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Abstract—This paper summarizes the different characteristics
of weh data, the basic components of web mining and its different
types, and their current states of the art. The reason for consid-
ering web mining, a separate field from data mining, is explained.
The limitations of some of the existing web mining methods and
tools are enunciated, and the significance of soft computing (com-
prising fuzzy logic (FL ), artificial neural networks { ANNs), genetic
algorithms (GGAs), and rough sets (RSs) highlighted. A survey of
the existing literature on “soft web mining™ s provided along with
the commercially available systems. The prospective areas of web
mining where the application of soft computing needs immediate
attention are outlined with justification. Scope for future research
in developing “soft web mining™ systems is explained. An extensive
hibliography is also provided.

Index Terms— Artificial neural networks { ANNs), data mining,
fuzzy logic (FL), genetic algorithms (GAs), information retrieval
(IR}, knowledge discovery, pattern recognition, rough sets (RSs),
search engines.

L. INTRODUCTION

VER the last decade, we have witnessed an explosive
O growth in the information available on the World Wide
Web (WWW). Today, web browsers provide easy access
to myriad sources of text and mulimedia data. More than
1 OO0 00000 pages are indexed by search engines, and finding
the desired information is not an easy task. This profusion of
resources has prompted the need for developing automatic
mimng technigques on the WWW, thereby giving rise o the
term “web mining.”

To proceed toward web intelligence, obviating the need for
human intervention, we need to incorporate and embed artificial
intelligence into web tools. The necessity of creating server-side
and client-side intelligent systems that can effectively mine
for knowledge both across the internet and in particular web
localities is drawing the attention of researchers from the
domains of information rewieval, knowledge discovery, ma-
ching learning, and artificial intelligence (Al), among others.
However, the problem of developing automated tools in order
o find, extract, filter, and evaluate the vsers desired information
from unlabeled, distributed, and heterogeneous web data is
far from being solved. To handle these characteristics and
overcome some of the limitations of existing methodologies,
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soft computing seems to be a good candidate; the research area
combining the two may be ermed as “sofl web mining.”

Soft computing is a consorium of methodologies that
works synergistically and provides, in one form or another,
flexible information processing capability for handling real-life
ambiguous situations. lis aim is to exploit the tolerance for
Hmprecision, uncertainly, approximate reasoning, and partial
truth in order to achieve tractability, obustness, low-cost solu-
tions, and close resemblance 1o human-like decision making.
The guiding principle 15 to devise methods of computation that
lead to an acceptable solution at low cost by seeking for an
approximate solution to an imprecisely/precisely formulated
problem.

Al present, the principal soft computing tools include fuzey
sets, artificial neural networks (ANNs), genetic algorithms
(GAs), and rough set (RS) theory, Fueey sels provide a nal-
ural fmmework for the process in dealing with uncertainty.
Neural networks (NNs) are widely used for modeling complex
functions, and provide learning and generalization capabilities.
GAs are an efficient search and optimization tool. RSs help in
granular computation and knowledge discovery.

The objective of this article is to provide an outline of web
mining, its various classifications, its subtasks, and o give a
perspective to the research community aboul the potential of
applying soft computing technigques to its different components.
The article, besides reviewing the existing techmgues/tools and
their limitations, lays emphasis on possible enhancements of
these tools using soft computing framework. In this regard, the
relevance of fuzey logic (FL), ANNs, GAs, and RSs is illus-
trated through examples and diagrams, along with the mention
of some commercially available systems. Broad guidelines for
future research, and on web mining in general, are outlined. It
should be noted that the use of soft computing in “web mining”
is a field in its genesis, and thus the significance of this paper at
this juncture s evident.

The restof this paperis organized as follows: Section 11 deals
with the characteristics of web data, and the different compo-
nents and types of web mining. The limitations of existing web
mining methods are discussed in Section 1. Section IV pro-
vides an introduction to soft computing and its relevance. Sec-
tons ¥V oand VI cover, in detail, the use of FL and NNs in the dif-
ferent phases of web mining along with some prospective areas
of applications. Sections V11 and VI give bref outline of pos-
sible applications of GAs and RSs m web mining. Section [X
provides the conclusion and scope of future research in the area
of soft web mining.
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Fig. 1. Web mining subtasks,

1. WEB MINING

The web is a wvast collection of completely uncontrolled
heterogeneous documents. Thus, it 1s huge, diverse, and dy-
namic, and mises the issues of scalability, heterogeneity, and
dynamism, respectively. Due w these chamelenstics, we are
currently drowning in information, but starving for knowledge;
thereby making the web a fertile area of data mining research
with the huge amount of information available online. Data
mining refers o the nontrivial process of identifying valid,
novel, potentially useful, and ultimately understandable pat-
terns in data.

Web mining can be broadly defined as the discovery and anal-
ysis of useful information from the WWW. In web mining data
can be collected at the server side, clhient side, proxy servers,
or obtained from an organization’s database. Depending on the
location of the source, the type of collected data differs. It also
has extreme variation both imits content (e.g., text, image, audio,
symbolic) and meta information, that might be available. This
makes the echniques to be used for a particular task in web
mining widely varying. Some of the characteristics of web data
are

1) unlabeled;

2) distributed;

3 hewerogenecous (mixed media);

4) semistroctured;

5) nme varymg;

6} high dimensional.

Therefore, web mining basically deals with mining large and
hyper-linked information base having the aforesaid characteris-
tics. Also, being an interactive medium, human interface isa key
component of most web applications. Some of the issues which
have come o light, as a result, concem

1) need for handling context sensitive and imprecise queries;

20 need for summarization and dedoction;

3) need for personalization and learning.

Thus, web mining, though considered 1o be a particular ap-
plication of data mining, warrants a separate field of research,
mainly because of the aforesaid characteristics of the data and
human related 1ssues.

A. Web Mining Components and the Methodologies

Web mining can be viewed as consisting of four tasks, shown
in Fig. 1, accordmg o Etziom [1]. Each task s descnbed below
along with a survey of the existing methodologiesfools for the
Lask.

1) Information Retrieval (IR) (Resowrce Discovery):  Re-
source discovery or IR deals with automatic retrieval of all rele-
vanl documents, while at the same tme ensurimg that the nonrel-
evant ones are fetched as few as possible. The IR process mainly
includes document representation, indexing, and searching for
documents.
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Table 1 [2] shows the different techniques used by various au-
thors for document representation in IR of web content mining
ito be explained in detail in Secton 1) for semistruciured
documents. An index is, basically, a collection of termms with
pointers 1o places where the information about documents can
be found. However, indexing of web pages to facilitate retrieval
15 quite a complex and challenging problem as compared o the
corresponding one associated with classical databases where
straightforward techniques suffice. The enormous number of
pages on the web, their dynamism, and frequent updating make
the indexmg techmigues seemingly impossible. Al present,
four approaches to index documents on the web are human or
manual indexing, automatic indexing, intelligent or agent-based
mdexing, and metadata-based indexing.

