset
encoding detection based on typical 3-gram character distribu-

tion. There has been built a training set of Czech written docu-
ments and computed the typical distribution. Similarity of train-
ing data with the investigated documents is evaluated using
cosine measure.

3 CONSTRUCTION
Cleaned raw data serve as a ground work for the training corpus
construction. To represent corpus data we use vertical text with
following attributes:

- word - original word form,
- lemma - the canonical form of a word.
- tag — morphological tag of a word

To process data has been used corpus manager Manatee [9]
which offers many statistical functions as well as the Sketch En-
gine tool [10]. This system can extract so called word sketches
which provide information about usual grammatical context of
terms in corpus and are used for the thesaurus construction.

A. TEXT SOURCES FOR WEB PAGE REPRESENTATION

Web pages can be represented in various ways. Maybe the sim-
plest way to represent a web page is to extract the text found
within the BODY element. This representation does not exploit
the peculiarities of web pages, i.e. HTML structure and the hyper
textual nature of web pages.

B. HTML structure

By exploiting HTML structure [4] for web page representation
we can choose how a term is representative of the page consid-
ering the HTML element it is present in. For example, we can
represent a web page using only the words of the title, that is to
say the words extracted from the TITLE element. For obtaining
good performance in web page representation exploiting HTML
structure is important to know where the more representative
words can be found. For example, we can think that a word pre-
sent in the TITLE element is generally more representative of
the document’s content than a word present in the BODY ele-
ment. We tested five different text sources for web page repre-
sentation,[8] namely:

BODY, the content of the BODY tag;
META, the meta-description of the META tag;

TITLE, the pages title;
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MT, the union of META and TITLE content;

4. THE GENERAL PROBLEM OF WEB PAGE CLASSIFICA-
TION

The general problem of the web page classification can be di-
vided into multiple sub-problems such as subject classification,
functional classification and other types of Classification.

1. Subject Classification:- Subject classification is concerned
about the subject or topic of the web page. For e.g., categories of
online newspapers like finance, sport, technology, are instances
of subject classification.

2. Functional classification:-Functional classification is con-
cerned with function or type of a Web page. For e.g..determining
a page is a “personal homepage” or a “coursepage” is an instance
of a functional classification.

3. Based on the number of classes in the problem, the classifica-
tion can be divided into binary classification and multiclass clas-
sification. Binary Classification:- In binary classification there is
only one class label. The Classifier looks an instance and assigns
it into the specific class or not. Here instances of the specific
class are called as relevant instances, and the others are named
as non-relevant instances. Multiclass Classification:-If there are
more than one class, this is called as multiclass classification.
Classifier also assigns an instance to one of the multiple classes.

4. Based on the number of classes that can be assigned to
an instance, the classification can be divided into single-la-
bel classification and multilabel classification:-Single-label
Classification:-In single-label classification, only one class label
is to be assigned to every instance, while in multilabel clas-
sification; more than one class can be assigned to an instance.
When a problem is multi-class, e.g. four-class classification, it
means four classes are involved Arts, Business, Sports and Com-
puters. It can either be single-label, exactly where one class label
can be assigned to an instance. Multi-label Classification:- multi-
label, where an instance can related to any one, two or all of the
classes.

5. Based on the type of class assignment, the classification can
be divided into hard classification and soft classification. Hard
Classification :-In hard classification , an instance can either be
or not be in a particular type of class, without an intermediate
state; while in soft classification , an instance can be predicted
to be in some class with some likelihood(often a probability dis-
tribution across all classes).

6. Based on the organization of categories, the Web page classi-
fication can also be divided into flat classification and hierarchi-
cal classification. In the flat classification, categories are consid-
ered as parallel, i.e., one category does not supersede another.
But in hierarchical classification categories are organized in a
hierarchical tree-like structure, in which each category may have
a number of subcategories [7].

5. METHODOLOGY
Here we use Firefly algorithm & Linear Algorithm to find the
strongest feature of web dataset. Figure 1 shows the Classifica-
tion of Web Dataset.

