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RÉSUMÉ 

Le Web Mining (WM) reste une teclmologie relativement méconnue. Toutefois, si elle est 
utilisée adéquatement, elle s'avère être d'une grande utilité pour l'identification des 
profils et des comportements des clients prospects et existants, dans un contexte intemet. 
Les avancées techniques du WM améliorent grandement le volet analytique de la Gestion 
de la Relation Client (GRC). Cette étude suit une approche exploratoire afin de 
déterminer si le WM atteint, à lui seul, tous les objectifs fondamentaux de la GRC, ou le 
cas échéant, devrait être utilisé de manière conjointe avec la recherche marketing 
traditionnelle et les méthodes classiques de la GRC analytique (GRCa) pom optim.iser la 
GRC, et de fait le marketing, dans un contexte intemet. La connaissance obtenue par le 
WM peut ensuite être administrée au sein de 1' organisation dans un cadre de Gestion de la 
Connaissance (GC), afin d'optimiser les relations avec les clients nouveaux et/ou 
existants, améliorer lem expérience client et ultimement, lem fomnir de la meilleme 
valeur. Dans un cadre de recherche exploratoire, des entrevues semi -structurés et en 
profondem furent menées afin d'obtenir le point de vue de plusieurs experts en (web) 
data rnining. L'étude révéla que le WM est bien approprié pom segmenter les clients 
prospects et existants, pom comprendre les compo1iements transactionnels en ligne des 
clients existants et prospects, ainsi que pom déterminer le statut de loyauté (ou de 
défection) des clients existants. Il est à constitue, à ce titre, un outil d'une redoutable 
efficacité prédictive par le biais de la classification et de l'estimation, mais aussi 
descriptive par le biais de la segmentation et de l'association. En revanche, le WM est 
moins performant dans la compréhension des dimensions sous-jacentes, moins évidentes 
du comportement client. L'utilisation du WM est moins appropriée pom remplir des 
objectifs liés à la · description de la manière dont les clients existants ou prospects 
développent loyauté, satisfaction, défection ou attachement envers une enseigne sm 
internet. Cet exercice est d'autant plus difficile que la communication multicanale dans 
laquelle évoluent les consommateurs a une f01ie influence sur les relations qu'ils 
développent avec une marque. Ainsi le comportement en ligne ne serait qu'une 
transposition ou tout du moins une extension du comportement du consommatem lorsqu'il 
n'est pas en ligne. Le WM est également un outil relativement incomplet pom identifier le 
développement de la défection vers et depuis les concurrents ainsi que le 
développement de la loyauté envers ces derniers. Le WM nécessite toujoms d'être 
complété par la recherche marketing traditionnelle afin d'atteindre ces objectives 
plus difficiles mais essentiels de la GRCa. Finalement, les conclusions de cette 
recherché sont principalement dirigées à l'encontre des fi1mes et des gestionnaires plus 
que du côté des clients-internautes, car ces premiers plus que ces derniers possèdent les 
ressources et les processus pom mettre en œuvre les projets de recherche en WM décrits. 

Mots-clés 

WEB MINING, GESTION DE LA CONNAISSANCE, GESTION DE LA RELATION 

CLIENT, DONNÉES INTERNET, COMPORTEMENT DU CONSOMMATEUR, 

FORAGE DE DONNÉES, CONNAISSANCE DU CONSOMMATEUR 
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ABSTRACT 

Web Mining (WM), remains a relatively unknown teclmology. However, if used 
appropriately, it can be of great use to the identification of existing or prospective 
customers' profiles and behaviours online. The recent technical advances in the 
field of Web-Mining enhance tremendously the analytical side of Customer Relationship 
Management (CRM), which is still usually related to a simple transactional function. This 
study, follows an exploratory approach to assess whether Web-Mining fulfills, alone, ali 
the core objectives of CRM and thus should be used in conjunction with traditional 
marketing research and other classic aCRM methods to optimize CRM, and bence 
marketing, in a web context. WM-derivated knowledge can then be managed within the 
company in a Knowledge Management (KM) framework, in order to optimize 
relationships with new and/or existing customers, improve their customer experience 
and ultimately deliver greater value to customers. Following an exploratory research 
design type, severa! in-depth semi-structured interviews were oonducted in order to 
get the insight of se veral (web) data mining expe1is. The study revealed th at web­
mining is very well suited to profile existing and prospective web customers, to 
understand transactional web behaviour(s) (navigation patterns, amount of purchases by 
week, by month, by region, cross-selling and up-selling oppmiunities, etc.) of existing 
and prospective customers and to determine loyalty (or defection) statuses of existing web 
customers. Therefore, web-mining is a tremendous efficient predictive tool via the wide 
array of classification and estimation potentialities that it offers. It is also a formidable 
efficient descriptive tool since it offers a plethora of clustering/segmenting as well as 
association potentialities . Nevertheless, Web-Mining does not well in understanding the 
less obvious and underlying dimensions of customer behaviour, the is for instance 
describing how existing or prospective customers develop satisfaction, loyalty, defection 
and attachment on the web. Also, W eb-Mining is relatively weak a tool to identify 
defection patterns to and from competitors as well as loyalty patterns towards them. Web­
Mining still needs to be complemented with traditional marketing research in order to 
reach those more difficult but essential objectives of aCRM. Eventually, the 
conclusions of this piece of research are mainly aimed at companies and managers' 
intention, because they more than the client have the resources and processes to implement 
the discussed Web-Mining research projects. 

Keywords 

WEB MINING, KNOWLEDGE MANAGEMENT, CUSTOMER RELATIONSHIP 
MANAGEMENT, WEB DATA, CUSTOMER BEHAVIOR, DATA MINING, 
CUSTOMER KNOWLEDGE. 
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INTRODUCTION 

Web~Mining (WM) techniques have been developed in arder to analyze massive quantities of 

data and information spread through the internet. However, WM remains a mysterious, 

almost occult field for any neophyte. In the popular imagination it is often perceived as an 

entanglement of algorithms, artificial intelligence, machine learning and sophisticated 

statistics from which, one does not always grasp the depth and scope but finds it useful to 

discover "a diamond in a coal pile" 1
• Paradoxically, in an increasingly rationalized world, 

technology appears as a blue chip. WM is, therefore, appealing because since it is so complex 

and cabbalistic it must necessarily be a reliable method to obtain relevant results. Data­

Mining (DM) and hence, WM would be a kind of recipe which extrac ts totally new, ready-to­

use knowledge from databases. WM is, however, simultaneously a gold mine and a 

minefield, depending on how the organization implements it. 

According to Shaw et al. (200 1 ), marketing depends more and more on the web for customer 

data. Meanwhile, businesses tend to rely heav ily on integrated processes which manage every 

aspect of customer relationships, such as Customer Relationship Management (CRM) 

systems. As such, WM needs to be considered as a fundamental part of the CRM issue. WM 

techniques offer undoubtedly technical advantages, cheap shortcuts and effective heuristics 

where costly marketing research deviees would have been required or impossible to 

implement. Bes ides, traditional research methods are becoming increasingly more difficult to 

administer (Mihai, 2009). Surveys are perceived as being too long to complete, incurring 

high amounts of errors and biases that arise before, during and after the sampling and 

fieldwork processes. Surveys are also relatively loosely given the many adjustments and 

weightings required to obtain sound data (Kotler & Keller, 2006; Malhotra, 2010). This is a 

serious drawback, especially in a hypercompetitive soc io-economic context, where time is 

mo ney and any waste of ti me is a waste of mo ney (Déry, 201 0) . As Winston Churchill said, 

"poils are the worst way of measuring public opinion except for ali the others". 

Instead, WM focuses on data generated in real-life situations, which is very close to the 

observation techniques used in primary marketing research. When applying WM, individuals 

1 SAS website: <http://www.sas.com/> 
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are generally unaware of the fact that the data they generate on the web will be used for 

analytical purposes, which decreases thus the risk of biases (social desirability, etc.) that may 

arise in experimental contexts. WM techniques offer a unique alternative. They avoid the 

hassle of primary research processes (Mihai, 2009 and "handle large, complete, integer, 

reliable, cheap data in a time-effective manner, by generating refined knowledge from gross 

data". They may even leverage information that n:ùght not have been obtained with 

traditional primary research, the "holy grail" of hidden information. As such, WM is a 

valuable component of the marketing research process and of the broader Knowledge 

Management (KM) framework. 

The organization is a living organism in constant interaction with its environment and it 

needs to adapt to contextual trends and changes that occur in the environment (Rothschild, 

1990; Kauffmann & Shapiro, 2001). Business will increasingly be done over the internet. 

Now is the time for organizations whose business models are not 100% web-based, to shift 

from their traditional view of the web being a rninor complement to their sales to that of 

considering the web as a crucial distribution channel just like the others, if not more 

importantly, depending on the business' industry, products and/or services sold. In that 

respect, acquiring knowledge from, about and for consumers as well as savvy knowledge 

dissen:ùnation throughout the multiple organizational layers, in a highly efficient Knowledge 

Management perspective, is a prerequisite for becon:ùng web-based sales champions. Along 

with, or in place of traditional marketing research, WM would be an ideal candidate to be 

used in a knowledge-enabled customer relationship management framework. Development, 

extraction, interpretation, dissemination and usage of such knowledge should, in fact, be done 

in a KM framework for optimizing returns. 

However, despite all the advantages of WM for increasing web-based sales, WM still suffers 

from many drawbacks especially at the operational leve!. In addition, it needs to be further 

integrated into the CRM applet of the marketing function as weil as into the KM framework 

of the entire organization. Companies that adopt market-oriented strategies to better compete 

on the global marketplace, need to assess objectively and critically the benefits of the WM 

methods and techniques and their utility as inputs of the organizational decision-making 

process . The whole challenge for organizations is to be able to diffuse and disseminate 

--------------------------- -------- ------- -----------
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efficiently the information derived from WM by being holistically integrated to the aCRM 

applet of CRM systems and to KM systems. Ultimately, as long as organizational culture 

(software) is consistent with organizational structure (hardware) (Allaire & Firsirotou, 1984), 

a cutting edge competitive advantage may be developed with such use of WM. 

The purpose of this research is to ana1yze the benefits of WM methods and techniques on the 

analytical CRM (aCRM) applet of the marketing function, in the framework of a Knowledge 

Management (KM) perspective. More specifically, it seeks to understand how WM might be 

optima lly integrated to the blended aCRM and KM framework to leverage insightful 

knowledge about existing and prospective web customers who interact with online 

businesses. 

The first part consists of a thorough rev iew of the relevant literature relating primarily to the 

concept of WM and aCRM integrated into the KM framework. The derived spec if ie 

conceptual framework will be comprised of the research propositions to which this piece of 

research aims at providing insightful answers. The second part describes the research 

methodology co mprised of the research design and data gathering processes. The fourth part 

discusses the results of the research process and the fifth part presents the academie and 

managerial implications of the findings. The conclusion closes the research project and 

provides limitations as weil as directions for future research on the application of WM to the 

marketing domain . 

ENVIRONMENT AL CONTEXT 

Past information and projections 

WM is both about internet and Data-Mining (DM). Internet was developed to enable simple 

access to static data. However, this initial conception evolved rapidly toward an on-demand, 

dynamic point-of-access to multimedia resources (catalogues, products), a concept which is 

heavi1 y used for commercial purposes (Bazsalicza & Naim, 200 1). Internet penetration 

reaches 77% in Canada (CEFRIO, 2011 ). From 2010 to 201 5, in the Canadian economy only, 

retai l commerce spending (from do mestic and fore ign sites) will increase by 87% reaching 
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CAD 30.9 billion2
. Online shoppers aged 16 or more, who browsed, researched or compared 

products on the internet but have not necessarily bought them online, will represent 86.3% of 

internet users aged 16 or more, in 2015 (80.7% in 2010i. Online buyers aged 16 or more, 

who have made at !east one purchase online will represent 68 .9% of internet users aged 16 or 

more, in 2015 (52.7% in 2010t In 2015, on1ine buyers in Canada will spend, on average, 

CAD 1,928 per annum, a 7.1% increase from 20105
. It seems that from the customer' s 

perspective, this is a stmctural shift and not merely a conjectural hype. The first interaction 

with a company will increasingly be done over the internet. The customer relationship moves 

irresistibly toward a digitallevel. 

This may be a drawback because of the lack of human interaction, linlited product selection, 

reservations about buying products sight unseen or high shipping costs. However, such an 

evolution may also be an opportunity since it is possible to offer entirely personalized 

contents (morphing), unique products and services, free shipping, flexible exchange and 

returns policies, multichannel convenience and superior customer service according to web 

users' profiles6
. Not to mention the infinite possibilities offered by Augmented Reality (AR)7 

settings online. Also, the profile and behavior of web customers and shoppers can be 

analyzed into details with visitors' browsing traces. Here is where data-mining (DM) cornes 

into play. DM roots are traced back along three major fanlily !ines: classical statistics 

(univariate and multivariate data analyses), Artificial Intelligence (AI) (application of human­

thought-like processing to statistica1 problems by using Relational Database Management 

Systems, as opposed to statistics), and Machine Learning (ML) techniques applied to 

business applications, by !etting computers leam about the data they study (blending of the 

2 Retail Ecommerce Spending in Canada, 2009-2015 , eMarketer February 2011 (retrieved on 1-5-
2011). 
3 Ibid. 
4 Ibid. 
5 Ibid. 
6 Canada Retail eCommerce Forecast: Measured Growth Ahead, 2009-2015, eMarketer February 2011 
(retrieved on 16-5-2011). 
7 Augmented Reality is a live, (in)direct view of a physical , real-world envirorunent whose elements 
are augmented by computer-generated sensory input such as sound, video, graphies or GPS data (a 
view ofreality is modified by a computer). 



-- - ---

6 

AI heuristics with advanced statistical analysis)8
. DM unifies historical and recent 

developments in machine learning, AI and statistics, to discover previously unknown patterns 

from large data sets. DM complements and even surpasses conventional research. In 2008, 

35% of marketers found DM to be the most important marketing research technique to pay 

attention to. This proportion jumped to 43% in 2009 and is expected to grow for the next 

decades9
. DM is also the technique that marketers use most often. 59% of the m used it 

regularly in 2009 and 16% would like to use it in the near future 10
• WM is the refore the 

unique junction between the internet/e-commerce boom and the highly dynamic DM field. 

Resources and constrains 

The World Wide Web is a large and ever-growing database, which is a fertile area for WM 

research (Van Wei & Royakkers, 2004). In the framework of CRM, mining (frequent) 

patterns from large, unstructured and heterogeneo us data streams constitutes c hallenging 

problems for a wide range of online applications e.g. retail chain data, network traffi c, click­

stream, telecommunication data, e-business or stoc k data analys is (Tanbeer et al. , 2009) . 

WM also requires whole website reconfigurations due to ill -structured designs. There are 

budgetary costs assoc iated with such practices as weil as maintenance times shutting down 

the website for unknown periods of time (M ihai, 2009). Consequently, website traffi c, e ­

commerce activities, business image and hence profitability may suffer from WM activities. 

Besides, integrat ing WM procedures and techniques does not ultimate ly guarantee the 

discovery of re levant patterns in the data. There are many constrains that arise during the 

WM process. In practice, whenever the quality of the data is bad, the whole WM process is 

void (Rafea & EI-Beltagy, 2006). Al so, only a small portion of the information on the web is 

truly relevant and useful (Sivaramakrishnan & Balakrishnan, 2009). There is a huge job of 

sifting through the data involved with WM. It is time-consuming and may not necessarily 

yield the expected re turns. Another cri tical problem of WM relates to the difficulty of 

8 A brief history of Data-Mining: < http://www.data-mining-software.com/data mining history.htm> 
(retrieved on 1-5-20 li) . 
9 Marketi ng Executives Networki ng Group (MENG), "MENG Marketing Trends Report 2009", 
January 5, 2009 (retrieved on 1-5-20 11 ). 
10 Next Gen Market Research Group (NGMR), "NGMR MR Trends Survey I", January 7, 20 10 
(retrieved on 1-5-20 Il ). · 
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identifying users since two users can use the same computer, the same browser, the same IP 

(Internet Protocol) address and look at similar sets of pages, making it hard to analyze the 

behavior of one single user (Mihai, 2009). 

WM entails also a whole set of normative issues relating to the protection of privacy and 

individuality (Wahlstrom et al., 2010; Van Wel & Royakkers, 2004). The data may also be 

used for other pm·poses than those for which they were originally intended to (Adams, 2009) . 

This raises serious ethical problems. Also, WM techniques are not self-sufficient. They will 

always require experts who can develop, implement WM projects and translate outputs into 

managerial terms. 

Consumer behavior 

WM is concerned with the discovery of patterns and trends in web visitors' online behaviors . 

The term "internet users" refers to those individuals who have access to the internet and who 

navigate on it for all sorts of pm-poses. Web users utilize the internet for sending messages, 

looking for information, participating in social networks, watching videos or listening to 

music (Baeza-Yates, 2009). In Canada, consumers were more willing to buy online in most 

product and service categories in 2009 than two years ago. The leading products purchased 

online by online buyers include travel services and arrangements, books/magazines/online 

newspapers, Clothing/jewelry/accessories or music 11
• For all product categories, web us ers 

use primarily the internet for researching items. Purchasing items comes in the second 

place 12
• Internet is, therefore, an important infonnation source for web users . Also, people 

become more comfortable and accept it culturally to buy products they were usually reluctant 

to purchase online such as home electronics, apparel, luxury items and even bulky packaged 

goods such as diapers or cosme tics 13
. Besides, group buying sites such as Groupon, mobile 

shopping, free online shipping offers (Ali Azaria's Well.ca) have also attracted more low-

and middle-income consumers who discover e-commerce's convenience, lower priees and 

11 Statistics Canada, « Canadian Internet Use Survey 2009", as cited in press release Sept.27, 2010 
(retrieved on 16-05-2011) 
12Aegis Mdeia, Vizeum and Carat Canada, "Consumer Connection Study (CCS", by Toluna, NOV.24 
2010 (retrieved on 16-05-2011). 
13 Canada Retail Econunerce Forecast: Measured Growth Ahead, 2009-2015, eMarketer February 
2011 (retrieved on 16-5-2011). 



8 

broader product selection 14
. This precludes good prospects for a thorough increase of e­

commerce, which will inflate the volume of web data available to web-based or web­

extended businesses for WM purposes. 

Legal environment 

Intrinsic applications of WM practices, i.e., behavioral targe ting, geographie targeting, etc., 

are subject to a certain amount of criticism and objections because they vio late ethical 

standards to various extents (Beates, 201 0). WM may threaten such values as people ' s 

privacy or " the quality or condition of being secluded from the presence or view of others" 

(Vedder, 1999). WM may also threaten a strong Western value, individuality, or " the quality 

of being an individual ; a human being regarded as a unique personality" (Van Wei & 

Royakkers, 2004). By the action of pressure groups such as consumer associations or lobbies, 

the authorities are led to develop legislations that limit abuses in web analytics practices. In 

the US, Congress is considering restrictive regulation to limit the use of information gleaned 

about people through their online information and behavior, by marketers 15
• Back in 1980, 

the OECD (Organization for Economie Cooperation Development) had already formulated 

sorne internationally accepted principles regarding the collection, use and unveiling of 

persona! data 16
• In Europe, the OECD guidelines correspond to the European Directive 

95/46/EC of the European Parliament (Council of 24 October 1995), and every European 

Union member state has to implement these basic guidelines in their national laws (Van Wei 

& Royakkers, 2004). Online data collection is increasingly scrutinized by governmental 

entities which discuss with panelists about the fact that advances in marketing targeting 

require more persona! information (Learmonth, 20 10). With regards to individuality, WM 

can lead to "de-individualization, which is defined as the tendency to judge and treat people 

on the basis of group characteristics instead of their own individual characteristics and 

14 Ibid. 
15 Learmo nth, M. (20 1 0). Ro ly Grail of Targeting is Fuel for Privacy Battle, Advertising Age, vol. 8 1, 
issue 12: 
<http://www.allbusiness.com/marketing-advertising/marketing-advertising/ 141 83750-l.html> 
(retrieved on 23-3-20 Il ). 
16 An on-li ne version can be found on: <http://www.oecd.org/dsti/sti/it/secur/prod/PRIV -EN.HTM> 
(retrieved on 23-3-20 Il ). 
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merits" (Vedder, 1999). Privacy concems should be handled now so that they do not grow 

bigger and lead to government regulation (Learmonth, 2010). 

Economie environment 

During the 1990s the focus bas shifted from competition as developed by Porter, Juran, 

Deming, Co vey or Quinn, to management techniques and organizations redesign. W e are still 

witnessing the aftermath of strategie refocusing (Hamel & Pralahad, 1994), reengineering 

(Hammer & Champy, 1993) or restructming (Goshal & Bartlett, 1997). The competitive 

heritage from the 70s-80s is also still very vivid and leads companies to become "adaptive", 

"agile", "lean", "co-opetitive" "cooperative" or "strategically aligned", to stay in tune with 

and to answer to environmental trends and shifts. In addition, the digital revolution calls 

irresistibly for a digital adaptation of increasingly more digitalized business models. This 

evolution leads to a hypermodem management where strategie and logistic problems arise in 

order to serve volatile, fragmented, globalized and socially-sensitive hyper-customers (Déry, 

2010). The global economie context bas turned into a hypercompetitive arena in which most 

westem markets are becoming fragmented into multiple micro-segments where the levet of 

targeting can become as low as that of the individual and converges toward hyper­

specialization (Bousquet et al., 2007). E-commerce offers unique opportunities in that 

respect. It enables mass customization for targeted sales and marketing through particle or 

one-to-one marketing (Kotler & Keller, 2006). To develop efficient e-tailorized marketing 

activities, business es need to be full y aware of aU their customers' aspects. Traditional 

marketing research has usually been and still is critical for efficient and effective studies on 

consumer behavior. But technological progresses have made it possible to analyze these 

behaviors as they take place on the spot, in digital contexts (the intemet). 

Marketing and technological competences 

The integrated, accurate and systematic study of consumers has been enhanced by the 

emergence of automated Management and Marketing Information Systems (MIS) 17 which 

17 For an introduction to Marketing Information Systems see Chapter 4: Marketing Information 
Systems and Marketing Research", pp.94-117 of the book Marketing Management by Kotler, P. 
(1991). 
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dashboard the information of the organization into a holistic perspective and enable Database 

Marketing practièes. In addition to operationa1 databases, marketing databases deal 

specifically with mode! scores (e.g. balanced scorecards), appended data, Recency­

Frequency-Monetary method (RFM -method), Customer Lifetime Value (CLV), promotions, 

responses, surveys and preferences 18
• 

Increased capacities in computer technology, computation means , database warehousing, and 

the constant progresses in the ana1ysis of very large datasets have made Knowledge 

Discovery in the Database (KDD) very popular amongst marketing research departments 

(Adams, 2009). KDD enables the usage of Data-Mining (DM), the "non-trivial process of 

identifying valid, novel, potentially useful and ultimately understandable patterns in data" (al­

Fayyad, 1996). DM has become a must at the top of organizational Business Intelligence (BD 

architectures 19
• WM is an extension of the initial DM field, embedded into a KDD 

framework, which is itself a procedure for obtaining BI. In a BI mode l, data is transformed 

into information, wh ich gives rise to organizational knowledge, which is acquired and 

disseminated through the organization by means of Knowledge Management (KM), acting as 

a powerful platform for tactical and strategie decision -making purposes (Ranjan & 

Bhatnagar, 2011). 

Sin ce the mid-1990s, better prospects for DM in market research relate to new technology, 

specifically the internet, which includes analyzing WWW traffic and click-stream data, e­

commerce and search marketing (Chiu & Tavella, 2008; 01tega & Aguillo, 2009). Marketers 

are then able to measure return on marketing investments (from web campaigns), develop 

web personalization, etc. To enhance customer service and relationships with key 

stakeholders, e-commerce is thus increasingly bundled with other organizational legacy 

systems such as CRM and the like, technologically-underpinned by KM and which tighten 

18 The practice of Database Marketing is fully developed in Hugues (2005). Strategie Database 
Marketing: 
<http://books.google.ca/books?hl=fr&lr=&id=Ws cBzKDk8MC&oi=fnd&pg=PR7&dq=strategic+da 
1 
abase+marketing+hugues&ots=TgCYjSUN4I&sig= 1 G7h6Z7uLH vHCsH 1 j rsrcao YJfc#v=onepage&g 
&f=false> (retrieved on 23-3-20 Il) . 
19 A thorough review of Business Intelligence systems, knowledge management and Enterprise 
Systems (ES) can be fou nd in Turban et al. (20 1 0). Decision Support and Business Intelligence 
Systems. Prentice Hall Press. 
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interdepartmental linkages and operations into BI meta-structures20
. This enables the 

implementation of a (holistic) marketing concept as developed by Kotler and Keller (2006), 

integrating the marketing function organization-wide by means of IT deployment. It will be 

of utmost interest to analyze how integrating WM in such structures leverages critical 

business knowledge and creates, ultimately, an inimitable competitive advantage. 

To perform WM, access to online information and analytics software is a prerequisite. 

According to a review by the KDnuggets, popular software include SPSS WM Clementine, 

which enables the user "to extract web events, including online campaign results , and to use 

this online behavior in Clementine's predictive modeling environment". SAS' Webhound on 

the other hand "analyzes web site traffic to answer questions like: who is visiting; how long 

do they stay? What are they looking at?". Megaputer PolyAnalyst integrates WM together 

with data and text mining because it does not have a separate module for WM demonstrated, 

while ClickTracks is a web metric tool that makes online behavior visible by showing 

information in context to the user (Zhang & Segall, 2008). Free and/or open-source software 

include Analog or ht://Miner21
• 

Besides technical and technological gear, WM reqmres also mastering standard and 

sophisticated statistical teclmiques and procedures, especially those relating to DM (Machine 

Learning, Artificial Intelligence, etc.), to design appropriate WM procedures and interpret 

results adequately. The statistics-savvy expert must also possess knowledge of Data 

Warehousing (DW) and Information Systems (IS) in order to be able to Extract, Transform 

and Load (ETL model of BI) the data from their respective databases for exploratory and 

analytical purposes. Finally, a certain leve! of expertise with WM software is also required. 

Although decision-making based on WM outputs is generally made by top executives, the 

knowledge derived from WM should ideally be accessible to all relevant employees 

throughout the organization. In practice, it is very rare that one unique persan possesses aU 

those requirements. Rather, severa! people from different departments are generally gathered 

into cross-functional teams for a WM project. 

20 Sandeep Walia (2008), CRM and e-commerce the integration 
http ://www.crmbuyer.com/story/641 03.html> (retrieved on 23-3-2011 ). 
21 For an exhaustive review of ail the WM softwares available see 
http ://www.kdnuggets.com/software/web-mining.html (retrieved on 23-3-20 11). 
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CHAPTERI 

CONCEPTUALIZATION OF WEB-MINING 

1.1. From Data-Mining (DM) to Web-Mining (WM) 

DM is « the analys is of (often large) observational data sets to find unsuspected re lat ionships 

and to summarize the data in novel ways that are both understandable and useful to the data 

owner » (Witten & Frank, 2005). DM is a mature technology suitable for a variety of primary 

and secondary analys is tasks on large data sets, espec ially in Customer Relationship 

Manageme nt (CRM) (Adams, 2009). WM is the application of DM methods and techniques 

to data that originate from the web. 

In that respect, performing DM on the web enta ils slight differences co mpared to offline DM. 

The web data are inherently different from standardized data issued from data warehouses 

and data marts. They are log fi les (standard, cookies, spec ifie), content about clients, about 

transactions, pre-defined rules (ontology base) and hyperlinks (web architecture) . Their 

diss imilarity in nature and structure - sorne of them are qualitative and nominal, white others 

are quantitative and metric, discrete or continuous - make them a vast heterogeneous whole 

with little communalities to start with, and which requires tremendo us pre-process ing and 

cleansing to perform patterns discovery and analysis on a normalized scale. Secondly, the 

actions to be taken are individual in nature, because it is sought to personalize and customize 

the web relationship to each individual web visitor. 

Therefore, when applied to the marke ting science, WM seeks primarily to optimize the 

" internet relationship" (Bazsalicza & Naim, 2001 ) which is divided into severa! steps: 

entering the web site, surfing on the web site, choosing (pages, products, links, etc.), buying, 
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informing, returning to the web sites. Improving each of these steps reqUires usmg the 

appropriate type of data and analysis to obtain the desired output and use that output to 

improve the internet relationship step which is sought to be optimized. According to 

Bazsalicza and Naim (2001), the web experience becomes thus personalized and adaptive to 

end us ers to these steps of the internet relationship by: 

)> Identifying market segments and identifying the attributes of high value prospects 

)> Identifying key attributes of web clients for each product 

)> Selecting promotion strategies best suited to one particular web customer segment 

)> Improving web customers targeting 

)> Testing and identifying marketing actions having the most important impact 

)> Identifying customers most likely to be interested by new products 

)> Identifying best prospects online for a service 

)> Improving products cross-selling and up-selling on a web site 

> Reducing costs and improving quality of contacts with customers 

)> Identifying the reasons of a churn or attrition and improve customer loyalty and 

retention 

)> Maxirnizing the impact of online advertising 

Input formats ofWM consist typically of intra-site and inter-site traffic data such as log files 

for global analyses (many users' browsing information on one or more websites), cookies for 

individual analysis (one user's browsing behavior on one or more website) and personal 

identification info1mation for personal analysis (one user's browsing behavior on one specifie 

site); transactional data (purchases, etc.); Information Systems data which may come from 

offline sources (ERP, etc.); or various other content data such as emails, registration data, 

images, videos, etc. These formats support data from different nature such as Recency 

Monetary Frequency or RFM -values ( cross-tabulating recency of the last purchase in the 

period studied with the fi-equency of purchases in that period and examining the distribution 

of purchases in each intersection), profitability or economie value (difference between profits 

from a customer, segment, market, etc. and all the costs incurred to generate those profits) , 

lifetime values (updated net value - including all the "predictives" such as propensity, 
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attrition, risk, etc. - of the expected future financial transactions with a customer, segment, 

market, etc.), data on products and contracts (numbers, mean product life, etc.), channel 

(preferred channel for ordering, etc.), relational data (interactions with the online business) 

attitudinal data (customer loyalty patterns), psychographic data (lifestyle, personality, values, 

risk aversion, knowledge, focus of interest, opinions and behavior, social styles), technical 

data (type of customer, payer status, etc.), sociodemographic or geographie data (Tufféry, 

2011). 