Search engines are programs wrillen o gquery and retneve in-
formation stored in databases (fully structured), HTML pages
(semistructured), and free text (unstructured) on the web. The
most popular indexes have been created by web robots such as
AltaVista and WebCrawler which scan millions of web docu-
ments and store an index of the words in the documents. There
are over a dozen different indexes currently in active use, each
with a unigue interface and a database covering a different frac-
tion of the web. MetaCrawler presents the next level of informa-
tion food chain by providing a single unified interface for web
document searching [3]. It submits the gquery W nine indexes
in parallel, and then collates the results and prunes them. Thus,
instead of tackling the web directly, MetaCrawler mines robot-
created searchable indexes. Future mesource discovery systems
will make vse of automatic text categorization lechnology Lo
classify web documents into categories. This technology could
facilitate the automatic construction of web directones such as
Yahoo by discovering documents that fit Yahoo categories. Al-
ternatively, the technology could be used o filter the results
of queres o searchable indexes. For example, in response 1o
a query such as “find me product reviews of Encarta,” a dis-
covery system could take documents containing the word “En-
carta” found by querying searchable indexes and then identify
the subset that corresponds o product reviews. Other agents
such as W30QL [4] combine structure queries, based on organ-
ization of hypertext documents and content queries, based on
IR techniques. A number of IR agents use varous characleris-
tics of open hypertext web documents o automatically retrieve,
filter, and categorize them [5], [6]. Bookmark Organizer (BO)
[ 7] combines hierarchical clustenng technigues and vser inter-
aclion to organize a collection of web documents based on con-
cepal information. Researchin IR also includes modeling, de-
veloping user interfaces, data visualization, and filterng [8]. A
more detatled survey of IR on the web s available i [9].

2) Information  Selection/Extraction and  Preprocessing:
Onee the documents have been retneved the challenge 15 1o
automatically extract knowledge and other required informa-
ton without human interaction. Information extraction (1E) is
the task of identifying specific fragments of a single document
that constitute its core semantic content. Until now, the
major methods of 1E involve writing wrappers (hand coding)
which map the documents to some data model. Information
mtegrabion systems operate by inlerpreting the various siles as
knowledge sources and extracting information from them. To
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TABLE 1
IR AND GENERALIZATION TECHNIQUES OF S0ME WCM ALGORITHMS

Authar Dudubizut reprekebbatieon {for THT

Method used (Tor generalizaslon)

Touk petfarted [Tor gewcralizatlon]

Lraven et al [34] Helatlonal and Coselogyr

Madfied Hnlve Tinyas
Iwductive Logie Programming

Hypertext Classlflcatlon
Lesrulng web page relatlon
Learnlig exlraction tulo

Crimming =1 sl [30] Phraaes, CHLa and raeta Informetion

Unanpsryiaad snd Supsrviaad
Clodabflcation algorlibng

tHararchicn] and Grephleel clazaification
Cludderlng

Parokeans [346] Eag of warde and hyperllnks Inforstion

HRulz Learning

Livpartext clesasfloation

Joachlma ot .al, [37] Dag of worde and hyperlinks Inferastion TIIOF

Ranforcement learning

Hareactaxt pradioslan

Fualen 2t sl. [PE] Bag of worda tage and word posltions

Tl Tearnlng

Learnlng sxtrection Tules
Heurel networks with relniereement TanTming H. Ctegct] homapngeicn e dication

FThavilk and Inan-Had Localised hag of wardn
ngh at-ml. Cancapts n.n! namad antity Flaodilind mamocintion rals inding pattarne in cami siructirad taxis

Sadariand [40] Gentencar, phrasss and nﬂ!d antibyr

Clesaifiention algorlthm

Tinle LOTTANT

Learning ssctrnctiom rolss

do so the system processes sile documents o extract melevant
text fragments and a hibrary of wrappers 15 used wherein each
wrapper is an IE system customized for a particular internet
site [10]. Another method for [E from hypertext 1s given in
[11] where cach page 15 approached with a set of standard
questions. The problem, therefore, reduces o identifying the
text fragments which answer those specific guestions. In
other words, slots are 1w be filled by text fragments m the
document, and these are, thus, called slotfills. Therefore, 1E
ams o extract new knowledge from the retmeved documents
by capitalizing on the document structure and representation
of the document, whereas IR experts view the document
text just as a bag of words and do not pay atlention o the
structure of the document. Scalability 1s the biggest challenge
to LE experts; it is not feasible 1o build 1E systems which are
scalable to the size and dynamism of the web. Therefore,
most 1E systems extract from specific sites and focus on some
defined arcas.

We now give a survey of all systems which mm o dynam-
ically extract information from unfamiliar resources. Some of
the intelligent web agents have been developed o search for rel-
evant information using characteristics of a particular domain
(and possibly a user profile) o organmize and interpret the dis-
covered information. Agents such as Harvest [ 12], FAQ-Finder
[13], Information Manifold [14], OCCAM [15]. and Parasite
[16] rely either on prespecified domain specific information
about particular types of documents, or on hard-coded models
of the information sources 10 retreve and mlerprel documents.
The Harvest system [12] relies on semistructured documents Lo
improve its ability to extract information. For example, it knows
how o find author and title information in Latex documents and
how Lo stdp position information from postseript files. Harvest
neither discovers new documents nor keams new models of doc-
ument structure. Similarly, FAQ-Finder [13] extracts answers Lo
frequently asked questions (FAQs) from FAQ files available on
the web. ShopBot [17] and Intemet Leaming Agent (ILA) [18]
attempt to interact with and learn the structure of unfamiliar in-
formation sources. ShopBol retnieves product information from
a variety of vendor sites using only general information about
the product domain. ILA, on the other hand, learns models of
varous information sources and wranslates these inwo is own
concept hierarchy. ILA learns to extract information from un-
famuliar resources by querying them with familiar objects and
then matching the retumed output with the knowledge about
the query objects. An lE system, built at Camegie Mellon Uni-
versily (CMU), Pittsburgh, PA, extracts the course, mstructor’s
name, histher email address, research interests, from the home-

pages of the faculty members of the computer science depart-
ment [19].

A mbust preprocessing system 18 required moorder 1o ex-
tract any kind of knowledge from even medium sized databases.
When a user requests a web page, a varety of files like im-
ages, sound, video, executable cgi and himl, are accessed. As
a result, the server log contams many entries that are redundant
or irrelevant for miming tasks. Therefore, these need o be e
moved through preprocessng. One of the preprocessing tech-
nigues used for IE 1s latent semantic indexmg (LS1) that seeks
to transform the onginal document vectors W a lower dimen-
sional space by analyzing the comelational structure of lerms
in that document collection such that similar documents that do
not share the same terms are placed n the same category (Lopic).
“Stemmmg” s yel another preprocessing technigue, which me-
duces the mput feature siee by stemming words like informed,
information, informing 10 ther ool inform.

F) Generalization: In this phase, pattern recognition and
machine learning technigques are usoally used on the extracted
information. Most of the machine learning systems, deployed
on the web, learn more about the wser’s inerest than the web
itself. A major obstacle when leaming aboul the web is the la-
beling problem: data 15 abundant on the web but 1t 1s unlabeled.
Many data mining technigues require inputs labeled as positive
(yes) or negative (no) examples with respect o some concepl
For example, if we are given a large set of web pages labeled
as positive and negative examples of the concept homepage,
then it is easy to design a classifier that predicts whether any
unknown web page 15 a home page or not; unfortunately web
pages are unlabeled. Techmgues such as uncenanty sampling
reduce the amount of unlabeled data needed, but do not elimi-
nate the labeling problem. An approach o solve this problem
15 based on the fact that the web 15 much more than just a
linked collection of documents, it 15 an interactive medium.
For example, “Ahoy™ [20] takes as inpul a person’s name and
affiliation, and attempts o locate the person’s homepage; hence
it asks the users o label its answers as correcl or incorrecl.
Clustenng technigues do not require labeled inputs and have
been applied successfully to large collections of documents
[21]. Indeed, the web offers a fertile ground for document
clustering research. Table 1 shows the different tasks performed
and methods wsed for generalization in web content mining
(WCM). Association rule mining is also an integral pan of this
phase. Basically, association rules are expressions of the type
A = Y where X oand ¥ oare sets of items. X' = ¥ expresses
that whenever o transaction ' contains X then T probably
contains Y also. The probability or rule confidence is defined
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as the percentage of transactions containing ¥ in addition to X
as compared o overall transactions containing Y. The idea of
mining association rules originates from the market-based data
where rules like *A costomer who buys product =1 and 22 will
also buy product + with probability %" are found [22].

