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Abstract

Over the last decade, there has been a paradigm shift in business computing with the emphasis moving from
data collection to knowledge extraction. Central to this shift has been the explosive growth of the World Wide
Web, which has enabled myriad technologies, such as Web services and enterprise server applications. These
advances have improved data collection frameworks and resulted in new techniques for knowledge extraction
from large databases. A popular and successful technique which has showed much promise is Web mining.
Web mining is essentially data mining for Web data, thus enabling businesses to turn their vast repositories of
transactional and Website usage data into actionable knowledge that is useful at every level of the enterprise —
not just the front-end of an online store. To this end, the chapter provides an introduction to the field of Web
mining and examines existing as well as potential Web mining applications applicable for different business
function, like marketing, human resources, and fiscal administration. Suggestions for improving information

technology infrastructure are made, which can help businesses interested in Web mining hit the ground running.

1 Introduction
The Internet has changed the rules for today’s businesses, which now increasingly face the challenge of

improving and sustaining performance throughout the enterprise. The growth of the World Wide Web and



enabling technologies has made data collection, data exchange and information exchange easier and has resulted
in speeding up of most major business functions. Delays in retail, manufacturing, shipping, and customer service
processes are no longer accepted as necessary evils, and firms improving upon these (and other) critical
functions have an edge in their battle of margins. Technology has been brought to bear on myriad business
processes and affected massive change in the form of automation, tracking, and communications, but many of

the most profound changes are yet to come.

Leaps in computational power have enabled businesses to collect and process large amounts of data. The
availability of data and the necessary computational resources, together with the potential of data mining, has
shown great promise in having a transformational effect on the way businesses perform their work. Well-known
successes of companies such as Amazon.com have provided evidence to that end. By leveraging large
repositories of data collected by corporations, data mining techniques and methods offer unprecedented
opportunities in understanding business processes and in predicting future behaviour. With the Web serving as
the realm of many of today’s businesses, firms can improve their ability to know when and what customers want
by understanding customer behaviour, find bottlenecks in internal processes, and better anticipate industry

trends.

This chapter examines past success stories, the current efforts, and future directions of ‘Web mining’ as an
application for business computing. Examples are given in different business aspects, such as product
recommendations, fraud detection, process mining, inventory management, and how the use of Web mining will
enable growth revenue, minimize costs, and enhance strategic vision. Gaps in existing technology are also

explained, along with pointers to future directions.



2  Web Mining

Web mining is the application of data mining techniques to extract knowledge from Web data, including Web
documents, hyperlinks between documents, and usage logs of Web sites. A panel organized at ICTAI 1997
(Srivastava and Mobasher, 97) asked the question "Is there anything distinct about Web mining (compared to
data mining in general)?" While no definitive conclusions were reached then, the tremendous attention on Web
mining in past decade, and the number of significant ideas that have been developed have answered this
question in the affirmative. In addition, a fairly stable community of researchers interested in the area has been
formed, through the successful series of workshops such as WebKDD (held annually in conjunction with the
ACM SIGKDD Conference) and the Web Analytics (held in conjunction with the SIAM data mining
conference). Many informative surveys exist in the literature that addresses various aspects of Web mining

(Cooley et al, 1997; Kosala and Blockeel, 2000; Mobasher, 2005).

Two different approaches have been taken in defining Web mining. First was a 'process-centric view', which
defined Web mining as a sequence of tasks (Etzioni, 1996). Second was a 'data-centric view', which defined
Web mining in terms of the types of Web data that was being used in the mining process (Cooley et al, 1997).
The second definition has become more acceptable, as is evident from the approach adopted in most recent
papers that have addressed the issue. In this chapter, we use the data-centric view of Web mining, which is

defined as,
“Web mining is the application of data mining techniques to extract knowledge from Web data, i.e. Web

Content, Web Structure and Web Usage data.”

The attention paid to Web mining in research, software industry, and Web-based organizations, has led to the

accumulation of a lot of experiences. Its application in business computing has also found tremendous utility. In



the following sub-sections, we describe the taxonomy of Web mining research and applicability of Web mining

to business computing.

2.1 Web Mining Taxonomy

Web mining can be broadly divided into three distinct categories according to the kinds of data to be mined. We

provide a brief overview of the three categories and an illustration depicting the taxonomy is shown in Figure 2.

Web content mining: Web content mining is the process of extracting useful information from the contents of
Web documents. Content data corresponds to the collection of information on a Web page, which is conveyed to
users. It may consist of text, images, audio, video, or structured records such as lists and tables. Application of
text mining to Web content has been the most widely researched. Issues addressed in text mining include topic
discovery, extracting association patterns, clustering of Web documents and classification of Web Pages.
Research activities on this topic have drawn heavily on techniques developed in other disciplines such as
Information Retrieval (IR) and Natural Language Processing (NLP). While a significant body of work in
extracting knowledge from images, in the fields of image processing and computer vision exists, the application

of these techniques to Web content mining has been limited.
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Figure 1: Web Mining Taxonomy

Web structure mining: Web structure mining is the process of discovering structure information from the
Web. The structure of a typical Web graph consists of Web pages as nodes and hyperlinks as edges connecting
related pages. Web structure mining can be further divided into two kinds based on the type of structured

information used.

e Hyperlinks: A Hyperlink is a structural unit that connects a location in a Web page to different
location, either within the same Web page or on a different Web page. A hyperlink that connects to a
different part of the same page is called an Intra-Document Hyperlink, and a hyperlink that connects
two different pages is called an Inter-Document Hyperlink. There has been a significant body of work

on hyperlink analysis (see survey paper on hyperlink analysis, Desikan et al, 2002).