Outputs of WM consist of reports, segments, ready-to-use models, intelligent rules or direct 

recommendations for actions (Chiu & Tavella, 2008). They can be used for re-designing web 

site(s) (reorganization), enriching the database(s) with models to generate personalized 

contents according to a segment or score and integrating models into the database directly. 

Enriching the database requires to perform regularly batch analyses. However, integrating the 

model directly to the website, i.e., to the application server, enables to apply the model in a 

real-time fashion to any new web user which saves time and costs (Bazsalicza & Naim, 

200 1). WM has therefore become a critical element of the marketing research process 

because it provides useful market(ing) intelligence (Büchner et al., 1999). 

1.2. The Web-Mining branches 

The WM research area is a converging area from severa! research communities, such as 

Database (DB), Information Retrieval (IR)22
, Artificial Intelligence (AD23

, Machine Learning 

(ML) and Natural Language Processing (NLP)24 (Kosala & Blockeel, 2000). WM can be 

defined as the "whole of DM and related techniques that are used to automatically discover 

and extract information from web documents and services" (Cooley et al., 1997; Kosala & 

22 In their book "Introduction to Information Retrieval", Manning, Raghavan and Schütze (2008) 
define Information Retrieval (IR) as finding material (usually documents) of an unstructured nature 
(usually text) that satisfies an information need from within large collections (usually stored on 
computers). 
23 According to Poole, Mackworth and Goebel (1998), Artificial Intelligence (Al) is a branch of 
computer science that "studies and designs intelligent agents." 
24 Eugene Charniak ( 1984) defi nes NLP in his book "Introduction to Artificial Intel! igence" as the field 
of computer science and linguistics concerned with the interactions between computers and human 
(natural) languages. 
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Blockeel, 2000; Srivastava et al., 2000). WM can be divided into three mam categories 

(Madria et al., 1999): Web Content Mining (WCM), Web Usage Mining (WUM) and Web 

Structure Mining (WSM). The three WM categories, summarized in Figure 1, can be used in 

isolation or in combination in a specifie WM project, depending on the desired outcome. In 

contrast to content and structure data, web usage data is, however, not necessarily publicly 

available (Custers, 2001 ). The provider of access to web sites and the owner of the web sites 

visited by the user are in theory the only parties who are able to produce transaction logs 

(Van Wel & Royakkers, 2004). Web usage data is privately-owned and can neither be 

analyzed by agents (robots, spiders, etc.) or stored into databases, nor be purchased from 

third parties (tracking reports, psychographic surveys filled out, etc.). Each of these 

categories will be detailed below in more details. 

Field Branches 

Figure 1.1 The branches of Web-Mining and their respective types of approaches. 
(Adapted from Srivastava et al., 2000; Liu, 2011; Tufféry, 2011.) 
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1.2.1. Web Usage Mining (WUM) 

Beyond, mere review of web site statistics, reports, OLAP (On-Line Analytical Processing) 

results and visualization of counting software data, the huge amount of data stored in backup 

systems needs to be mined to improve a firm's profit (Clendaniel, 2002) . WUM is one of the 

most important approaches of WM in that respect. It aims at fulfilling the following tasks 

(Pabarskaite & Raudys, 2007; Tufféry, 2007): 

~ Reorganizing and optimizing the web site for fast and easy customer access 

~ Improving links and navigation pattems 

~ Attracting more advertisements capital by intelligent adverts 

~ Tuming viewers into customers by better site architecture 

~ Monitoring the efficiency of the web site 

WUM is a branch of WM that is concemed with the analysis of usage data, i .e. usage of how 

a web application is used (Pienakos et al., 2003). DM teclmiques are applied to the discovery 

of pattems based on web log data (Cho & Kim, 2004). WUM discovers the users' various 

access models by using the log files (web log data) , which register all the clicks by each user 

during a web application interaction (Liu, 2007). More specifically, the log file is a written 

text recorded on the server of a web site and in which a line is written for each new request 

(change of page, downloading of a file, etc.) of the web user (Tufféry, 2007). However, these 

log files can also be collected at the leve! of the client (client log), or a pro x y cache (pro x y 

log), but the nature and structure of these log files remains basically the same which means 

that they can be combined together after standardization and pre-processing procedures for 

common analyses (Srivastava et al., 2000). 

The major WUM approaches 

WM can be divided into three major approaches: global analyses, individual analyses and 

nominative analyses (Tufféry, 2007). The log files are very well-suited to overall analyses 

because they encompass general types of information. Sorne navigation information may be 
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useful although it is not possible to know to which web user to attach them i.e., knowing that 

40% of web users who visit page A also visit page B or that 20% of web users who visit page 

A immediately visit page C afterwards, does not enable organizations to clraw one-to-one 

marketing strategies. But, they allow them to optimize the navigation in their web site or 

allow them to put ad banners or links at the right spot in the web site (Tufféry, 2007). With 

global analysis, organizations can group the web pages by their content, but they can 

construct taxonomies of users, according to number of pages vis itee!, the files down loaded, 

etc., while matching those customer typologies with the customer databases of the business 

(Tufféry, 201 1). 

Global analyses 

ln typical global analyses, log files are used to record the user' s bchavior and how they 

interact with an application from the instant they access a site to the moment they leave the 

site (Vakali & Pallis, 2006). A site owner can actually sec what a web user is looking at 

(Khabaza, 2000). The Common Log Format (CLF) contains the IP addrcss of the client 

computer, the date and the time of the request, the type of request, the rcquestcd URL, the 

HTTP protocol, the retum code of the server as wei l as the s ize (in bits) of the envoy 

(Tufféry, 2011). An cxample of a CLF is dcpictcd below: 

130.5.48.74 [22/May/2006:12:16:57- 0100] "GET 

/content/index . htm HTTP/1.1" 200 1243 

This fragment of a log fi le, indicates a süccessfu l request (return code = 200) of down loading 

(GET) an item of 1243 bits, the 22nd of May 2006, at 12:16 with a time jetlag of -1 hour (-

0100) from the Greenwich Mean Time (GMT) measure. More claborated log formats include 

the Extended Log Format (XLF) and other formats for specifie web sites such as securitized 

web sites (Mihai, 2009). The XLF indicates also the "referrer" (the web page from which the 

web user originates), the "user agent" (the browser), the operating system, the user login 
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between the IP address and the date (if it 1s known, but generally it 1s not) and other 

parameters25
, as depicted below: 

130 . 5 . 48 . 74 - [22/May/2006 : 12 : 16 : 57 - 0100] 

" GET/content/news . htm HTTP/1.1" 200 4504 "/ content/index . htm" 

"Mozilla/4 . 0 (compatible; MSIE 6 . 0; Windows NT 5 . 1 ; SV1 )". 

In that case, the web user originated from the web page /content/index.htm with Internet 

Explorer 6.0 installed on Windows XP SP2 (Tufféry, 2007). 

The whole process of collecting log files is done with Information Retrieval (IR) (Kosala & 

Blockeel, 2000). Basic web analytics tools such as Google Analytics, Web Trends, and the 

like, monitor and record constantly data generated by web users on a web site. These data are 

presented in basic descriptive statistics, advanced counting techniques such as OLAP26
, other 

knowledge query mechanisms and intelligent agents (Cio et al., 2007). Given that log files 

are buge (hundreds of mega octets a day), severa! items are deleted such as pages visited by 

less than 5 lP addresses, image files (.jpeg, .gif, .jpg ... ), scripts, robots/agents accesses, links 

testers, outliers, (Tufféry, 2007). Tools such as Webalizer, Awstats or Analog monitor, 

extract and report in a structured way the most important information derived from those log 

files 27
• They record users' visits on the web such as user lP address, the date of the visit, the 

time of the beginning and of the end of the visit (working hours/night/week-end/holidays), 

the browser type (Intemet Explorer, Firefox, Netscape, Opera ... ), the operating system 

(Windows, Linux, Mac .. . ), the geographie origin, the visited pages, the number of visited 

pages, the average time spent on each web page, and the average number of clicks for further 

click-stream analysis (Mihai, 2009). Once the web log files have been selected and 

preprocessed, there are basically two main approaches for WUM (Mihai, 2009): (1) Mapping 

25 For a more detailed description of the various return codes and types of request that are generally 
visible in log files, see also Tufféry (2011), p.638-639. 
26 OLAP is an SQL-based methodology specifically used by datawarehouses (DW) to formulate and 
execute complex user queries, by executing complex read -based queries, providing multidimensional 
views (incl. GROUP BY) and aggregative functions (Roll up, Drill down, slice, dice, pivot-charts, etc) . 
OLAP can be designed as ROLAP (Relational OLAP), MOLAP (Multidimensional OLAP) and 
HOLAP (Hybrid OLAP). See also, Cios et al. , 2007. 
27 Software su ch as SPSS' Clementine ens ures a highly automated cleaning process. 
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log data into relational tables : adopting a data mining technique to be performed on the data 

set partitioned in the relational tables, (2) Using log files directly: utilizing special 

preprocessing techniques for applying DM techniques, which refers to WUM. 

Individual analyses 

Individual analyses on the other hand, reveal for instance that web users, who look at the web 

page about cheese on a web site, also visit the web page about wine in the two following 

weeks. For such one-to-one analyses which integrale temporal parameters, log files are no 

longer sufficient. Other files are used such as cookies (files recordee! on the user's hard disk 

while visiting a web site) which assign a login to the user's computer and other information 

about the navigation pattern of the user (the number of visited pages, entry pages, exit pages, 

originating web sites, downloaded fil es, sorne nominat ive information asked by the web site) 

and whenever the computer connects to a given web site the login in the cookie is transferred 

to the server and the content of the cookie can be automatically updated and propose 

personalized content, adverti sements or web pages that may be of interest to the web user 

(Tufféry, 2007). These cookies however, can be easily cleleted, blocked or refusee! by fire­

wall s, cleaning software or browsers, and may represent a threat to privacy. As for an 1P 

address, the major drawback of a cookie lies in the fact that it is attached to a computer and 

that a computer may as weil be used by one user or by one hundred different users which 

makes it difficult to effectively target a user on a one-to-one basis (Bazsalicza & Naim, 

2001). For the log file, the difficulty lies in the fact that the 1P address, the primary identifier 

of the user, is often non-permanent because it is dynamically attributed by the Internet 

Service Provider (ISP) at the moment of the connection except for ADSL connections 

(Tufféry, 2007). The user may also switch of computer or use the professional network of a 

company which may create double profiles. lndividual analyses incur severa! disadvantages 

that need to be overcome for more insightful results. 

Nominative analyses 

Nominative analyses overcome the drawbacks of individual ana lysis. Users personally log in 

on a web site (online banking, etc.) with their unique login and password. This is generally 

possible when the web user is a known client of the organization that runs the web site. 



---------- -------------, 

21 

Except in rare fraud cases, organizations can be sure of the identity of the web user and are 

thus able to add information about web behavior and patterns of the web users, in order to 

enrich the offline data that the organization already possesses about those clients. Also, the 

login step demonstrates of the genuine interest of the client for specifie services or products 

and this information may be used for scoring pm-poses in order to predict the behavior of an 

online client (Tufféry, 2007). 

WUM benefits 

Web personalization 

Adapting the content and structure of a web site according to a specifie user in a mass­

customization perspective leads to a more customer-centered approach. It is perhaps one of 

the most important achievements of WUM and it is often regarded as being an indispensable 

part of e-commerce (Van Wel & Royakkers, 2004). Web personalization is therefore a crucial 

element for effective (e-)marketing activities since customers find relevant information more 

quickly, feel that their needs are better answered and are therefore more satisfied and likely to 

be loyal to the organization on a long term basis. This leads to increased revenues and 

improved profitability. Automatic web personalization recmmnendation can be proposed by 

discovering usage profiles and frequent item sets selected by web users (Mobasher et al., 

2000a; Mobasher et al., 2000b). Using the Customer Lifetime Value (CLF) and rating-based 

Collaborative Filtering (CF) methods, result in better Recommendation Systems (RS) and 

hence web personalization for the web user (Liu & Shih, 2005a; Liu & Shih, 2005b; Albadvi 

& Shahbazi, 2010). In addition to web server logs, Srivastava et al. (2000), also used client­

side data (client logs) and web pro x y caching (proxy logs) in order to characterize the web 

usage of visitors, modify the site, improve the system and personalize the web pages 

accordingly. This study also intends to include all the information derived from WUM tasks 

into Business Intelligence (BI) processes. Fenstermacher & Ginsbmg (2003) argue that 

client-side data (client logs) can also be collected with standard office productivity tools, 

instead of only web browsers. In Joshi (2001a) and Joshi (2001b), it is argued that 

personalization should be done in three phases: (1) finding natural groups of clusters with 

clustering techniques, (2) studying which URLs tend to be requested together with 
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association rules and (3) analyzing the order in which URLs tend to be accessed with 

sequential analysis. WUM for web personalization purposes should even be done as soon as 

possible in arder to track and accurately classify users' access patterns in real-time (Shahabi 

& Banaei-Kashani, 2002) . 

Search engines personalization 

WUM is also used to create personalized search engines, which can understand a person's 

search gueries in a persona( way by analyzing and profiling the user' s search behavior (Van 

Wei & Royakkers, 2004). Srivastava et al. (2000) used WUM for system improvement and 

site modification. Mining sequences of events and the routes connecting those events also 

betters web evaluation and web design (Spi liopoulou, 2000). 

Trends prediction 

The visitors' web usage patterns and trends for e-cornmerce rnight a lso be predicted 

(Abraham & Ramos, 2003). Extracting usage patterns enables organizations to determine the 

life-time value of customers, deploy marketing strategies across proclucts and monitor the 

effectiveness of marketing campaigns (Cooley et al. , 2003) . Analyzing user behavior and 

patterns can also be used to better respond to web users' needs and preferences for higher 

profits, i.e., in sert sweepstakes or web promotions. 

Customer projïling 

Also, many advantages of WUM are based on customer profiling (Van Wei & Royakkers, 

2004). It is often more cost efficient to look at a group of web users instead of looking at each 

individual, because groups are cheaper and eas ier to approach (for instance by plac ing an ad 

in the right magazine instead of mailing every individual member of the group) (Custers, 

200 1). These so-called group profiles can a Iso be of added val ue to individual profi les, 

because of the fact that some individual characteristics only become clear after looking at the 

individual from a group perspective (see also Custers, 2001). Clustering web users, web 

pages and identifying frequent access paths can thus also be used for marketing strategies, 

personalization and web site adaptation (Song & Sheppercl, 2006) . The characteristics of web 

usage can be used as a basis for clustering and segmentati on (Srivastava et al.. 2000). Web 
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browsing pattems can also be detected from a group point of view with web user clustering 

(Song & Shepperd, 2006). Such patterns can complement web users' profiles that had already 

been developed beforehand. 

Important software specifically dedicated to WUM includes, WUM, Netmind, SiteHelper, 

Oracle9iAS, SETA or Tellim (Pierrakos et al., 2003). 

1.2.2. Web Content Mining (WCM) 

WCM is perfmmed by extracting useful information from the content of a web page or web 

site (Zhang & Se gall, 2008). The web content may consist of text, image, audio or video data, 

but the text format is the most widely used for WCM (Y eh et al., 2009). WCM includes, in 

fact, extraction of structured data/information from web pages, identification, match, and 

integration of semantically similar data, opinion extraction from online sources, concept 

hierarchy, ontology and knowledge integration (Zhang & Segall, 2008). As for WUM, WCM 

is useful for marketing research since it allows marketers to learn about interests and 

preferences of existing or potential customers who are increasingly more averse to provide 

private inf01mation about them or answer to long surveys. WCM enables the collection and 

processing of customers' data that may be used in a customer-centered approach for direct 

marketing or other commercial activities. There are typically two types of web mining 

strategies: those that improve on the content seat·ch of other tools like sea~·ch engines and 

those that directly mine the content of documents for better direct marketing strategies 

(Galeas, 2008). 

Search Engine Optimization 

The discipline of Seat·ch Engine Optimization (SEO) makes tremendous use of WCM in 

order to improve browsers, identify web sites that are of high general interest (authorities), 

learn which topics are related to each other by occurrence of links between topics, find 

related words by them often occuuing in the same page, find keywords that are most typed 

by web users when looking for a particular topic (particularly relevant for optimizing web 

sites' natural and/or paying referencing and indexation) or improve web filters (Van Wei & 
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Royakkers, 2004) . Zhang et al. (2003) developed a system of content-based image retrieval 

based on relevance feedback to refine the guery or similarity measures in image search 

process to improve the retrieval performance compared to traditional approaches. The desired 

knowledge is often difficult to find in the large amount of information available. Chen et al. 

(2005) developed a prototype of intelligent search called iSEARCH to accurately represent 

knowledge in web documents. A good data preparation improves the performance of data­

mining algorithms (Zhang & Segall , 2008). Mahboubi et al. (2007) transformed thus 

multiform and heterogeneous data into a unified format (the XML, Extended Markup 

Language) for warehousing purposes. Graves et al. (2007) handled heterogeneous data 

formats by using the Earth Science Markup Language (ESML) to create a DM web service 

des igned specifically for science data. 

Direct marketing strategies optimization 

Content mining tools track down on! ine mi suse of brands and perfo rm overall product 

reputation mining (Pang & Lee, 2008). ln fact, Opinions can be extracted from various web 

sources with structured data extraction, information integration and Information Extraction 

(lE) from unstructured text, such as customer written comments, in order to perform opinion 

mining (Liu et al. , 2006) . Product opinion mining is, therefore, particularly interesting in that 

respect, since it tracks and monitors the evolution of web users' o pinions about spec ifie 

goods, services, brands, websites, etc. WCM tools also analyze the content of competitive 

web sites in deta il to gain valuable market competitive intelligence and eventually strategie 

advantages (Popescu & Etzioni , 2005). Mining the content of answers to online or offline 

marketing campaigns also enables organizations to evaluate those marketing campaigns 

(Zhang & Segall , 2008) . With mining tools, online curriculum vitae or persona! homepages 

can be collected and after interpreting the unstructured text information on these formats into 

business intelligence stored in a database, they can be used fo r marketing purposes (Lau et 

al., 2005). Profi les on potential customers can be produced and more detailed information is 

added to profiles of (prospect) customers allowing organ izations to prevent churn by better 

retaining their existing customers (Van Wei & Royakkers, 2004) . 
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1.2.3. Web Structure Mining (WSM) 

Instead of using log files such as in WUM or web page/site contents such as in WCM, WM 

can be performed by using the hyperlink structure of the web as an information source 

(Zhang & Segall, 2008). The process called WSM may be used for mapping user navigation 

patterns, web browsing patterns for e-commerce or discovering knowledge from hypertext 

data. Basically, WSM investigates how the web docwnents are structured and discovers the 

model underlying the link structure of the World Wide Web (Chaudhary, 2011). According to 

Furnkranz (2005), the web may be viewed as a graph with the documents as nodes and the 

hyperlinks between them as edges. The graph view can be used for effective retrieval and 

classification (Zhang & Segall, 2008). Consequently, WSM is particularly well-suited for 

mining and mapping navigationlbrowsing pattems and performing Search Engine 

Optimization (SEO) as with WCM and web site redesign. 

Web site redesign 

A given web site and the pages it encompasses are generally optimized to be as efficient and 

effective as possible for the web user. Fang and Sheng (2004) addressed that issue at the 

portal page leve!. They elaborated a hew·istic approach to hyperlink selection based on 

relationships among hyperlinks (structural relationships that can be extracted from a web site 

and access relationship that can be discovered from a web log). Guan and McMullan (2005) 

designed a bookmark structure that allows individuals or groups of users to access the 

bookmark from anywhere on the internet and which includes more features (URL, document 

type, docwnent title, keywords, date added, date last visited, etc.). 

Search Engine Optimization (SEO) 

The graph structure of the WWW on which draws the graph the01·y can be exploited to 

improve retrieval performance and classification since many search engines use graph 

properties in ranking their query results. In fact, the information of predecessor pages (pages 

that have a hyperlink pointing to the target page) can be used for enhancing text classification 

performance (Furnkranz, 2005) . On the contrary, hypertext links, which are links that direct 

to another page or set of pages from the same website (in opposition to hyperlinks, which 
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direct to other pages or other sets of pages from other websites), can also be mined in order to 

discover knowledge with network analysis and machine learning for better SEO (Chakrabarti, 

2003). 

Disco very of navigation patterns 

The sequence in which a web user selects and reviews web items (hyperlinks or hypertext 

links) can be of great use in order to derive standard and original navigation patterns. User 

navigation patterns can be mapped into visual tools that improve the understanding of the 

structure of the web site and the navigation behaviors of web users (Smith & Ng, 2003). Web 

users can be clustered according to the order in which web pages are requested and the 

different lengths of clustering sequences (Hay et al., 2004). Song and Shepperd (2006) view 

the typology of a web site as a directed graph in which they can cluster users and URLs. They 

mine web browsing patterns for e-commerce purposes by identifying frequent access paths 

and sets of pages visited. 

As for WCM, WSM complements WUM by shifting the focus from automatic log files that 

are empty of qualitative insight, toward the content (WCM) and the structure (WSM) that lies 

behind those log files. In short, WUM discovers user access patterns from usage logs; WCM 

mines knowledge from page contents and WSM discovers knowledge from hyperlinks (Liu, 

2007, 2011) . The different WM methods can be summarized as in Figure. 
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Figure 1.2 Conceptual map ofWeb-Mining. (Source: Inf@Vis.) 

1.3. The Web-Mining process 

1.3.1. The theoretical WM procedure 

Based on Kosala & Blockeel's (2000) work, Zhang and Segall (2008) draw a five-stage WM 

process, which is particularly specifie to WUM, but can be used in both WCM and WSM 

frameworks, as weil: 

[1] Resource fin ding and retrieving - the task of retrieving intended web documents. 

[2] Information selection and preprocessing - automatically selecting and pre-processing 

specifie information from retrieved web sources, which includes (Albadvi & Shahbazi, 

201 0): 

> Data cleansing, user identification, session identification, path completion 

[3] Patterns recognition and analysis - automatically discovering general patterns at 

individual web sites as weil as across multiple sites by the use of descriptive and/or 

predictive WM techniques. 
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[4] Validation and interpretation - optimizing of the output(s) obtained in step 3 after 

applying it to test samples or by using other fine-tuning techniques. 

[5] Visualization and implementation - implementing the output of the WM process in 

real-world web applications. 

The fifth step, originally called "visualization" only, bas been adapted here to business 

contexts by adding the implementation dimension. In fact, the effective integration of the 

resulting WM outputs to the current organizational web systems is of utmost importance 

since it will determine the retums and the profitability of the whole WM project, regardless 

of the ultimate desired results, e.g. , database enriclunent, website redesign, sem·ch engine 

"optimization and model integration to the website (development), etc. A new algoritlun may 

be highly effective in segmenting new web users but it may become completely useless if it is 

poorly implemented. 

1.3.2. Pattern discovery and analysis methods 

Pattem discovery draws upon methods and algorithms developed from several fields such as 

statistics, DM, machine leaming and pattern recognition (Srivastava et al. , 2000). Pattern 

discovery is related to step 3 in the WM process. In that piece of research the stress will be 

put on the added-value of pattern discovery and analysis methods and techniques for the 

aCRM process of organizations. 

WM methods are similar to DM methods. Actually, in WM, DM methods and techniques are 

merely applied to the web data, which is also why WM is called Web Data Mining. For the 

sake of this research, these methods will be referred to WM metbods . These are traditionally 

divided into 4 main categories summarized in Table 1 

Association analysis is mainly used to find all co-occurrence relationships called 

associations, among data items (Liu, 2007). It thus analyzes the pages visited by a web user 

as well as the products bought by a customer on a single visit online (Tufféry, 2011). The 

classic application of association rule mining is the market basket analysis (Agrawal et al., 
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1993). In association analysis, the challenge is to process enormous volumes of data and to 

pick out previously unknown and relevant associations from the overwhelming majority of 

irrelevant or previously known associations (Liu, 2007). 

Clustering refers to segmentation and this definition is also used in the field of WM. 

Clustering is therefore, the "division of a population of customers into ; certain number of 

subgroups, as homogeneous as possible, in arder to enable organizations ta better adapt 

their marketing strategies ta each of these subgroups" (Lendrevie & Lindon, 1993). Both 

clustering and association analysis are descriptive methods that follow an unsupervised 

learning approach. 

Classification is one of the two major predictive and supervised learning methods of DM. 

Classifying behavior or attitudes is particularly valuable in marketing to know for instance if 

a prospect might become a customer, if a customer is going to remain loyal to the company 

or if a customer may not pay the bills. Scoring applications, e.g., attrition scores, epitomize 

that method. It intends to identify if a customer might renew a given contract subscription, 

continue buying from the company, etc. The class variable (customer or non-customer) is 

determined by other various variables, usually qualitative, which may predict the class 

variable. Then cases are gathered where class variable and the other pre-defined variables are 

available. A model is then built in order to link the class variable and the explaining 

variables. This model is eventually tested before being widespread and used for other 

applications (Bazsalicza & Naim, 2001) . 

Prediction deals specifically with continuous variables (the probability of a purchase and the 

amount of money spent on that purchase, etc.), white classification deals specifically with 

discrete variables that are of a qualitative type (client or non-client, loyal or non-loyal, etc.). 

This second major supervised learning method is complementary to the classification 

method. It implies to identify the class variable (amount of purchase), and other variables, 

usually quantitative ones, which may explain the class variable. As for the classification 

method, CE!-Ses are gathered where both the class variable and the predicting variables are 

available. A model is built to link these two types of variables and the model is verified 

before being generalized. 



30 

Each task entails a number of specifie techniques that are applicable depending on the type of 

project undertaken and the outputs that are sought. Bazsalicza and Naim (2001) underline the 

importance of taking into account the whole scope and context in which the WM project 

takes place in order to determine the most adequate technique to be used depending on data 

types, outputs sought, etc. According to them, "in the framework of a specifie mission, 

analyzing detailed, relevant data that are available to an organization in order to infer the 

most rational actions to be implemented, in order to reach profitability, will probably be the 

best approach". DM and hence WM is always a process linked to a specifie organizational 

objective. 

Table 1.1 

Categorization ofWeb-Mining methods 

METHODS GOAL EX AMPLE 

DESCRIPTIVE MODELING 

Clustering Creating homogeneous Segmenting consumers on two variables: 

groups "the amount oftime spent on the website" 
and "the number of items downloaded" 

Association Finding sets of data items Finding regularities in the web data: in 
that occur together WUM, association rule mining can be used 

frequently (association to find users' visit and purchase pattems. 
rules) or that occur Sequential pattems can be used to find 

together frequently in us ers' navigation pattems by analyzing 

sorne sequences clickstreams in server logs 

( sequential pattems) 

PREDICTIVE MODELING 

Classification Explain or predict the In the banking context, connecting socio-
qualitative characteristic demographie characteristics of a customer to 

of an individual based on his/her possession of a specifie financial 

other qualitative product 
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characteristics of that 
individual 

Prediction Explain or predict the In the telecommunication context, cmmecting 
quantitative characteristic consumption of customers to their 
of an individual based on quantitative socio-demographics 

other quantitative 
characteristics of that 
individual 

Source: adapted from Bazsahcza and Nann (2001). Data-Mmmg pour le Web. Eyrolles; Lm, 
B. (2007). Web Data Mining. Springer; Tufféry, S. (2011). Data-rnining and statistics for 
decision-making. Wiley. 

1.3.3. Web-Mining techniques 

It is not intended to analyze into details the whole range of techniques available to 

organizations in order to perform WM activities. However, a brief description of the most 

impotiant techniques is provided in this section. 

1.3.3.1. Association analysis techniques 

Association analysis aims at finding the most frequent combined values of a set of variables 

of a data set (Tufféry, 2011). It is perhaps the most important model invented and extensively 

studied by the database and DM community (Liu, 2007). It comprises association rules 

rnining and sequential patterns mining. 