Machine processable documents have led to the development
of the concept of the “semantic web,” which is inspired by the
fact that most information on the web is designed for human
consumption, and even if it was derived from a database with
well-defined meanings (in at least some terms) for its columns,
the structure of the data is not evident to a robot browsing the
web, Leaving aside the Al problem of training machines 1o be-
have like people, the semante web approach, mstead, develops
languages for expressing information in a machine processable
form.

4) Analvsis: Analysis 15 4 data-doven problem which pre-
sumes that there is sufficient data available so that potentially
useful information can be extracted and analyzed. Humans play
an important role in the information or knowledge discovery
process on the web since the web 15 an interactive moedium.
This is especially important for validation and or interpretation
of the mined patterns which take place in this phase. Once the
patterms have been discovered, analysts need appropriale tools
like, Webwviz system [23], to understand, visualize, and interpret
these pattemns. Some others use Online analytical processing
(OLAP) technigues such as data cubes for the purpose of sim-
plifying the analysis of usage statistics from sever access logs.
The WEBMINER [24] system proposes a stroclured gquery lan-
guage (SQL Flike querying mechanism for querying the discov-
ered knowledge (in the form of association rules and sequential
pattems ). Cohen [25] focuses on the nature of knowledge that
one can derive from the web.

Based on the aforesaid four phases (Fig. 1), web mining can
be viewed as the we of data mining technigues to automati-
cally retrieve, extract and evaluate mformation for knowledge
discovery from web documents and services. Here, evaluation
includes both “generalization”™ and “analysis.”

B. Web Mining Categories

Web mining may be of three types, namely, WCM, web sirue-
ture mining (WSM ), and web usage mining (WUM ). Let us now
desenbe them.

1) WCM: WM deals with the discovery of useful informa-
tion from the web contents/data/documentis/services. As men-
tioned earlier, Table | describes various kinds of document rep-
resentation (used for IR) and the tasks performed (for gener-
alization) [2] in WCM. However, web contents are not only
text, but encompass a very broad range of data such as audio,
video, symbolic, metadata, and hypedinked data. Out of these,
research at present 15 mostly centered around text and hyper-
text contents. The web text data can be of three types: 1) un-
structured data such as free text; 2) semistructured data such as
HTML; 3) fully structured data such as in tables or databases.
Miming 1) 15 termed as knowledge discovery m texts (KDT) or
text data mining or text mming. Text mining 15 a well-devel-
oped subject and full coverage of it is beyond the scope of this
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survey. For details, one may refer 1o[26]. For mining from sym-
bolic knowledge extracted from the web, one may referto [27].
In this context, a concept-based knowledge discovery method
from texts, extracted from the web, is given in [28]. Here, in-
stead of analyzing words or attribute values, concepls are ex-
tracted. Since the content of a text document presents no ma-
chine-readable semantic, some approaches have suggested o
restructure the document content in a representation that could
be exploited by machines. Techniques using lexicons for con-
tent mterpretation are yel o come. Hyperest mining involves
mining sermstructured HTML pages which have hyperinks, be-
sides text. In hypertext mining, at tmes, supervised leaming or
classification plays a key role, like in email, newsgroup man-
agement, and mantaining web directones. For a good tutonal
on hyperext mining, one may refer o [29].

Due 1o a large number of services like usenet, newsgroups,
digital librares, and mailing lists coming up, mining from ser-
vices is also gaining importance. Work in mining from digital
librares can be found in [30].

It should be noted that web content mining and IR are sep-
arated by a thinline, as some clam IR on the web as an in-
stance of WM, whereas others associate WCM with intelligent
IR. There are two strategies for WCM: those that directly mine
the content of documents (web page content mining) and those
that improve on the content search of other tools like search en-
zines (serach result mining). Thus, the task of search engines is
closely associated with WOM. Fig. 2 shows, as an example, the
architecture of the popular Google [31] search engine.

WOCM can take two approaches: agent-based approach and
database approach. The agent-based approach to web mming
involves the development of sophisticated Al systems that can
act autonomously or semi autonomously on behalf of a partic-
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ular user, o discover and organieze web-based mformation. Gen-
erally, agent-based web mining approach can be further orga-
nized into three categories: intelligent search agents, informa-
tion filteringfcategorization, and personalized web agents [32].
The database approach focuses on technigques for organizing
semistructured data on the web into more structured collection
of resources, and uses database querying mechanisms and data
mimng lechnigues o analyze it Levy et al [33] discuss general
mtelligent intemet systems with respect o user modeling, dis-
covery, and analysis of remote information sources, information
mtegration, and web-sile management.

2) WSM: WSM pertains 0 mining the structure of hyper-
links within the web itself (inter document structure unlike
WCM., which pertains o intra document structure). Here,
structure represents the graph of the links in a sile or between
sites. For example, Fig. 3 shows a sample hink structure and
levels of the site wharton.upenn.edu. WSM reveals more infor-
mation than just the information contained in documents. For
example, links pointing o a document indicate the popularity
of the document, while links coming out of a document indic ate
the richness or perhaps the variety of topics covered in the
document. This was first highlighted and used in the HITS
[41] algonthm. This 15 analogous o bibliographical citations.
When a paper is cited often, it ought to be important. The
link topology of the web has also been exploited 1o develop a
notion of hyper linked communities. The analysis shows that
communities can be viewed as containing a core of central
authontative pages linked together by hub pages; and they
exhibit a natural type of hierarchical wopie generabeation that
can be inferred directly from the pattem linkage. It shows
that the notion of community provides a surprsingly clear
perspective from which o view the seemingly haphazard
development of web infrastructure [41]. The Page Rank [31]
and CLEVER [4]| methods take advantage of this information
conveyed by the links to find pertinent web pages. Focused
Crawling [42] is a further enhancement in the field of hyperext
resource discovery system. The goal of a focused crawler is
to selectively seek out pages that are relevant to a predefined
set of topics. The topics are specified not using keywords,
but wsing exemplary documents. Rather than collecting and
indexing all accessible web documents w be able w answer all
possible ad hoc queries, a focused crawler analyzes its crawl

&7

Fig. 4. Wehminer architecture.

boundary to find the links that are likely 10 be most relevant for
the crawl, and avoids irelevant regions of the Web. This leads
to sigmficant savings in hardware and network esources, and
helps o keep the crawl more up-to-date.