¢ Document Structure: The content within a Web page can also be organized in a tree-structured
format, based on the various HTML and XML tags within the page. Here, mining efforts have focused

on automatically extracting document object model (DOM) structures out of documents.

Web usage mining: Web usage mining is the application of data mining techniques to discover interesting
usage patterns from Web data, in order to understand and better serve the needs of Web-based applications.
Usage data captures the identity or origin of Web users along with their browsing behaviour at a Web site. Web

usage mining itself is further classified depending on the kind of usage data used:

e  Web Server Data: The user logs are collected by Web server. Typical data includes IP address, page

reference and access time.

e Application Server Data: Commercial application servers, e.g. Weblogic, etc. have significant
features in the framework to enable E-commerce applications to be built on top of them with little
effort. A key feature is the ability to track various kinds of business events and log them in application

server logs.

e Application Level Data: New kinds of events can always be defined in an application, and logging

can be turned on for them - generating histories of these specially defined events.

2.2 Web mining research — state of the art

The interest of research community and the rapid growth of work in this area have resulted in significant

research contributions which has been summarized in a number of surveys and book chapters over the past few



years (Kosala and Blockeel, 2000; Cooley et al, 1997; Srivastava et al, 2004). Research on Web content mining
has focused on issues such as extracting information from structured and unstructured data and integrating
information from various sources of content. Earlier work on Web content mining can be found in Kosala’s
work (Kosala and Blockeel, 2000). Web content mining together has found its utility in a variety of applications
such as Web page categorization and topic distillation. A special issue on Web content mining (Liu and Chang,
2004) captures the recent issues that have drawn the attention of the research community in Web content
mining. Web structure mining has focused primarily on hyperlink analysis. A survey on hyperlink analysis
techniques and a methodology to pursue research has been proposed by Desikan et al (Desikan et al 2002). Most
of these techniques can be used independently or in conjunction with techniques proposed with Web content and
Web usage. The most popular application is ranking of Web pages. PageRank (Page et al, 1998), developed by
Google founders, is a popular metric for ranking the importance of hypertext documents for Web search. The
key idea in PageRank is that a page has a high rank if many highly ranked pages point it to, and hence the rank
of a page depends upon the ranks of pages pointing to it. Another popular measure is Aub and authority scores.
The underlying model for computing these scores is a bipartite graph (Kleinberg, 1998). The Web pages are
modeled as ‘fans’ and ‘centers’ of a bipartite core, where a ‘fan’ is regarded as a hub page and ‘center’ as an
authority page. For a given query, a set of relevant pages is retrieved. And for each page in such a set, a hub

score and an authority score (Kleinberg, 1998).

Web usage data has is the key to understand user’s perspective of the Web, while content and structure reflect
the creator’s perspective. Understanding user profiles and user navigation patterns for better adaptive Web sites
and predicting user access patterns has evoked interest to the research and the business community. The primary
step for Web usage mining is pre-processing the user log data, such as to separate Web page references into
those made for navigational purposes and those made for content purposes (Cooley et al, 1999). The concept of
adaptive Web was introduced by researchers from University of Washington, Seattle (Perkowitz and Etzioni,

97). Markov models have been the most popular form of techniques to predict user behaviour (Pirolli and



Pikow, 99; Sarukkai, 1999; Zhu et al, 2002). A more detailed information about various aspects of Web usage

mining techniques can be found in a recent extensive survey on this topic (Mobasher, 2005).

3 How Web Mining Can Enhance Major Business Functions

This section discusses existing and potential efforts in the application of Web mining techniques to the major
functional areas of businesses. Some examples of deployed systems as well as frameworks for emerging
applications yet-to-be-built are discussed. However, the examples are no means to be regarded as solutions to
all problems within the framework of business function they are cited in. Their purpose is to illustrate that Web
mining techniques have been applied successfully to handle certain kind of problems, providing the evidence of
its utility. Table 1 at the end of this section (page 27) provides the summary of how Web mining techniques

have been successfully applied to address various issues that arise in business functions.

3.1 Marketing

Marketing is typically defined (Brian Norris, 2005) as:
"Marketing is the ongoing process of moving people closer to making a decision to purchase, use, follow or
conform to someone else's products, services or values. Simply, if it doesn't facilitate a ‘sale’, then it's not
marketing”
Marketing is responsible for keeping the enterprise attentive to market trends, as well as keeping the sales unit
aware of where the target segment is. In the following examples, we illustrate how Web mining techniques
have been used for marketing products to a customer and also to identify possible new areas of potential market

for an enterprise.