Firefly algorithm is a based wrapper technique which finds the
best features for Web pages, to make fast and accurate classifi-
cation. Firefly Algorithm (FA) is a recent search and optimiza-
tion technique, which was first introduced by Xin-She Yang in
2008[10]. The primary purpose for a firefly’s flash is to act as a
signal system to attract other fireflies. The algorithm constitutes
a population-based iterative procedure with numerous agents
(perceived as fire flies)
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Figure 1: Classification of Web Dataset
concurrently solving a considered optimization problem. Agents
communicate with each other via bioluminescent glowing which
enables them to explore cost function space more effectively
than in standard distributed random search. Intelligence optimi-
zation technique is based on the assumption that solution of an
optimization problem can be perceived as agent (firefly) which
glows proportionally to its quality in a considered problem set-
tings.
Firall Algorithns
Qbjective fmction fixh x = (X .. xdh?
Genarate inifial population af firgflies x =1, 2, .. w
Light intarizity By at © i3 cenermdfmad Sy og
Lrgfine ght abiorpiion cogiffcei ¢
while ¢ = WerGanararnan de
fari =1 :nall n fireflies do
forj=1:i all n firefliez do
if £ = fi then
Meowve firefly i towards | in d-dimension;
wenl il
Attractiveness varies with distance r via exp[-yT]
Evaluate new solutions and updare light intensity
end for
end for
Eank the fireflies and find the current best

end whils

Postprocess results and visualization

Figure 2: Firefly Algorithm

Consequently each brighter firefly attracts its partners (regard-
less of their sex), that makes the search space being explored
more efficiently. The main rules of the algorithm are as follows:

« All fireflies are unisex and they will move towards more attrac-
tive and brighter ones regardless of their sex.

« The degree of attractiveness of a firefly is proportional to its
brightness, Also the brightness may decrease as the distance
from the other fire flies increases due to the fact that the air
absorbs light. If there is not a brighter or more attractive firefly
than a particular one it will then move randomly.

« The brightness or light intensity of a fire fly is determined by
the value of the objective function of a given problem.

IJSR - INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH 421




Volume: 4 | Issue : 1 | January 2015 « ISSN No 22

Linear Algorithm
Inpuit:

» Positive training examples, POS
= Linlabeled examples (zample of universal ser), U

Dutput:
« aSVM
Algorithm:

» I-DNF := construct_I-DNF (POS, U); /f ... (1)
My(neg), S1(pos) = I-DNF.classify (U): /... (2)
NEG:=¢:1:=1;
da |
- NEG = NEG M{neg);
S¥YM.i= construct SVM (POS NEF); £ .. [3)
Mizs(neg), S pos) = SVM. ify (S pos));
£ (%)
I:=1+1;

Ywhile (M:(neg) = ¢)

return SVM:

Figure 3: Linear Algorithm

Rationale:

1-DNF learns from POS and U ... (1), and extracts the strongest
negative (M1(neg)) from U ... (2). (The remainder is SI(pos).)
Save the MIl(neg) into NEG, and construct a SVM from POS
and the NEG ... (3). The SVM classifies S1(pos) into the sec-
ondly strong negative (M2(neg)) and the remainder (S2(pos)) ...
(4). Accumulate the M2(neg) into NEG, and construct a SVM
again from POS and NEG ... (3). The SVM classifies S2(pos)into
M3(neg) and S3(pos) ... (4). We iterate these processes until
Mi(neg) becomes empty set.

RESULTS:

All the implementation for the experiments were made in Java
programming language under Eclipse environment [11]. The
proposed method was tested under Microsoft Windows 7 oper-
ating system. The hardware used in the experiment had 4 GB of
RAM and intel core i5 processor.

In this study the firefly and linear algorithm selects a predefined
number of features . Experimental results of proposed FA based
method finds the strongest features and use this for classifica-
tion.
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Figure 4 shows results as the popup window clearly shows that
the required person is student and from Cornell university and
provides details of that student using proposed automatic web
page classification method from 4 different universities data of

WebKB dataset.
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Figure 4: Classification from WebKB dataset

Similarly figure 5 shows results for next required person which is
student from Wisconsin university with its details by automatic
web page classification.

I i C T ——

Curolym - Alley

Figure 5: Classification from WebKB dataset

CONCLUSIONS:

In this paper, a preliminary empirical evaluation of the perfor-
mance of a Firefly Algorithm plus Linear algorithm. Using this
method we find the strongest feature from both classifier & use
this for classification. This optimal method is a representation of
a set of correlated users which appears to have similar web us-
age behavior under subset of pages of a web site. Hence it can be
aggregated to represent the optimal usage profile (i.e., a collec-
tion of web pages or URLs) for a web site. Usage profile discov-
ered is effective in capturing user-to-page relationship and simi-
larities at the level of user sessions. This knowledge can be used
in the applications like personalization, target marketing etc.
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