F) WUM: While content mining and structure mining uli-
lize the real or primary data on the web, usage mining mmes
secondary data generated by the wsers” nteraction with the
web. Web usage data includes data from web server access logs,
proxy server logs, browser logs, user profiles, registration files,
user sessions or transactions, user quedes, bookmark folders,
mouse-clicks and scrolls, and any other data generated by the m-
teraction of users and the web. WUM works on userprofiles, user
access patterns, and mining navigation paths which are being
heavily vsed by e-commerce companies for tracking customer
behavior on therr sites. WUM plays a key mole in personalizing
space, which is the need of the hour. To satisfy all the users with
the same tool 15 extremely difficult, and, instead, we need to leam
useraccess pattems, their path pattems at an individual level, and
also as a whole at web sites. Besides leaming access patlems,
one needs to use “collaborative filtering™ for listing other users
with similar interests. Collabormtive mecommender systems
allow personalization for e-commerce by exploiting similarities
and dissimilardties in users” preferences. A new algorithm is
suggested in [43] for specifically catering o association rule
mining i collaborative recommendaton systems. In [44], a
framework is given for applying machine leaming algorithms
along with feature reduction technigues, such as singular value
decomposiion (5VD), for collaborative recommendaton. It
uses featwre reduction techniques to reduce the dimension of the
rating data and then NNs are applied on the simplified data to
make a model for collaborative recommendation. However, the
discovery of pattems from usage data by itsell is not sufficient
for performing personalization tasks. A way of deriving good
quality and useful “aggregate user profiles” from patterns is
suggested in [45]. Ievaluates two technigues based on clustenng
of user tmnsactions and clustering of page views, in order 1o
discover overlapping aggregate profiles that can be effectively
used by recommender systems for real-time personalization. A
framework for web mining has been proposed in WEBMINER
[24] for pattern discovery from WWW transactions. Fig. 4 shows
the WEBMINER architecture. It cleardy brings out that, after
mtegrabng registration data and “cleaned”™ transacuons data,
pattern discovery technigues are applied o discover association
rules, sequential pattems and clusters, and classification rules.
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II. LiMITATIONS OF EXISTING WEB MINING METHODS

The web creates new challenges to different component tasks
of web mining (Fig. 1) as the amount of information on the web
is increasing and changing rapidly without any control. As a
result, the existing systems find difficulty in handling the newly
emerged problems during IR, 1E, generalizabon (clustering and
association), and analysis. Some of these are described below.

A Information Retrieval

The following difficulties may be encountered during this
Lask.

Subjectivity, Imprecision, and Uncertainty: The aim of an IR
system is o estimate the relevance of documents o users’ in-
formation needs, expressed by means of queries. This is a hard
and complex task which most of the existing IR systems find
difficult o handle due to the inherent subjectivity, imprecision,
and uncertainty related o user gqueries. Most of the existing [R
systems offer a very simple modeling of retdeval, which privi-
leges the efficiency at the expense of accuracy. Query processing
in search engines, which are an important part of [R systems, is
simple blind keyword matchimg. This does not take into account
the context and relevance of queres with respect o documents,
while these are important for efficient machine learning.

Deduction: The current search engines have no deductve ca-
pability. For example, none of them gives asatisfaclory response
Lo a query like: How many computer science gradoates were
produced by European universiies in 19997

Saft Decision: Current query processing lechnigues follow
the principle of hard rejection while determining the relevance
of a retieved document with respect to a query. This is not cor-
rect since relevance, itself, is a *gradual™ property of the docu-
ments [46], not a crisp one.

Fage Ranking: Page mnks are important since human bemngs
find it difficult to scan through the entire list of documents re-
tumed by the search engine i response o his/her gquery. Rather,
one sifts through only the first few pages, say less than 20, 1o
gel the desired documents. Therefore, it is desirable, for conve-
mience, o get the pages mnked with espect o “relevance”™ Lo
USET QUETTeS.

However, there is no definite formula which truly reflects
such relevance in p-ranked documents. The scheme for de-
termining page ranks should imcorporate 1) weights given 1o
varous parameters of the hit like location, proximity, and fre-
quency; 2) weight given o reputation of a source, ie., a link
from yahoo.com should carry a much higher weight than a link
from any other not so popular site; and 3) ranks relative to the
LISET.

FPersonalization: 1Uis necessary that IR systems tailor the re-
tneved document set as per users’ history or nature. Though
some of the existing systems do so for a few limited problem do-
mains, no definite general methodology is available. Although
efforts in this direction have been made by clustering logged
data, the similarity metric used in clustering is not meaningful
and the principle on which it 1s derived 15 not clear.

Dvnamism, Scale, and Heterogeneiry: IR systiems find diffi-
culty in dealing with the problem of dynamism, scaling, and het-
erogeneity of web documents. Because of the lime-varying na-
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ture of web data many of the documents retumed by the search
engines are outdated, imelevant, and unavailable in the future,
and, hence the user has w try his queres across different in-
dexes several times before getting a satisfactory response. Re-
garding the scaling problem, Ewioni [47] has studied the effect
of data size on precision of the results obtained by the search
engine. Current IR systems are not able to index all the docu-
ments present on the web and this leads 1o the problem of *low
recall.” The heterogeneily nature of web documents demands a
separate mining method for each type of data.

B. IE

Most of the IE algorithms used by different tools are based
on the “wrapper” technique. Wrappers are procedures for ex-
tracting a particular information from web resources. [is biggest
limitation is that each wrapper is an 1E system customized for
a particular site and is not universally applicable. Also, source
documents are designed for people and few sites provide ma-
chine readable specifications of their formatting conventions.
Here, ad hoe formatting conventions, used in one site, are rarely
relevant elsewhere. Harvest and FAQ) Finder, discussed in Sec-
tion 11, also have two key limitations. First, both systems focus
exclusively on web documents and ignore services for, eg.,
web-log analysis, performance analysis, and customer relation-
ship management. Second, both rely on a prespecified descrip-
tion of certain fixed classes of web documents.

C. Generalization

The following difficulties may anse during this task:

Clustering: IR community has explored document ¢lustenng
as an allemative method of organizing retrieved results, but clus-
tering 15 yel o be deployed on the major search engines. Google
[31], which seems o be the mosteffective search engine 1o date,
currently supports simple hostname-based clusienng. Besides,
there are some problems in efficient clustering arising out of
the nature of web data itself. As mentioned in Section I, the
data 15 not only distributed, heterogencous, and imprecise, L 1s
also very high dimensional and overlappmg. Thus, existing con-
ventional clustering techniques find difficulty in handling these
characteristics.

Chutliers: The web server, which logs the data of all users and
of their transactions, has many outliers (bad observations), in-
cluding incomplete, noisy, and vague data due 1o various mea-
sons inherent in web browsing and bogging. These outliers are
not a very small percentage of the database since many users just
follow links, which are easily visible, big, and prominent. These
outhers, in web log server data during WUM, mainly arise be-
cause users end up traversing paths which are not in accordance
with their interests. Since information on the web s distributed
widely, spotting outliers is difficult without clustering the data.

Association Rule Mining: In association rule mining, the cur-
rent technigues are not able w appropriately mine for linguistic
association rules which are more human understandable. Some
algorithms which convert linguistic rules 1o numeric ones suffer
from the problem of “hard” mjecton. Also, the use of sharp
boundary intervals 15 not mtuitive with respect 1o human per-
ception. For example, an interval method may classify a person
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as young if the age is less than 35, and old if it is greater than 35
years. This obviously does not always correspond to the human
perception of “young” and “old,” which considers the bound-
aries of these imprecise concepts, not hardferisp.

D, Analysis

The biggest problem faced in this step is from the point
of view of knowledge discovery and modeling. Discovering
knowledge out of the information available on the web has
always been a challenge to the analysts, as the output of knowl-
edge mining algorithms is often not suitable for direct human
interpretation. This is so, because the patterns discovered are
mainly in mathematical form.

IV. S0FT COMPUTING AND ITS RELEVANCE

Soft computing is a consortium of methodologies which work
synergestically and provides in one form or another flexible
information processing capabilities for handling real-life am-
biguous situations. I1s aim is w exploit the tolerance for impre-
cision, uncertainty, approximate reasoning, and partial truth in
order o achieve tractability, mhustness, low-cost solutions, and
close resemblance to human-like decision making [48]. In other
words, it provides the foundation for the conception and design
of high machine 1} (MIQ) systems, and, therefore, forms the
basis of future generation computing syslems. Al this juncture,
FL, BSs, ANNs, and GAs are the principal components, where
FL provides algorithms for dealing with imprecision and uncer-
tainty arising from vagueness rather than rmandomness, RS for
handling uncertainty arising from limited discernibility of ob-
jects, ANN the machinery for learning and adaptanon, and GA
for optimization and searching.