Product recommendation
Recommending products to purchase is a key issue for all businesses. As the customer-centric approach drives

the current business models, traditional brick-and-mortar stores have to rely on data collected explicitly from



customers through surveys to offer customer-centric recommendations. However, the advent of e-commerce not
only enables a level of closeness in customer-to-store interaction (that is far greater than imaginable in the
physical world), but also leads to unprecedented data collection, especially about the ‘process of shopping’. The
desire to understand individual customer’s shopping behaviour and psychology in detail, by mining that data has
led to significant advances in on-line customer relationship management (e-CRM) and providing services like
real-time recommendations. A recent survey (Adomavicius and Tuzhilin, 2005) provides an excellent taxonomy

of various techniques that have been developed for on-line recommendations.
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Figure 2: NetFlix.com - an example of product recommendation using Web usage mining

NetFlix.com' is a good example of how an online-store uses Web mining techniques for recommending

products, such as movies, to customers based on their past rental profile and profiles of users who have similar

' It should be noted that NetFlix.com was chosen as an example of an online store with no particular preference shown over

other online stores.



browsing and renting patterns. A host of Web mining techniques, such as associations between pages visited and
click-path analysis are used to improve the customer’s experience and provide recommendations during a “store
visit.” Techniques for automatic generation of personalized product recommendations (Mobasher et al 2000)
form the basis of most recommendation models. Knowledge gained from Web mining is the key intelligence
behind NetFlix’s features such as favourite genres, recommendation based on earlier movies rated by user, or

recommending based on shared information with friends, who are a part of their social network.

Product Area and Trend Analysis
John Ralston Saul, the Canadian author, essayist and philosopher noted:

"With the past, we can see trajectories into the future - both catastrophic and creative projections."
Businesses would definitely like to see such projections onto the future. Specially, identifying new product areas
based on trends is a key for any business to capture markets. Prediction using trend analysis for a new product
usually addresses two kinds of issues. Firstly, the potential market for a particular product. Secondly, a single
product may result in a platform to develop a class of products that have a high potential market. Different
methods have been implemented for such prediction purposes. Among the popular techniques are surveying
techniques and time-series forecasting techniques. Traditionally, sufficient data collection was a major hurdle in
the application of such techniques. However, with the advent of the Web, the hurdle of filling up forms and
communicating has reduced to a simple series of clicks. This enabling technology has caused a huge shift in the
amount of data collected, and more significantly in understanding the customer behaviour. For example,
applying Web mining to the data collected from online community interactions provides a very good
understanding of its communities, which is then used for targeted marketing through advertisements and e-mail
solicitation. A good example is AOL’s concept of “community sponsorship,” whereby an organization, say
Nike, may sponsor a community called “Young Athletic TwentySomethings.” In return, consumer survey and
new product development experts of the sponsoring organization get to participate in that community, perhaps

without the knowledge of other participants. The idea is to treat the community as a highly specialized focus
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group, understand its needs and opinions on existing and new products, and also test strategies for influencing
opinions. New product sales can also be modelled using other techniques, such as co-integration analysis

(Franses 1994).
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The second most popular technique is time series analysis. Box and Jenkins give an excellent account of various
time series analysis and forecasting techniques in their book (Box and Jenkins 94). Time series analysis can also
used for decision making in business administration (Arsham 2006). These techniques are generic and can be
applied appropriately for predicting trends in product potentials. While most of these techniques have been
based on statistical approaches, recent work have shown the data mining can be successfully used to discover
patterns of interest in time series data. Keogh (2004) provides a good overview of data mining techniques in

time series analysis.
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With the advent of Web search and ads based on keyword searches, query words have assumed lot of
significance in advertising world. These query words represent popular topics or products among users. Search
engines have been focusing on analyzing trends in these query words for improving query-related ads. Figure 4
gives an example of how keywords can be analyzed for their “Trends”. The figure depicts the trends in
keywords, “‘Web Mining’ and ‘Business Computing’. For example, a possible conclusion seems that the two
keywords are having similar trends recently suggesting possible interest in collaboration of the two fields. The

news-articles represent randomly selected news articles on a particular topic when the search for topic was high.

3.2 Human Resources

In any enterprise, the broad responsibility of Human Resource department is to correctly match the right skilled
personnel with the right function. Human Resources is also responsible to establish policies, guidelines and to
provide tools for employees and management to enable a pleasant work atmosphere, strong culture, healthy and
save environment, and to ensure that the firm’s employees are consistently getting motivated. The following
application examines how to effectively manage human resource department by maintaining the right amount of
workforce in terms of cost-effectiveness. It illustrates the use of Web mining techniques to reduce unnecessary
human workload.

HR Call Centres

Human resource departments of large companies often face the task of answering the numerous questions of
various employees. As the size of the company grows and due to globalization, the task becomes more difficult
as they not only need to handle the number of employees, but also consider other issues such as geographically
local policies and issues. Most of these tasks are significant to the human resource department as it is their duty
to keep their employees satisfied and well —informed. A possible and popular approach to handle this problem
is to have “call-centres” that provide the informative service to the employees. With the advent of Web, most
companies have tried to put all their policy information on Web sites for easy perusal by the employees.

However, it has been observed that over time, more and more employees seek the advice of the representatives
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at the call-centre because of the ambiguity they face while browsing the Website. This phenomenon is termed as

"Call Centre Escalation".