Association rules mining is a fundamental DM task. It was first introduced in 1993 by 

Agrawal, Imielinski and Swarni and is commonly referred to "basket analysis", which strives 

to analyze customer buying patterns by finding associations between items that customers put 

into their baskets (Cios et al., 2007). Association ru1es are discovered by using "transactional 

data" (Bazsalicza & Naim, 2001). In the context ofWUM these transactional data do not only 

refer to products but also to web pages (Tufféry, 2011). Association rules can therefore be 

used to find how items purchased by customers on a web site are associated, but they are also 
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used to find word co-occunence relationships and web usage patterns (Liu, 2011 ). A rule is 

therefore an expression of the form: if Condition, then Result (Tufféry, 2011). Association 

rules should have a relevant "support index " (frequency of the entire rule with respect to the 

set of items) (Agrawal et al., 1993). That means, the percentage of transactions that contain 

both the Condition and the Result such as "if newsletter subscription and use of recommender 

systems (Condition), th en online pur chase (Result)" (Liu, 2007; Tufféry, 2011 ). Association 

rules should also have a "confidence index" (strength of implication in the rule) (Agrawal et 

al., 1993). This is the probability of having the Condition and the Result divided by the 

probability of the Condition (Liu, 2007; Tufféry, 2001). The two types of association rules 

that can be mined are single-dimensional association rules (takes into account one predicate 

such as "buy") and multidimensional association rules (takes into account multiple predicates 

such as "major", "takes _course", "leve l") (Cios et al., 2007). Each transaction is a set of web 

pages visited on a web site by a web user. The set ([) is the set of all web pages that the web 

sites encompasses and the sub-whole or "basket" is the log file which gathers aU the visit data 

of a website by an individual (Bazsalicza & Naim, 2001 ). Below is a list that shows a set of 

seven transactions in the form of web pages viewed by the same or severa! different 

individual(s): 

Transaction 1: Homepage, Cosmetics, Map 

Transaction 2: Homepage, Contact 

Transaction 3: Contact, Press 

Transaction 4: Homepage, Cosmetics, Contact 

Transaction 5: Homepage, Cosmetics, Forum, Contact, Map 

Transaction 6: Cosrnetics, Forum, Map 

Transaction 7: Cosrnetics, Map, Forum 

If the user-specified support index "minsup" is 30% and the confidence index "rninconf' is 

80%, the following association rule: Cosmetics, Forum (Condition) -7 Map (Result) [support 

= 317, confidence= 3/3] is validas it supp01ts 42.84% of the cases(> 30%). In 3 out of the 7 

transactions, Cosmetics, Forum and Map pages appear and in 2 out of those 3 transactions do 

both Cosmetics and Forum appear before Map. The confidence index· is thus 100% (>80%). 
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The following rule is also valid: Forum -7 Map, Cosmetics [sup = 3/7, conf= 3/3]. This is a 

very basic form of association but more association (sophisticated) rules can be discovered. 

The best known mining algorithm is the Apriori algorithm which first generates all frequent 

itemsets (an itemset has transactions above the minimum support index) and then all 

confident association rules from the frequent itemsets (a rule with a confidence above the 

minimum confidence support) (Agrawal & Srikant, 1994). However, avoiding the extraction 

of an overwhelrning knowledge is of primary importance as it guarantees extra value 

knowledge, usefulness and reliability (Bouchahda, Ben Yahia & Slimani, 2006). To generate 

parsimonious sets of rules, managers use multiple minimum support indexes to find rules 

involving both frequent and rare itemsets (Liu et al., 1999; Liu, 2007). The MS-Apriori 

algorithm integrates Multiple Minimum Item Supports (MIS) (Wang et al., 2000; Seno & 

Karypis, 2005; Xiong et al., 2003; Liu et al., 1999). It is also possible to mine Maximal 

Frequent Itemsets (MFis) to avoid that association rule mining gene rates a too big number of 

frequent itemsets and rules (Bayardo, 1998; Lin & Kedem, 1998; Agarwal et al., 1999; 

Bürdick et al., 2001). Another approach, which consists of mining Closed Frequent Itemsets 

(CFis) has been deemed more effective since it provides a lossless concise representation of 

all frequent itemsets (Zaki & Hsiao, 2002; Pasquier et al., 1999; Wang et al., 2003). Both are 

concise representations of Frequent Itemsets . New algorithms have been developed since 

then such as the rnining of Generalized Association Rules (Srikant & Agrawal, 1995), 

Multilevel Association Rules to find strong rules at the high level(s) and finding weak rules at 

the lower-level(s) (Han & Fu, 1995), Class Association Rules (CARs) for finding rules with 

fixed target items (e.g. how users activities such as sem·ch queries or pages clicked by web 

users, are associated with advertisements that they may like to view), where the Consequent 

(Result) has a single item (Liu et al., 2006; Liu, 2007). Such associations enable managers to 

develop, for instance, advanced online advertisement techniques such as Behavioral 

Targeting (BT) in online Display Advertising, to increase the Click Tlu·ough Rate (CTR) 

(Yan et al., 2009). 

Beyond the issue of generating Frequent Itemsets, other types of association rules have also 

been developed such as cyclic association rules (Ozden et al., 1998), periodic patterns (Yang 
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et al., 2004), negative association rules, which aims at finding products that are not bought or 

pages that are not visited (Wang et al., 2004), association rules with numericallquantitative 

variables, which considers items that assume a range of values instead of just two values 

(Webb, 2001), high-performance rule mining (Buehrer et al., 2006), inter-dimension 

association rules (one or more of the predicates is repeated), hybrid-dimension association 

rule (incorporates sorne of the predicates multiple times) (Cios et al., 2007) or association 

rule rnining from bioinfonnatics data with a very large number of attributes and a vety small 

number of transactions (Cong et al., 2005). New techniques also help managers to identify 

tho~e rules that are most relevant among the buge number of generated rules and to classify 

them (Padmanabhan & Tuzhilin, 2000; Tan et al., 2002; Tuzhilin & Adomavicius, 2002; 

Wang et al., 2003; Yan et al., 2005) . 

Sequential Patterns Mining. Association rule mining reveals which products tend to be 

bought together most often but not in which order. Likewise, it does not reveal the order of 

the web pages visited together most often. Sequential Association Rules (Sequential Patterns 

Mining) overcome that drawback by identifying which pages have been viewed or which 

products have been bought simultaneously and in which order (Bazsalicza & Naim, 2001). In 

WUM specifically, it is usefu1 to find navigational patterns in a website from sequences of 

page visits of users and for these applications, classic association rules are not appropriate 

(Liu, 2007). The fundamental algorithm of Sequential Patterns (SP) called GSP aims at 

finding all sequences (ordered list of itemsets) that have a user-specified minimum support 

(fraction of total data sequences that contains the sequence) (Liu, 2007). The period of the 

analysis is relative since the time frame can be predetennined (by day, week, month, etc.) 

(Bazsalicza & Naim, 2001). Each sequence is a sequential pattern. The MS-GSP allows the 

use of multiple minimum supports (Srikant & Agrawal, 1996). The PrefixSpan algorithm for 

single minimum support and its extended version MS-PS for niu1tiple 1ninimum supports, 

causes less memory and computational problems (Pei et al., 2001). As for association rules, 

once SPs are generated, it is then possible to generate many types of rules such as sequential 

rules, label sequential rules and class sequential rules, analogous to CARs (Liu, 2007). 
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Collabora/ive Filtering (CF) algorithms constitute an application of association analyses 

outputs by providing recommendations to a web user. The rec01mnendation can follow a 

random system by just recommending whatever item cornes up-less effective-or it can follow 

the principal system which recommends the item(s) that entai! most hits or that are best 

evaluated by all other users (Adomavicius & Tuzhilin, 2005). Social or CF-based algorithms 

identify the proximity of the tastes of the individual with the tastes of other simi lar 

individuals by typically taking into account ratings, remarks or c01mnents from those 

individuals (Shih & Liu, 2008). Content-based algorithms make rec01mnendations on the 

basis of the content generated by web users themselves, such as previous purchases, history 

of queries, etc. (Albadvi & Shahbazi, 2010). Another type of filter for CF is the socio­

demographic profile which would recommend to a user the choices made by another user 

with similar socio-demographic characteristics . A combination of different types of filters is 

also possible (Bazsalicza & Naim, 2001). Recently, the users' Customer Lifetime Value 

(CLV) and Recency-Frequency-Monetary (RFM) profiles have been integrated to rating­

based CF in order to generate more relevant recommendations to customers (Albadvi & 

Shahbazi, 2010). The primary goal is to recommend to web users how to do things by 

showing them how others did. Such techniques are particularly used by websites selling 

cultural products such as Amazon, epitomized by the famous catchphrase "those who bought 

that item also bought. .. " (Bazsalicza & Naim, 2001). 

Bayesian networks form another technique which is a graphical representation of the 

knowledge structure of an individual. The Bayes decision the01·y is based on the assumption 

that the classification of patterns (the decision problem) is expressed in probabilistic tenns 

(Cios et al., 2007). Knowledge is quantified by probabilities in the fonn of a chaJt which 

gathers all the probabilities regarding all binary combination of variables (Sapmta, 2006). A 

Bayesian network is therefore a graph (stmcture) and tables of probabilities of each node 

conditioned by its parameters (Beek & Naim, 1999). This technique offers the advantage of 

reasoning with incomplete information as is often the case with web data (Bazsalicza & 

Naim, 2001) . 
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1.3.3.2. Supervised learning techniques for classification and prediction 

Supervised learning is inductive by nature and can be used for classification pm·poses. 

Inductive learning means going from the data to the mode!, as opposed to deductiv~ which 

goes from the mode! to the data (Tufféry, 2011). Inductive learning bence infers generalized 

information or knowledge from the data by searching for regularities among the data and it is 

correct for the given data but mere! y plausible outside the data (Ci os et al., 2007). The two 

main predictive approaches are classification (discrimination where the dependent variable is 

nominal or categorical) and prediction (regression where the dependent variable is 

continuons) which is different from forecasting. In supervised learning the class labels and 

the class of an individual are provided and thus known a priori (Liu, 2011). The objective is 

to estimate the value of a dependent variable (class) relating to an individual/object as a 

function of the value of other variables (attributes) relating to the same individual/object 

(Tufféry, 2011). The function can thus be used to predict the class values/labels ofthe future 

data (Liu, 2011 ). First, a training data set is used to learn the classification or prediction 

mode! and the mode! accmacy is then evaluated on a test set, as depicted in Figure 1.2 below. 
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Classification and prediction techniques: 

Decision tree induction: Decision trees originate from Hunt's Concept Learning Systems, 

which emulates human learning by finding key distinguishing features between two 

categories (Cios et al., 2007). Its underlying "Divide-and-Conquer Strategy", stipulates that 

at each step, all attributes are evaluated and one is selected as the most discriminating to 

di vide the data into m disjoint subsets (m being the number of values of the attribute) (Hunt, 

1962). Decision trees are useful to detect criteria for dividing the individual of a population 

into a predetermined number of classes, usually 2 (Tufféry, 2011). In order to classify items 

into several categories it is necessary to sem·ch, in an iterative fashion, the most informative 

criteria with regards to that classification (Bazsa1icza & Naim, 2001 ). 

At the beginning, all the observations are at the root and as the tree mcreases, the 

observations are sub-divided recursively (Quin1an, 1992). A decision tree is then built in 

three steps: 

(1) The researcher chooses among an array of heuristic methods (Chi-square, Gini 

index, ( ordered) Twoing, entropy, etc.) to determine the precise cri teri on or 

separation criterion which chooses variables and the separation condition on 

variables to divide individuals into n classes; as well as the stop criterion which 

determines wh en the growth of the tree can be halted (Tufféry, 2011 ), 

(2) Individuals are distributed among the leaves and are assigned to a given class, 

creating very deep trees with many tree leaves covering few observations which 

is very accurate to predict the training set but not the tmseen test set ( overfitting) 

(Mitchell, 1997), 

(3) Rules are pruned in order to simplify them and decrease overfitting. Pruning can 

take several forms: testing each sub-tree of the maximum tree on the test sample 

and keep the sub-tree giving the lowest error rate (CART) (Mitchell, 1997), 

deleting branches or sub-trees and replace them with leaves of majority classes 
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(Quinlan, 1992) or cross-validating by combining error rates found for ail 

possible sub-trees to choose the best possible tree (Tufféry, 2011 ). 

The resulting mode! is then evaluated for accuracy on the test set. It is represented as a tree 

with a root at the top and many leaves at the bottom. Terminal nodes (leaves) consist of 

individuals of a single class and an observation is assigned to a leaf ( class) when it conforms 

to all the rules for reaching this leaf (Tufféry, 2011 ). 

The first decision tree algorithm, AID, was developed by Morgan and Sonquist in 1963 and 

was based on ANOV A. New developments include CART (Classification And Regression 

Tree) which han dl es all variables, preferably with many categories (Breiman. et al., 1984). 

The CHAID (Chi-Square Automation Interaction Detection) handles only discrete or 

qualitative variables and uses the chi-square to define the most significant variables of each 

node which produces wider rather than deeper trees (Hartigan, 1975). The C5.0 is an 

improvement of the earlier ID3 and C4.5 trees that can be applied to all kinds of variables 

(Quinlan, 1998). 

A decision tree can be converted to an IF ... THEN set of ru les since each pa th from the root 

to the leaf forms a rule: decision nodes along the path form the conditions of the rule and the 

leaf node (class) forms the consequent (Liu, 2007). The tree paths rules are thus mutually 

exclusive and exhaustive and the decision tree generalizes the data, white the challenge is to 

find the best tree that is small, general and accurate (Hyafil & Rivest, 1976). One advantage 

of decision trees to that respect is that unlike the association rules technique, they only find a 

subset of rules that exist in data, whereas association rules technique finds all the rules 

subject to minimum support and confidence constraints (Liu, 2011). 

The major drawback of decision trees lie in the slight variations that may arise in the data and 

which generate other nodes choices and may lead to ineversible schemes since each node 

determines the others (Bazsalicza & Naim, 2001). Also, decision trees generate very complex 

(long) rules, which are hard to prune, they generate a large number of corresponding rules 

that can become excessively large unless pruning techniques are used to make the rules more 

comprehensible require large amounts, and they require large amounts of memory to store the 

entire tree for deriving the rules (Cios et al., 2007). 
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Rule induction: it is possible to learn classification rules directly without decision tree by 

using a sequential covering algorithm that builds an ordered list of rules (not association 

rules) or decision list (Rivest, 1987). Unlike the divide-and-conquer strategy underpüming 

decision trees, rule induction is based on a separate-and-conquer strategy which evaluates ali 

attribute-value pairs (conditions), much larger in number than the number of attributes, and 

selects only one, which is slower than the divide-and-conquer strategy (Liu, 2007). Either a 

rule is found in each iteration (Clark ·& Niblett, 1989) or ali rules for each class are learnt 

together (Quinlan, 1990). The basic idea of rule induction algorithms is to learn a list of rules 

(decision list) sequentialiy, one at a time, to co ver the training data and after each rule is 

learned, the training observations covered by the rule are removed, white only the remaining 

data are used to find subsequent rules (Furnkranz & Widmer, 1994; Brunk & Pazzani, 1991). 

A rule covers an observation if the observation satisfies the condition of the rule (Cohen, 

1995). 

Such rules are easy to comprehend, their output can be easily written in first-order logic 

format, or directly used as a knowledge base in expert systems, the background knowledge 

can be easily added into a set of rules, and they are modular and independent, i.e., a single 

rule can be understood without reference to other rules (Cios et al., 2007). This last 

advantage is also a disadvantage for rules since they do not show relationships between each 

other. Hybrid algorithms involving both decision trees and rule algorithms include CLIP4, 

CN2, C5.0, genetic algorithms (Cios et al., 2007). 

Classification Based on Association (CBA system) rules: Normal Association Rules (NARs) 

applied on transaction data only (search queries, web pages clicked by each visitor, etc.) have 

no fixed class and any item can appear on the right or left hand-side of the rule (for 

recommendations, only one item appears on the right-hand side of a rule). NARs predict what 

a customer is likely to buy and when a customer purchases sorne products, the system will 

recommend him/her other related products based on what he/she bas already purchased (Liu, 

2007). At the prediction (recommendation) time, given a past transaction, ali rules that cover 

the transaction are selected and the strongest rule is chosen and the item on the right-hand 

side of the rule (Consequent) is predicted and recommended to the user (Liu, 2011). Multiple 

minimum supports increase recommendation power (Mobasher et al. , 2001). The advantage 
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1s that association rules can predict any item smce any item can be the class item 

(Consequent). 

A Class Association Rules (CARs), on the other band, bas only one fixed class on the right­

hand side of the rule (Consequent) and can be used for classification directly (Liu et al. , 

2006) even with continuous variables (Al-Fayyad & Irani , 1993). They may be redundant and 

need to be pruned (Liu et al., 1998), while multiple minimum class supp01ts can also be 

assigned to different classes (Mobasher et al., 2001). CAR rules can be used to build a 

classifier by using the strongest rule (Li et al., 1998), selecting a subset of the rules (Cong et 

al., 2005) or combining multiple rules together (Zaki & Aggarwal, 2003; Wang et al., 2000). 

Further, CARs can be used as features to augment the original data or form a new data set 

which is then fed into a traditional classification algorithm (decision tree, etc.), because 

CARs capture multi-attribute correlations with class labels not found with other classification 

algorithm (Antonie & Zaiane, 2002; Deshpande & Karypis, 2002). 

Bayesian methods. 

-The Naïve Bayesian Classifier: takes a probabilistic point of view since it estimates class 

posterior probabilities given a test example so that the class with the highest probability is 

assigned to the example (Domingos & Pazzani, 1997). If a training data set bas two attributes 

A (with categories h, gand m), B (with categories b, s and q) and the class C (with categories 

t or f), the goal is to compute aU the probability values of the type: Pr(A = ml C = t) = 2/5, 

Pr(B = b 1 C = t) = 115, etc., to leam a naïve Bayesian classifier in order to predict the class of 

the test case (Kohavi et al., 1997; Langley et al., 1992). The Naïve Bayesian Classifier 

(NBC) makes the naïve assumption that variables are independent conditionally on the 

dependent variable. That is, the presence (absence) of a class feature is umelated to the 

presence (absence) of any other feature, given the class variable. For example, a web user 

may be considered "goal-oriented" if, (s)he views product information pages, uses electronic 

decision aid agents or spends more time on each page than an average user (Guéguen et al. , 

1996; Naim et al., 2007). Even though these features depend on each other or upon the 

existence of each other, a NBC considers aU of these properties to contribute independently 

to the probability that this web user can be classified as "goal-oriented" and not as "hedonist" 

or "shallow", as defined by Moe (2003) taxonomy of web users. The NBC is actually very 
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efficient despite the naivety of its assumptions (Zhang, 2004). It is, however, outperformed 

by ensemble methods (boosted trees, random forests, bagged trees), Support Vector 

Machines and neural networks (Caruana & Niculescu-Mizil, 2006). 

Due to the rapid growtb of online documents in organizations and on the web, automated 

document classification is an important issue tackled by the NBC (Liu, 2007) . A specifie 

naïve Bayesian learning method uses text characteristics to classify future documents 

(McCallum & Nigam, 1998). lt assumes that each document is generated by a parametric 

distribution governed by a set of hidden parameters. The training data is used to estimate 

these parameters which are then applied to classify test documents by calculating the 

posterior probability that the distribution associated with a class would have generated the 

given document (Lewis & Gale, 1994; Nigam et al. , 2000). Classification becomes a matter 

of selecting the most probable case (McCallum & Nigam, 1998). 

-Bayesian networks : suppose that it is the class which is considered as being the cause of the 

observed variables and not the opposite as in cross-selling, for instance (Saporta, 2006) . 

Bayesian networks constitute a probabilistic graphical model (directed acyclic graph) relating 

the dependent variable to the (discrete) independent variable with arrows indicating their 

conditional dependencies (Naim et al. , 2007; Guéguen et al., 1996). The network is 

constructed by creating links between the dependent variable and some independent 

variables. The network then enables to calculate the conditional probabilities of the variaqles 

with respect to each other (Thomas et al., 2002; Baesens et al., 2004). If no category is 

specified for any independent variable, the network supplies the a priori probability of each 

category of the dependent variable. For example, the probability of the "reimbursing" and the 

"defaulting" categories of a credit risk score. In an online credit scoring application, it can 

thus be decided that credit should be approved (or refused) if the conditional probability of 

the category "good payer" of the dependent variable is above (or below) a given score 

threshold (Chang et al. , 2000). Such a dynamic model is useful to build adaptive 

questionnaires for online credit or insurance applications, because customers may easily 

abandon the process ifit is too long (Tufféry, 2011) . 

Artificial Neural Networks (ANNs): ANNs are based on reproducing the capacities of Human 

logic reasoning in a computer (Davalo & Naim, 1991). They can be used for both 
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classification and prediction. Their non-linearity allows building input-output associations by 

means of leaming through multiple layers of analysis, the neurons layers (Cios et al., 2007) . 

The most common application is to associate a prediction (output) to a set of observed 

variables (inputs) and the association is not direct but goes through severa! intermediary 

neurons which represents non-linear relationships (Bazsalicza & Naim, 2001 ). The 

MultiLayer Perceptron (MLP) lem·ns for instance by associating each individual of the 

leaming set with unit output values of 1 per unit conesponding to the (known) class of the 

individual and 0 for the other units (Rumelhart et al. , 1986). The Radial Basis Function 

(RBF), on the other band, is better-suited if two classes are to be predicted. There is only one 

unit in the output layer. The value 0 for this unit corresponds to one class, and the value of 1 

to the other class (Lukaszyk, 2004). Consequently, the network is entirely described by the 

loadings of the connections between neurons and adjusting the network means thus to find 

the configuration of loadings (parameters) which best approacbes the requested input-output 

association (Davalo & Naim, 1991). This is mostly used in the banking context where 

financial institutions seek to predict clients who may default refunding loans according to 

clients' characteristics (SPSS 17 .0). Neural networks can be fmther etymologized into two 

broad categories: "feedforward" with no loops and connections within the same layers 

(Kohonen SOM network, Radial Basis Function network, probabilistic networks ... ) and 

"recunent" with possible feedback loops (Hopefield network ... ) (Lovelace & Cios, 2007; 

Swiercz et al., 2006; Ci os et al., 2007). 

Support Vector Machines (SVMs) : in 1992 and 1995, Vapnik et al. introduced SVMs, which 

are especially suited for high dimensional data. In Vapnik et al. 's (1992) "separable case", 

the linear leaming system builds a two-class classifier. It assumes that linearly separated 

observations can be eut off from each other by a linear boundary (Tufféry, 2011 ). The SVM 

finds a so-called hyperplane or decision boundary which separates the positive and negative 

training observations, and observations are assigned to a given surface (one side of the 

hyperplane) depending on their linear score (Vapnik et al., 1992). There are an infinite 

number of possible boundaries but SVMs allow to select the optimal hyperplane that 

maxirnizes the width of the margin between the two groups to be discrirninated (goodness-of­

fit of the madel) (Vapnik & C01ies, 1995) and it is as distant as possible from all the 
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observations. In practice, training data has sorne degree of randornness and noise ( errors, etc.) 

which make the two populations to be discriminated not perfectly separated but overlapping. 

To allow noise in the data, the constraints of the linear separable case SVM must be relaxed 

(Liu, 2007). This can be done by either introducing an enor (slack variable) defined for each 

observation on the wrong side of the boundary by measuring the distance separating it from 

the mm·gin (Vapnik & Cortes, 1995), or, by moving to a space having a dimension high 

enough for there to be a linear separation (the scaler product called a kernel function can be 

polynomial, Gaussian, sigmoid or linear) (Scholkopf & Smola, 2002). SVM is thus a linear 

learning system that finds the maximum margin decision boundary to separate positive and 

negative observations (Cristianini & Showe-Taylor, 2000). It is however a binary 

classification with only two classes and additional techniques are used for multidimensional 

classes (Dietterich & Bakiri, 1995). Continuous independent variables require a variant of 

SVM called Support Vector Regression (SVR) (Drucker et al., 1996). Hyperplanes are hard 

to understand and kernel functions make it even more difficult, this is why SVMs are used in 

applications where human understanding is not required (Tufféry, 2011 ). 

Genetic algorithms: Genetic algorithms are biomimetic since they aim at reproducing the 

mechanisms of natural selection by se1ecting the ml es (genes) best adapted to classification 

(or prediction) and by crossing and mutating them until a sufficiently predictive model is 

obtained (Rolland, 1975). According to Lumer and Faieta (1994), genetic algorithms are 

issued in three steps. Firstly, a random generation of initial rules takes place. Secondly, the 

best rules that maximize a given fitness function are selected and finally new rules are 

generated by mutating and crossing the existing rules. Both genetic algorithms and SVMs are 

not widely available in software and are very lengthy (Azzag et al., 2003) . As such, these 

techniques remain rarely used in WM. 

Discriminant analysis (D.A.): D.A. aims at finding a representation of the individuals which 

provides the best separation between groups (descriptive discriminant analysis) and finding 

the rules for assigning individuals to their groups (predictive discriminant analysis) (Hai et 

al. , 2006). For instance, a set of individuals or pages are characterized by a qualitative 

dependent variable Y and quantitative independent variables X. The representation of the 
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relations between Y and X correspond to the descriptive method while finding the rules for 

predicting the category of Y statiing from the values of X corresponds to the predictive 

method (Tufféry, 2011). 

Logistic Regression (L.R.): unlike D.A., L.R. can handle dependent variables with two 

values, 3 or more ordered values and nominal values while independent variables can be 

qualitative or quantitative. Its S-shaped distribution function is particularly relevant in 

marketing regarding sales of a new product (Tufféry, 2011). Variant of L.R. include logit, 

probit (nonnit), ordinal L.R. and log-log (Gombit), which differ by their link function and 

transfer function (Nakache & Confais, 2003) . It is also possible to perform L.R. on 

individuals with different weights, with correlated data (e.g. longitudinal data, time series), 

ordinal L.R., multinomial L.R., (Tennenhaus, 2000), the General Linear Mode! (GLM) 

(Nelder & Wedderburn, 1972) or to model rare events with poisson regression, the 

generalized additive mode! even more general than the GLM (Hastie & Tibshirani, 1990). 

The regression can be performed by using adjustment by regression technique which aims at 

selecting a function that best approximates the observations X ( explaining variables), from a 

wide range of given functions family in order to explain a given variable called Y (Bazsalicza 

& Naim, 2001). If a linear function is selected then the regression will be linear although this 

is not systematic (Saporta, 2006). This most prominent approach is the minimization method 

of !east squares of errors which uses as a criterion a sum of squares of modeling errors (Cios 

et al., 2007). Regression models can futiher be divided into a linear and a nonlinear category 

but this will not be developed here. 

K nearest neighbor. 

This transductive learning type, also called "lazy learning" as opposed to the other "eager 

learning" techniques exposed previously, does not produce a mode! from the data (Liu, 

2007). Rather, when a test case is introduced, the algorithm compares it to all training 

observations to compute similarity or distance between them. The k most similar or closest 

observations (k nearest neighbors) are then selected and an observation is then assigned to the 

class that is the most frequent class (majority class) (Liu, 2011). For instance, a web page 

(web user) is assigned to the class "sport", because it is mainly surrounded by "spoti pages" 
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(web users who are keen on sport). This technique is slow it also requires a lot of storage and 

computer capacity (Tufféry, 2011) but perfonns equally well as SVMs in text classification 

(Yang & Liu, 1999). 

Bootstrapping and ensemble methods 

Instead of using one single classification or prediction technique to develop one umque 

model, another approach consists of using machine learning meta-algorithms to build many 

classifiers and combining them to produce a better classifier or choosing the best classifier 

according to the context (Liu, 2011 ). One approach to ensemble methods, called 

bootstrapping, aims at combining models which disagree in their predictions (Efron & 

Tibshirani, 1997). The meta-algorithm then disrupts their learning, either by changing the 

learning sample or by keeping the same sample and varying the learning parameters (Hansen 

& Salamon, 1990). For example, combining neural networks built on the same sample by 

varying only the parameters and typology of each base network (Opitz & Maclin, 1999). 

However, combining randomization of the learning sample with randomization of the 

parameters, known as the "random forests" technique produces even better performances 

than mere bootstrapping (Breiman, 2001). Bagging (Bootstrap AGGregatiNG) remedies the 

lack of robustness of unstable classifier e.g. decision trees, neural networks, etc. and is thus 

Jess useful for stable classifiers. It increases the generalization of the model especially when 

there are few individuals to be modeled and it also decreases the nuisance caused by outliers 

(Breiman, 1996). Bagging constructs a family of models on m bootstrap samples and 

aggregates the predictions of each model by voting (in case of a classification situation) or by 

averaging (in case of a regression situation) (Breiman, 1996). Boosting seeks to know 

whether a set of weak learners create a strong learner (Kearns, 1998). The classification 

algorithm, AdaBoost, is applied successively to versions of the initial training sample which 

are modified at each step to allow for classification enors of the preceding step. The 

classifiers (which may be weak) constructed in this way are then combined to produce a 

stronger classifier (Freund & Schapire, 1996). It concentrates its action on individuals that are 

hard to model and behave in ways harder to predict (Tufféry, 2011) . It is also ve1y resistant to 

overfitting (Friedman et al., 2000). 
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1.3.3.3. Unsupervised learning techniques for clustering 

Partition-based clustering, also called objective function-based clustering relies on a certain 

objective function whose minimization is supposed to lead to the "discovery" of structure 

existing in the data (Cios et al. , 2007). In partition-based clustering the number of clusters is 

pre-defined and the analysis proceeds with the optimization of the objective function, 

although one is never sure what type of structure to expect and bence what should be the 

most suitable form of the objective function (Cios et al., 2007).0ne approach is the k-means 

algorithm which seeks to group the individuals in k partitions, k being predetennined by the 

researcher (Bazsalicza & Naim, 2001). The criteria optünized here is intra-class and inter­

class inertia (Saporta, 2006). Each cluster is constituted of points which are nearer of a given 

center than all the other centers (forming other clusters). Other major clustering approaches 

include the Kernel-based clustering, the K-mediods algorithm, the Fuzzy C-means algorithm, 

the Density-based algorithm and the Clustering Using REpresentatives (CURE). Partition­

based clustering does not provide an optimal partitioning of the whole dataset in k classes, 

but it is powerful for ana1yzing large datasets of more than 1000 individuals (Nasraoui et al., 

2008). 