Relevance of soft computing to pattem recognition and image
processing 15 exlensively established in the hterature [49] [50].
Recently, the application of soft computing o data mining prob-
lems has also drawn the attention of rescarchers. A recent re-
view [51]1s a testimony in this regard. Here, FL is used for han-
dling issues related o incomplete/imprecise data/query, approx-
imate solution, human interaction (linguistic information), un-
derstandability of patterns and deduction, and mixed media in-
formation (fusion). NNs are used for modeling highly nonlinear
decision boundaries, generalization and learning (adaptivity ),
self’ organization, rule generation, and pattern discovery. GAs
are seen Lo be useful for prediction and description, efficient
search, and adaptive and evolutionary optimization of complex
objective functions n dynamic environments. RS theory 1s used
to oblain approximate description of objects in a granular uni-
verse interms of its core attributes. 1t provides “fast” algorithms
for extraction of domain knowledge in the form of logical rules.
Recently, various combinations of these tools have been made in
soft computing paradigm, among which neuro-fuzzy integration
15 the most visible one [30]. In this context, we mention about
the computational theory of perception which is explained re-
cently by Zadeh [52] as the basic theory behind performing the
tasks like dnoving a car i a city, cooking a meal, and summa-
rizing a story, in our day o day life. Here, computation may be
done with perception, which is fuzzy-granular in nature.
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Web data, being inherently unlabeled, imprecise/incomplete,
heterogeneous, and dynamic, appears 1o be a very good candi-
date for its mining in the soft computing framework. Besides,
since human interaction 1% a key component in web mining, as
mentioned in Section 11, issues such as context-sensitive and ap-
proximate queries, summarization and deduction, and personal-
ization and leaming are of utmost importance where soft com-
puting seems Lo be the most appropriate paradigm for providing
effective solutions. This realization has drawn the atlention of
soft computing community o develop “soft web mining”™ sys-
terms in parallel o the conventional ones since iLs meeplion inor
around 1996, In the following sections, we discuss some such
applications of each of the sofl computing tools.

V. FL FOR WEB MINING

The application of FL, so far made, w web mining tasks
mainly falls under IR and generalization (clustering, associa-
tion). These atempts will be described here along with different
commercially available systems. Some of the prospective areas
which need immediate attention are also outlined.

A. Information Retrieval

Yager describes in [33] a framework for formulating lin-
guistic and hiwerarchical quenes. It desenbes an IR language
which enables users to specify the interrelationships between
desired attributes of documents sought using linguistic quan-
tifiers. Examples of linguistic quantifiers include “most,”™ “at
least,” “about half™ Let &F be a linguistic expression corme-
sponding o a guantifier such as “most™ then it is represented as
a fuzzy subset & over I = [0, 1] in which, for any proportion v,
belonging to /, () indicates the degree 1o which » satisfics
the concept indicated by the gquantifier . Koczky and Gedeon
[54] deal with the problem of automatic indexing and retrieval
of documents where it cannol be guaranteed that the user
queries inclode the actual words that occur in the documents
that should be retrieved. Fuzzy tolerance and similarity relations
are presented, and the notion of “hierarchical cooccurrence” is
defined that allows the inroduction of two or more hierarchical
calegories of words in the documents.

As an example of the use of fuzzy set theory to extend
boolean information retrieval, we discuss the methodology pro-
posed by Bordonga and Pasi [55] for semistructured document
{eg., HTML) retrieval. It models the concept of graduality
of “relevance™ of a document to the user query. Formally, a
document is represented as a fuzey binary relation

Ra= Y pait)jt (1)
{

ther

where &, is the representation of document «f = £}, the set of
archive documents £ & T, the set of index terms, and po; I %
T — [0.1] the membership function of g g 15 again a dy-
namic function with pg(#, &) expressing the significance of the
term t in section s of document . gyt 53 are based upon the
semantics of the section s. For example, in sections containing
fromatted text like author and keywords, a single occurence of
a term makes it fully significant { gt 50 = 17 for that section,
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and Jeg(f, 5] 15 a Boolean function. On the other hand, for sec-
tions containing textual descriptions, pegit, ) can be computed
as a function of the normalized term frequency for that section,
for example

_ll_.:.d::f1 -S:' = 1l 113 (2)

in which ID, is the inverse document frequency of the term
£, 5[ 4s- 15 the normalized term frequency defined as

1:'f-:J.-.l. — & (3}

RLAXOCC,

where (00 C 4 15 the number of occumences of the term £ in sec-
tion = of document «, and MAXOCC,; 15 a normalization pa-
rameler depending on the sections’ length. To obtain the overall
degree of significance of a term in a document, computed over
all the sections, an aggregation scheme ordered weighted av-
erage (OWA) 15 used

pied t) = OWA G (d L e fd 2. (4)

Parameters Iy are determined by users specified relative
weights 1o the sections.

A query {t ) is represented by tenms #; and the come-
sponding weights w,. The query is evaluated by an E function
for a given document, and then aggregation operators are used.
Thus the result of a query evaluation is represented as a fuzzy
subset of the archived documents, given by

Ralt) > pwld ) (5)

[Llai &)

This brings to light that fuzzy Boolean IR models are more flex-

ible in representing both document contents and information
nededs.

B. Generalization

Clustering: Etzioni [47] has histed the key requirements of
web document clustering as measure of relevance, browsable
summaries, ability o handle overlapping data, snippet toler-
ance, speed and incremental charactleristics. In [536], fuzzy ©
medoids (FCNdd) and fuzey ¢ Trimmed medoids (FCTMdd) are
used for clustering of web documents and snippets (outliers). In
[57]. a fuzey clustering technigue for web log data mining is de-
scrbed. Here, an algonthm called competitive agglomeration of
relational data (CARD) for clustering user sessions is described,
which considers the structure of the site and the URLs for com-
puting the similanty between two user sessiwons. This approach
requires the definition and computation of dissimilarity/simi-
larity between all session pairs, forming a similanty or fuzey
relation matnx, pnor o clustering. Since the data m a web ses-
sion imvolves access method (GET/ POST), URL, transmission
protocol (HTTR/FTP), ete., which are all nonnumeric, come-
lation between two user sessions and, hence, their clustering,
is best handled using fuzzy set approach. Other technigues for
clustering web data include those using hypergraph-based clus-
Lermg [58].

Association Rule Mining: Some algorithms for mining
association rules wsing FL echmgues have been suggested in
[59]. They deal with the problem of mining fuzzy association
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rules understandable to humans from a database containing
both gquantitative and categoncal atributes. Association rules
of the form, if X is A, then ¥ is & where X. Y are atdbutes
and A, £ are fuzey sets, are mined. Nauck [60] has developed
a lkeaming algorithm that creates mived fuzzy rules involving
both categoncal and numerical attnbutes.

C. Commercially Available Svstems
Here, we hist some commercially available systems with their
characteristics.

& Nzsearch: (www.searchne.cona/)1s a search enginge based
completely on FL. [t considers the entire phrase rather than
individual words for the purpose of matching. It also uses
a “fuzziness”™ parmmeter while searching, which can be
chosen from the set: “mimmal,” “normal,” “moderate,”
“very,” and Yextremely.”

« DNS search: (www. amnesi.comfdnssearch) uses FL 1o
find the closest DNS entry to your typed URL. For ex-
ample, if by mistake one types www.macrosoft.com then
the system gives suggestons on the possible close URLs.