The problem of call centre escalation is well-known to customer service centres of commercial products. The
problem of expensive call-centres has a resulted in most enterprises having an internal HR Website to serve
employees. A recent study (Bose, 2006) talks about real-world enterprise with approximately 80,000 employees
and 8000 Web pages for its HR Website experienced the phenomenon of "Call Centre Escalation". Most
employees browsing the Website were not able to find relevant information. As a result, employees contacted
call centre service for extra information. The problem was not the non-availability of the information, but the

difficulty to determine most relevant information within a huge collection of documents.

Web Mining can be used to help the users of Website to find most relevant information for their particular
needs. The recent study (Bose, 2006) has shown initial promise in this direction. They have successfully
employed Web mining techniques in conjunction with sequence similarity approaches from bioinformatics, to
develop a recommendation system that serves the employees with an aim to reduce their click through path
length to answers. The technique used, in particular, couples conceptual and structural characteristics of the
Website to determine relevant pages for a particular topic. The conceptual characteristics represent the logical
organization of Website as designed by Website administrator. The structural characteristics provide a
navigational path starting from a particular page. In essence, by using this information, expert knowledge is
incorporated into usage mining. Recent studies have shown that these conceptual and structural characteristics

of the Website play an important role in improving the predictive power of recommendation engines.
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Figure 5 gives an example of an Employee benefits Website, with a sample of recommendations provided to a

user looking for information related to 401(K) plan.

3.3 Sales Management

In an enterprise, sales is a key responsible function that sells the enterprise’s core-competency to customers,
usually, with the final goal of bringing in and maximizing revenue from them. As is intuitive, in order to
maximize the sales revenue, it is important to both bring in the customers to door, as well as to execute a good
sales and operations management strategy, thus resulting in the final sale. Identification of new sales
opportunities and the associated risks plays a crucial role in deciding new projects. The following example

describes an approach to evaluate the risks of new business opportunities.
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Business opportunity risk evaluation

With growing competitive markets, better understanding of customer’s requirements and matching those to the
enterprise’s offerings have gained prominence in an enterprise’s decision making processes. Important financial
and business forecasts are affected by decisions in such processes and hence these decisions highly influence
how an enterprise plans to support its market. For example, a lot of historical data about business sales
opportunities are gathered by enterprises for one such analysis. Traditionally, this information of an enterprise’s
offerings, competitor’s offerings and the market’s demands are analyzed manually by human experts, using
statistical methods, usually using a multi-step process. Correct analysis in such a multi-step process is of prime
importance. For example, classifying good (profitable) opportunities as bad (non-profitable) makes the
predictions pessimistic and results in lost revenue, whereas classifying bad opportunities (non-profitable) as

good opportunities ties up an enterprise’s resources, in addition to asking for unrealistic goals.

Figure 6 illustrates an example of a multi-

Sales Opportunity Management Process (steps 1-3) . .
step sales opportunity analysis process used

New Sales
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(i1) Opportunity Execution Process (OEP),

Figure 5. Sales opportunity management process
(Reference: Mane et al, 2005) involving steps takes for execution of the

project. The former sub-process is responsible for the quality and reliability of the sales opportunity data. The

accuracy and reliability of pipeline analysis heavily depends on the quality of sales opportunity data and the
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techniques used to make sales predictions. Manual analysis in such a process is faced with problems like
shortage of skilled resources, slower execution speed, and human errors due to an expert’s limited ability to

extract and use all information in large historical data.
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Figure 6: Generation of sales leads

Web and related technologies have enabled collection of such huge amounts of data about business processes.
This has led to data mining, and more particularly Web mining, as an emerging area of research interest for
business analytics (Apte et al, 2002). Supervised learning techniques can be used to extract knowledge from
such data, and thus help experts (e.g. managers) in their analysis. Supervised learning techniques for multi-stage
decision processes form an emerging research area. Another problem in such a decision process is a data

instance may be split into multiple data instances in intermediate step(s), and/or multiple data instances may be
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combined into a single data instance. Such link information between data instances across multiple-stages is
useful and techniques need to be developed to include this in supervised learning for multi-stage decision

process. Link analysis will be useful in developing such new techniques for complex decision processes.

As an extension to previous example, consider the generation of sales leads for the sales opportunity
management process. With the emergence of business-to-business, business-to-customer and customer-to-
customer e-commerce, Web sites like e-Bay now collect gigabytes of data about buying behaviour of customers.
In addition to customer’s buying preferences, information about buying power of customers may also be
available, Figure 7 illustrates such an example from e-Bay, which allows data, like whether a buyer honors
his/her bids, can be collected. Such detailed information was previously difficult to obtain prior to emergence to
Web. Matching these data to an enterprise’s offerings will help in generation of new sales leads for the
enterprise. Such sales leads may then be pursued as sales opportunities in the sales opportunity management

process.