Hierarchical clustering lies in the successive development of clusters through successive 

splits (starting with one single cluster that is an entire data set) or with individual points 

treated as initial clusters, which are kept on merging (this process leads to the concept of 

agglomerative c1ustering) (Cios et al., 2007). The hierarchical ascending technique seeks to 

sequentially gather "near" items (Benzécri, 1983). The distance between two items of a same 

group is smaller than that of two items of two different clusters (Bazcalicza & Naim, 2001). 

Without going into the details, the distance between two such clusters is computed with the 

single link method, the complete link method or the average link method (Cios et al., 2007) . 

Unlike patiition-based clustering, the hierarchical teclmique does not perform well in large 

_datasets but provides very easy detennination of the number of clusters thanks to the 

dendogram and the histogramoflevel indices (Nasraoui et al. , 2008). The resulting modeling 

is typically represented by a dendogram which is a binary tree with a distinguished root that 
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bas all the data items at its leaves in a bottom-up (agglomerative) mode or a top-down mode 

(divisive) (Cios et al., 2007). 

Hybrid techniques combining both the partition-based and hierarchical techniques can be 

performed to overcome that difficulty (see also Saporta, 2006) . 

The model-based clustering represents another approach in which a certain probabilistic 

model of the data is assumed and it is sought to estimate the parameters of that model (Cios 

et al., 2007). The mixture density model for instance assumes that the data are a result of a 

mixture of c sources of data and each of these sources is treated as a potential cluster in 

probabilistic terms (Sap01ia, 2006). Eventually, the maximum likelihood estimation is used in 

order to discover the clusters (Cios et al., 2007). 

The Principal Component Analysis (PCA), based on the factor analysis approach, generates 

the best "summary" of a whole dataset (Bazsalicza & Naim, 2001). While not being 

specifically designed for clustering, PCA can be used as a complementary technique before 

or after clustering techniques especially if the dataset is very large. PCA seeks to evaluate 

whether the scores on a munber of X variables, e.g., the value attributed to an individual on a 

given characteristic, may be explained by a smaller number of latent variables, called 

components (Warner, 2008). All these techniques refer to unsupervised modeling, which 

means that it is sought to organize the data without orientating the results according to a 

given economie criteria (Bazsalicza & Naim, 2001 ). 

1.3.4. The outputs of data-mining methods and techniques 

Combined to Online Analytical Processing (OLAP), visualization tools, knowledge quety 

mechanisms and intelligent agents, these pattern discovety and analysis techniques generate 

path analysis, association rules, sequential patterns, clusters and classification rules which 

will be directly integrated to websites for cross-selling (as on Amazon, etc.) , creation of 

dynamic content per visitor or per segments of visitors; for web site redesign and 

optimization; for enriching cur:rent databases on customers with new models and information. 
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Possible actions that could be undertaken for integrating the results of a WM project are 

summarized in Figure . 

Table 1.2 

Integration of the mode ling results 

Method used Type of result Type of action Example of action 

Co un ting Report Redesign Reorganizing the website 

Reorganizing the website 

Clusters (segments) Redesign according to the discovered 

clusters 

Application of the mode!: 

Clustering 
Enriching the integration of the code of 

database the cluster in the customer 

Model data base 

Integration of the model 

Development directly on the website 

server 

Reorganizing the website, 

e.g., according to the results 

Redesign of the basket analysis (link 
Association rules to the diapers page on the 

baby clothes page) 

Association 

analysis Development Recommendations module 

Sequential association 

and Collaborative Development Recommendations module 

Filtering 

Bayesian models Development Recommendation modules 

Classification Scores Enriching the Application of the model: 
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database integration of the score in 
the customer database 

Mode! Development Recommendations module 

Enriching the 
Integration of the score in 

Prediction Mode! data base 
the customer database for 
futw-e predictions 

Source: adapted from Bazsahcza and Natm (2001) . 

1.3.5. The applications of WM 

lt has been seen that WM is a set ofmethods and techniques derived from DM, which aims at 

performing descriptive modeling by means of clustering, classification, association and 

prediction methods and techniques. WM can be done by using different types of gross data: 

log files, requiring the WUM method; sem·ch results and web pages such as text etc., 

requiring WCM; and links, requiring WSM. Text-Mining, (Micro )Blog-Mining, Natural 

Language Processing (NLP) as weil as Semantic Research can also be used to add further 

value to marketing activities but these techniques are beyond the scope of this research. 

lt has been seen that most aCRM goals and objectives may be achieved by using WM 

methods and techniques. However, despite its many advantages and the various trends that 

point toward an increased use of the internet over the years for almost ail kinds of 

transactions, WM remains still relatively under-exploited to fully reach aCRM goals and 

objectives. Nonetheless, WM has various applications which should make it a relevant part 

for any business analytics project, if not an integrated component of a meta-aCRM structw-e. 

Such a highly-integrated meta-structure would form one module of an organizational 

Information System (IS) tightly interlinkcd for leveraging optimal Business Intelligence (BI). 

Given the tremendous amount of information provided by web log files WUM is particularly 

well-suited for user modeling such as web content personalization, web site reorganization, 

prefetching and caching, e-commerce and business intelligence (Facca & Lanzi, 2003). 

WUM focuses on extracting usage patterns from web logs in order to derive useful marketing 
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intelligence (Büclmer et al., 1999; Cooley et al., 1997; Cooley et al., 1999; Spiliopoulou et 

al., 1999; Zaiane et al., 1998), to discover aggregate profiles for the customization and 

optimization of web sites and sem·ch engines (Nasraoui et al., 1999; Srivastava et al., 2000; 

Mobasher et al., 2000b; Mircan & Sitar-Taut, 2009; Pierrakos & Paliouras, 2010), and to 

enhance the effectiveness of Collaborative Filtering (CF) approaches (Shardanand & Maes, 

1995; Herlocker et al., 1999; Albadvi & Shahbazi, 2010). However, WUM should ideally be 

combined to WCM and WSM for optimal returns as such an approach yields more complete 

results, a 360°-view of the WM process . A more detailed classification of the main 

applications of WM is given in Table 3. DM and bence WM are considered to play a crucial 

role in providing a true Knowledge Management (KM) enviromnent in the organization 

(Ranjan & Bhatnagar, 2011 ). WM uses as input raw operational data collected from the web 

in order to derive useful knowledge which is used as a basis for subsequent decision-making 

purposes. Table 3 does not cover the wide anay of applications for which WM may be used. 

Many more may be developed and a scientific taxonomy is not the purpose of this piece of 

research. However, it is a tentative attempt to compile and gather the great variety of 

literature about WM applications in a non-exhaustive way to epitomize those most important 

benefits that a business rnight obtain by using WM in a knowledge acquisition perspective. 

Table 1.3 

Major applications ofWeb-Mining 

Web Usage Mining Web Content Mining Web Structure Mining 

-Web personalization -Seach Engine Optirnization -Web site redesign 
(SEO) 

• Mass custornization • Discovery of 

• Adaptive websites • Irnproving browers stmctural 

• Recommender • Lem·ning which relationships 
Systems topics are related to • Discovery of access 

• Coll<I;borative each other by relatim1ships 
Filtering occunence of links • Identifying web sites 

between topics of high general 
-Sem·ch engine • Finding related in te rest ( authorities) 
personalization words by them 

often occurring in -Search Engine Optimization 

• Adjusting web the same page (SEO) 
filters to individual • Findin~ keywords 
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• (Re )organizing web 

site for fast and easy 
customer access 

• Improvig links and 
navigation patterns 

-Online customer profiling 

-Direct online marketing 

• Intelligent 
advertisements 

• Increasing the value 
of each visitor 

• Turning viewers into 
customers through 
better site 
architecture 

• Web site efficiency 
monitoring 

that are most typed 
by web users when 
looking for a 
particular topic 

• Improving web 
filters 

-Direct marketing strategies 

• Discovering online 
mi suse of brands 

• Product reputation 
mmmg 

• Opinion mining 

• Competitive 
analysis 

• Evalua ting 
marketing 
campatgns 

• Detailed (potential) 
customer profiling 

• Preventing churn 

• Improving retrieval 
performances 

• Optimizing 
classification 
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-Discovery of Navigation and 
browsing patterns 

• Understanding web 
us ers' behaviors 

• Clustering web users 

• Identifying frequent 
access paths and 
visited pages 

Source: adapted from Srivastava et al. (2000); Van Wel & Royakkers (2001); Zhang & 
Segal! (2008). 

This chapter put the stress on WM. The different branches of WM have been exposed, as 

well as the major WM methods and techniques and their most frequent types of applications 

in real-world settings. The last chmi highlighted the various fields of applications in web 

marketing and more broadly, e-commerce. 

If well-implemented, WM leverages tremendous potentialities to reach the rrucro­

segmentation level and develop a true 1-to-1 relationship with a website's customers. 

However, using WM as a standalone tool, disconnected from overall business processes is 

risky business. In fact, today's company processes lean more towards convergence and 

integration rather than separation and isolation. WM remains as useful a tool as the 

robustness of the framework in which it is meant to work. WM is a mean and not an end. 

This is what is so often misunderstood about WM tools, and leads to corporate disasters. WM 
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needs to be integrated, used and managed in congruence with other business processes and be 

aligned on business and corporate designs, capacities and strategies. 

The relational marketing paradigm calls for customer-centric marketing strategies that are 

market-oriented and capitalizes on knowledge and relationships to build stronger and more 

profitable ties with customers and other business partners . The Customer Relationship 

Management is a powerful business strategy that has been fine-tuned for the last 30 years to 

do just that: improving identification, conversion, acquisition and retention of customers 

(preferably the most profitable ones) and to better differentiate and customize products or 

services, as weil as better interact with customers (Tiwana, 2001). CRM is everything but a 

series of software or a technical solution. Rather, it is a true business strategy combining 

business processes and technology to understand customcrs of a company from severa1 

perspectives in order to differentiate products and services of that company, competitively 

(see also Tiwana, 2001). 

DM is already a cornerstone of CRM and more specifically the analytical side of CRM, 

called aCRM. DM finds relations in the data that are hidden or non-obvious a priori (Schiff, 

2009). As such DM derives useful predictive analytics to enable granular marketing 

strategies . While DM is mainly applied to data obtained from so-called offline sources 

(ERPS, SCM, POS terminais, marketing research, syndicated services, and the like), it may 

be reasonably though that data emanating from online sources, generated on the internet, and 

analyzed with WM will drastically improve brick-and-click companies' understanding of 

their customers and prospects. For pure-players WM will lie at the core of their aCRM. In 

that respect, the next chapter focuses on what it is meant by aCRM ( analytical Customer 

Relationship Management), and emphasizes more on how WM is related to aCRM. 

Developing CRM means focusing on customers. However, Operations Management call for 

stronger and more integrated ties with suppliers and more generally all key partners, or 

stakeholders of a company for effective and efficient supply chain management, production 

management, lean and agile networks of companies. WM could be used in a Knowledge­

enabled Customer Relationship Management (KCRM) perspective as weil. While Customer 

Knowledge Management (CKM) developed by WM typically aims at generating value­

creating lock-ins, channel knowledge should be developed as weil by WM to strengthen 
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relationships and collaborative efficiency and effectiveness, with business partners (Tiwana, 

2001). This would help going beyond the mere Knowledge-enabled Customer Relationship 

Management (KCRM) with customers, to reaching a more valuable Knowledge-enabled 

Collaborative Relationship Management (KCRM): with customers and partners. 



CHAPTER2 

CUSTOMER RELA TIONSHIP MANAGEMENT AND KNOWLEDGE 

MANAGEMENT 

2.1. Defining CRM and aCRM 

2.1.1. What is CRM? 
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The customer is a strategie element in a company's downstream supply chain (Xu & Walton, 

2005). The changes of attitudes, behavior, preferences of customers need to be identified by 

businesses in order to remain profitable. Knowledge is the only meaningful resource 

(Drucker, 1996). Gaining this knowledge is becorning an important differentiator for 

competitive advantage (Paiva et al., 2002). This is why managing customer relationships, is 

of utmost importance for market-oriented companies. CRM is a process designed to collect 

data related to customers, to grasp featmes of customers and to apply those qualities in 

specifie marketing activities (Swift, 2001). Theoretically, CRM leverages and exploits 

interactions with customers to maximize customer satisfaction, ensme business returns and 

enhance customer profitability (Xu & Walton, 2005). More specifically, it is a combination 

of business processes and technologies in order to understand a company's customer from 

different perspectives in order to differentiate products and services of that company 

competitively (Tiwana, 2001). However, in practice, it appears that CRM has become more 

of a buzzword (Luck & Lancaster, 2003). There appears to be a fundamental problem in 

CRM research at present because no comm<?n image regarding what CRM is actually exists 

(Choy et al. , 2003) . It appears to mean different things to different people (Paulissen et al., 

2007). In fact, CRM is difficult to conceptualize because it is a cross-disciplinary field of 
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research which includes marketing, business management, IT and Information Systems 

(Ngai, 2005). The CRM concept is also relatively new since it appeared at the end of the 

1990s (Romano & Fjermstad, 2002a,b) and has kept on increasing in importance in acaderilla 

since then, until2004 (Wahlberg et al. , 2009). 

Wahlberg et al. (2009) argue that there are four different perspectives applied to the 

phenomenon of CRM in the literature: ( 1) CRM being a matter of integrating business 

processes in an organization; (2) CRM being a matter of customer-focused business strategy; 

(3) CRM being a matter of eus tomer knowledge management; and ( 4) CRM being a matter of 

technology-enabled customer information management activities, including Strategie CRM 

(sCRM), Analytical CRM (aCRM), Operational CRM (oCRM), Collaborative CRM (cCRM), 

Technical CRM (tCRM) and according to sorne authors Electronic CRM (e-CRM) (Xu & 

Walton, 2005; Romano & Fjermestad, 2002a,b; Bazsalicza & Naim, 2001). The latter 

perspective (number 4) bas been mostly used in academia and bence it wi ll be used 

throughout this piece of research, which focuses namely on the Analytical CRM applet of 

CRM (aCRM). 

2.1.2. The CRM typology 

ln accordance with the perspective depicting CRM as a nî.atter of technology-enabled 

customer information management activity, there are six different CRM branches which 

encompass salient topics each: 

(1) Strategie CRM (sCRM): focuses primarily on the integration, implementation - of a 

customer-centric view and customer focus - and the coordination of all the activities 

related to architecture, design, leadership and change management required for the 

planning, implementation, integration, monitoring and control of a CRM system 

(Wahlberg et al. , 2009). 

(2) Operational CRM (oCRM): collecting customer data through a whole range of touch 

points such as contact centers, contact management, mail, fax, sales force, web, etc. to 
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store and organize them in a customer-centric database which is made available to all 

users who interact with the customer (Xu & Walton, 2005; Tiwana, 2001). CRM systems 

are mainly used for such types of operational activities. Gaining customer knowledge to 

provide strategically important customer information to other departments is not 

perceived as important as improving operational efficiency (Campbell, 2003; Rowley, 

2004) . 

(3) Collaborative CRM (cCRM): integrating CRM systems with enterprise-wide systems . 

(ERP, IS, etc.) to allow greater responsiveness to customers thJoughout the supply chain 

(Kracklauer & Mills, 2004) by driving sales through every chmmel from caU center to the 

web (e-commerce), mobiles (rn-commerce) channels or e-learning (Wahlberg et al., 

2009). 

(4) Electronic CRM (eCRM): a web-centric approach to synchronizing customer 

relationships across communication chmmels, business functions , and audiences 

(FOlTester Research, 2001). Also includes the increasing Mobile CRM (mCRM) function, 

which is highly relevant for mobile marketing. 

(5) Technical CRM (tCRM): focuses on all the aspects relating to hardware platforms, 

software components or tools; databases and protocols; physical storage and structure, as 

well as communications network (Chan, 2005). 

(6) Analytical CRM (aCRM): according to Wahlberg et al. (2009) it was the largest branch 

of CRM until very recently when interest shifted to sCRM given the high failure rates of 

CRM systems implementations worldwide for reasons related primarily to strategie 

alignment (Berg, 2001; Cleary 2003). The aCRM branch develops a customer knowledge 

database from the systematic collecting and storing of customer data which can be 

perceived as an asset to the enterprises (Wahlberg et al., 2009). It provides a 360° view 

of the customer (Kotorov, 2002). fu fact, aCRM analyses customer data through a range 

of analytical tools such as standard statistical techniques and data-mining to discover 

those non-obvious or non-linear patterns in the data; and machine learning (ML) and 
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Artificial Intelligence (AI) learning techniques which may be combined to DM28 in order 

to generate customer profiles, identify behavior patterns, determine satisfaction leve! and 

supp01t customer segmentation to develop appropriate marketing and promotion 

strategies (Xu & Walton, 2005). The field is therefore dominated by the DM concept 

which collects primarily offline "islands of customers' data" throughout the organization, 

with data warehousing techniques (Wahlberg et al., 2009). Online web data (Hyperlinks, 

web log files, texts, images, and so f01th) complement those "islands of offline data", by 

completing them with additional information on customers and prospects, obtained from 

the intemet. The offline-based aCRM process encompasses powerful predictive 

techniques such as DM, forecasting and scoring (Kimball & Ross, 2002). They typically 

segment customers more effectively or optimize offerings to better fit customers ' buying 

profiles (Xu & Walton, 2005). Adding web data to the aCRM is thus expected to 

optimize that process since it willleverage more powerful marketing capacities. 

2.1.3. Integrating WM to aCRM 

According to Ranjan and Bhatnagar (20 11), the aCRM objectives that are relevant to 

marketing are: 

• Helping in cross-selling and up-selling 

• Allowing targeted marketing 

• Helping in segmenting customers on the basis of fixed criteria 

Xu and Walton (2005) developed a more exhaustive framework including the tasks of aCRM 

according to the "who" or profiling tasks and the "how" or the patterns identification tasks, of 

simultaneously existing customers (internai) and prospects customers (externat). The 

framework for customer knowledge acquisition is presented in Figure 2 .. 

28 aCRM explained plainly on 12manage website: < 
http://www.l2manage.com/methods analytical crm.html> (retrieved on 13-05-2011). 
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1 

Internai l (Existing) 

Existing Customer Existing Customer 
segmentation behaviour pattern 
Loyal, defect to; defect from Satisfaction and loyalty 
Strategie important Retention and defection 
customers pattern 

""ho How 
(Profilîng) 

Demographical Defecting pattern to 
(Pattern) 

segmentation competitors 
Prospective customers Defecting pattern from 
New customers acquisition competitors 

Customer pattern loyal to 
competitors 

1 

Externat 1 
(Prospects) 

Figure 2.1 aCRM for a customer knowledge acquisition framework. (Source: Xu & 
Walton, 2005.) 

By adapting Xu and Walton ' s (2005) mode!, it is possible to develop a framework of aCRM 

for web users' knowledge acquisition. Figure 5 below illustrates this shift. WM methods used 

on web data enable to achieve the main aCRM objectives which can be placed in a two­

dimension conceptual map: the "prospects" axis (ordinate) ranges from prospects to existing 

customers, while the "research type" axis (abscissa) ranges from who pro fi ling study (who) 

to behaviour study (how). The use of WM methods and techniques is assumed to turn 

operational web data into meaningful and relevant knowledge of cwTent and prospective web 

customers. Integrating the WM process into the aCRM process provides a formai and 

structured guideline which improves efficiency and effectiveness of the WM process white 

providing insightful knowledge to the aCRM applet of CRM. 



-Segmenting web customers 

-Identifying web customers' 
loyalty and defection statuses 

-Identifying strategically 
important web customers 

Who 

(profiling) 

-Segmenting web prospects 

-Acquiring new web 
customers 

Internai 

(existing) 

Extemal 

(prospective) 

-Identifying web customers' 
behaviour patterns 

-Identifying web customers ' 
satisfaction and loyalty patterns 

-Identifying web customers ' 
retention and defection patterns 

How 

(pattem) 

-Identifying web prospects' 
behaviour patterns 

-Identifying web prospects' 
defecting patterns to and from 
competitors as well as their 
loyalty patterns to them 
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Figure 2.2 aCRM for a web users' knowledge acquisition framework. (Adapted from Xu 
and Walton, 2005 .) 

2.2. Defining Knowledge Management (KM) 

2.2.1. Integrating WM-enabled aCRM into KM 

Knowledge Management (KM) is the process of managing organizational knowledge to 

create value and sustain the competitive advantage through creating, communicating and 

applying the knowledge acquired from interactions with customers to maximize business 

growth and value (Tiwana, 2001 ). Previous research bas ·emphasized the necessity to ble nd a 

Knowledge Management (KM) framework, DM and aCRM, to add value to the business, 

which contributes to the firm's competitive advantage (Ranjan & Bhatnagar, 20 11). In fact 

KM focused on aCRM (and bence DM) develops intangible assets such as knowledge capital 
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and relationship capital to create and deliver ümovative products and services; manage and 

strengthen relationships with new and existing customers, partners and suppliers and 

improves work practices and processes related to the customer (Tiwana, 2001). It is a must to 

develop high path dependency capabilities. 

aCRM capitalizes on oCRM and eCRM/mCRM which gather respectively knowledge about 

customers, and knowledge from customers (Lei & Tang, 2005). That knowledge can be 

obtained from web server access logs, proxy server logs, browser logs, user profiles, 

registration data, cookies or user queries (Mihai, 2009), but also sem·ch results, web pages 

content (WCM) or hyperlinks or hypertext links (WSM). The information retrieved by aCRM 

through the eCRM/mCRM branches can be used for providing customers the benefits they 

are in need (improvement of a website, products or services recommendations, etc.). This is 

the knowledge for customers (Lei & Tang, 2005), as depicted in the lower box in Figure 2., 

which may impact positively the web experience. 
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Wireless and electronic communication between customers and organization 

Mobile CRM & Electronic CRM Operational CRM 

Knowledge from web users: Knowledge about web users: 

-Web communication with remotely located 
us ers 

-Demographie details 
-Customers choices 

-Quick and easy internet connectivity with 
us ers 

-Customer needs, wants and 

-Better understanding of web users 
preferences 
-Customer habits 

ose interaction (targeted content, etc. -Customer attraction 

Reuse of 
derived 
knowledge 
for further 
refinement 

Analytical CRM 

Knowledge for web users: 

-Knowing future trends 
-Knowledge about sales: how to raise sales, prediction 
of sales in the newt quarter 
-Knowledge about marketing: possible marketing 
strategies, marketing on customer choices and 
preferences 
-Knowledge for better services: how to provide 
satisfying services to customers, how to increase 
efficiency in service 

Web users' 
datais 
collected to 
gam 
knowledge 
for CRM 

Figure 2.3 Technology-enabled KM for aCRM. (Adapted from Lei & Tang (2005) and 
Ranjan & Bhatnagar (2011).) 

The increase in web data volumes and the fast-growing capacities of warehouses offer unique 

opp01iunities to be seized through a better understanding of customers by integrating both 

WM processes and aCRM altogether. By leveraging the strengths of WM, it is assumed that 

the major aCRM problems, identified through Xu and Walton's (2005) framework, can be 

better fulfilled in a web perspective. The four major methods of WM, namely the descriptive­

oriented methods of clustering and association analysis; and predictive-oriented methods of 

classification and prediction (Bazsalicza & Naim, 2001), are congruent with aCRM 
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objectives displayed in Figure 2 .. Unlike oCRM and eCRM/mCRM, the outcome of aCRM is 

to provide information for customers. This is the information gathered by analytical means 

such as WM, which should ideally be combined to DM-analyzed offline data about 

customers and other "islands of customer data" obtained from other legacy or enterprise-wide 

systems, i.e., Enterprise Resource Planning (ERP), Sales Force Automation (SFA), Supply 

Chain Management (SCM), Vendor Relationship Management (VRM), Material 

Requirements Planning (MRP), Master Production Schedule (MPS), Decision Support 

Systems (DSSs), Supplier Relationship Management (SRM), etc. (Chan, 2005). Software 

engineering approaches may even enable interoperable services, hence allowing information 

moving between each enterprise software package through Service Oriented Architecture 

(SOA), Enterprise Integration Applications (IAE) or Software as a Service (SaaS) design 

princip les (Bedell et al., 2007) . 

But such an. analysis goes beyond the scope of this piece of research. The focus, here, is on 

utilizing WM tools on web data issued by existing and prospective customers online in order 

to provide an additional digital information dimension to the aCRM framework so that this 

framework may provide systematic and powerful knowledge for improving the web 

operations of businesses be they brick-and-clicks or pure players. As depicted in figure 7, 

ultimately, such a WM-integrated framework will extract "knowledge for customers" such as 

knowing future trends, predictions for sales, predictions for marketing and solutions for better 

services (Xu & Walton, 2005). This knowledge will lead to multi -level improvements and 

may in return be analyzed again with WM methods and techniques closing the loop and 

developing a virtuous circle which may lead to a knowledge-driven competitive advantage 
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Figure 2.4 WM-enabled framework for achieving aCRM objectives. (adapted from Lei 
& Tang (2005) and Ranjan & Bhatnagar (2011). 

2.2.2. Modeling of the specifie conceptual framework 

DND Intranet (2004) defined KM as an integrated systematic approach which, when applied 

to an organization, enables the optimal use of timely, accurate and relevant information. It 

also facilitates knowledge discovery and innovation, fosters the development of a leaming 

organization and enhances understanding by integrating all sources of information, as well as 

individual and collective knowledge and experience. Acquiring knowledge is an essential 

element in the aCRM process but the systematic and cross-functional dissemination of 

knowledge among the organization refers to the KM part of the Business Intelligence 

process . lt is therefore critical to develop a framework for aCRM considering WM tools and 

techniques from a KM perspective. The acquired knowledge will be used as an input for 

decision-making pm-poses. A standard framework for integrating WM in the broader KM 

perspective is a useful tool for synthesizing the process but it must be underlined that each 

WM project is inherently specifie and may require adjustments. Renee, prior to any analysis, 

it is necessary to identify the objectives of the project and detennine the resources allocated 

to achieve the objectives. A plan needs also to be developed to orientate the process toward 

the right type of data collection and analysis. The following procedure, illustrated in figure 8, 

describes the tentative model for knowledge-enabled aCRM using WM methods and 

techniques, based on, and adapted from research of Hameed (2004), Lei & Tang (2005), Xu 

& Walton (2005), Ranjan & Bhatnagar (2011), Zhang & Segall (2008), Wahlberg et al. 

(2009) and A1badvi & Shahbazi (2010). 

(1) Collection of relevant web data from multiple web sources: the web data is generated by 

customers or prospects who access to the web site of a business from various touch 

points and sources as well as by different means. The data encompasses general access 

logs and usage profiles, generally used for WUM; search results and web pages (text, 

XML, HTML and multimedia formats) , generally used for WCM; dynamic and static 

internet links, generally used for WSM. This process refers to the two first stages of the 

WM process developed by Zhang and Segall (2008), namely resource finding and 
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retrieving as well as information selection and preprocessing which consist of selecting 

and cleaning data from gross web log files , registration data, documents, usage attributes, 

etc. (depending on which type of WM methods are used afterwards), but also identifying 

user, identifying session and path completion, which is particularly relevant for WUM 

(Albadvi & Shahbazi, 2010). 

(2) Integrated Data: the dean data is gathered into an Integrated Database. This formatted 

data consists thus primarily of operational web data and provides information pertaining 

to web users, which can be used as such without analysis. This type of real-time 

information can be useful for marketing, sales or by any department which might need 

plain web data (Xu & Walton, 2005). 

(3) WM descriptive and predictive techniques usage for exploring and analyzing the web 

data: the formatted data needs to be transformed according to the type of WM 

technique(s) that will be applied toit. Discovery ofunknown and useful infonnation from 

the formatted data, bence patterns discovery, is done primarily with mere descriptive 

statistical (path) analysis. On the more interesting inferential leve!, there are four major 

WM methods known as clustering, association analysis, classification and prediction 

which encompass various techniques. The process of selecting the appropriate type(s) of 

analysis is primarily defined by the WM outcome(s) sought (web personalization, 

building profiles, etc.). Descriptive teclmiques such as clustering and association analysis 

will be used to perform segmentation and cross-selling/up-selling tasks, which lead to 

profiling, portfolio building, and increasing web sales, etc. Predictive techniques are 

better suited for classification and regression tasks, bence concentrating on the behavior 

analysis of existing and/or prospect customers as depicted in Xu & Walton's (2005) 

framework. This stage refers to the patterns recognition and analysis step of Zhang and 

Segall's (2008) WM process. Once a model, segment or score is derived from the data, 

the mode! is tested on the remaining part of the data, the test set. This refers to the 

validation and interpretation steps but it is included in the present exploratory and 

analytical step since it only (in)validates the resulting models. 



