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ABSTRACT

Web mining isthe application of data mining techniquesto discover the usage patterns
of Web data, in order to better servethe needs of Web site visitors. Web mining consists
of three phases: data gathering, analysis and reporting. This chapter describes each
of these phases in detail along with a discussion of electronic customer relationship
management (eCRM). Several challenging research areas that need to be investigated
for further enhancement of this field are also presented.

INTRODUCTION

For most companies, competitivenessin e-commerce (EC) demands a meaningful
presence on the Web. Web pages are required to establish the company’ simage, to sell
products and to offer customer support. The success of a Web site directly affects the
success of the EC strategy of the company. EC is also emerging as one of the best
application areas for data mining technology (Konrad, 2001).

Datadining (DM) technol ogies have been around for many years without notable
success. While DM toolshel pintheidentification of datapatterns, DM applicationsare,
for the most part, in the research area that focuses on high possible rewards along with
high-risk business decisions. Having the following characteristics present in a DM
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application can help minimize the risk of business failure (Ansari, Kohavi, Mason &

Zheng, 2002; Kohavi, 2001):

1  Datacontained reach descriptions— For example, broad customer datacombined
with potentially useful data fields allow DM programs to look beyond plain
correlations.

2 A substantial amount of analyzed data— Having many matching records guaran-
tees the statistical significance of the found data patterns.

3. Controlledandreliabledatacollection procedures— Noisy and distorted datamay
fail to disclose patterns.

4.  Theability to evaluate and track tangible results — Measurable return on invest-
ment can be very convincing.

5. Easeof integration of DM with existing operational processes— The operational
systemandthe DM analysissystem can beintegrated into one closed-1oop system.

ECistheideal domainfor DM. Many of theabovecharacteristicsarereadily present
inECbutrarely inlegacy systems. Dataaregathered el ectronically, rather than manually,
thus less noise is introduced from manual processing. EC data are rich, containing
information such as purchase history and demographic data. Also, some datathat were
difficult to gather before are now easily accessible. For instance, EC systems can keep
track of theactionsof thecustomer inthevisual “ shop,” including what they review, what
they placeinto their shopping carts, but do not purchase and so on. In the past, to gather
such data, companies had to follow customers and record their activities, or had to
conduct sophisticated analyses of store videos. Large amounts of data can be collected
inexpensively in EC. Totakefull advantage of thisprocess, DM must beintegrated into
EC systems. Such integration can significantly decrease the data preparation time. An
integrated system can also offer users a standardized user interface and easy access to
metadata. The goal of thischapter isto providean overview of the challengesand issues
in Web mining. Wediscuss Web mining phasesand theinherent power in current eECRM
solutions. Research areas that need to be examined for further enhancement of thisarea
are also presented.

DM DEFINITION

DM canbedefined (Berry & Linoff, 2000) asthe processof explorationand analysis
of large quantities of datain order to extract meaningful patterns and rules. DM tools
identify patterns in data. These patterns can be used to help in the decision-making
process and forecast the impact of these decisions. DM can decrease analysis time by
directing attentionto themost significant variables. Theinformationresulting from DM
fallsinto thefollowing five categories:

i Classification. This information identifies the main characteristics of a certain
group (e.g., determining which telephone lines are used for Web access).

i Estimation. Thisinformation helpsforecast future valuesbased on patternswithin
large sets of data (e.g., estimating afamily’ stotal income).

i Association. This information determines the relationship between events that
take place at one time (e.g., identifying what things go together in a shopping
basket at the supermarket).
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