3.4 Business Financial Management

Financial Management in an enterprise deals with managing the funds for its different departments and projects
with the aim of maximizing profit and minimizing the risk. Financial management itself involves two kinds of
issues. The first kind deals with the funds provided to the company from other sources. These funds could be
long-term (such as ownership equity) or short-term (such as funding from banks). The second kind deals with
‘fund management’. Here, the goals involve identifying issues such as strategies, time lines, and risk-aversion;
for the enterprise to make a decision on how much to invest and when. In the following example, we present a
case where enabling technologies such as internet and novel techniques such as Web mining can help determine

fraud in transactions to help an enterprise reduce its risks.
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Fraud analysis

Fraud is a large problem faced by many businesses ranging from the telecommunications industry to Web-based
stores. Fraud is defined as the use of false representations to gain an unjust advantage or abuse of an
organization’s resources, such as illegal access to an organization’s finances (Bolton and Hand, 2002). For
example, credit card fraud causes the loss of millions of dollars to credit card management companies like Visa
and MasterCard. This motivates organizations to analyze data in order to identify fraud. However, since large
amounts of data are necessary for fraud analysis, it becomes difficult for an organization to manually identify
fraud from legitimate transactions. This motivates current research in automated analysis of such data, in order
to reduce manual screening of individual transactions for fraudulent activity. There are two approaches to
reducing fraud - fraud prevention, taking appropriate steps to prevent a fraud from occurring, and fraud
detection, identifying fraud as soon as it occurs, thus enabling a quick corrective response. Since it is difficult to
predict when a fraud has occurred, fraud detection techniques are usually applied in parallel with fraud

prevention techniques.

Over the past few years, data mining and machine learning techniques are being applied for such automated
fraud detection. The main idea is to compare the observed data with the expected values and then to quantify
this deviation as a suspicion score, i.e. how likely the observed data belongs to a fraud. Different data
mining/statistical approaches have been applied for fraud detection — supervised learning, when information
about both legitimate instances and frauds is available, semi-supervised learning, when information about only
legitimate instances is available, and unsupervised learning, when no information about whether the data
belongs to legitimate instances or fraud is available. Highly skewed class distribution (usually less than 10% of
data instances are frauds) and high misclassification costs for classifying frauds as legitimate instances (because
of lost revenue) and for classifying legitimate instance as frauds (due to dissatisfied customers) make this a

highly challenging task. In addition, the legal definition of frauds may change over time, fraudsters may develop
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new techniques for frauds, class distribution in data may change, as well as multiple frauds may occur at the

same time, thus making fraud detection a highly evolving research field.

Though, historically data mining algorithms were developed for simple attribute-value records, new approaches
to determine variable interactions are being investigated. There has been a growing awareness that information
about frauds may be spread in the data. This has led to the development of new approaches that would “connect
the dots” between such bits of information. For example, in money laundering, a technique called layering is
used by fraudster(s), wherein a large amount of illegal money is transferred from one set of accounts to another
set of accounts using multiple smaller transactions. Link analysis and visualization techniques have been applied
for identifying links between such transactions, and thus detecting the fraud. The U.S. Financial Crimes
Enforcement Network Al system (FAIS) (Senator et al, 1995) is one such system which allowed the detection of
link between transactions, and thus help in detection of money laundering frauds. . With the advent of Web, it is
now easier for fraudsters to make such multiple Web-based transactions, while the size of such transactions data
has increased several times, thus reducing the chance of being detected. Link analysis, with links updated over
time, can be used to establish the “communities of interest” (Cortes et al, 2001) that indicate the networks of
fraudsters, thus helping in automated detection of frauds. An emerging research area called /ink mining, studies
automated construction of links from a large database based on a particular set of evidence. In addition,
techniques are being developed for addressing problem like integrating data from different databases, resolving
identities and consolidating data, clustering entities into groups, inferring link information (presence/absence of
links and their strength) and constructing (new) unspecified features. Link analysis is also applied for fraud
analysis in network intrusion detection, law enforcement, intelligence analysis, and other related domains.
However, two problems still faced by fraud detection are the lack of large publicly-available datasets and few
publications on current approaches for fraud detection, a reason being that organizations tend to withhold

information about which approaches are being used to detect/prevent frauds.
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3.5 Production: Shipping and Inventory

Inventory is defined as the value of goods on-hand at a certain time instance, in an enterprise. Inventory can be
in different forms like raw material before the firm’s value-addition, in process during production phase, as
finished product in its warehouse or in a retail-store’s distribution center waiting to be sold. Inventory usually
results in non-value added handling costs related to tied-up capital, insurance costs, management related cost
and also other obsolete inventory costs. Inventory management is defined as a set of activities used to do the
right inventory in right place at right time with right quantity and right cost’. In the following example

application, we discuss how Web mining has aided in inventory management.

Predictive Inventory Management
Since one of significant costs for a business is to maintain an inventory to support sales as well as customers, a
successful inventory management helps business decrease cost and increase profit without losing customer

satisfaction.

An inventory management system should be able to foresee the customers’ demand and trends about sale as
well; that is, what most customers will buy and when. Further, in order to help business perform just-in-time
inventory, an inventory management system is required to analyze transaction data and accordingly find

clusters, each of which is composed of similar items.

As the Internet grew rapidly, people started to get used to Web surfing, leading to emergence of many new

Web-based stores and thus a big competitive market for online shopping. Web mining techniques have realized

2 http://www.inventoryops.com/dictionary.htm
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personalized shopping environment, improved direct marketing and advertisement, and enabled companies to

understand customers’ access patterns for inventory and stock management.

Web mining techniques improve inventory management in (at least) two ways: first, they assist a business in the
discovery of vendors or third-party manufacturers; second, those techniques help customers find products that

would most likely be suitable to them.