66 

(4) Knowledge data warehouse of web user information: the knowledge data warehouse 

differs from the data warehouse since it contains analyzed and validated data and is built 

after the discovery of patterns in the formatted data typically stored in the data 

warehouse. The freshly-acquired knowledge is then disseminated across the organization, 

especially to marketing and sales through Management Information Systems (MISs), 

Business Intelligence (BI) processes. Higher in the hierarchy, managers can access these 

insightful WM-generated metrics, models and overall knowledge through high-end 

managerial Dashboards, Balanced Scorecards, Business Performance Management 

(BPM), Business Activity Monitoring (BAM), Business Rules Engines (BRE) systems 

which enable changing business rules in real-time (Bedell et al., 2007). These systems 

can be connected to the knowledge data warehouse especially if it is an in-company item 

as opposed to a warehouse available at the server level, i.e., Cloud Computing services. 

Information Systems monitor overall business aspects and are thus fed in real-time with 

streams or batches of knowledge acquired through WM projects. It is important to store 

safely the web user knowledge so that it may be used anytime by executives and 

employees at multiple hierarchical levels, as a support for operational, tactical and 

strategie decision-making processes . 

(5) KM of web user data: the knowledge obtained is knowledge for web users, be they 

customers or prospective customers of the business (Lei & Tang, 2005). Other 

applications also include information about web users used in oCRM or cCRM but also 

information from web users typically addressed with mCRM/eCRM. 

The acquired knowledge can then be used in eCRM and mCRM because these CRM fields 

are highly concemed with any types of web-based interactions. The acquired knowledge can 

also be used, to a lesser extent, in oCRM. However, the bulk of information is typically 

answering web-oriented aCRM questions and should be made available throughout the 

organization by means of a KM framework. As recommended by Ranj an and Bhatnagar 

(20 11), the who le process of aCRM is managed through the KM framework as follows (Shaw 

et al., 2001): (a) creation of knowledge about web users, (b) storage of knowledge about web 

users, (c) dissemination of knowledge about web users, (d) application of knowledge about 

web users. The KM framework needs to be integrated to the . three-level model for 
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knowledge-enabled aCRM using WM. It is assumed that such an approach will considerably 

reduce the issue of losing not only gross data but also knowledge at all steps of the 

knowledge creation process. Also, the achievement of aCRM objectives can be done in a 

more automatic and systematic manner which reduces cost and time, while minimizing aU 

kinds of waste. It is important to stress that such a framework for knowledge-enabled aCRM 

using WM methods and techniques intends primarily to derive knowledge from web data, 

which originated from web users be they customers or not and which seeks therefore to 

provide kù.owledge for those web users in order to optirnize the CRM process occurring on 

the internet channel. Consequently, the model deals specifically with evolving online web 

data and not of:fline data which are stored in offline databases. While most authors in the 

literature focused on the broad area of aCRM in a KM framework applied to offline data 

(Ranjan & Bhatnagar, 2011 ; Xu & Walton, 2005; Kimball & Ross, 2002; Tiwana, 2001), the 

following tentative framework is a proposition for a framework applied to web-sourced data. 

The knowledge-enabled aCRM using the WM model is summarized into tlu·ee levels, in 

figure 8 below. Wc can sec that thcse three levcls are: 

(Ol)Data store of web data warehouse: collection of relevant data from multiple web 

sources and the Integrated Data stages 

(02)Data discovery and analysis: WM descriptive and predictive techniques usage for 

exploring and analyzing web data stage 

(03) KM applications ta aCRM· Knowledge data warehouse of web user information and 

KM of web user data stages 
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2.3. Qualitative research components 

Web user knowledge storage, creation, dissemination and application are all managed 

through the model exposed previously. WM methods and techniques are used to reach aCRM 

objectives (KM applications) in a KM procedme. 

The research components are developed below. Given a company A, the existing web 

customers group refers to those customers who pmchased at least once from the web channel 

of A at any of its digital touch points. These customers pmchase from the business thl'ough 

digital but not necessarily through non-digital channels. The prospective web customers 

group refers to those customers who have never pmchased from the web channel of A at any 

of its digital touch points. These customers are not necessarily customers of A but if they are, 

they pmchase from A through any channel except through the web channel. 

Component 1: Usage ofWM applied to the profiling of existing web customers (WHO­

INTERNAL dyad) 

Identifying to what extent it may be possible to use the main WM methods (and techniques) 

in order to analyze cmrent web customers' profiles, strategie importance, loyalty and 

defection statuses for fwiher identification of web customer churn rates and implementation 

of segmentation and targeting e-marketing activities on the web. 

Component 2: Usage of WM applied to the identification of existing customers patterns 

on the web (HOW- INTERNAL dyad) 

Identifying to what extent it may be possible to use the main WM methods (and techniques) 

in order to pinpoint existing web customers' behavior patterns, as well as their satisfaction 

and loyalty pattems and their retention and defection patterns, to optimize, among others, 

cross-selling/up-selling offerings . 

Component 3: Usage of WM applied to the profùing of prospective customers on the 

web (WHO- EXTERNAL dyad) 
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Identifying to what extent it may be possible to use the main WM methods (and techniques) 

in order to analyze prospective web customers' profiles, preferences, needs, habits, etc. in 

order to acquire them. 

Component 4: Usage of WM applied to the identification of prospective web customers 

patterns on the web (HOW- EXTERNAL dyad) 

Identifying to what extent it may be possible to use WM methods (and techniques) in order to 

pin point prospective web customers' behavior patterns, as well as the ir defecting patterns to 

and from competitors, and their loyalty patterns to competitors. 

2.3.1. Research questions and propositions 

In the following, the abbreviation "RQ" stands for "Research Question" and "P" stands for 

"Proposition". 

Component 1: Usage ofWM applied to the profiling of existing web customers (WHO­

INTERNAL DY AD 1) 

RQ 1: [WHO - JNTERNAL DYAD la] to what extent do Clustering and Classification 

methods, applied to web data (web log data, etc.), provide accmate profiles of existing web 

customers? 

Pl: Web data generated by existing web customers are sufficiently detailed and 

accurate to provide a strong basis for the creation of precise profiles about those 

existing web customers. 

• P2: Clustering and Classification teclmiques applied to web data (web log data, 

search results and web pages, etc.) create homogeneous groups of existing web 

customers. 

RQ 2: [WHO - JNTERNAL DYAD lb] To what extent do classification and prediction 

methods, applied on web data, identify the profit-cast ratio and the Recency-Monetary-
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Frequency (RFM) of purchases made by individuals, on which the Customer Lifetime Value 

(CL V) is based, to identify strategically important, existing web customers? 

• Pl: Web data generated by existing web customers encompass enough information 

about the profit-cost, the Recency-Monetary-Frequency (RFM)-based CL V of 

purchases made by existing web customers, which contributes to identify those 

strategically important customers 

• P2: Classification and prediction methods applied to web data predict the value of a 

given web customer to identify strategically important existing web customers. 

RQ3: [WHO - INTERNAL DYAD le] To what extent do classification and clustering 

methods identify existing web customers' loyalty or defection statuses? 

• Pl: Web data generated by existing web customers indicate whether a web customer 

is loyal to a given business or defects from that business. 

• P2: Classification and clustering methods applied to web data predict membership of 

an individual to the loyal or defecting customer group. 

Component 2: Usage of WM applied to the identification of existing web customers 

patterns on the web (HOW- INTERNAL DYAD 2) 

RQ4: [HOW - INTERNAL DYAD 2a] To what extent do clustering, association analysis, 

classification and prediction methods applied to web data identify existing web customers' 

·behavior on the web? 

• Pl: Web data generated by existing web customers highlight the particular behavioral 

patterns of existing web customers when they are navigating on the internet. 

• P2: Clustering, association analysis, classification and prediction methods applied to 

web data pro vide descriptive and predictive mode ling of web customers' behavior on 

the internet. 

RQS: [HOW - INTERNAL DY AD 4b] To what extent do clustering, association analysis, 

classification and prediction methods applied to web data capture how existing web 

customers develop satisfaction and loyalty on the internet? 
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Pl: Web data generated by existing web customers describe the existing web 

customers' satisfaction and loyalty patterns on the internet. 

• P2: Clustering, association analysis, classification and prediction methods applied to 

web data grasp the dynamics of existing web customers' satisfaction and loyalty 

patterns on the internet. 

RQ6: [HOW - INTERNAL DY AD 2c] To what extent do clustering, association analysis, 

classification and prediction methods identify how existing web customers' remain attached 

to or defect from a givcn business on the internet? 

• Pl: Web data generated by existing web customers describe existing web customers' 

retention and defection patterns on the internet. 

• P2: Clustering, association analysis, classification and prediction methods applied to 

web data capture the dynamics of existing web customers' retention and defection 

patterns on the internet. 

Component 3: Usage of WM applied to the protiling of prospective customers on the 

web 

RQ7: [WHO - EXTERNAL DYAD 3a] To what extent do classification and prediction 

methods segment prospective web customers? 

• P 1: Web data generated by prospective web customers are sufficiently detailed and 

accurate to provide a strong basis for the creation of precise profiles about those 

prospective web customers. 

• P2: Classification and prediction methods applied to web data create homogeneous 

groups of prospective web customers. 

RQ8: [WHO- EXTERNAL DYAD 3b] To what extent do clustering, association analysis 

and classification methods provide insightful information about prospective web customers' 

preferences, needs, habits etc. to develop targeted e-marketing and e-commerce strategies to 

acquire them? 
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• Pl: Web data generated by prospective web customers are sufficiently detailed and 

accurate to provide various and complementary characteristics about those 

prospective web customers such as their preferences, needs, habits, to be used for 

acquiring those customers. 

• P2: Clustering, association analysis and classification methods generate relevant 

information about prospective web customers' characteristics which can be used for 

fmiher targeted marketing and sales effotis to acquire them. 

Component 4: Usage of WM applied to the identification of prospective web customers 

patterns on the web 

RQ9: [HOW - EXTERNAL 4a] To what extent do clustering, association analysis, 

classification and prediction methods, applied to web data, identify prospective web 

customers' behavior on the internet? 

• 

• 

Pl: Web data generated by prospective web customers highlight the particular 

behavioral patterns of prospective web customers when they are navigating on the 

internet. 

P2: Clustering, association analysis, classification and prediction applied to web data 

provide descriptive and predictive modeling of prospective web customers' behavior 

patterns on the internet. 

RQlO: [HOW - EXTERNAL 4b] To what extent do clustering, association analysis, 

classification and prediction methods applied to web data identify how prospective web 

customers defect to and from competitors as weil as how they are loyal to competitors on the 

internet? 

• Pl: Web data generated by prospective web customers highlight prospective 

customers' defection patterns to and from competitors as well as their loyalty 

patterns to competitors on the internet. 

• P2: Clustering, association analysis, classification and prediction methods applied to 

web data identify prospective web customers' defection patterns to and from 

competitors as weil as their loyalty patterns to competitors, on the internet. 
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2.4. Specifie Conceptual framework 

This study focuses on exploring the benefits yielded by WM methods and techniques 

embedded into a KM procedure for achieving the major aCRM tasks and objectives relating 

to existing and prospective customers who interact with a business through any touch points 

of the internet channel. The scope of research is limited to the web context and thus web 

customers. It is beyond the scope of this research to analyze the many technical and 

technological aspects of WM in details and the technical adequacy of specifie WM 

methods/techniques to achieve given aCRM objectives. However, the research strives to 

emphasize the valuable knowledge that can be extracted from web data tlu·ough a systematic 

and format approach which integrates standard DM teclmiques applied to web data in broader 

enterprise-wide KM and aCRM processes. aCRM is the missing link in CRM strategy to 

implement BI in the organization (Hall, 2004). It has been acknowledged that DM represents 

the lion's share of the aCRM process (Wahlberg et al., 2009) and that aCRM needs to be 

built on DM teclmiques and KM approach to mect business challenges (Xu & Walton, 2005). 

DM manipulates offline and often rather static data. Businesses generally focus on that type 

of research without integrating the gigantic flow of web data. The latter is thus under­

exploited, although it has been demonstrated tlu·ough extensive rcsearch that, if well­

processed, web data provide extremely critical information for businesses (Liu, 2007; Liu, 

2011). It is argued that WM is another crucial component of a DM-built aCRM-KM 

framework since it provides va1uab1e information about web pattems of customers and/or 

prospects online. It provides the missing piece of the puzzle for a true 360° view of 

organizations' consumers. WM tums the fast-growing gross web data into prec10us 

knowledge for customers (Lei & Tang, 2005), to improve dramatically cross-disciplinary 

ho1istic marketing and sales functions, in a relational marketing paradigm. 

The scope of this research is limited to analyzing the benefits of WM methods and techniques 

on the analytical CRM (aCRM) applet of the marketing function, in the framework of a 

Knowledge Management (KM) perspective. That is, to understand how WM might be 

optimally integrated to the blended aCRM and KM framework to leverage insightful 

knowledge about existing and prospective web customers who interact with online 

businesses. 
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The WM black is comprised of web data types, methods and teclmiques which result in 

specifie WM applications. Given the fact that methods encompass techniques, the research 

propositions investigate the benefits of WM methods to reach aCRM objectives. Different 

sorts of web data may be used. General access logs and usage profiles, are both considered 

for WUM. Search results and web pages with content such as text, HTML, XML (RSS feed, 

etc.), multimedia (audio, video, etc.) are considered for WCM, white dynamic and static web 

links are considered for WSM. OLAP/visualization tools, knowledge query mechanisms and 

intelligent agents are used to describe statistically the web patterns (Cooley et al. , 1997). On 

a more analytical leve!, there are fom types of WM methods applied to these web data for 

discovering and analyzing meaningful patterns, namely clustering, association analysis, 

classification and prediction (Bazsalicza & Naim, 2001 ; Srivastava et al., 2000) . Combining 

those methods and teclmiques enables to anticipating futme trends, smoothly predicting sales 

(how to raise online sales, prediction for online sales in the next quarter according to seasonal 

and other contingent effects), optimizing marketing solutions (possible e-marketing 

strategies, marketing on customer choices and preferences, marketing according to prediction 

by WM tools) and developing solutions for better customer service (how to provide satisfied 

services online to customers, how to increase efficiency in online service(s)) (Lei & Tang, 

2005: Ranjan & Bhatnagar 2011) . 

The aCRM black is comprised of the major tasks and objectives that are typically fulfilled by 

aCRM in a knowledge acquisition perspective (Wahlberg et al., 2009), as identified in Xu 

and Walton's (2005) framework, and adapted to a web-oriented approach: 

(1) The first dyad focuses on profiling existing (internai) web customers, which requires 

segmenting existing web customers, identifying their loyalty and defection statuses, 

and identifying strategically important web customers. 

(2) The second dyad focuses on identifying existing (internai) customers' patterns on the 

web which requires trac king and monitoring existing web customers' behavior 

patterns, identifying web customers' satisfaction and loyalty patterns and identifying 

retention and defection patterns . 
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(3) The third dyad focuses on profiling prospective ( extemal) web customers, which 

requires segmenting prospective web customers and identifying their intrinsic 

characteristics to make them become existing (intemal) customers. 

( 4) The fomth dyad focuses on identifying prospective (externat) customers ' patterns on 

the web which requires trac king and monitoring prospective web customers' 

behavior pattems, identifying defecting patterns to competitors, identifying defecting 

pattems from competitors, and identifying patterns of customers loyal to competitors. 

The KM framework as defined by the DND Intranet (2004), integrates the two previous 

blocks together, enabling congruency between them, in an online context. Hence, the KM 

framework is the blueprint for the whole WM process from scratch to high-end application. 

The knowledge-enabled aCRM framework pro vides knowledge for customers that can lead to 

one or severa! of the nine WM applications listed in table 3, depending on the pre-defined 

WM project. It is the knowledge used to enhance customers' experience, customers' flow and 

overall customers' satisfaction. The who le pro cess of WM is managed through the KM 

framework: customer knowledge creation, customer knowledge stOI'age, customer knowledge 

dissemination and customer knowledge application to aCRM, other CRM applets and more 

broadly to every corporate process or function needing such highly competitive knowledge. 

Figure presents the .conceptual framework as the summary of ail three blocks put together. 

The study focuses primarily on the Knowledge creation and storage stages in the KM 

framework. It seeks to understand to what extent the fom methods of WM, when applied to 

web data, are successful in achieving the 12 major aCRM objectives for e-commerce 

(transactional) websites. The section "results" investigates in-depth to what extent WM 

methods and techniques are suitable for achieving each of these 12 major aCRM objectives. 

A final refined schema will eventually represent which aCRM objectives may indeed be 

achieved by means ofWM methods and teclmiques. 

Figme 9 represents the specifie conceptual framework of this study as developed th us far. 

-· ----- - -------
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CHAPTER3 

RESEARCH METHODOLOGY 

3.1. Research design 

3.1.1. Research paradigm 

A paradigm is a constellation of techniques, values, beliefs, etc. shared by a given 

conununit/9
. White natmal sciences and artificial sciences have well-established and 

strong research paradigrn bases, administration sciences tend to have a weaker 

determination of their research paradigm. It can be either positivist or constructivist. The 

cunent piece of research derives data from sensory experience and logically treats these 

data while considering both of these processes as being the exclusive somce of authentic 

knowledge. In fact, because of the lack of research on the subject of WM in a marketing 

perspective, there are very theoretical frameworks which could have given rise to 

empirical testing. Also, introspective and intuitional attempts to gain knowledge are 

rejected. For all those reasons, this study is embedded into a positivist paradigm with its 

subsequent ontology, epistemology and methodology. 

3.1.2. Ontological orientation 

Ontology refers to the study of the general propetiies of what exists (Behling, 1980). 

According to Laverty (2003), from an ontological perspective, positivist frameworks 

view reality as something 'out there' to be apprehended (Denzin & Lincoln, 2000). There 

29 Wikipedia : http://fr.wikipedia .org/wiki/Paradigme (retrieved on 04-02-2012) . 
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1s an assumption that the world is stmctured by law likc generalities that can be 

identified, predicted, manipulated or controlled to yield universal statements of scientific 

theory (Munhall, 1989). Polkinghorne (1983) described this as a 'received' view of 

science, as something apart from ourselves that we receive and can study, rather than as 

something we create. 

On the other hand, the interpretivist framework of inquiry supports the ontological 

perspective of the belief in the existence of not just one reality, but of multiple realities 

that are constructed and can be altered by the knower (Laverty, 2003). Reality is not 

something 'out there' , but rather something that is local and specifically constructed. 

Realities are not more or less hue, rather they are simply more or less informed (Denzin 

& Lincoln, 2000) . Polkinghorne (1983) described this paradigm as an attitude about 

knowledge, not a school of thought. Knowledge is seen as the best understandings we 

have been able to produce thus far, not a statement ofwhat is ultimately real. 

The current piece of research is built upon a literature rev1ew that leads toward the 

construction of a general and specifie mode!. The w1derlying assumption is that of a 

natural determinism. The real is ruled by immutable laws, observable cause-and-effect 

mechanisms that could eventually be scientifically measured. As a matter of fact, it does 

not corr-espond to the relativist ontology, which states that there are multiple realities that 

are socially constmcted and non-governed by natmal and causal laws. Therefore, the 

study rather belongs to the realist ontology type. In fact, this study acknowledges the 

existence of an objective reality which can be understood by means of observations for 

interna! validity. 

3.1.3. Epistemological orientation 

According to Laverty (2003), from an epistemological stance, the positivist tradition saw 

a duality between the abject of inquiry and the inquirer. Researchers are described as 

attempting to asswne a stance of a disinterested scientist (Denzin & Lincoln, 2000) . The 

researcher is seen as being able to obtain a viewpoint, devoid of values or biases 

(Polkinghorne, 1983). 
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Epistemologically, the constructivist framework sees a relationship between the knower 

and the known. The notion of value-free research has been challenged as questionable 

and it is believed that attempts to attain such a stance have resulted in the loss of certain 

kinds of knowledge about human experience, such as meaning making (Cotterill & 

Letherby, 1993; Jagger, 1989). Polkinghorne (1983) viewed research as a human activity 

in which the researcher as knower is central and Denzin and Lincoln (2000) viewed the 

investigator and the investigated as interactively linked in the creation of findings, with 

the investigator as a passionate participant (Laverty, 2003). 

Since this study is embedded in the positivist paradigm, both the observer and the 

observed phenomenon are separable. The researcher is independent from its obj ect. 

Consequently, this study does not belong to the monist subjectivist or interpretivist type 

which assumes a strict non-separability between the researcher and the researched object. 

Rather, this study follows an objective dualist epistemology where the researcher bas no 

influence on the researched object. 

3.1.4. Methodological orientation 

Methodology is a guideline system for solving a problem, with specifie components such 

as tasks, phases, methods, techniques and tools (Irny & Rose, 2005) . Methodologically, 

specifie methods are utilized to try to ensure the absence of the investigator's influence or 

bias, as this is perceived as a tlueat to the validity of the results (Laverty, 2003). 

Consequently, benchmarks of internallexternal validity, reliability and objectivity have 

been developed to facilitate this process (Denzin & Lincoln, 2000). 

A set of research questions and their related research propositions are formulated and 

meant to be answered by a pool of experts to reach natural determination. Consequently 

the method that will be used in order to develop knowledge is not hermeneutic with 

hermeneutic method assumptions. Knowledge is not constructed conjointly (co­

constructed) between the researcher and the respondents in a continuous (re )iterative, 

(re )analytical and cri ti cal pro cess lèading to the development of co-constructed 

representations emic-based (interpretations by the members of the phenomenon that is 

analyzed) or etic-based (interpretations by the researcher) interpretations. Rather, the 

present research approach follows the logical-empirical approach based on the cartesian 
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principle of analytic division and breakdown (Osbome, 1994). It follows a hypothetico­

deductive model as determined by Whewell in 1837. Sorne fonns of syllogism are also 

used as part of the logical reasoning type of the realist ontology (Frede, 1975). 

3.1.5. Design type 

Conducting formal research on WM in marketing is still a relatively new field . 

Integrating WM to the aCRM/KM frameworks is even less researched. There are 

relatively few information and frameworks of reference available. Frameworks need to be 

adapted from adjacent research. The present work is, therefore, a radical innovation in 

marketing research since it: 

"creates a dominant new design that incorporates links between the previously­

identified new core concepts" (Henderson & Clark, 1990). 

The research design is exploratory, in the form of in-depth serni-structured interviews, 

because there is an increasing interest in the application of DM to aCRM and KM/BI 

frameworks, but little information exists in the literature about integrating WM to aCRM­

KM frameworks. Much advances have been made in the field of computer sciences, 

systems intelligence and artificial intelligence but few studies sought to explore the 

combination of DM/WM tools to Intelligent Systems such as CRM for instance and even 

less explored the effect of the synergy between the DM-CRM combinations and their 

tight intertwining into KM frameworks. Exploratory research provides insightful 

information, discovers ideas while improving the w1derstanding of the phenomenon in 

order to generate tentative results which will form the basis for further exploratory or 

confirmatory research (Malhotra, 2010). Consequently, the exploratory pm-pose of this 

research is to: 

• Identify possible ways of action for tackling the identified problem 

• Isolate key variables and relationships for futme research on the subject 

• Provide information for the development of an approach to the identified problem 

• Establish priorities for future research on the subject 
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It must be stressed that, although following a scientific approach, the methodology is not 

intended to provide generalizable results, but answers to research questions supported by 

inferred research propositions. 

More specifically, about 45 respondents were directly approached to participate to the in­

depth, serni-structured interviews. 11 of them took part in the project, but one of the 

interviews did not yield the expected level of insight and its results were thus not included 

in the analysis. The response rate is thus 33%. The interview guide that was used for 

conducting the discussion is included in appendix 1. 

The interviews were recorded and then entirely transcribed . The verbatims were then 

placed in an answer matrix by themes. Renee for a given research theme (e.g. usage of 

WM for segmenting existing web customers) the answers of the 10 respondents were 

analyzed, aggregated if sirnilar, polarized (e.g. most answers tend towards negative or 

positive, etc.), summarized and finally the most important elements were extracted with 

relevant quotations associated to them as support. 

3.1.6. Information needed 

The information sought is broadly defined, the research process is flexible, versatile and 

unstructured, and it will be analyzed qualitatively. Table 3.1 shows the information 

needed for each research proposition related to each research question. 

Table 3.1 

Description of the information needed per research proposition 

RESEARCH RESEARCH INFORMATION 
QUESTIONS PROPOSITIONS NEEDED 

Component 1: Usage ofWM applied to the profiling of existing web customers 
(WHO- INTERNAL DYAD 1) 

RQ 1: [WHO- RP1: Web data generated Characteristics of the web 
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INTERNAL DYAD la] by existing web customers data generated by existing 

are sufficiently detailed and web customers make this 
To what extent do accurate to provide a strong data useful for developing 
clustering and basis for the creation of accurate profiles of existing 
classification methods precise profiles about those web customers. 
applied to web data (web existing web customers. 
log data, etc.) provide 

accurate profiles of 

existing web customers? 
RP2: Clustering and 

Features and attributes of 
classification methods 

applied to web data (web 
the clustering and 

log data, sem·ch results and 
classification methods make 

web pages, etc.) create 
them usefitl for creating 

groups of similar existing 
homogeneous groups of 

web customers. 
existing web customers 

RPl: Web data generated 

by existing web customers 
Extent to which web data 

RQ2: [WHO- encompass enough 
display the recency-

INTERNAL DYAD lb] information about the profit-
monetary-frequency (RFM) 

cost, the Recency-
values of an existing web 

To what extent do Monetary-Frequency 

classification and (RFM)-based CL V of 
customer's purchase(s) 

regression methods purchases made by existing 
online as weil as the ratio of 

costs neededfor stimulating 
applied to web data, web customers, which 

the purchase on the profits 
identify the profit-cost contributes to identify those 

received from the purchase. 
ratio and the Recency- strategically important 

Monetary-Frequency customers 

(RFM) of pure hases made 

by individuals, on which 

the Customer Lifetime RP2: Classification and 
Value (CL V) is based, to prediction methods applied 

Features and attributes of 

identify strategically to web data predict the value 
classification and prediction 

important, existing web of a given web customer to 
methods make them useful 

customers? identify strategically 
for identifying strategically 

impo1iant existing web 
important existing web 

customers. 
customers. 

RQ3: [WHO - RPl: Web data generated Extent to which the web 

INTERNALDYAD le] by existing web customers data display indications 
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To what extent do indicate whether an existing about the loyalty or the 

clustering and web customer is loyal to a defection of an existing web 

classification methods gi ven business or defects customer from a business. 

identify existing web from that business. 

customers' loyalty or 

defection statuses? 

Features and attributes of 

RP2: Clustering and the clustering and 

classification methods classification methods make 

applied to web data predict them use fu! for predicting 

membership of an individual the membership of an 

to the loyal or defecting existing web customer to the 

customers group. loyal or the defecting 

customers group. 

Component 2: Usage of WM applied to the identification of existing customers' 
patterns on the web (HOW- INTERNAL DYAD 2) 

RPl: Web data generated 

by existing web customers Characteristics of the web 

highlight the particular data generated by existing 

browsing behavior of web customers which 
RQ4: [HOW - existing web customers display how those customers 
INTERNAL DYAD 2a] when they are navigating on behave on the internet. 
To what extent do the intemet. 
clustering, association 

analysis, classification 

and prediction methods 

applied to web data RP2: Clustering, association Features and attributes of 

identify existing web analysis, classification and clustering, association 

customers' behavior on prediction methods applied analysis, classification and 

the internet? to web data provide prediction methods make 

descriptive and predictive them useful for describing 

mode ling of web customers ' and predicting the behavior 

consumer behavior on the of existing web customers 

internet. online. 

RQS: [HOW - RPl: Web data generated Characteristics of the web 

INTERNAL DY AD 2b] by existing web customers data generated by existing 

To what extent do describe the existing web web customers which 
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clustering, association customers' satisfaction and describe the patterns that 

analysis, classification and loyalty patterns on the make those customers 

prediction methods internet. satisfied and loyal on the 

applied to web data internet. 

capture how existing web 

customers develop 

satisfaction and loyalty on 
Features and attributes of 

the internet? RP2: Clustering, association 
the clustering, association 

analysis, classification and 
analysis, classification and 

prediction methods applied 
to web data grasp the 

prediction methods make 

dynarnics of existing web 
them use fit! for identifYing 

customers' satisfaction and 
the patterns thal make 

loyalty patterns on the 
existing web customers 

internet. 
satisfied and loyal on the 

internet. 

Characteristics of the web 

RPl: Web data generated data generated by existing 
by existing web customers web customers which 

describe existing web describe the patterns that 
RQ6: [HOW - customers' retention and make those customers 
INTERNAL DYAD 2c] defection patterns on the retained ta the business or 
To what extent do internet. defect from it on the 
clustering, association internet. 
analysis, classification 

and prediction methods 
identify how existing web 

customers' remain RP2: Clustering, association Features and attributes of 

attached to or defect from analysis, classification and the clustering, association 

a given business on the prediction methods applied analysis, classification and 

internet? to web data capture the prediction methods make 

dynarnics of existing web them useful for identifYing 

customers' retention and how existing web customers 

defection patterns on the retain ta the business or 

internet. defect from it on the web. 