+ Finder: (www.finder.co.uk) uses “multidimensional opti-
mization” 1o display the best or most suitable matches 1o
aquery unlike most existing search engines which display
only the exact matches to a given query. Finder goes way
beyond the simple “yes™ or “no” cnterion, used by most
database query engines such as SQL or Birieve. Finder
uses scoring modules designed especially for each data
type. If one is looking for a scarlet car, and the car in the
database was cherry red, it would not ignore the entry al-
together, it would just give it a lower score. The search
engine looks at each element of the database and scores it
using one of its knowledge-based scoring modules.

« Aplronix: (www.aplronix.com) uses the fuzzy inference
data environment (FIDE) to build smart and intelhgent
Java applets. The FIDE software package provides a rich
set of functions for building FL controls, expert systems,
automated  diagnosis, adaptation o environment, and
self-learning. Their software can convert an application
program in fuzzy inference language (FIL) into Java, C,
MatLab, and assembly code.

0. Prospective Areas aof Application

Search Engines: There is immense scope of applying FL
to improve web search from the points of view of deduction,
matching, and ranking, among others. To add human-like
deductive capability o search engine, the use of FL is not an
option, rather it s a necessity. Regarding matching, a probable
approach is w0 compromise sightly on precision (which is,
anyway, very difficult o achieve due to millions of web pages),
and retrieve most “relevant” documents from an expanded
domain. The mewrieved documents may then be clustered
duringfafter search, or filiered at the client side, or both. The
concept of linguistic variables and membership functions can
be used for keyword matching. Similady, for page ranking the
degree of closeness of hits in a document can be vsed for its
computation. For example, variables ke “close,” ™
“nearby™ may be used o represent the distance between hits

far,” and
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in a document for a given gquery. Similardy fuzey variables like
“reputation” and “tmportance,” attached to the URL which 1s
referencing a particular page, can be used in caleulating page
ranks. For example, in Fig. 6, which shows a neuro-fuzzy IR
system, match parameters such as “proximity” and subjectivity
in queries can be found using fuzzy sels.

Let us consider the popular Google search engine, which is
considered highly effective among the existing ones. In [31] a
schematic diagram (Fig. 3) of the wechnology behind Google has
been explained in which we can see that the lexicon gives wor-
dIDs 1o each word of the query and wordlDs are then matched.
If the query contains quantifiers like less, very less, and more,
then instead of blindly rejecting/selecting pages based on their
absence/presence in the document, a smoother transition based
on their membership value is a better option. Considering fuzzy
queries Le., i the query text includes linguistic vanables hke al-
maost, somewhat, more or less, about, we can provide more rel-
evanl documents by giving grades of membership to different
results. When we consider hits, greater weight should be given
Lo documents i which query words are closer to each other than
those in which they are far apan.

Similarity Measures: There are certain questions hike: What
15 the distance between two URLST Which two URLs are always
requested together! Which users have common interests and re-
quest similar documents'? that appear to be better handled in a
fuzzy set theoretic framework since answers Lo these guestions
need not always be crnisp.

Others: Some other areas where FL may be applied include

= ontology;

= matching echnigues;

* recogniion echnology;

* SUMMArzalion;

* E-COMIMIETTE;

= content management;

* database querying;

« information ageregation and fusion;

+ customization and profiling.

VI, NNs AND LEARNING SYSTEMS FOR WEB MINING

An NN can formally be defined as: a massively parallel in-
terconnected network of simple {wsually adaptive) processing
elements which i intended to interact with the objects of the
real world in the same way as biological systems do. NNs are
designated by the network topology, connection strength be-
tween pairs of newrons (called weights), node characteristics,
and the status updating rules. Normally, an objective function is
defined which represents the complete status of the network and
the set of minima of it corresponds o the set of stable states of
the network. NN-based systems are usually reputed to enjoy the
following major characteristics: generalization capability, adap-
tivity to new data/information, speed due 1w massively parallel
archilecture, robustness to missing, confusing, ill-defined/moisy
data, and capability for modeling nonlinear decision boundaries.

NNs have been applied, so far, to the tasks like IR, 1E, and
clustering (selfl organization) of web mining, and for personal-
teation. We summanze the existing hiterature on these lines as
follows. Some of the prospective areas which need immediate
attention are also discussed.
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Fig. 5. Mapping advice into ScorePage network.

A IR

ANNs provide a convenient method of knowledge represen-
tation for IR apphcatons. Also their learming ability helps o
achieve the goal of implementing adaptive systems. Shavlik
[61] suggests an agent, the Wisconsin Adaptive Web Assis-
tant {(WAWA-IE+IR) system, using NNs with reinforcement
learning, which vses two network modukes, namely, ScorePage
and Scorelink. ScorcLink wses unsupervised leaming, while
ScorePage uses supervised leaming in the form of advice from
the vsers. The system vses knowledge-based NNs (KBNNs)
as its knowledge base to encode the initial knowledge of users
which is then refined. This has the following advantages: 1) the
agent is able w perdform reasonably well initially because it can
utilize the users” prior knowledge and 2) users” pnor knowledge
does not have to be correct as it is refined through learning.
Information is derived by extracting rules from KBNNs [62].
In order to map large sized web pages into fixed-sized NNs,
a concept of shiding window 15 used. This parses each page
considenng three words at a tme, and the huml tags like
(. 4/ph (bry act as window breakers. Using self generated
training examples it can act also as a self tuning agent. Rules
of the type: when “precondition” then “action”™ are extracted
where actions could be of the type strength, followed by “show
page” or “follow link,” or *avoid showing page.” Here, strengith
could be weakly, moderately, strongly, or definitely, which are
determined by the weight of the links between layers of the NN.
For example, Fig. 5 shows how to map into ScorePage a rule
like: When “Professor "Firstname ?Lastname” then show page.
If all three pants of the sliding window give a true result, their
weighted sum exceeds the bias and produce an activation of the
sigmoidal hidden unit near one. Some additional zero-weighted
links are also added o this new hidden unit w further allow
subsequent kaming, as 1s done in KBNN.

In[63], Chen eral. have implemented several search methods
in Java based on NNs and genetic search on databases, mtranet,
and intemet. Mercure [64] 15 another IR system, based on
multilayered networks, that allows document retneval using a
spreading activation process and query oplimization using rel-
evance backpropagation. This model consists of an input layer,
which represents users information needs, a term neuron layer,
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a document neuron layer, and an output layer representing the
result of query evaluation.

Lim [65] has developed a concept of visual keywords which
are abstracted and extracted from visual documents using soft
computing technigues. Each visual keyword 1s represented as an
NN or asoft cluster center. Merkl and Rauber [66] have shown
how 1o use hierarchical feature maps 1o represent the contents
of a document archive. After producing a map of the document
space using self-organizing maps, the system provides a hierar-
chical view of the underlying data collection in the form of an
atlas. Using such a modeling the user can easily “zoom”™ nto
particular regions of mterest while sull having general maps
for overall orientation. An ANN-based hybrid web text mining
system has been described in [67].

B IE

Most IE systems that use leaming fall into two groups: the
ong that vses relatonal leaming [68], [40] o leam “extracted
patterns,” and the other group learns parameters of hidden
Markov models (HMMs) and uses them o extract information
[69]. In [70] wrapper induction techniques are combined
with adaBoost algonthm (Schapire and Singer, 1998) called
boosted wrapper induction (BWI1) and the system has outper-
formed many of the relational leamers and is competitive with
WAWA-IE and HMM. For a brief and comprehensive view of
the various learning systems used inoweb content mining, one
may refer 1o Table 1.