Amazon.com, launched in 1995, is one of pioneer Web sites providing online shopping. Amazon.com earned
reputation and popularity for its world-class customer service and its first-rated inventory management. As one
of the largest B2C Web sites on earth, Amazon.com needed to put enough effort to both satisfy several million

customers as well as efficiently manage inventory.

Within a few years Amazon.com began adopting advanced techniques to manage and plan material resource
availability. These techniques enabled Amazon.com to decrease costs and increase the choice of goods for
customers, greatly increasing Amazon’s revenue. Amazon.com utilizes Web mining techniques to predict
customers’ demand and thus manage the stocks of different products. Furthermore, taking advantages of Web
usage mining techniques and user profiles gathered by a well-designed Web interface, Amazon.com provides

personalized interface through personalized recommendations as well as coupons (Gold Box ™).

3.6 Information Technology

The management, construction, and processing of information- and computing-related resources is generally
grouped under the business function of information technology. For this, several opportunities exist for
businesses to utilize Web mining techniques, such as for reducing the potential for unnecessary duplication in

application development.
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Developer Duplication Reduction

Many software businesses, both large and small, maintain one or more internal application development units.
Thus, at any given time, there may be hundreds, if not thousands, of projects being developed, deployed, and
maintained concurrently. Due to overlapping business processes (i.e. human resources and fiscal
administration) and multiple project development groups, duplication of source code often occurs (Rajapakse
and Jarzabek, 2005) and (Kapser and Godfrey, 2003). Given the non-trivial cost of application development,
mitigating such duplication is critical. Source code consistency is also an issue, e.g. to prevent a case where

only one of two duplicate segments is updated to address a bug and/or feature addition.

Turnkey solutions for source code duplication are already available, but they suffer from two major problems:
- They are not able to address code which is functionally similar, but syntactically different.

- They only detect duplication after it has already occurred.

The goal of a full-featured duplication detection system will be to address existing and potential duplication —

the latter of which is currently unavailable. However, Web mining methods may offer a solution.

Many businesses maintain intranets containing corporate policy information, best practices manuals, contact
information, and project details — the last of which is of particular interest here. Assuming project information
is kept current, it is possible to use Web mining techniques to identify functionality that is potentially

duplicative, oftentimes syntactically different functions may be described using similar language.
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Figure 7: Duplication candidate process overview

Figure 7 gives an overview of a possible approach for identifying potential duplication among multiple projects.
First, the project Web pages and documents must be extracted from the intranet. Next, each document is split
into fragments using common separators (periods, commas, bullet points, new lines, etc). These fragments form
the most basic element of comparison — the smallest entity capable of expressing a single thought. Using
clustering techniques, these fragments can then be grouped into collections of similar fragments. When two or
more fragments are part of the same collection, but come from different projects, potential duplication has been

identified. These fragments may then be red-flagged and brought to the attention of affected project managers.

3.7 Customer Service

The purpose of customer service is to increase the value that buyers receive from their purchases and from the
processes leading up to the purchase’. What is often different from marketing-related uses of Web mining,
however, is that customer service is interested in increasing customer satisfaction by offering correct answers to
questions, which means a company’s domain knowledge must be leveraged in order to provide a helpful

solution.

3 http://en.wikipedia.org/wiki/Customer_service
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Expert Driven Recommendations for Customer Assistance

Most recommender systems used in business today are product-focused, where recommendations made to a
customer are typically a function of his/her interests in products (based on his/her browsing history) and that of
other similar customers. However, in many cases, recommendations must be made without knowledge about a
customer’s preferences, like is customer service call centres. In such cases, call centre employees leverage their
domain knowledge in order to help align customer inquiries with appropriate answers. Here, a customer may be

wrong, which is often observed when domain experts are asked questions by non-experts.

Many businesses must maintain large customer service call centres, especially in retail-based operations, in
order to address this need. However, advances in Web-based recommender systems may enable to improve call

center capacity by offering expert-based recommendations online (Delong et al, 2005).
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Figure 8: Overview of expert-driven customer assistance recommendations

Similar to a customer talking to a call centre assistant, the recommendation system equates customer browsing
behaviour as a series of “questions” the customer wants answered or, more generally, expressions of interest in

the topic matter of a clicked-on Web page. Given the order and topic matter covered by such sequences of
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clicks, the recommendation system continuously refines its recommendations, which are not themselves directly
a function of customer interest. Rather, they are generated by querying an abstract representation of customer
service Website, called a “concept-page graph”. This graph contains a ranked set of topic/Web page
combinations, and as the customer clicks through the Website, the system looks for Web pages best capturing
the topics that a customer is seeking to know more about. And since their browsing behaviour helps determine
the questions they want answered, the eventual recommendations are more likely find the correct answer to their

question, rather than a potentially misleading one based on interest alone.