Component 3: Usage of WM applied to the profiling of prospective customers on 

the web 

RQ7: [WHO- RPl : Web data generated Characteristics of the web 
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EXTERNAL DY AD 3a] by prospective web data generated by 

To what extent do customers are sufficiently prospective web customers 

classification and detailed and accurate to which make this data useful 

prediction methods provide a strong basis for for developing accurate 

segment prospective web the creation of precise profiles of prospective web 

customers? profiles about those customers. 

prospective web customers. 

RP2: Classification and 
Features and attributes of 

prediction methods applied 
the classification and 

to web data create 
prediction methods make 

homogeneous groups of 
them use fu! for creating 

prospective web customers 
accurate profiles of 

prospective web customers. 

RPl: Web data generated 

by prospective web 
customers are sufficiently Extent ta wbich the web 

detailed and accurate to data generated by 

RQ8: [WHO- provide various and prospective web customers 

EXTERNALDYAD 3b] complementary display prospective web 

To what extent do characteristics about those customers' characteristics 

clustering, association prospective web customers i.e. preferences, needs, 

analysis and classification such as their preferences, habits etc. 

methods provide needs, habits, to be used for 

insightful information acquiring those customers 

about prospective web 

customers ' preferences, 
needs, habits etc. to RP2: Clustering, association 
develop targeted e- analysis and classification 

Features and attributes of 

marketing and e- methods generate relevant 
the clustering, association 

commerce strategies to information about 
analysis and classification 

acquire them? prospective web customers' 
methods make them useful 

characteristics which can be 
for identifying preferences, 

used for fmther targeted 
needs, habits and other 

marketing and sales efforts 
characteristics of 

to acquire them. 
prospective web customers. 

Component 4: Usage of WM applied to the identification of prospective web 
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customers patterns on the web 

RPl: Web data generated 
Characteristics of the web 

by prospective web 
data generated by 

customers highlight the 
prospective web customers 

particular browsing behavior 
RQ9: [HOW- of prospective web 

which display how those 

EXTERNAL 4a] To what customers when they are 
customers behave on the 

extent do clustering, navigating on the internet. 
internet. 

cross-selling, 

classification and 

regression methods 
applied to web data RP2: Clustering, association Features and attributes of 

identify prospective web analysis, classification and the clustering, association 

customers' behavior on prediction methods applied analysis, classification and 

the internet? to web data provide prediction methods make 

descriptive and predictive them usefu l for describing 

modeling of prospective and predicting the behavior 

web customers' consumer of prospective web 

behavior on the internet. customers online. 

RPl: Web data generated Characteristics of the web 

by prospective web data generated by 
RQlO: [HOW- customers highlight prospective web customers 
EXTERNAL 4b] To what prospective customers' which display how those 
extent do clustering, defection patterns to and customers def ect ta and 
association analysis from competitors from competitors 
classification and 

prediction methods 
applied to web data 

identify how prospective RP2: Clustering, association 
Features and attributes of 

web customers defect to analysis, classification and 
the clustering, association 

and from competitors as prediction methods applied 
analysis classification and 

well as how they are loyal to web data identify 
prediction methods are 

to competitors on the prospective web customers' 
useful for identify ing how 

intemet? loyalty patterns to 
prosp ective web customers ' 

competitors, on the intemet. 
remain loyal ta competitors 

on the internet. 
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3.1.7. Survey methodology 

A semi-structured survey has been developed based on the secondary data obtained from 

the literature review, published material, digitalized material, and netnographical results 

(Linkedln expert groups, Viadeo experts network, WM forums and chats, etc.) on the 

subject; as weil as on the primary data obtained from a first round of open and informai 

interviews with marketing professionals from the Customer Insight & Analytics Council 

of the Canadian Marketing Association (CMA). Some respondents also agreed to answer 

the formai subsequent qualitative survey. 

Qualitative research was undertaken in the form of individual in-depth interviews with 

marketing practitioners and academicians, in order to answer to the main research 

questions and modify or complete their related research propositions. Respondents 

answer to open-ended questions freely and without any limitation as regards to the length 

and content of the answers. lt is the pm·pose to collect the true insight of participants, 

without any bias which may be caused by the researcher or the respondent's fie ld of 

force. Therefore no comments or criticism are made with regards to their answers and 

distracting abjects are put aside (i.e., cellphone switched off). 

The qualitative procedure is direct with in-dcpth interviews because the problematic is 

very specifie, structured and requires all the attention of the respondent. Focus groups are 

thus eliminated since this technique tends to provide spontaneous and quick answers from 

group-energized respondents who are subject to snowball effects from other respondents. 

Also, focus groups offer limited structure in the discussion which is at the opposite of 

what is expected. Indirect projective techniques are also left aside since it is not the 

purpose to discover hidden motivations or needs in the unconsciousness of respondents. 

3.1.8. Formulation of the qualitative gathering process and the required tools 

A total of 11 qualitative direct in-depth interviews were conducted. Among those, one 

interview did not yield the required level of insight and was thus not considered for the 

analysis. Therefore, the results of 10 interviews were used in the framework of this study. 

Although a low figure, this is appropriate for a non-representative and non-generalizable 
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exploratory study. Also, the content given by respondents proved to be rich enough in 

order to build a strong insight into the subject. The respondents were recruited by means 

of a non-probabilistic sampling method based on judgment. Their selection was based, 

primarily, on their specifie knowledge of web data mining methods and techniques and, 

to a lesser extent, on their overall web analytics skills. 

The type of survey method with which respondents were investigated was not 

fundamentally important, and multiple tools could be used for conducting those 

interviews, although e-mail surveys generally tend to provide more honest, well-thought 

and structured results (Coderre et al., 2004). Consequently, given the length and 

concentration-intensive aspect of the sm·vey, the survey was administered either 

personally in face-to-face interviews or via electronic means, attached to e-mails. Given 

the geographical dispersion of respondents among Canada, the U.S.A., and even Europe, 

the e-mail solution took precedence over face-to-face interviews in some instances. It also 

facilitated further semantic analyses of answers since fully-completed surveys were 

automatically digitalized. The mail method was not considered since it required 

additional resources such as postal fares, which were not available for this study. It also 

incurred the risk of lost mail. Besicles, mail surveys implied large delays in sending and 

receiving the survey. The phone method was not really appropriate either, because it was 

too long a survey to be completed on the phone, moreover recording issues might have 

nsen. 

The data collected from the research process was analyzed qualitatively in order to extract 

key variables and coïncident statements to derive common meaning and answer the 

research propositions in a positivist approach. 

3.2. Data gathering process 

3.2.1. Gathering method used 

The data gathered from the surveys was either hand-written text if the interview was 

conducted face-to -face or digitally-written text if the survey has been sent by e-mail. 

Some respondents were chosen by the Canadian Marketing Association (CMA) according 
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to their leve! of expertise with the subject. The Marketing Research and Intelligence 

Association (MRIA) also provided sorne relevant respondents. Additional respondents 

were selected by the researcher in a convenience sampling precodure. 

3.2.2. Gatherers' identification 

The researcher was alone in the data gathering process. Besides, there were no intentions 

to hire people to conduct interviews or analyze the answers. ln fact, the scale and scope of 

the output data proved to be small enough to be processed by one s ingle person 

thoroughly. 

3.2.3. Control mechanisms to ensure good data quality 

Although the data is not quantitative in nature and does not intend to be genera li zab le, it 

is nevertheless important to have quality in the open answers. The major constrain il) 

submitting the survey by (e-)mail is monitoring answer patterns, for face-to-face 

interviews the problem arises rather on the logistics aspect of organizing meetings. It is 

recognized that pushing respondents too hard to get them answer the su rvey mi ght lead to 

poor insights and hence decrease quality in the answers (Malhotra, 201 0). Therefore, no 

more than two recalls were made to non-respondents who complete the survey pere-mail, 

to avoid the non-response bias. During face-to -face interviews, respondents were free no 

to answer a specifie question. This was never the case though. 

Also, no incentives were offered to respondents. This may explain to sorne extent the 

very low rate of acceptance to participate to the study, albeit leve! of expertise and leve! 

of commitment might account for the strongest of the reasons for the low answer rate. It 

was expected that a non-incentivized driven approach would sift through opportunistic 

behaviors, which may arise when rewards are offered. People without any knowledge on 

the subject ·might th us not be tempted to answer abrupt! y to the survey just to get the 

reward. Professional respondents might also not have the legal right to accept such 

rewards since it would be perceived as bribery, or other forms of unethical behavior. 

Conversely, the lack of incentives might discourage knowledgeable experts to answer to 

the survey because of the perceived non-usefulness to do so, especially if they go through 
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hectic quarters. Weighting the pros and cons ofeach approach it was determined that it 

would be wiser not to offer any incentive. 

Eventually, the survey statied with a brief description of the research project to which 

participants took part. To ensure that each respondent has a homogeneous and sin:ù lar 

understanding of the 4 WM methods under study, a glossary included a short definition 

for each of the 4 WM methods. For an obvious reason of conciseness the definitions of all 

the WM techniques that are covered by the different WM methods were not listed. Clear 

understanding of the questions, however, relied on the respondents only. 
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CHAPTER4 

RESULTS 

4.1. Profile of the respondents 

Table , below, provides infmmation about the profile of respondents wh ose answers were 

deemed satisfactory with regards to the research project on band. 
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Table 4.1 

Profiles of respondents 

Job title 
Company Area of 
sec tor expertise 

Age range Income range 

Marketing and 

brand 
Insurance 

Marketing 36-55 
80 000$ + 

development Communication years old 

direct or 

Marketing 
Marketing 

research 
research and 

Marketing 55+ years 
80 000$ + 

agency co-
analytics 

Communication old 

owner 

Marketing 

Web business 
Acadernia 

Communication 36-55 
80 000$ + 

manager IT years old 

Other 

Database 
36 - 55 

Administrator IT IT 80 000$ + 
(DBA) 

years old 

Marketing 
36 - 55 

Sc ho/ar Acadernia Communication 80 000$ + 
IT 

years old 

Marketing 
Marketing 

IT 
36 - 55 

research Engineering 
60 000 - 79 999 

research & IT years old $ 
agency director R&D 

Sc ho/ar Acadernia 
Marketing 36-55 

80 000$ + 
Communication years old 

Scholar Acadernia 
Other: statistics 36-55 

N.S. 
and data-rnining years old 

Scholar Acadernia 
Marketing 

N.S. N.S. 
Communication 

Marketing 

Cmmnunication 

Scholar Academia Other: statistics, N.S. N.S . 
scoring and 

Data-rnining 

Scholar Acadernia 
Marketing 

N.S. N .S. 
Communication 



96 

4.2. Them es of the research 

This section exposes the output generated by the qualitative interviews with professionals 

and acadernicians. It aims at identifying to what extent the WM methods and techniques 

(association, clustering, classification and prediction) are beneficiai to the achievement of 

the following taxonomy of aCRM objectives for e-commerce (transactional) websites, 

according to Xu and Walton's (2005) adjusted framework of reference: 

THEME 1: Pro fi ling of existing web customers on the internet 

1. Segmentation of existing web customers of a website 

2. Identification of the strategically important existing web customers of a website 

3. Identification of existing web customers' loyalty and defection statuses on a website 

4. Conclusion on WM-enabled profiling of existing web customers on a website 

THEME 2: Identifying existing web customers' behavior on the internet 

5. Identification of existing web customers ' behavior on a website 

6. Identification of existing web customers ' satisfaction and loyalty patterns on a website 

7. Identification of existing web customers ' retention and defection patterns on a website 

8. Conclusion on WM-enabled identification of existing web customers' behavior on a 

website 

THEME 3: Pro fi ling of prospective web customers on the intemet 

7. Segmentation of prospective web customers of a website 

8. Collection of information about prospective web customers' preferences, needs, habits, 

etc. to develop e-marketing strategies and acquire them 

9. Conclusion on WM -enabled pro fi ling of prospective web customers of a website 

THEME 4: Identifying prospective web customers ' behavior on the internet 

9. Identification of prospective web customers ' behavior patterns on a website 

10. Identification of prospective web customers' defection patterns to and from 

competitors' websites as weil as how they remain loyal to competitors 
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11. Conclusion on WM-enabled identification of prospective web customers' behavior on 

one or more website(s) 

4.3. Profiling of existing web customers on the internet 

Early on, marketers acknowledged the fact that they were incapable of satisfying all the 

needs and wants of all the individuals on the market. Instead, they identified cmmnonly 

shared characteristics among individuals to divide them in smaller homogeneous 

segments which were more manageable. Web businesses face the same dilermna but the 

potentialities of the web have much more avenues to offer in that respect. This section 

examines how WM tools contribute to optimally grasp these web opportunities. 

4.3.1. Segmenting existing web customers of a website 

Segmentation can be based on a wide array of attributes (Tufféry, 2011). The leve! of 

segmentation stmis from masses referring to global marketing strategies and narrows 

down to segments, niches, personas and eventually to one unique individual, referring to 

personalization or 1-to-1 marketing strategies (Bousquet et al., 2007). Personalization is 

relatively difficult to implement in traditional off-line channels, e.g. stores, etc., but the 

internet offers the unique opportunity to treat each customer differently, and not as part of 

approximate segments or niches (Tiwana, 2001). Customers' unique needs and wants can 

be understood thanks to advanced forensics such as WM tools which allow to draw 

highly detailed profiles and use them for crafting targeted marketing responses on the 

spot. It is in that sense that the term segmentation should be understood here. While there 

will always be initial groups of customers that can be called segments, the high amount of 

web data available about customers allows marketers to go even more micro w1til the 

granular leve! of one customer, enabling the holy grail of CRM namely: one-to-one 

marketing. It all depends on the capacities and objectives of the web business. 

The current section examines to what extent WM tools actually enable marketers to go 

that smgical in their web marketing efforts. 

It appears that identifying existing web customers ' profiles is the easiest aCRM task that 

can be performed by using WM tools. 
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All respondents agreed upon the fact that WM tools were appropriate to segment existing 

customers of a website. WM yields tremendous results when applied on offline data. So 

do these tools when applied on online data, i.e., clickstream data, demographies, 

psychographics and the like, to focus on user-centered design. They allow building those 

famous "personas" or: "fictional characters created to represent the different user types 

within a targeted set of attributes, to be representative of a specifie segment" (Jenkinson, 

1997). In a web context, personas will be typically created on the basis of similar website 

usage, to absorb customer data in a palatable format (Pruitt & Adlin, 2006). However, 

one of the recmring pitfalls in correctly implementing WM methods to optimize 

personalization is the inability to recognize every unique user behind a PC. Users should 

systematically be requested to log in. Under such circumstances, log files and cookies can 

be manipulated with confidence, enabling cross tabulation and aggregation of the web 

data as well as enrichment of the customcr database to draw accurate profiles of existing 

customers. 

Various types of customers' segmentation may be done or may already exist. According 

to a scholar, the web visitors of a web site can be divided into 4 main generic categories: 

1. Those who enter once and leave 

2. Those who enter, visit and leave 

3. Those who enter, visit, leave, enter, visit, buy and leave (1 or a few 
transactions) 

4. Those who enter, navigate, buy, enter, navigate, buy (many transactions) : loyal 

Within these 4 categories there are sub-categories based on the type of products bought or 

the amount of spending and so fmih. AU of these (sub-)categories need to be managed 

differently. Two respondents indicated that a web manager should know to which 

category a web user belongs to as soon as (s)he enters the website to adapt the offering to 

the user's profile. To go even fmiber, although some users belong to the same (sub­

)category they do not behave uniformly. They should be identified and managed 

differently as well. This is where personalization steps in. Global classification narrows 

down until the micro-classification leve! with personalization as the ultimate step of the 

analysis. By focusing on categories 3 and 4, the existing web customer constitutes the 

grain to be managed as one segment. In the words of a scholar, this drives for instance 

promotion strategies: 
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"A user belonging to the 4th category and to the sub-group of "frequent CD 

buyers" will be more responsive to a promotion on CDs thau another of the 4th 

category, who belongs to the "infrequent apparel buyers" subgroup." 

Such forensics yield pattems of probability or risk toward the fact that a specifie user wi ll 

behave in a specifie way, e.g., purchase a product, be offended by an offering. One 

respondent underlined that what is important is the number of specifiers on the data (how 

weil the datais explained, categorized and labeled). The more specifiers, the more precise 

or surgical web managers can be about applying assumptions for a particular type of 

profile the user falls into. WM tools are lm·gely reliable but one respondent indicated that: 

"Reliability of the results can be tested with other sampling methods to improve 

confirm or aid reliability." 

The differences in results obtained with multiple sampling techniques should not be 

statistically significant (Malhotra, 2010). DM is Jess interested in the mechanics of the 

techniques, the statistical correctness of models and does not require assumptions to be 

made about the data (Lefébure & Venturini, 2001 ). But the outputs need to make sense 

and therefore big statistically significant differences from one sample to the other cause 

confusion and weaken the outputs. 

However, despite its great usefulness, WM is subj ect to various methodological caveats. 

First, one academician advanced that there are many, overwhelming, quantities of data 

available which need to be exploited. But some lirnitations apply to avoid the "garbage-in 

garbage-out" pitfall. Accuracy of the WM output al ways depends on the data quality. 

Second, two respondents indicated that the data needs also to be drawn from large and 

homogeneous datasets regarding the context of the study. 

Third, one respondent emphasized that they need to include many specifiers . A marketing 

director added that the data should be used directionally when needed. The researcher 

might step in to interpret the data in some sense that is consistent with the research 

project objectives. 

Fomth, a maj or issue refers also to the identification of the actual user behind the data. 

Geographie information may not be reflective of the user's location but of the ISP 's 

location. Also, both cookies and log files track the activities of a single computer not that 
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of a single computer user. Even with inferential techniques such as regresswn or 

classification to identify users, the error rates incurred by these techniques make absolute 

user recognition unfeasible. To make up for that drawback, a database adrninistrator 

suggested triangulating multiple data types from various sources to get a sense or a 

feeling of the web user: 

"I look at EVERYTHlNG. In addition to clustered and classified, I review the 

condition of the intànet for th at time period ( checking router and switch health) I 

monitor the condition of our web servers, the service of our ISP, I look-up any 

news event, I check dates for opening and closing of schools, corporations and 

national holiday, I look at their IP addresses to get a better feel for origins, 

looking for trends and I sometimes tie in census department data to get an in­

·depth picture." 

Another respondent advanced that pnor to WM analysis, a good start is to review 

descriptive statistics provided by web analytics tools such as Google Analytics who owns 

infmmation on almost anyone accessing the web. Just like descriptive statistics, e.g. , 

frequency tables, web analytics are used to explore the data prior to an inferential 

univariate or multivariate analysis, web analytics are used to explore web data and get a 

primary feeling of what they tell us. WM can then be applied to such website traffic 

statistics in addition to the log files. Such an approach surely yields great insight but 

incurs considerable amounts of time and resources. It appears that the more granular the 

marketer wishes to go the more work and resources are needed. These considerations 

need to be balanced depending on the details one seeks. In that respect, classification and 

clustering can be the start or the end of the WM project. 

Table 6 below provides validation of thè research questions and research propositions with 

summarized answers to the research question. RP 1 and RP2 are validated. Consequently 

RQ 1 stipulating that WM methods and techniques pro vide accurate profiles of existing 

web customers is validated. 

--·-------------------------------------------------------
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Table 4.2 

Validation of Research Question 1 

RESEARCH RESEARCH VALIDITY ANSWERS 

QUESTIONS PROPOSITIONS OFTHERP TOTHERQ 

Component 1: Usage of WM applied to the profiling of existing web customers 

(WHO- INTERNAL DYAD 1) 

RQ 1: [WHO-
RP1: Web data generated by 
existing web customers are Internai and/or INTERNAL 

DYAD la] 
sufficiently detailed and externat web data 
accmate to provide a strong Va !id should be large, 

To what extent do basis for the creation of granular, issued by 

clustering and precise profiles about those logged in web 

classification existing web customers. us ers, of good 

methods applied quality, possibly 

to web data (web triangulated with 

log data, etc.) RP2: Clustering and ojjline data, and 

provide accmate classification methods analyzed with WM 

profiles of applied to web data (web log Valid 
to do accurate 

existing web data, search results and web segmentation of 

customers? pages, etc.) create existing web 

homogeneous groups of customers 

existing web customers 

CONCLUSION -Figure shows visually the WM-enabled process of existing customers 

profiling as reported by respondents. Segmentation is depicted as a continuum ranging 

from overall segmentation with limited differentiation, to personalized segmentation with 

optimal differentiation adapted to one unique individual. Depending on the level of 

segmentation one seeks to achieve, input data range from the least to the most detailed 

and insightful data types, namely: IP address, ISP information, log files , cookies and 

other navigation files , clickstream data, web analytics providing advanced website ti·affic 

statistics, to transactional data. The latter is the most detailed and accmate data for 

performing customer profiling because it typically requires the customer to log in. 

Additional external data can be retrieved or pmchased such as cens us data, third parties ' 

advanced web analytics data, demographies, psychographics and other market- and 

consumer-related knowledge. 



INPUT 

IP addresses 
ISP information 
Clickstream 
Web analytics 
(website traffic statistics) 
Log files/Cookies 
Other navigation data 
Transactional data 

3 rd -party web analytics 
Census data 
Demographies 
Psycho graphies 
Geographies 
Behavioral data 

----------, 
1 

Contingent variables: 1 
1 

-Trends : 
-Special events : 

-Weather conditions 
-Holidays, etc. 

Overall segmentation ------~ 
leve!(+) 
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strate gy (1-to-oo) 
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Classification, 

prediction 
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Association 

analysis 

Cross-sel ling 

=» Automated 

on the website 

v 
Personalized 

Specifie 

profiles 

Segmentation leve!(-)-----~ 

Masses 

Segments 

Niches 

Personas 

lndividual 

Mass marketing 
strategy (1-to-oo) 

Figure 4.1 WM -enabled segmentation of existing web customers 

Contingent variables such as trends, holiday periods, special events, weather conditions, 

etc. should be used in conjunction to internai and externat data types dming the WM 

analytical step in order to triangulate the knowledge, pinpoint congruence or 

contradictions, and get an in-depth picture of existing web customers. Contingencies 

should also help in interpreting internai and/or externat data as well as WM results. The 

data should also be large, homogeneous regarding the context of the research and include 

many specifiers . . WM tools are useful but the quality and quantity of the data really 

determine the appropriateness of the output. 

WM tools have traditionally been used in an iterative fashion. They were built based on 

the input data and then applied to the new data. A lot of time was incmred dming both of 
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these steps. Recent advances in the WM community have made WM tools more 

actionable on the spot, i. e., directly on the website. They should be propelled directly on 

the website in order to dynamically feeding and enriching databases that encompass 

customers' profiles. Automation also allows classifying the customer in a predefined 

business-specifie taxonomy which could range from masses, segments, niches, personas 

to the individual, depending on the segmentation strategy chosen. The most powerful of 

these strategies, namely the personalization strategy based on the individual allows 

ürunediate dynamic customization be it of the web page, products displayed, options 

proposed, etc. 

4.3.2. Identification of the strategically-important existing web customers 

"All customers are not equal": this is the basic principle of value-based marketing and 

those rules also apply on the internet. Identifying the Recency Frequency and Monetary 

(RFM) value of existing customer's pmchases enables to determine individual Customer 

Lifetime Value (CLV) in Net Present Value (NPV). The acquisition and retention costs 

associated with one web customer should not exceed the CLV of that customer (Davis, 

2005). Thercfore, it is important to assess the value of individual customers and 

relationships in order to ensure customer profitability (FatTis et al., 2006). It permits to 

detennine, for instance, the relevance of a direct e-mail marketing strategy, that is , to 

which customers to send to, with what content, for which expected response rate, etc. 

(J effery, 20 10). Recency refers to the length of time sin ce the last purchase and is used to 

track changes in the number of active customers (Farris et al. , 2006). Frequency refers to 

the pace at which a customer buys from a website and Monetary refers to the value of the 

purchase. RFM is part of the CL V. The CL V formula is as follows: 

Equation 4.1 CL V formu la 

Minus AC refers to the Acquisition Cost that needs to be deducted from the income 

generated by the customer; is the margin produced by the customer in each time 

period n, is the cost of marketing and serving the customer, p is the probability the 
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customer will not dcfect in one year; and N is the total number of years or time periods 

(The Greek sigma means sum) (Jeffery, 2010) . The RFM represents the gross revenue 

generated by one customer. When the costs incmred to serve tbat customer are deducted 

from it, it belps determining the mm·gin ( ) produced by the customer in n timeframe. 

Activity-Based Costing (ABC) technique is particularly well-suited to track accurately 

the costs incmred for one unique eus tomer (Kimball & Ross, 2001) 

Out of the 10 respondents, only 1 indicated that WM tools may not be appropriate to 

identify RFM accmately because the web datasets may be too small for effective DM and 

statistical analysis. However, another respondent who usually performs DM on offline 

data emphasized that these techniques work well on online data, it all depends on how the 

data is collected. As for offline data warehousing, the preference should go towards non­

aggregated data, granular or atomic data since tbese cmmot be broken down any further 

and best describe a given action (Kimball & Ross, 2001). An acadernician indicated that 

tbese techniques enable to make highly targeted offers to a visitor with a minimum of 

information about that visitor, e.g., historical data, transactional data, product information 

(recreational, informational), options chosen, and to see how these elements conelate to 

other customers ' data. He ex plains: 

"With the first click on a website, it is possible to predict the development of a 

task, that is, if the customer is to become loyal (in te1ms of business ru les) or not 

and consequently adapt the website step-by-step accordingly. " 

Definitions of loyalty and thresholds for customer profitability as well as business rules 

are specifie to a pmiicular business but one res pondent indicated that as a rule of thumb it 

takes a frequency of 15 visits on a website for a prospect to make a first pmchase or any 

desirable action, and become a customer. Three respondents indicated that both 

classification and clustering provide indications as to the value and frequency of pm·chase 

and can determine if a customer buys often and in wbich quantity. These models 

categorize visitors as soon as they enter the website. An acadernician emphasized that: 

"RFM data allow building predictive models to foresee individuals' actions." 

Prediction and classification tech1ùques may therefore also reasonably well estimate the p 

value of the CL V equation, namely the "probability that the customer will not defect in a 

year". Based on that knowledge, a customer 's CLV can be computed instantaneously on 
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the website in tenns of NPV, to classify the customer into a given category, predict 

his/her actions, determine which marketing actions should be applicable to him/her and 

provide hirn/her with a personalized content. A web business manager suggested that in 

that respect applying DM to web data provides richcr information bases than pure offline 

data which is too static. 

Another respondent added that WM methods are also richer than web analytics tools 

alone. The latter only provide descriptive indications on pages viewed, frequency of 

pages viewed and other information. It is not possible to identify precisely transactions 

and determine taxonomies of web users with simple statistics. Customization is even less 

feasible. The predictive scope of WM is a powerful asset. Offline data and web analytics 

act as complements or substitutive sources for data useful in the computation of the CLV 

but WM remains central an element of the analytical process. 

One respondent supported a research axis which will be developed further. Namely that 

since classification is used to develop the best model to predict the future behavior of a 

visitor based on his/her past and current profile, "the interest does not lie in existing 

customers but in those we would like to acquire, guide and better serve". The capability 

of predicting behavior enables to better serve the customer. He states th at: 

"It is prediction that is interesting with those techniques. We can see whether the 

visitor is small, medium or heavy; casual or regular; which products he buys 

together and in what sequence (association rules). We can do better customer 

management." 

There are, however, a nwnber of caveats and pitfalls when using WM. It has been evoked 

to choose the right data with the right usage. Nevertheless, a marketing director pointed 

out that the analysis is often longitudinal and cookie-based resulting in a lot of 

inaccuracies because cookies do not tell if it is al ways the same PC user. The data should 

only be analyzed if it cornes from logged in customers. Fortunately though, this is 

generally the case for transactional data, i.e., log-in sections require users to identify prior 

to any purchase on·e-commerce websites. 

Another respondent refened to the conceptual Issue of the CL V concept. The RFM 

component of CLV informs whether a customer is spendtlu·ift or feels bad about making 

more casual purchases, but people shop w1der infinite circumstances and for many . 
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reasons, e.g., special occaswns, on behalf of someone else, for re-selling, etc. 

Nevertheless, it is difficult to predict the likelihood that someone buys something for 

another reason than casual shopping. An 8-year old who bu ys regularly a 6-pack of beer, 

at the corner shop, on behalf of his father, would be labeled a loyal beer consumer with an 

accurate CL V attached to him. This may sow1d awkward, but it is exactly what many 

marketers do every day in web contexts by associating transactional web data to 

individual users without grasping the depth and scope of customer's buying processes. 

CL V is a relative metric that cannot predict the strategie importance of customers in 

absolute terms because it does not integrate the underlying buying decision process of the 

customer. WM tools are appropriate to analyze RFM and CLV, but as in brick-and-mortar 

shopping contexts, the underlying dimensions of conswner behavior remain lm·gely 

unknown. WM cannot go that far yet. 

Table 7 below provides validation ofRQ 2 and its research propositions with swnmarized 

answers to the research question. RP 1 and RP2 are validated. Consequently RQ2 

stipulating that WM methods and teclmiques enable to identify the RFM-based CL V of 

existing web customers to filter out the strategically important ones of them, is supported. 