O Self-Chrganization | WEBSOM)

The emerging field of text mining applies methods of data
mining and exploratory data analysis to analyee text collections
and to convey information to the users in an intuitive manner. Vi-
sual map-like displays provide a powerful and fast medium for
portraying information about large collections of ext. Relation-
ships between textitems and collections, such as similanty, clus-
ters, gaps, and outliers, can be communicated naturally using
spatial relationships, shading, and colors. In WEB 50M [71], the
self-organizing map ( SOM) algorithm is used to automatically
organize very large and high-dimensional collections of text
documents onto two-dimensional map displays. The map forms
a document landscape where similar documents appear close
to each other at different points of the regular map grid. The
landscape can be labeled with automatically identified descrip-
tive words that convey properties of each area and also act as
landmarks during exploration. With the help of an HTML-based
mteractive ool the ordered landscape can be vsed in browsing
the document collection and in pedforming searches on the map.
An organized map offers an overview of an unknown document
collection helping the user in familiadzing onesell with the do-
main. Map displays that are already familiar can be used as vi-
sual frames of reference for conveying properties of unknown
text tems. Thematically armnged stane document landscapes
provide meaningful background for dynamic visualizations of
time-related properties of the data, for example. The mathemat-
wcal preliminaries, background, basic weas, implications, and
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numerous applications of self-organizing maps are descrbed in
a recent book [72].

0. Personalization

Personalization means that the content and search results are
tailored as per users interests and habits. NNs may be used for
learning user profiles with training data collected from users or
systems as in [61]. Since user profiles are highly nonlinear func-
tions, NNs seem o be an effective wol o learn them. An agent
which learns user profiles using Bayesian classifier is “Syskill
and Weben” [73]. Once the wser profiles have been learned, it
can be used o determme whether the users would be interested
in another page. However, this decision s made by analyzing the
HTML source of a page, and it requires the page 1o be retrieved
first. To avoid network delays, we allow the user to prefetch all
pages accessible from the index page and store them locally.
Once thisis done, Syskill and Weberl can learn a new profile and
make suggestions about pages o visit quickly. Once the HTML
15 analyzed, it annotates each link on the page with an con in-
dicating the user’s rating or its prediction of the user’s rating
together with the estimated probabihity that a vser would hike
the page. Note that these ratings and predictions are specific to
only one user and do not reflect on how other users might rate
the pages. As descnbed above, the agent 1s hmited o making
suggestions about which link to follow from a single page only.
This is useful when someone has collected a neardy comprehen-
sive set of links aboul a topic. A similar system which assists
users in browsing software librares has been built by Drum-
mond [74].

E. Pmwspective Areas of Application

Personalized Page Ranking: As mentioned in Section [V-A,
page ranks are important since human beings find it difficult to
scan through the entire list of documents retumed by the search
engine in response 1o hister query. Therefore, itis desirable, for
convenencs, Lo gel the pages mnked with respect o relevance™
Lo user queries so that one can get the desired documents only
by scanning the first few pages.

Let us consider here again the case of the popular search en-
gine Google [31]. It computes the rank of a page = using

Tl

Prinl=1- r£+-ff.z
i=l

Pi(7,) ©
where o is the damping factor, P'ria) is the rank of page o which
has pages 43,45, ..., pointing to it, and C0a) is the number
of outgoing links from page n.
Note that it takes into consideration only the popularity of a
page (reputation of incoming links) and rchness of information
content (number of outgoing links) and does not take care of
other important factors like:
+ User preference: Whether the link matches with the pref-
erences of the user, established from his/ her history?
+ Validity: Whether the link is currendy valid or not?
+ Interestingness: Whether the page is of overall interest 1o
the user or not?
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Fig. 6. Meuro furzy IR system.

These should also be reflected in the computation of page
ranks. The learning/generalization capability of ANNs can be
exploited for determining user preference and inlerestingness.
user preference can be incorporated by training an NN-based
on user history. Since ANNs can model nonlinear functions and
learn from examples, they appear to be a good candidate for
computing the “interestingness™ of a page. Self organizing NNs
can be used to filter out invalid pages dynamically.

An ANN can compute the page rank from a combination of
each of the parameters like hub, authorty, eputation, validity,
interestingness, and user preference with weights assigned to
each which the user can modify; thereby refining the network
as per his personalized interest. These factors may sometimes
also be characterized by fuzzy varables. Forexample, variables
like “close,” “far,” and “nearby™ may be used o represent the
distance between hits in g document for a given guery. Simi-
larly, fuzzy variables like “reputation” and “importance”™ can be
attached to the URL which is referencing a particular page. This
is unlike in Google, where these variables are considered to be
crisp. This signifies the importance of integrating synergistically
ANN with FL under newro-ficzy paradigm [73] for computing
page ranks. In the next paragraph we describe more details of a
proposed newro-fuzey IR sysiem.

Newro-fuzzy IR: A schematic diagram of a proposed
neurc-fuzzy IR system is shown in Fig. 6. It shows that the total
relevance of a document is the combination of “relevance with
respect tooa query” (match parameters) and “relevance with
respect 1o the user” (interest parameters). This total relevance,
when combined with “richness and reputation™ of document
A (currently reflected in Google rank) give the generalized
page rank. The dotted links represent areas not addressed by
existing algorithms. Means of computing each of the guanti-
tes, namely, “relevance with respect o a query,” “relevance
with respect o the user,” and “nchness and reputation,” ane
mentioned below

Relevance to a query: Here FL can be used in computing
match parameters by handling subjectvity in guenes and
approximate matching in documents; thereby better modeling
“relevance to query.” Also structured documents can be handled
more effectively in the framework of FL. Literature described
in Section V-A address many of these tasks.
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Relevance with respect 1o a user: Literature in this area is rel-
atively scarce. Existing approaches belong mainly 1o three cate-
gories: 1) keaming from user “history™ or “profile;” 2) clustering
of users into homogeneous groups; and 3) using relevance feed-
back. ANNs can be used Lo learn the nonlinear user profiles from
their previous history and reflect “relevance to user”™ of a docu-
ment Ain inlerest parameters.

Richness and reputation: This parameter is reflected in most
existing page ranking systems. However, efficient computation
of the page rank is an open research issue where NNs may be
used.

Clustering and Classification: NNs can be used to classify
web pages as well as vser patterns, in both supervised and unsu-
pervised modes. [s ability in modeling complex nonlinear func-
tions can also be exploited here.

Deduction: Another area where NNs may be used is in
building deductive capabiliies in web mining systems. As
mentioned eardie, complex nonlinear functions may be learned
using NNs and logical rules may be extracted from trained
networks using rule extraction algorithms. The logical rules are
human mterpretable and belp i generating deductions.

VI GAs FOR WEB MINING

GAs, a biologically inspired technology, are randomized
search and optimization technigues guided by the principles
of evolution and natwral genetics. They are efficient, adaptive
and robust search processes, producing near optimal solutions,
and have a large amount of mplicit parallelism. GAs are
executed iteratively on a set of coded solutions (genes), called
population, with three basic operators: selection/reproduction,
crossover, and mutation. They use only the payoff (filness
function) information and probabilistic ransition mles for
moving Lo the next ileration.

The literatre explaining the use of GAs 1o web mining seems
to be even poorer than that of FL and NNs. GAs are used, mainly
in search, optimization, and description. Here we describe some
of the attempts.

Search and Rerrieval: A GA-based search to find other rel-
evant homepages, given some user-supplied homepages, has
been implemented in G-5carch [76]. Web document retneval by
genetic learning of importance factors of HTML tags has been
described in [77]. Here, the method learns the importance of
tags from a training text set. GAs have also been applied for the
purpose of feature selection in text mining [ 78]

Query Optimization: In [79], Boughanem et al. developed a
query reformulation technique using GAs, in which a GA gen-
erates several queries that explore different areas of the docu-
ment space and determines the optimal one. Yang er al [80]
presented an evolutionary algorithm for query optimization by
reweighting the document indexing withoul query expansion.
Kraltetal [81] apply genetic programming in order 1o improve
weighted Boolean gquery formulation.