3.8 Business Process Management

The term Business Process Management (or BPM) refers to activities performed by businesses to optimize and
adapt their processes. Any business transaction can be modeled as a sequence of processes that are designed to
perform some specific tasks by adding value to the whole transaction. There can be many bottleneck processes
in a business transaction and these bottlenecks can severely slow down the whole transaction. It is essential to
determine these bottlenecks in a process so that we can redesign the business process model and thereby
improve capacity utilization, throughput rate and process time. Business Process Management itself comprises
of managing design, execution and monitoring of a process. In the following example, we illustrate how Web
mining techniques can be applied to event logs from various processes to develop better models for different

processes

Business Process Mining
Business process mining, also called workflow mining, reveals how existing processes work and, thus providing
considerable ROI (PMR). Business process mining is the task of extracting useful information from business

event logs collected by Workflow Management Systems such as IBM's WebSphere and SAP R/3.
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ProM, EMIT and Thumb are some examples of business process mining tools. An example process mining

framework is shown in Figure 9.
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Figure 9: An example process mining framework

Business transaction logs obtained from Enterprise Information systems are transformed into XML format.
These event logs are then cleaned and time-ordering of the processes is inferred. Using these, business process
models are built and business rules are constructed. Finally, these process models are converted to a Petri-Net
for analysis. The process model discovered can also be checked for conformance with previously discovered

models. We can also use an anomaly detection system to identify deviation in business process behaviour.

There are many applications like health care management, where business process mining can be used. By
digging information from business event logs, for example e-mail traffic, we can discover how people work and
interact with each other in an organization. We can see what kinds of patterns exist in workflow processes and
answer questions like do people hand-over their tasks to others, do they sub-contract, do they work together or

do they work on similar tasks. It thus helps in determining the process, data, organizational and social structure.
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Sometimes, the information contained in event logs is incomplete or noisy or fine-grained or specific to an
application which makes pre-processing a bit more difficult and challenging. However, by leveraging business
process mining properly, we can re-engineer the business process by reducing work-in-progress, adding
additional resources to increase the capacity or eliminating or improving the efficiency of bottleneck processes,

thereby boosting the performance of businesses.

Table 1. Summary of how Web mining techniques are applicable to different business functions

Marketing Product Recommendation Association Rules

Marketing Product Trends Time series data mining

Sales Management Product sales Multi-stage supervised learning
Fiscal management Fraud detection Link mining

Information Technology Developer Duplication Reduction | Clustering, Text mining
Customer Service Expert Driven Recommendations ﬁsrfl(() i?;?;lsiules’ Text mining,
Shipping and Inventory Inventory Management g(l;::zzrsigﬁ,gAssociation Rules,
Business Process Management Process Mining Clustering, Association Rules
Human Resources HR Call Centers Sequence similarities, Clustering,

Association rules

4 Gaps in Existing Technology
Though Web mining techniques can be extremely useful to businesses, there are gaps which must often be
bridged (or completely dealt with) in order to properly leverage Web mining’s potential. In this section, we

discuss a few such important gaps and how these can be addressed.
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4.1 Lack of Data Preparation for Web Mining

To properly apply Web mining in a production setting (e.g. recommending products to customers), data stored
in archival systems must be linked back to online applications. As such, there must be processes in place to
clean, transform, and move large segments of data back into a setting, where these can be accessed by Web
mining applications quickly and continuously. This often means removing extraneous fields and converting
textual identifiers (names, products, etc) into numerical identifiers to make the processing of large amounts of
transactional data quick. For instance, segmenting data into one-month intervals can cut down on expended
computing resources and to ensure that relevant trends are identified by Web mining techniques, provided there
is sufficient transactional activity. Additionally, databases for these kinds of intermediate calculations to reduce
repeat computations have to be developed. Web mining is often computationally expensive, thus efforts to

maximize efficiency are important.

4.2 Under-utilization of Domain Knowledge Repositories

Businesses have long made use of domain knowledge repositories to store information about business processes,
policies, and projects, and if they are utilized in a Web mining setting, it becomes ever-more paramount to
manage it. For instance, corporate intranets provide a wealth of information that is useful in expert-oriented
recommendations (e.g. customer service) and duplication reduction, but the repository itself must be up-to-date
and properly maintained from time to time. One of the best ways to ensure an intranet’s “freshness” is to
maintain it with a content management system (CMS) allowing non-professionals to update the Website and

distributing the responsibility to internal stakeholders.

4.3 Under-utilization of Web log data

Most companies keep track of Web browsing behaviour of employees by collecting Web logs mostly for
security purposes. However, as seen from previous successful applications of Web mining techniques on such

kinds of data, companies could utilize this information to better serve their employees. For example, one of the
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key issues that is usually dealt by human resources department is to keep employees motivated and retain them.
A common approach is to offer perks and bonuses in various forms to satisfy the employee. However, most
policies are ‘corporate-centric’ and are not geared towards ‘employee-centric’. With the advance of Web mining
techniques, it is now possible to understand employees’ interests in a better way. Two kinds of techniques can
be employed. First, is to mine the behaviour of employees in company policy and benefits Website, in order to
understand what employees are looking for. For example, employees browsing retirement benefits related
Website, could be offered a better retirement package. Other examples include, tuition waiver for employees
looking on pursuing professional development course, or a travel package deal to an employee who has shown
interest in travelling. A different dimension is to use trend analysis to see what’s new and popular in market,
such as a new mp3 player, and offer perks in form of such as products. Ofcourse, a key issue in such kind of
techniques is privacy. Privacy preserving data mining is a currently a hot area of research. Also, it has been
studied and shown from examples such as Amazon that people are willing to compromise a certain level of

privacy to gain the benefits offered.