Table 4.3 

Validation of Research Question 2 

RESEARCH RESEARCH VALIDITY ANSWERSTO 
QUESTIONS PROPOSITIONS OFTHERP THERQ 

Component 1: Usage of WM applied to the profi1ing of ex.isting web customers 
(WHO-INTERNALDYAD 1) 

RQ2: [WHO- RPl: Web data generated by Internai and/or 

INTERNAL existing web customers externat web 

DYAD lb] encompass enough data should be 

information about the profit- Va/id large, granular, 
To what extent do cost, the Recency-Monetmy- issued by logged 
classification and Frequency (RFM)-based in web users, of 
regression methods CL V of pure hases made by good quality, 
applied to web existing web customers, possibly 
data, identify the which contributes to identify triangulated 
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profit-cast ratio and those strategically important with offline 
the Recency- customers data, and 

Monetary- analyzed with 

Frequency (RFM) WMto 

of purchases made 
RP2: Classification and 

determine 

by individuals, on 
prediction methods applied 

existing web 

which the 
to web data predict the value 

customers' 

Customer Lifetime 
of a given web eus tomer to Valid 

RFM, CLVand 

Value (CLV) is 
identify strategically 

strategie 

based, to identify 
important existing web 

importance 

strategically 
customers. 

important, existing 

web customers? 

CONCLUSION Figure shows how WM contributes to identifying strategically important 

customers. Detennining existing customers ' RFM to compute their CLV requires little 

information that can be obtained from a variety of sources such as transactional data, 

cookies, log files , and other historical data and to a lesser extent web analytics data. The 

dataset needs however to be large, customers should log in and the data used in the 

analytical process should preferably be as granular as possible. This is useful for 

conducting fmiher dimensional modeling such as OLAP (1nining) 30 (Kimball & Ross, 

2001), which is another major component of BI along with DM and relational reporting 

(Pareek, 2007) . If supplemented with additional useful offline data, CLV can be 

computed automatically with WM on the spot, in order to detennine a customers' specifie 

category, his/her likely behavior in the future and craft relevant e-marketing strategies to 

maxirnize returns . Business rules can be derived from aggregating huge datasets of such 

profiles to be used for further model fine-tuning, 'personalization and cust01nization 

pm-poses. 

30 
OnLine Analytical Processing (OLAP) aims at analyzing instantaneously information along severa! axes 

(dimensions) in order to produce analytical reports such as marketing, financial budgeting, forecas ting, etc. 
OLAP mining integrates on-line analytical processing (OLAP) with data mining so that mining can be 
performed in different portions of databases or data warehouses and at different levels of abstraction at user's 
finger tips (Codd, 1993). 
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Figure 4.2 WM-enabled determination of strategically important customers 

4.3.3. ldentifying existing web customers' loyalty and defection statuses from a 
website 

Jncreasing customer retention tlu·ough increased customer loyalty is important because 

keeping existing customers is less ex pensive than acquiring new on es (Fanis et al., 201 0). 

Increased loyalty is also strongly linked to an increased profitability since a 5% 

improvement in customer retention can cause an increase in profitability between 25% 

and 85% in NPV, depending upon the industry (Sasser & Reichheld, 1990). In fact, only 

during later transactions, when the cost of serving loyal customers falls, do relationships 

generate profits (Buchanan & Gilles, 1990). The concept of e-loyalty is even more crucial 

to web companies since the Internet is a nearly perfect market where infmmation is 

instantaneous and buyers can compare the offerings of sellers worldwide (Kuttner, 1998). 

The ultimate result of reduction in information asynunetries between sellers and buyers is 

fierce priee competition and vanishing brand loyalty (Srinivasan et al., 2002). This is why 

it is of utmost importance that web businesses identify as quickly as possible the current 

status of each customer in order to detennine whether e-marketing strategies are effective 

and whether the business remains profitable. Identifying antecedents, i.e., company­

specifie e-business factors that appear to impact loyalty, and consequences of loyalty, is 

an additional step that businesses may undertake to boost loyalty and lower attrition 

(Srinivasan et al., 2002). 
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lt is widely acknowledged that both concepts of loyalty and defection can be expressed in 

numerous ways . Organizations use company-specifie variables to express both concepts, 

rendering benchmarking attempts void even across organizations of the same industry. 

Even worse, both concepts are measured and detennined by variables that may be 

specifie to an organization's business mode!, industry, market or a combination of all of 

these. 

For our purpose "loyalty" integrates both an attitudinal and a behavioral dimension, as 

suggested by the literature (Engel & Blackwell, 1982; Jacoby, 1971; Assael, 1992; Keller, 

1993; Gremler, 1995). lt is defined as a customer's favorable attitude toward the e-retailer 

that results in repeat buying behavior (Srinivasan et al., 2002). The frequency of purchase 

may be very variable and even volatile from the perspective of one website to another but 

as long as a customer is retained (s)he is considered to be loyal whatever his/ber degree of 

loyalty. Even though a customer shifts pmtially his/her account from the website to a 

competitor's website, reduces his/her share of the wallet with the website, as long as (s)he 

repeats even pmtial purchases (s)he remains loyal. As a matter of fact, for the pm-pose of 

this research, "defection" does not cover the concept of pattial customer churn which is 

still a form of loyalty since the customer remains attached to the business (Buckinx & 

Van den Poel , 2005). Rather, defection is defined as the customer's total switch to 

another website in a voluntaty or involuntary fashion (Van den Poe! & Burez, 2006). 

Loyalty and defection are thus two poles of one continuum on which customers can be 

placed to determine their loyalty status. 

These semantic and semiotic variations do not affect the power of WM tools to identify 

the loyalty vs. defection status of an existing web customer but there are litnitations and 

caveats. This section examines to what extent WM tools allow detennining the situation 

or status of an individua~ at a specifie point in time. Either the customer is loyal i.e. , 

purchasing in a more or less frequent pattern, or has defected and ceased therefore all 

transactional activities . 

One respondent indicated that instead of using WM, merely reviewing bounce rates may 

be a wiser approach. They show the percentage of visitors who entered the website and 

bounced, i.e., they left the website, instead of viewing other pages within the same site. lt 

appears that, as long as we are concerned with the status of an individual, WM may be 
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too sophisticated a tool because it may be better suited to Root Cause Analyses (RCA)31 

of loyalty/defection. Also, interpretation of the bonnee rate should be conducted in light 

of the website objectives and of the definition of conversion as stipulated by 

management. A high bourree rate is not al ways a sign of poor loyalty/high defection. In an 

e-comrnerce context, bounce rates should be interpreted in correlation with purchase 

conversion rates . As a rule of thumb, it is hard to get a bounce rate under 20%, anything 

higher than 35% is cause for concem and above 50% it is worrying (Kaushik, 2009) . 

Another respondent indicated that identifying loyalty/defection statuses is not as casily 

done even with WM tools because each customer bas a specifie put·chase cycle. 

"A regular customer of Amazon may not visit Amazon's website for a year but 

this does not mean he left, he may buy again in one year or more." 

The risk would be to consider this customer as having defected and when he comes back, 

the business rnight view him as a new customer and tailor its e-marketing strategies 

accordingly to him as a newcomer. Bach customer has a different loyalty rating. To avoid 

such pitfalls a better strategy would be to use the visitor 's IP address. By using the IP 

address, it may be possible to identify the client that com1ects to the host server and if that 

IP address visits the website once, stays a few seconds, leaves and never comes back, it 

may be highly probable that this visitor bad a bad experience or did not have the money 

to buy and left. Such a user would be labeled as defective. However, if that IP address 

retmns this may not be indicative of the visitor' s loyalty either since it does not tell us 

whether it is. the same unique user returning. The computer might be used by other people 

and here lies the biggest lünitation of IP address usage. Another approach is to use 

cookies which can now be adjusted to the fact that people delete them. 

Most other respondents reported that WM do in fact enable to identify existing web 

customers' loyalty or defection statuses. Two respondents indicated that classification 

techniques, when detailed enough, are very useful for that pmpose. Besides, they indicate 

the extent to which a customer might buy, retum or defect. The intrinsic predictive goal 

of classification determines not only the status of one customer as being either loyal or 

defective but also whether this status may evolve in the futme. Is the customer continuing 

to buyon a more or less frequent basis (loyalty) or stopping all transactions (defection)? 

31 
RCA identifi es the root causes of problems and further disco vers the points of leverage where patterns of 

problematic behaviours originale and can be changed. 
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Again, this always depends on how loyalty is defined. An additional element would be to 

consider loyalty in a specifie timeframe. That is, arbitrarily determined by the business 

based on past research or business rules, as suggested by one respondent: 

"We observe users' behaviors: as soon· as a customer who used to be loyal in a 

specifie timeframe stops buying or visiting (i.e., stops displaying the company­

specifie loyalty behavior), we might deduce he/she left." 

Hence, by dividing the total sample of existing customers randomly into two subsamples, 

one of these subsamples (analysis sample) is used to determine which variables have 

caused defection or loyalty (discriminant function); the second (holdout sample) is used 

to test the discriminant function (Hair et al., 2006), it is then possible to take another 

portion of customers for which we seek to know the CUITent status and compare their 

profiles with those of the training set and the variables of interest and infer on their 

CUITent status on the website. Such a cross-validation approach is not absolutely accmate 

as a respondent indicated it. However, classification provides a good basis for further 

study and follow-up. Three respondents indicated tbat when classification is combined to 

clustering, the power of classification is enhanced. A database administrator puts it like 

this: 

"Clustering provides two or more axes from which to deduce likelihood of status. 

Combining both techniques increases the assurance that a user viewing a 

particular object at a particular time will behave according to a certain pattern. 

Such knowledge drives smgical or customized marketing as weil as website 

customization, because it drives design efforts to represent or accommodate a 

greater percentage of predicted behavior most of the time." 

All respondents indicated that browsing history data are particularly suited for such an 

approach and may even provide additional insight into what caused defection. A business 

can thus determine two groups of users: those who are loyal and those who defected 

according to the business' definition of loyalty. An academician highlighted that cross­

selling such data of one user with those of other customers who are similar to him/her 

may leverage insight into whether that user might engage with the website or not. From 

that point, it is possible to review details of users in order to understand why sorne left 

and why others stayed: do both groups share similar characteristics within groups? 
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And/or dissimilar attributes between them? Etc. An academician indicated that the 

reasons may arise from such variables as profiles or interests: 

"We try to explain defection, before that you must trace it. That's why it is 

necessary to see profiles to see what may have caused defection or loyalty ." 

Two respondents indicated that even the earliest activities of a customer on a website are 

highly indicative of the overall engagement and loyalty as in the words of a marketing 

director: 

" If we identify a group of customers who come to a website and leave from the 

home page every time and/or spend only a few seconds on the website, we can 

say their web experience is not great, they are not finding what they are looking 

for easily and so their web portion of the overall customer experience wi ll suffer, 

trans lating into a high chance of defection." 

This refers to the fundamental notion of customer sati sfaction as a primary predictor of 

customer loyalty. The leve! of sati sfaction depends on prior expectations of 

overall quality compared to the actual performance received (Parasuraman et al. , 1985). If 

the recent experience exceeds prior expectations, customer satisfaction is likely to be high 

(Gronrèios, 1994 ). One academician pinpointed that statement say ing th at the level of 

satisfaction can also be a clue as to the leve! of loyalty, although this might be more 

difficult to determine in a purely web context. 

He added that recent advances in the DM field extended the DM tools so that even 

partia lly known data such as censored data, e.g., miss ing data, can be mined by using 

survival trees or other types of survival/failure time ana lysis. Web data are often of the 

censored type and the satisfaction as weil as the loyalty status can also be labeled as such. 

A censored data is one for which the value of the measurement is not known or lies on an 

interval between two values or below/above one of the value. Since loyalty and defection 

represent two extremes on a continuum, the challenge is to find where each individual lies 

on that scale. Likewise, another respondent indicated that the techniques cited are not 

relevant and that it may be better to use hazard regress ion model s. The objective it to 

predict a risk or hazard which is defection and the input variables to predict that status are 

company specifie. Survival and regress ion models both were previously identified as of 
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the prediction method type32
, as they inform on the probability of a given risle for a 

business, such as attrition. No bacle office work and no delays between actual activities 

and output of the analysis are incurred. 

At any rate, the activities of a visitor must be identified and analyzed as quickly as 

possible (in real-time would be a must-have) and "those preferences must be identified on 

time and the appropriate modalities that accommodate the preferences should be applied 

on an equally timely manner, before losing the customization opportunity." 

One respondent indicated that in order to conduct proper WM analyses the web data 

needs also to be well cleaned up and properly used for analysis: 

"It is crucial to have the right web data in the format easy to analyze and above 

all which corresponds to the definition of loyalty and defection of the company. 

When resources are available in conjunction with other data sources, then WM is 

definitely appropriate." 

This confirms that the "resource finding and retrieving" as well as the "information 

selection and preprocessing" phases are both of utmost importance as reported by Kosala 

and Blockeel (2000) and Zhang and Segal! (2008) in their 5-stage WM process. 

Table 8 below provides validation ofRQ 3 and its research propositions with summarized 

answers to the research question. RPl and RP2 are validated. Consequently RQ 3 

stipulating that WM methods and techniques enable to identify existing web customers ' 

loyalty or defection statuses. 

32 The added value of such a technique is that it allows to determine the status of a customer by 
calculating a score in real-time even direct! y on the website when the user is visiting it. 
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Table 4.4 

Validation of Research Question 3 

RESEARCH RESEARCH VALIDITY ANSWERS 

QUESTIONS PROPOSITIONS OFTHERP TOTHERQ 

Component 1: Usage of WM applied to the profiling of existing web customers 

(WHO - INTERNAL DY AD 1) 

RP1 : Web data generated by Internai 

existing web customers and/or 

indicate whether an existing 
Valid 

externat web 

RQ3: [WHO - web customer is loyal to a data should be 

INTERNAL gi ven business or defects large, 

DYAD le] To from that business. granular, 

what extent do issued by 

clustering and logged in web 

classification us ers, of good 

methods identify quality, 

existing web RP2: Clustering and possibly 

customers' classification methods trian.g ulated 

loyalty or applied to web data predict with offline 

defection membership of an individual 
Valid data, and 

statu ses? to the loyal or defecting analyzed with 

customers group. WM to iden.tify 

existin.g web 

customers' 

loyaltyldefecti 

on statuses 

CONCLUSION - Although useful and highly effective, traditional WM tools that imply 

back office work and long delays between time of computation and time of output 

launching, seem no longer relevant anymore. As shown in Figure, the speed of pace on 

the internet call s for automated methods that compute in real-time the loyalty or defection 

status of a given customer based on his/her hi story of browsing activities, interests , or any 

other variab le that defines loyalty or defection for a given web business. Such methods 

also compute in real-time the loyalty or defection risk and possibly even their extent 
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depending once again on how loyalty is defined. These methods are however of limited 

use if the data is not well-retrieved, well-cleansed and heterogeneous enough to integrate 

a wide range of loyalty predictors and facets. Businesses need thus to provide particular 

care to the data-preprocessing and need to integrate extended WM tools to obtain ex isting 

customers ' current loyalty or defection statu s. They may use traditional tools as usefu l 

complements to flesh out the analyses by providing additional insight into the 

characteristics of those who leave/stay, opportunities for customization, cross-selling 

purposes and surgical marketing strategies. 

INPUT TRANSFORMATION 

Delayed WM 
'-.... __../ approach : 

~ 
Classification, 

Transactional Prediction 
data Clustering 

Website data Association 
Cookies/log Real-ti me 

files ~ (autom ated ) WM 
Historical approach : 

Browsing data Classification, 
Prediction 
Clustering 
Association 

.... 
-

00 
c 
-a 
·-:::J 
.0 
~ Qj 

-a 
0 
~ 

'------

.... 
/ 

OUTPUT 

Loyalty status 

Loyal 

Il\ 

' 
Defective 

' ' 
' a; : 

c : 
.:;::: 1 
a; : 
o : 

~ 

' 

Company 

Business 

Mode/ 

!'!r!Y~~ry_--
Customer 

purchase 

cycle 

Figure 4.3 
.. 

WM-enabled tdenttftcattOn of extstmg customers' loyalty statuses 

4.3.4. Conclusion on WM-enabled profiling of existing web customers on a website 

The business has to choose data with a certain level of detailing in accordance with the 

desired level of segmentation which may range from overall segmentation to personali zed 

segmentation. In Figure 13, internai data have been classified in ascending order of 

precision, i. e. from least precise (IP address) to most precise (transactional data). It has 

been suggested to integrate offline data originating from Business Intelligence systems as 

weil. External data act as complements to internai data and useful correlations and cross­

tabulations can be made between both data types in order to get a better initial picture of a 
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given customer, e.g., cross tabulating a customer's longitudinal browsing data for a 1-

year time period with his/her demographie characteristics. 

The data needs to be objectively good, because the quality of the WM output will al ways 

depend on the quality of the input data fed into analytical processes. It has been suggested 

to collect preferably granular data (low level of detail) with many specifiers. Also, the 

datasets need to be large and homogeneous regarding the research context. The data 

should on the other hand originate from as heterogeneous sources as possible in order to 

increase accuracy checking and provide multiple perspectives of an individual. For 

further accuracy, customers should be required to log in in order to attach with confidence 

the data to specifie individuals. Besides, the data should be well-retrieved, selected, 

cleansed and pre-processed prior to the analytical stage. 

In order to get an even more precise estimation of users, other contingent data with an 

effect on internai data may be considered. This is in line with what is suggested in the 

literature. By doing so, web managers can view market dynamics from varions 

perspectives and arrive at "triangulated" strategies and solutions (Farris et al., 2006) . 

Additionally, with multiple metrics and data, marketers can use each as a check on the 

others. In this way, they can maximize the accuracy of their knowledge (Katz & Hauser, 

1998; Farris et al., 2006). However, the more details a business seeks to obtain, in order 

to go personal with its customers, the more time and resources it will cost. The tracte-off 

has to be made, ideally on basis of a cost-benefit analysis. 

Once data have been well selected, retrieved, pre-processed, cleansed and triangulated, 

they can be used as such for reporting, budgeting or other business-related activities. In 

our case, they will be more valuable input for advanced analytics . This is where WM 

steps in. It has been determined that WM can be performed by means of two approaches: 

the slow-and-steady approach which implies a relatively long delay between data 

collection and model generation because it needs human intervention. This approach 

seems out-dated as CUITent hardware and teclmology advances propelled the real-time 

WM approach. Data are entered into the WM system and a model is generated or updated 

on the spot without extensive delays. It secms however that the slow-and-steady approach 

is necessary to build the model the first time and the real-time approach may be preferred 

afterwards once the model is developed in order to automatically process and store new 
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data streams and produce the desired outputs. It is not clear though to what extent eaçh 

and every WM technique enables automatic creation of models on the spot to bypass the 

thorough slow-and-steady approach. Additional research should estimate to what extent 

WM methods truly enable automatic model creation and implementation directly on the 

websit~ and without hurnan interaction. Anyway, the 4 types of teclmiques can be 

performed in one way or the other, depending first and foremost on the business' level of 

technology acceptance, objectives, procedures and resources availability. 

Either approach allows determining customer loyalty by identifying the loyalty status. It 

also determines customer profitability by determining sorne elements of the CL V 

equation, namely the RFM and loyalty probability of a customer. Eventually, the specifie 

profile of a customer can be drawn for subsequent segmentation purposes. Both the 

loyalty status and the CLV may also constitute core variables to draw segments. The 

figure shows that both profiles and loyalty status have an impact on the CLV entity. 

Although not studied in the present piece of work, respondents indicated that profiles and 

level of loyalty displayed by a customer have an obvious impact on his/ber future 

profitability and WM is also used to determine to what extent both independent sets of 

variables influence the dependent variable of a customer's NPV. Loyalty, profitability 

and segmentation enable then a company to draw very detailed customer profiles and 

issue dynamic response frameworks directly on the website. Once and every time a 

customer with a specifie profile enters the website, content, layout and structure can be 

rearranged to reach company-specifie objectives regarding that given customer. The 

example below is a simulated real-life case developed by the researcher based on the 

findings relating to the first theme of profiling existing web customers of a website. It 

sumrnarizes the potentialities ofWM as identified so far: 

GameQuest.com is an online video game website which supports new and 

browser games portais, multiplayer and single player gaming platforms white 

ojjering a plethora of goods and services to gamers such as technical assistance, 

chat rooms, forums, FAQs, gamers' communities, customized clothing, tokens 

and items, etc. Us ers can play for jree ta lùnited versions of the games or open an 

account and pay variable fees for variable levels of fu ll versions of the games. 

One video player has opened a basic membership account and visits GameQuest 

on average every 2 days which corresponds, in tenns of the website 's definition 
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of loyalty, ta a medium-high loyalty status. CLV may be calculated based on past 

purchase cycles providing RFM and future loyalty probability. A regression 

analysis is performed ta compute the future loyalty probability. The resulting 

CLV is estimated ta be lower than the business' average Cast of Acquisition for 

customers. A sound business rule suggests that a CLV should always be superior 

ta the AC for that given customer in arder for a business ta remain profitable 

(Farris et al., 2006). 

The eus tomer 's data comprised of browsing his tory, clickstream data, purchase 

history, log files and IP address are used as input ta perform WM classification 

analyses such as neural networks and discriminant analysis. This compares the 

user 's profiles ta other similar users in arder ta assign a score ta the eus tomer 

(seo ring) as ta his current loyalty status and also probability of playing at higher 

frequencies and moving ta a superior gaming account. The customer 's score is 

law and predictive results indicate he is not going ta increase gaming 

frequencies, nor may there be any up-selling opportunity. Although he was 

classified as a medium-high loyal customer, WM analyses look other variables 

into ace ou nt ta deter.mine exact/y the user 's eurre nt loyalty status. Additional 

data elements enabled ta get information as ta his zip code, some 

psychographics, favourite games as being heroic-fantasy RPG gomes, etc. 

A Clustering analyses with other us ers' specifie profiles provided 150 niches. 

Based on the data it had on hand, the company chose the niche-based targeting 

leve! and divides thus users into niches which are smaller than segments without 

reaching ultimate personalization. This strategy is thus halfway between granular 

and segment marketing. For each niche, specifie marketing strategies are crafted. 

Clustering revealed that the user belongs ta the "bargain hunting maverick 

garner" niche. These players typically subscribe ta the lowest account available 

wh ile seeking ta play arcade and free games but above ali top-leve/ RPG games 

usually in test mode and for long periods oftime but without moving ta suggested 

upscale accounts. Besides, they overload servers, request frequent technical 

assistance from staff, bother other loyal players and even sometimes commit 

fraud (also detected thanks ta WM methods) ta earn additional points that need ta 

be bought otherwise. 

Based on thal knowledge, the business can adjust many marketing variables. 

Regarding direct marketing for instance, the business adjusts itself ta the user by 
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not sending him premium offers. The business can also implement dynamic 

response frameworks in the website architecture to automatically adapt to the 

user by restricting access to online technical assistance and to specifie posts on 

the forum: pricing premium accounts at lower fares for determined periods of 

time: offering free gifts in exchange of membership acceptance; displaying low­

cost arcade games on top and high-scale RPG games at the bottom; gearing 

towards other similar games thanks to recommendation systems. A lot more 

variables are adjusted likewise. 

The first theme corresponding to the first meta-objective of profiling existing web 

customers of a website, as identified in Xu and Walton's (2005) adjusted framework, can 

be fulfilled by using WM. Traditional descriptive statistics are useful complementary 

tools in that respect. In the specifie context of the web, WM pro vides a ri cher view of the 

customer as well as personalization featmes that mere database marketing or web 

analytics cam1ot provide. 
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4.4. ldentifying existing web customers' behaviors on the internet 

4.4.1. ldentifying existing web customers' behavior on a website 

The profile, the RFM or the loyalty status of an existing web customer, constitute 

descriptive and static data that may be very useful in order to trace the dynamic moves, 

paths of the so-called "web user behavior". The more diversified the input data , the richer 

the view of user behavior. 

Most respondents agreed on saymg WM tools enable identification of existing web 

customers' behaviors on a website but recognized that there were severa! limitations. 

Only one respondent indicated that there are no caveats or pitfalls. 

WM tools are not inappropriate per se but 2 respondents indicated that the WM methods 

cited such as classification, regression, etc. may be too elaborated. Instead, descriptive 

methods such as path analysis, frequency tables or clickstream analysis may be more 

suitable to draw behavioral patterns. An academician puts it like this: 

"Clickstream analysis is powerful because it tracks the actual behavior of people, 

it cannot lie. Other listed teclmiques are less important for that." 

The respondents who admitted that WM tools were appropriate to determine web users' 

behaviors indicated that by using individual axes such as classification and additional 

axes such as association web administrators can identify behaviors on the training set and 

predict behaviors of new users hence identifying web customers ' behavior automatically. 

Another respondent emphasized that such previously learned rules and profiles can then 

be used as a basis for identifying future behaviors. One respondent went further by stating 

that identifying behaviors offers in turn the strut of customer profiling and the level of 

detailing is up to the company. An academician indicated that: 

"Extrapolation and cross-tabulating the data with that of other users it is possible 

to get an idea of future behaviors." 

One respondent indicated that traditional WM approaches such as discriminant analysis 

for classification or logistic regression for prediction, etc. may be somewhat useless in the 

current web context. Now, such new techniques as neural networks are prefen ed to 
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automatically identify users' behavior on websites and extract meaning out of it. This is 

done in a much more automated, fast and easy fashion than other more classical tools. 

However, WM, whatever the recency of the technique used, may be more or Jess useful 

under a certain nurnber of conditions. A marketing director stated that the web data needs 

to be properly extracted and right tools need to be attached to the website for that 

purpose. She futiher added that in order to avoid the "unique user issue" (tracking the 

behavior of one unique user and not one unique computer), analysis is best done if it is 

based on data collected on websites where web customers are required to log in before 

performing any activity. This remains very rare since customers are usually only required 

to register when engaging into a commercial transaction and not before. They may also 

be required to register the first time they visit the website and could then be automatically 

logged in each and every subsequent time they visit the website (ex: YouTube ). 

Two respondents also reminded that e-behavior is all about browsing history and 

purchase history. In a web context the term behavior refers in fact to the "browsing 

behavior", i.e., time spent on a web page, clicks on a specifie web link, etc. and there is 

no psychology involved. An academician stated that: 

"There is no other form of behavior that can be studied on the internet up to now 

than browsing strategy. On a website you only have an interface where you can 

do all sorts of things depending on how y ou wish to use the internet. Web 

administrators can only obtain browsing statistics and RFM data." 

It is clear that consumer behavior, which could be termed "e-consumer behavior" vis-à­

vis websites cannot be studied as such. However, Mobasher and Nasraoui (2011) 

highlighted that user-provided content, especially wtitten may by much helpful in that 

respect. In fact, the web 2.0 propellcd user interaction and interactivity with the web to 

make them more active and exclusive producers of web content in the form of blogs, 

micro-blogs, forums, discussion groups, social networks or other live chat sessions. The 

availability of such big and unstructmed data permits sentiment analysis and opinion 

mining which reveal some aspects of sorne specifie variables of customer behavior 

especially regarding emotions or feelings towards a product, organization and brand. 

Although still in its infancy, such WM approaches, much more focused on the content 

(WCM) provided by users instead of their web usage (WUM), may reveal additional 

-------------------------------~----
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layers of their personalities and lifestyles in order to better grasp their behavior not only 

online but also in other contexts. 

Regarding the hardware, new technologies may also be developed such as iris-recognition 

deviees integrated onto computers to conduct eye-monitoring studies. Dilatation of the 

pupils may reveal emotional, physical or even feelings and attitudes. Behaviors could be 

inferred from such data. Beyond the obvious technological issues such studies may pose, 

they also cause ethical dilemma. Also, it may not be that clear whether e-consumer 

behavior constitutes a strict transposition of a consumer's behavior in a non-web context 

into a web context. Sorne differences may arise between both. People may be less subject 

to social desirability or social control when evolving in a web context, as compared to 

their behavior in real-life. The research on that field is still in its early infancy. 

Consequently, today it appears that the more infonnation on browsing history and 

purchase history, the better the acquisition of existing customers' behaviors. But two 

respondents added that the different data must converge, be numerous and diversified in 

nature (clicks, behaviors, etc.). A certain leve! of homogeneity in content however (i.e. 

demographie homogeneity among the user for instance) may remarkably facilitate the 

identification of clear patterns of behavior. A marketing research director shaded that 

statement by recalling that: 

"Usually data sets are not large and homogeneous enough to generate reliable 

behavior patterns and as a matter offact predict behavioral patterns." 

Two respondents suggested conducting traditional sm-veys among customers to get a 

more comprehensive insight of the customers by also identifying their consumer behavior 

(attitudes, perceptions, emotions, etc.), e.g. , perceptions of an online credit application 

service, etc. Actual customer behavior is tracked online in the form of browsing and 

pm·chase history and may then be combined to sm-vey results in order to perform a 

triangulation. An academician explains it as follows: 

"If we see that 90% of what people tell in surveys conesponds to what they 

actually do, it may be enough to ask them a priori, in order to predict their 

behaviors. However, if 90% of what people report does not correspond to what 

they really do, surveys turn to be useless and bmden the website." 
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Sm·veys also incm error rates and various biases, which constitute precisely the reasons 

why WM tools are used instead. The trade-off between using either smvey data, web 

browsing data or both needs to be carefully balanced in light of the business' industry, 

objectives, cultme, customer type and business model. 