Document Representation: Gordon [82] adopted a GA 1o de-
rive better descriptions of documents. Here each document is
assigned & descriptions where each description is a set of in-
dexing terms. Then gencetic operators and relevance judgements
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are applied w these descriptions in order w0 determine the best
one in terms of classification perfformance in response Lo a spe-
cific guery. Automatic web page categorization and updating
can also be performed using GAs [B3].

Distributed Mining: Gene expression messy GA (GEMGA)
[ B4] which 1s a subguadratic highly parallel evolutionary search
algorithm, is specially found suitable for diswributed data mining
applications including the web. Foundation of GEMGA is laid
on the principle of both decomposing black box search into it-
erative construction of partial ordering and performing selec-
ton operation in the relation, class, and sample spaces. The
GEMGA is designed based on an alternate perspective of evolu-
tionary computation proposed by the SEARCH framework that
emphasizes the role of gene expression or intracellular flow of
genetic information. The research on the use of GEMGA in
distributed data mining is growing fast and it deals with the
problems of finding patterns in data in an environment where
both the data and the computational resource are distributed. In
[85]. Kar Gupta et al., suggest CDM as a new approach toward
distributed data mining (DDM) from heterogeneous sites. It is
pointed out that nave approaches wo distnbuoted data analysis in
an heterogeneous environment may lead o an ambiguouos situ-
ation. CDM processes information locally and builds a global
model in situations where il is not possible, as in the case of
web, o collect all the data in a common data warchouse and
then process.

Regarding the prospective areas of application of GAs, let
us consider here the case of Adaptive Web Sites. These are sites
which automatically improve their organization and presenta-
tion by leaming from visitor access patterns [86]. It focuses on
the problem of index page synthesis where an index page is a
page consisting of a set of links that cover a particular topic. lis
basic approach is to analyze web access logs and find groups
of pages that often occur together in user visits (and hence
represent coberent topics in users” minds) and o convert them
into “index” pages. Here, GAs may be used for prediction of
user preferences, dynamic optimization, and evolution of web
pages.

VI, RSs FOR WEB MINING

RSs are characterized by their ability for granular computa-
tion. In RS theory a concept & is described by its “lower™ [ 2
and “upper” { B} approximations defined with respect to some
indiscernibility relation. The use of RS theory for knowledge
discovery [87] and rule mining [B8]. [89] 15 widely acknowl-
edged. However, the current literature on application of RSs 1o
webh mining, hke genctic approach, 15 very scanty. Some web
mining tasks where RS theory have been vsed are mentioned
below.

A IR

Crranular IR An important application of RSsis in “granular
information retrieval.” In RS theory, Information granufes refer
to homogeneous blocks/clusters of documents as described by
a particular set of features which may vary over the clusters.
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The approach is efficient in many document retrieval tasks
where the documents are clustered into homogeneous groups
before they are retrieved. Documents are often represented by
a large number of features or words and dimensionality reduc-
tion needs o be pedomed for clustering. However, instead of
representing all the clusters by the same set of features (words),
in granular IR wsing RS theory each cluster 15 mepresented by
different feature sets. This is closer o reality because different
word sets are important for different document classes. Wong
et al. [90] suggests reducing the dimensionality of tenms by
constructing a term hierarchy in parallel o a document hier-
archy.

Handling Heterogeneous Data: RS as well as rough-fuzey
hybrid systems [93] have been used for handling mulumedia
data and information fusion. A system where R8s have been
used for retrieval of multimedia objects is described in [92].

B. Association/Clustering

RSs have been used for document clustering [93] and mining
of web usage patterns [94]. Uses of variable precision RSs [94]
and tolerance relations are important inthis regard.

Some additional areas where RSs may be applied include:

* WSM: Rough mereology [93], which has ability for han-
dling complex objects, is a potential tool for mining multi-
media objects as well as complex representations ike web
graphs, semantic structures.

* Muluagent systems and collaborative mining.

+ Rough-neuro computing (RNC), as a means of computing
with words (CWW), is likely to play an important rolke in
natural language query formulation.

+ RS theory can also be used for the purpose of approximate
information retneval, where the set of relevant documents
may be rough and represented by s “upper” and “lower™
approximations. The lower approximation refers to the set
which is definitely relevant and the upper approximation
denotes the maximal set which may be possibly relevant.
Dynamic and focused search, exploiting the above con-
cept, may also help in developing efficient IR systems.

IX. CONCLUSION aAND DISCUSSION

Web mimng 15 growing mpidly since 18 mcepuon in or
around 1996, and new methodologies are being developed
both using classical and soft computing approaches concur-
rently. Considering the immense potential of application of
soft computing 1o web mining, this paper is timely and appro-
priate.

1o this paper, we have summarized the different types of web
mining and its basic components, along with ther current states
of art. The limitations of the existing web mining methods/tools
are explained. The relevance of soft computing, including inte-
gration of its constituting tools, is illustrated through examples
and diagrams. Their applications to each web mining task along
with the commercially available systems are described. Last, the
possible future directions of using FL, ANNs, GAs, and RSs for
some of these tasks are given in detail.
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In addition, o those discussed in the article, some aspects of
web mining, in general, where sofl computing is likely o play
a key role, in future, are as follows.

1)

3)

4

3)

&)

)

Al present web content 15 mainly  lext-centne, and
most mining algorithms are onented woward and de-
veloped from text mining framework. However, web is
mereasingly gaining a multimedia character with pages
containing images, videos, ewe. Web mining algorithms
having capabilities for handling mulimedia dala need
o be developed in near future. Some attempts in this
direction are descrnbed in [96] and [97].

Currently, gueries are in the form of keywords, advanced
search engines may support visual quernes. In this regand,
the research on CBIR in soft computing framework has
potential significance.

Most search engines pedform search on English text
only, not across languages. With these becoming in-
creasingly common, multilingual search engines and [R
systems which can idenify languages, translale, per-
form thematic classification, and can provide summaries
automatically are recently being developed. Soft com-
puting may be used o increase the efficiency of such
Sy sLems.

Collaborative mining and automatic imteraction among
sites and constitute a recent research area (e.g., the NET
paradigm of Microsoft). Here, web query is not the only
means o obtain required documents, and answers o
queries can be automatically obtained from distributed
web resources. Thus, text sources could be used for plan-
ning and problem solving tasks (e.g., an agent on the web
could be used 1o make ones” travel plans automatically ).
Significance of applying soft computing for the above
tasks may therefore be explored.

Some tasks related o embedded mternet systems that
could be handled using soft computing include, access
control, task scheduling, system configuration, priority
order, device monitoring, bug and failure reporting, as
well as distributed (remote ) control of electronic products
(devices).

E-commerce is an important application area of soft com-
puting. It may be used o umpart human ke inleraction in
e-shopping portals [98]. For example, buyers” interest can
be better modeled (as functions of price and quality ) using
fuzzy set theory.

The development of new knowledge visualization tech-
niques for effective user intedface may also be done with
soft compuling.

Finally, (soft) case-based reasoning (CBR) [99], which is a
popular Al problem solving paradigm, using sofl compuling
tools, and is recently drawing the attention of researchers world-

wide,

may be used for solving many of the web mining prob-

lems, stated above. In this context, the mention may be made of
the computational theory of perception, recently explained by
Zadeh [32], which is characterized mainly using the concept of
“fuzzy-granularity™ of perceptions.
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