5 Looking Ahead: The Future of Web Mining in Business

We believe that the future of Web mining is entwined with the emerging needs of businesses, and the
development of techniques fuelled by the recognition of gaps or areas of improvement in existing techniques.
This section examines what is on the horizon for Web mining, the nascent areas currently under research, and

how they can help in a business computing setting.

5.1 Microformats

It is very important to not only to present the right content on a Web site, but also in the right format. For
example, a first step in formatting for the Web was the use of <HTML> to give the browser’s ability to parse
and present text in a more readable and presentable format. However, researchers soon developed formats with

higher semantics and presentability, e.g. XML and CSS, for efficient processing of content and extracting useful
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information. XML is used to store data in formats such that automatic processing can be done to extract
meaningful information (not just for presenting it in a Website). Today, the trend is moving more towards
“micro-formats” which capture the best of XML and CSS. Microformats are design principles for formats and
not another new language. They provide a way of thinking about data, which will provide humans a better
understanding of the data. They are currently widely used in Websites such as blogs. With such new structured
data, there arises need for NLP and Web content mining techniques such as data extraction, information
integration, knowledge synthesis, template detection and page-segmentation. This leads to the suggestion for the
corporate businesses to decide on right kind of format to best utilize the data for processing, analysis and

presentation.

5.2 Mining and Incorporating Sentiments

Even though automated conceptual discovery from text is still relatively new, difficult, and imperfect, accurately
connecting that knowledge to sentiment information — how someone feels about something — is even harder.
Natural language processing techniques, melded with Web mining, hold great promise in this area. To
understand how someone feels about a particular product, brand, or initiative, and to project that level of
understanding across all customers would give the business a more accurate representation of what customers
think to date. Applied to the Web, one could think of an application that collects such topic/sentiment
information from the Internet, and returns that information to a business. Accomplishing this would open up

many marketing possibilities.

5.3 eCRM to pCRM

Traditionally, brick-and-mortar stores have been organized in a product-oriented manner, with aisles for various
product categories. However, success of online e-CRM initiatives in the on-line world in building customer
loyalty is not hidden from CRM practitioners in the physical world, which we refer to as p-CRM for clarity in

this chapter. Additionally, the significance of physical stores has motivated a number of online businesses to
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open physical stores to serve “real people” (Earle 2005). Many businesses have also moved from running their
online and physical stores separately to integrating both, in order to better serve their customers (Stuart 2000).
Carp (2001) points out that although the online presence of a business does affect its physical division of its
business, people still find entertainment value in shopping in malls and other physical stores. Finally, people
prefer to get a feel of products before purchase, and hence prefer to go out to shop instead of shopping online.
From these observations, it is evident that physical stores will continue to be the preferred means of conducting
consumer commerce for quite some time. However, margins will be under pressure as they must adopt to
compete with online stores. These observations led us to posit the following in our previous study (Mane et al
2005b):
“Given that detailed knowledge of an individual customer’s habits can provide insight into his/her
preferences and psychology, which can be used to develop a much higher level of trust in a customer-
vendor relationship, the time is ripe for revisiting p-CRM to see what lessons learned from e-CRM are
applicable.”
Till recently, a significant roadblock in achieving this vision has been the ability to collect and analyze detailed
customer data in the physical world, as Underhill’s seminal study (Underhill 1999) showed, both from cost and
customer sensitivity perspectives. With advancements in pervasive computing technologies such as mobile
Internet access, third-generation wireless communication, RFIDs, handheld devices and Bluetooth; there has
been a significant increase in the ability to collect detailed customer data. This raises the possibility of bringing
e-CRM style real-time, personalized, customer relationship functions to the physical world. For a more detailed

study on this , refer to our previous work (Mane et al 2005b)

5.4 Other directions
We have mentioned some of the key issues that should be noted by businesses as they proceed to adopt Web
mining techniques to improve the business intelligence. However, as claimed our earlier, this by no means is an

exhaustive list. There are various other issues that need to be addressed from technical perspective of Web
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mining to determine necessary framework to make these techniques applicable in businesses. For example, there
are host of open areas of research in Web mining techniques, such as extraction of structured data from
unstructured data or ranking of Web pages integrating the semantic relationship within documents and
sentiments of the users. Also, businesses have to focus on the kind of data that needs to be collected for use of
Web usage mining techniques to be effective. Designing the framework of Website plays a crucial role in
deciding what kind of data can be collected. For example, one viewpoint is that pages with Flash, though are
very attractive, are more of broadcast nature and do not explicitly collect information about customer’s interests.
However, recent technologies such as AJAX, involve increased customer interaction, which not only allows

corporations to collect data, but also gives the customer a ‘sense of control’ leading to better satisfaction.

6 Conclusion

This chapter examines how technology, such as Web mining, can aid businesses in gaining an extra information
and intelligence. We provide an introduction to Web mining and the various techniques associated with it. We
briefly update the reader with state-of-art research in this area. Later, we show how these class of techniques can
be effectively used to aid various business functions. We provide example applications to illustrate the use of
Web mining techniques to aid in certain areas of business functions. These examples provide the evidence of
success and the potential of Web mining for business intelligence. Finally, we point out the gaps in existing
technologies and certain future directions that should be of interest to the business community at large. In doing
so, we also note that we have intentionally left out the technical directions of future work, with the view of the

target audience.
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