Table 9 below provides validation ofRQ 4 and its research propositions with summarized 

answers to the research question. RPlis validated but RP2, isn't. Consequently RQ 3 

stipulating that WM methods and techniques enable to identify existing web customers' 

behaviour on the internet is patiially-validated. 

Table 4.5 

Validation of Research Question 4 

RESEARCH RESEARCH VALIDITY ANSWERS 
QUESTIONS PROPOSITIONS OFTHERP TOTHERQ 

Component 2: Usage ofWM applied to the identification of existing customers' 
patterns on the web (HOW- INTERNAL DYAD 2) 

RQ4: [HOW-
RPl: Web data generated by Internai and 

INTERNAL 
existing web customers externat web 

DYAD 2a] To 
highlight the particular data should be 

what extent do 
browsing behavior of Va !id large, 

clustering, 
existing web customers when granular, 

association 
they are navigating on the issued by 

analysis, 
internet. logged in web 

classification and us ers, of good 

prediction quality, and 

methods applied RP2: Clustering, association analyzed with 

to web data analysis, classification and WM to identify 

identify existing prediction methods applied existing web 

to web data provide Not valid customers ' web customers' 

behavior on the descriptive and predictive browsing 

internet? mode ling of web customers' behavior. 

consumer behavior Traditional 

(personality, motivation, market 

lifestyle, perception, research 
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attitudes, emotions, outputs and 

satisfaction etc.), on the analyses 

internet. should 

complement 

WM to detect 

existing web 

customers ' 

consumer 

behavior 

CONCLUSION - Behavior in a web context refers strictly to browsing and purchase 

behavior, a very limited insight of the broader "e-customer behavior", which cannot be 

studied by WM tools only. Figure is a smmnary of respondents' opinions on the subject. 

It shows that descriptive methods such as frequency tables, path analysis or cross 

tabulation seem as appropriate as more sophisticated WM tools. They also serve as inputs 

for WM. Among those WM tools, it appears that the more automated techniques tend to 

be faster, easier to use and offer real-time insight into existing web customers' behavioral 

patterns. Consequently, descriptive methods should be used to get an initial insight of 

behaviors. Then WM provides more sophisticated explanations of behavior such as 

sequential patterns for instance. N owadays, automated processing in real-time is preferred 

to the more traditional model building and deployment approach. In addition, traditional 

surveys should be used as complements to these tools, in a triangulation perspective, in 

order to get additional insight into customers' psychological dimensions on cognitive, 

affective and conative levels. The input web data should ideally be converging, large, 

homogeneous enough as well as properly extracted and ideally resulting from customers 

who log in. This will enable web managers to anticipate specifie offer for each different 

customer, enhance the web environment according to each unique web user through 

customization or even measure the effects of a web marketing campaign. 
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INPUT TRANSFORMATION OUTPUT 
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Market resea rch Î (surveys, observations) 

Figure 4.5 WM-enabled identification of existing web customers' behaviours. 

4.4.2. ldentifying how existing web customers develop satisfaction and loyalty on a 
website 

It has been seen previously that the level of satisfaction is a strong indicator of a 

customer's level of loyalty. In order to increase satisfaction and loyalty, a specifie branch 

of marketing called loyalty marketing relies on word-of-mouth and advertising to develop 

both satisfaction and loyalty to increase profitability (Carrol & Reichheld, 1992). 

Incentive and inducement programs such as frequent flyers, Card Linked Offers, prizes, 

premiums or other point-based reward programs (Molony, 2006) are implemented to 

make customers develop a cetiainlevel of satisfaction which should in tw11 trigger loyalty 

development. Loyal and satisfied customers are then expected to do referral and advocacy 

through (e-)word of mouth i.e., viral marketing (Reichheld, 1996). In a web context, viral 

marketing is particularly powerful because consumer-based eWOM is considered to be 
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more trustworthy than company-controlled communications and mainstream media33
. The 

former is perceived as being a more reliable and credible promotional source than the 

latters, at least in web contexts (Henning-Thurau & Walsh, 2004). 

Provided the business has an efficient product/service marketing strategy, a well­

implemented loyalty business model not only contributes extensively to branding but also 

retains CUITent customers especially core customers, while also acquiring new ones 

(Stuart, 2007). Reichheld (1996) dubbed it the "power of extension" of loyalty marketing. 

It is thus of ut.most importance to understand how CUITent customers develop loyalty and 

how the business rnight take advantage of that knowledge to increase loyalty among 

existing customers and possibly lock in prospects as well . 

Incentive and inducement programs are specifically aimed at tracking the evolution, 

bence the development, of customers ' satisfaction and loyalty over ti me. They may be 

used in online contexts as well. In fact, most consumer reward prograrns have been 

extended online into a multichannel setting to accmmnodate customers. But what about 

online businesses (be they pure players or multichannel activists) wishing to grasp how 

their customers develop satisfaction and loyalty? Incentive and inducement programs 

generate useful web data that can be mined extensively to discover hidden loyalty 

patterns and understand how existing customers come to patronize a specifie web 
J 

business. 

Three respondents recalled that there are many definitions of loyalty and satisfaction. Out 

of the 10 respondents, 9 indicated that it is easy to determine how loyalty is built by using 

WM tools. An acadernician reported that: 

"By using explanatory variables such as behavior, profile, etc. as input we can 

explain the dependent variable which is loyalty and that can be seen as a 

continuum (loyal to defective) . All behaviors explain how we become loyal or 

disloyal." 

33 A survey from InSites Consulting group revealed that 38% of social networking users say posts 
from other consumers are most credible, followed by posts from brands themselves (32%), the 
media (7%) and marketers (3%). 
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There are enough points of reference to define users and web managers need to pinpoint 

those identifiers that best explain satisfaction and loyalty altogether. Three other 

respondents indicated usage of historical .usage data. A web business manager outlined 

the following: 

"Customers develop loyalty and satisfaction if the business presents new 

entertaining or necessaty products through engaging user experience and value 

proposition. WM tools allow determining how an enhanced value proposition, for 

example, increases loyalty/satisfaction by means of identifying correlations 

between both of these elements .. They also allow reaching these important tasks, 

but this is another application." 

WM provides detailed analyses over time of how users develop loyalty by giving them a 

loyalty rating for instance. Loyalty may also be estimated thanks to the intensity of usage. 

A visitor who uses the website frequently may indicate he is more loyal than another who 

does not visit the website anymore. Only one respondent indicated that this may not be 

known without surveys and surveys are actually distasteful to users especially in a web 

context. So, according to that respondent one can only know by looking whether the 

customer cornes back at all as WM methods are good for presentation/description and 

prediction but not for determining such complicated patterns as loyalty and satisfaction 

development. A database administrator adds: 

"To gauge satisfaction it is better to see whether visitors retum and whether they 

invite others (advocacy, referral) spontaneously, be it in the framework of a 

consumer referral reward program or not. Identifying those users is the best 

strate gy to help a web concept go viral." 

WM may thus not be a prerequisite to develop viral marketing and may even be less 

efficient than traditional use of surveys . But these are repulsive to web users. More 

descriptive techniques may thus be preferred for that purpose. One respondent indicated 

however that WM is truly insightful, hence less directional and more acc'urate, only if 

customers are required to log in on the website to identify unique visitors. Web behavior 

trends over time can thus be compared for loyal customers as compared to those who left 

the website. 
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Surprisingly, almost all respondents reported that it is almost impossible or at least very 

difficult to determine how respondents develop satisfaction, nor is it possible to detennine 

their satisfaction level in a web context. Despite the fact that theoretically-speaking, 

satisfaction is an antecedent to loyalty, it is harder to determine it in a web context than it 

is for loyalty. One respondent stated that satisfaction is more of a psychological and 

emotional concept and such type of data cannot be grasped over the web except if users 

are asked to fill in a survey online or offline. Usage of surveys to determine satisfaction 

development was reported by two other respondents. An academician explains it this 

way: 

"Satisfaction development is harder to identify since it is a construct with hidden 

dimensions which may be hard to reveal and to understand with pure cross 

tabulation of data in a web context (convergence is not enough), although it may 

significantly impact us ers' behavior online. Emotions, for instance, influence 

tremendously satisfaction, loyalty and engagement toward a website. 

A marketing director further adds that the satisfaction development and level 1s even 

harder to identify for each unique customer. For another respondent, this debate is futile 

since the fact that users come back to the website indicates they are satisfied with it and it 

is a measure of the website quality. There 1night be no need to make the concept of 

satisfaction more complex than it is. Satisfaction is always relative since we do not really 

know on what it is based (On design? Who can rate objectively design?). Amazon's 

customers are satisfied with its website because they come back to it and they developed 

satisfaction because Amazon was the first mover, the pioneer in book e-tailing. Most 

respondents agreed on the fact that satisfaction just like loyalty 1night be defined in 

severa! different ways and that it is far too subjective to be reasonably quantified. It is 

thus not necessarily well-explained through WM tools and remains relative, as an 

acade1nician puts it: 

"A user might buy on a website by obligation, lack of choice or on behalf of 

someone else without appreciating the website." 

This refers to the caveat of CL V identified in the previous section. Both the CL V and 

loyalty development pattems are great but superficial hints as to the customer's buying 

process. They do by no means reveal satisfaction and other affective traits of the 

customer. 
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Table 10 below provides validation of RQ 5 and its research propositions with 

summarized answers to the research question. Both RPl and RP2 are partially validated. 

Consequently RQ 5 stipulating that WM methods and techniques enable to identify how 

existing web customers develop satisfaction and loyalty on the internet, is partially 

validated. 

Table 4.6 

Validation of Research Question 5 

RESEARCH RESEARCH VALIDITY OF ANSWERSTO 
QUESTIONS PROPOSITIONS THERP THERQ 

Component 2: Usage of WM applied to the identification of existing customers' 
patterns on the web (HOW- INTERNAL DY AD 2) 

RPl: Web data Internai and 
RQ5: [HOW - generated by existing externat web data 
INTERNAL web customers should be large, 
DYAD 2b] To describe the existing 

Partial/y valid 
granular, issued by 

what extent do web customers ' logged in web 
clustering, satisfaction and us ers, of good 
association loyalty patterns on quality, and 
analysis, the internet. analyzed with WM 
classification and to identify existing 
prediction web customers ' 
methods applied loyalty 

RP2: Clustering, 
to web data development. 
capture how 

association analysis, 
Traditional market 

classification and 
existing web 

prediction methods 
research outputs 

customers and analyses 
develop 

applied to web data P artially va !id 
should complement 

satisfaction and 
grasp the dynamics 

WM to identify 
of existing web 

loyalty on the 
customers' existing web 

internet? customers' loyalty 
satisfaction and 

loyalty patterns on 
development 

the internet. 
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CONCLUSION - As in Figure, company-specifie attributes such as order of entry in the 

industry/sector, value proposition, product attributes, user experience offer or leve! of 

entertainment influence directly the customer-specific attributes relating to emotions, 

attitude, etc. toward the website. Customer attributes may not be grasped per se unless 

market research in the form of sm-veys are conducted among web users, but the web data 

do reflect partially those elements through web browsing behavior (intensity of usage, 

historical usage data, etc.), profile data (filling in of online forms, etc.), which are more 

accurate and less directional if customers are required to log in. These data are very 

useful to identify the paths of loyalty development by using both WM but also more 

descriptive tools such as frequency tables. However, these tools tell little about 

satisfaction development since satisfaction is a more complex construct with hidden and 

underlying facets that may be hard to get on the internet, requiring market research in the 

fonn of surveys instead. Although not very useful to tackle the satisfaction development 

process, WM and descriptive statistics help gauging the efficiency of a planned customer 

loyalty marketing-if a deliberate loyalty strategy was deployed at all- which in turn 

enables to drive powerful viral marketing. If no specifie loyalty marketing effort was 

engaged, WM is useful to determine loyalty development based on the criteria of loyalty 

development defined by the business. 
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INPUT TRANSFORMATION OUTPUT 
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WM-enabled identification of existing customers' loyalty development 
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4.4.3. ldentifying how existing web customers remain attached to- or defect from a 
website 

Once a customer bas become loyal to a business, in company-specifie loyalty tenns, it is 

also essential to track the evolution of that loyalty pattern. A customer who remains loyal 

over time is tem1ed attached to the business. On the contrary, a customer who stops 

. displaying the desired loyalty behavior is termed defecting from the business. The process 

by which existing web customers remain engaged with a given business (patronization) 

and how they are led to defect from it are closely linked to both concepts of satisfaction 

and loyalty. By understanding how web users become satisfied and/or how they become 

loyal, be they satisfied or not, it is possible to identify how they develop attachment or 

defection for a website. It has been seen previously that WM tools allow identification of 

loyalty development, but not satisfaction development. The question here is how WM can 

understand attachment development and defection development, with or without the 

satisfaction variable. 

In case of missing satisfaction information, the WM project may lead to variable 

inaccmacies. Sorne customers might be identified as remaining attached to a website 

while actually not being satisfied (lock-in contracts, lack of altematives, etc.). 

Conversely, sorne might be identified as defectors while they actually remain satisfied 

(money shortage to keep up with the priee increases, etc.). Despite the missing link of 

satisfaction development-which could be identified with traditional market surveys 

though-identification of the formation of attachment or defection is not only interesting 

but also important. lt empowers managers to predict, prevent or promote such behaviors 

(depending on the situation) among newer or older users and develop the appropriate web 

strategies to maximize the retention rate, in the first place and the customer acquisition 

rate, in a second place. Out of 10 respondents, 9 indicated WM are useful in that respect. 

Only one respondent reported that WM tools provide limited insight as to the way in 

which a customer patronizes or leaves the websites . Three respondents considered 

defection as an inverted measme of attachment that may be explained by the very same 

factors (explanatory variables). Design may appeal and cause attachment for one 

customer whiles it may irritate another to make him leave. One academician put it this 

way: 



134 

"Starting to look why some people defect also tells why others remain attached to 

the business ." 

Defection may be easy to measure and WM helps also to understand how it develops. Out 

of the three, one however indicated that WM, although handful, may not be used often for 

these kind of analyses because not all companics can afford the proper data preprocessing 

tools and analytical resources. It may be more prevalent among companies that have all or 

vety large parts of their business online or very large organizations such as MNCs for 

example. 

Two respondents justified the usage of WM tools to identify attachment and defection 

formation by indicating that web data are available for that pm·pose. In fact, data on 

iteration of visits and purchases during a specifie timeframe and us ers' interaction with a 

company's communications combined to the comparison with other consumers' previous 

behaviors determine how the user comes to be attached or defect from the website. A web 

business manager fmiher add~: 

"Web data such as sem·ch keywords, user experience (navigation and usability) 

are translations of web users ' interests and wants. Businesses can use WM to 

follow-up to determine at which point a user started using the website more 

frequently, what may have caused the pm·chase of an item, and other similar 

analyses which, combined together, may not provide the absolute but at least 

partial explanation of attachment or defection behavioms." 

According to that user, such knowledge should drive layout design and architectme of the 

website to increase usability and user experience for increased patronizing. Another 

respondent acknowledged that classification was very appropriate for that. 

As expected, 3 of the respondents who admitted that WM tools provide valuable insight 

into analysis of attachment/defection development, outlined that attachment/( defection), 

in the affective dimension as resulting from (dis )satisfaction, is harder to measure. A user 

can defect while remaining satisfied or remain attached while being unsatisfied. WM 

determines only statistically and quantitatively both satisfaction and loyalty, but tells little 

about the qualitative aspects. In fact, WM is useful for transactional studies based on 

transactional profiles (when did the customer buy? What? Etc.) but they are insufficient 

to understand why people leave or stay. Everything related to motivations or other 

--------------------------------------------------------------------------------------- ------· 
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affective dimensions are almost impossible to obtain. There will always be a need for 

supporting research in the form of contacting or observing customers, to understand 

customers ' reasons for leaving or remaining attached to a website in affective and 

emotional tenns. Continuous and ongoing satisfaction research would be needed. This bas 

already been underlined previously as being difficult to set up in a web context as it can 

irritate or distract users who wanted to make a pm·chase for instance. 

Another respondent advocated thinking and analyzing outside the "website box" to get an 

overall view of attachment and defection patterns. Internet is a very free and open space 

that allows quick moves, increases availability of multiple information sources and as 

such reduces information asymmetries. Thinking of attachment and defection without 

considering other (dis)sirnilar websites would be a failure to recognize the tight interlinks 

and intertwining of the world wide web . A database adrninistrator states that: 

"Y ou would have to stand outside and watch the return rate vs. defect rate of a 

demographie across similar sites/opportunities: where did everyone go? Is the key 

question to ask. The perspective of an individual business may not be seen until 

you step away from it and look at it alongside similar opportunities, competitors 

and even diverse contexts elsewhere." 

He adds that this can be done by usmg WM analysis method, namely 

classification/prediction, clustering and association both in supervised or in unsupervised 

fashions. The question is how to get sufficient and appropriate data in order to analyze 

such insightful but complex patterns? Web analytics al one do not reveal confidential data 

of competitors such as defection rates or customer acquisition rates which are essential to 

draw a comprehensive image of customers' moves on the web. Also, this approach still 

does neither tell the motivations of customers, nor the underlying satisfaction which 

drives the development of attachment or defection. Such an approach would only 

determine that a given number of our customers do also visit competitors' websites at a 

certain frequency, for a given period of time and knowing whether this influences their 

patronizing of our website can only be inferred but not detennined in absolute terrns. 

Table below provides validation of RQ 4 and its research propositions with summarized 

answers to the research question. RPl is validated and RP2 is not validated. 

Consequently, RQ4 stipulating that WM methods and techniques enable to identify 

existing web customers' behaviours on the internet. 
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Table 11 below provides validation of RQ 6 and its research propositions with 

summarized answers to the research question. Both RPl and RP2 are partially validated. 

Consequently RQ 6 stipulating that WM methods and techniques enable to identify how 

existing web customers remain attached to or defect from a website, is partially validated. 

RESEARCH 
QUESTIONS 

Table 4.7 

Validation of Research Question 6 

RESEARCH 
PROPOSITIONS 

VALIDITYOF 
THERP 

ANSWERSTO 
THERQ 

Component 2: Usage of WM applied to the identification of existing customers' 
patterns on the web (HOW- INTERNAL DY AD 2) 

RPl: Web data Internai and 

generated by existing externat web data 

web customers should be large, 
RQ6: [HOW- describe existing web Partially va/id granular, issued by 
INTERNAL customers' retention logged in web 
DYAD 2c] To and defection patterns users, of good 
what extent do on the internet. quality, and 
clustering, analyzed with WM 
association to identify existing 
analysis, web customers' 
classification transactional 
and prediction RP2 : Clustering, loyalty 
methods identify association analysis, development. 
how existing classification and Traditional market 
web customers' prediction methods research outputs 
remain attached applied to web data and analyses 
to or defect from capture the dynamics 

Partial/y va/id 
should complement 

a given business of existing web WM to identify 
on the internet customers' retention existing web 
(patronizing)? and defection patterns customers' 

on the internet. emotional and 

actualloyalty 

development 

(patronizing) 
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CONCLUSION - Systems are not conceived to tmderstand how and even less why 

customers leave. Such knowledge can only be obtained from intensive data aggregation 

and analysis to get a converging image through triangulation and inferences based on 

analytical outputs. As displayed in 

Figure, the input data have to be rich and diversified enough (sem·ch keywords, user 

experience data, transactional data, communications interactions, browsing behavior, 

visits information). WM tools m·e then appropriate only to determine transactional loyalty 

patterns, that is, how existing web customers develop attaclunent or defection in terms of 

continuous purchases, visits or desired transactional actions. If actions are ongoing, the 

customer is deemed attached and if they stop he is deemed defecting. The emotional and 

affective aspects of loyalty cannot be g1·asped with WM tools alone. Market research 

needs to complement WM to provide additional insight into transactional and to 

determine emotional patronizing and bence provide an actual patronizing view 

encompassing the nuances of observed transactional patronizing. Contingent variables 

that influence attachment or defection such as cash availability of the respondent, 

seasonality, special occasions, etc. and their effect on loyalty can also be better g:t·asped 

through market research. WM can also be used to a lesser extent. 
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INPUT TRANSFORMATION OUTPUT 
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Figure 4.7 WM-enabled identification of existing customers' attachment or 
defection patterns. 

4.4.4. Conclusion on WM-enabled identification of existing web customers' 
behaviors on a website 

In a knowledge-enabled CRM framework, WM offers limited but insightful information 

on the behaviors of existing web customers. lt has been established that, the input data 

used in the WM project should be large, homogeneous, and extracted from logged in 

customers. As shown in Figure, the data used as input for analyses may be: (1) internai, 

e.g., search keywords, communications interactions, web analytics, transactional data, 
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browsing history, profiles data and clickstream data; or (2) extemal, e.g., competitors ' 

web analytics or 3rd_parties data. Some previous or current market research data resulting 

from sm·veys or observations can also be integrated to the WM process provided they are 

of acceptable quality and conform to the specifications of the pre-processing step. Both 

descriptive statistics and WM methods can be used. Descriptives are particularly useful to 

identify customers' behavior in a less complex fashion than do WM tools. They may also 

be used as exploratory tools to have a first impression of the data that will be further 

processed with WM tools. 

The concept of behavior has actually two facets in a web context: (a) the browsing 

behavior facet and (b) the consumer behavior facet. The first refers to the actual, 

objective, observable and factual actions of an individual on a website that is everything 

(s)he does and that can be recorded in multiple ways for straight analysis. On the other 

hand, consumer behavior refers to the complex intermingle of all those underlying layers 

that constitute the human being and that are widely studied in a discipline that bears the 

same name. It encompasses thus such various elements as personality, motivations, 

lifestyle, perceptions, attitudes, emotions, satisfaction and loyalty, decision process, 

leaming and socialization, if not more. Customer behavior can be influenced by 

èompany-specific attributes such as order of entry, level of user experience offered, etc. 

For instance, first-movers ( order of entry variable) tend to be more appreciated by 

customers because they are perceived as being pioneers and tend to be more liked by the 

public than followers and late entrants (Srinivasan, 1988; Kerin et al., 1992; Van Hippel, 

1984). 

Both types of behaviors surely influence each other but it remains unclear to what extent 

the typical customer behavior displayed in offline contexts, i.e., everywhere but on 

intemet channels, differs from the browsing behavior displayed on intemet channels and 

even on different types of intemet channels. Is it merely transposable? Or is there such 

thing as an e-consumer behaviour that an individual switches on when navigating on the 

internet? Additional research would be needed on that subject. 

Further, it bas been found out that while browsing behavior can be identified very 

accurately by WM tools and to a lesser extent by descriptive methods, consumer behavior 

aspects cannot be that easily deterrnined with WM. At least, not yet. Market research is 

still required for that purpose. The level of congruence between browsing behavior and 
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consumer behavior cannot be specifically determined, nor can the resulting actual 

satisfaction development be pinpointed either with WM alone. Again market research is 

necessary to determine ac tu al satisfaction development. Satisfaction is the major 

antecedent of loyalty. Without knowledge about the satisfaction level of customers 

though, WM tools enable marketers to identify how web customers develop transactional 

loyalty and how they nu1iure that transactionalloyalty on a continuous basis by remaining 

attached or by defecting. Transactional loyalty, however, tells little about the underlying 

buying process of the customer. Emotional loyalty refers to the liking or not liking of a 

website on a continuous basis by remaining thus emotionally attached or not. Emotional 

loyalty development cannot be grasped by means of WM tools al one and market research 

is also needed here. Congmence between transactional and emotional loyalty 

development exhibits the actual or real loyalty development. Again, without market 

research this is impossible to get with WM tools alone. The example below is a simulated 

real-life case developed by the researcber based on the findings relating to the second 

tbeme of identifying existing web customers' behavior on the internet. It summarizes the 

potentialities ofWM as identified so far: 

An example will illustrate this application of WM Drinkco.com is a website 

selling various kinds of functional drinks namely sports and energy drinks in 

multiple formats. The business decides to focus on logged in customers · to 

understand their loyalty formation patterns. Although transaction-oriented, the 

website is very entertaining and o.ffers a high leve! of user experience to increase 

the flow and satisfaction leve! for increased sales. This has another advantage, 

the company collects many different kinds of data: seaJ'Ch keywords entered in 

the index section, browsing history, clickstream data, web analytics about al! 

users, and more individual data such as transaction information and user­

generated content provided into various forms and communications interactions 

such as emails, online polis and so forth. 

To get an overview of users' loyalty, the business reviews frequency tables of 

visits and purchases to make a ratio. For every 10 visits a purchase is made, 

which is a very good figure in the industry. The purchase data are then used in an 

association analysis by means of sequential patterns with the PrefixSpan 

algorithm to discover how items purchased by customers are associated and the 

sequence in which the items are purchased (Liu, 2011). About 56 relevant 
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sequences fulfilling minimum multiple confidence and support levels have been 

identified. ft essentially says that 35% of customers who buy Red Bull first, then 

buy Monster, then Amp and eventually less known brands such as Guru and 

continue buying on frequent bases. ln comparison, 8% of customers buy firstly 

Guru, then Hype and NOS befOJ'e leaving. This tells that the most attached 

customers are initially attracted by the market leader brand and develop loyalty 

over time, assuming they develop satisfaction tao, by trying other brands 

narrowing dawn until niche-oriented beverages. Big brands leverage the demand 

for smaller brands creating a "long tai! effect". On the other end of the 

continuum, defectors are rather usually attracted by small brands first and seek 

additional smaller brands. The website is not a niche-oriented spot though and 

thus these customers defect from the website because they do not find what they 

want. ln addition, market basket analysis revealed transactional loyalty patterns 

which allowed building decision aids tools based on the past purchases and on 

purchases made by groups belonging to similar loyalty development groups. 

WM tools revealed insightful knowledge about transactional loyalty patterns but 

are not suited to identify dimensions of consumer behaviour. Drinkco conducts 

severa! market research ojjline and online to identify motivations, perceptions, 

emotions, preferences, interests and satisfaction development of loyal and 

dis loyal clients. ft then compares clients' transactional loyalty development 

patterns to the emotional loyalty development patterns, which was asked to 

customers. The leve! of congruence between bath elements indicates the actual 

loyalty development of clients. Results are taken cautiously by management 

though because response rates for online surveys were very low, whole sections 

were often intentionally left blank and outliers emerged, al! of which contributed 

to decrease the reliability and statistical validity of outputs. 

Management knows the limitations of WM tools usage but finds great utility in the 

transactional loyalty development madel. The knowledge-enabled business knows 

that marketing efforts should be geared toward consolidating a strong base of big 

energy drinks brands and integrating more smaller brands of energy drin/cs 

which can be proposed to customers in the form of recommended beverages or 

which can be advertised on the website, or on other websites through behavioural 

advertising as weil as on emails or profiles of social networks visited by 

customers. Creative cross-selling and up-selling strategies should be 
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implemented based on that finding in arder to retain big brands customers 

tempted to disco ver new tas tes and jlavors by seeking less conventional brands as 

weil as smaller brands customers who wish to stick to "underground", "out-of 

the-mainstream " beverages. 

The second theme corresponding to the second meta-objective of identifying existing web 

customers' behaviors on the internet, as identified in Xu and Walton's (2005) adjusted 

framework, can be fulfilled by using WM. Traditional descriptive stadstics are also useful 

complementary tools in that respect. Market research remains a cornerstone for 

identification of the more psychological and psychographical aspects of web customers 

behaviour. 
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4.5. Profiling of prospective web customers on the internet 

Prospective customers of a website are defined as those who visit the website without 

having ever made a purchase on it. Any other definition of a prospect would be difficult 

to make in a web context. Consequently, all visitors are considered prospects as long as 

they have not made a purchase, or performed the desired transactional action. If they do, 

they are converted into existing customers who were the focus of the 2 previous sections. 

This section aims at identifying how WM tools profile prospective web customers and 

how they reveal their behavioral patterns. 

4.5.1. Segmenting prospective web customers of a website 

Segmentation of prospects is very sirni lar to that of existing customers. The mam 

difference lies in the lack of prospects' transactiona1 data which provide additional insight 

into their needs, wants, interests or preferences (Tufféry, 20 11). Such knowledge is 

therefore usually not infeJTed from transactiona1 data, but rather from other sources such 

as browsing behavior, clickstreams, etc. 

Out of the 10 respondents, 9 indicated that WM methods were effective in identifying the 

profile of prospects. Eight respondents agreed on the value of classification for 

segmentation pm·poses. Three of them added that when combined to regression such 

technique offers tremendous insight into the interests of prospects which enables to 

segment them, whereas the fourth respondent indicated that regression was not that useful 

in that respect. An acadernician further explains: 

"This can be sumrnarized as follows: show me how you click on the website and I 

will tell you who you are and what you may be likely to do on the website as well 

as your future behavior." 

The focus on prospects, that is, the segmentation of prospects al one can also be the result 

of the generalization of the mode! developed from a statistically representative sarnple of 

the customer database. If the website bas enough assurance that both customers and 

prospects do share similar characteristics, those profiles extracted from the customers' 
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database might be partially or totally congment with that of prospects as one respondent 

puts it: 

"Ifwe can segment existing customers we can segment prospects too." 

The trick lies in precisely determining on which basis prospects are to be segmented. Two 

respondents recognized that there are different types of segmentation across different 

companies and even industries, i. e., young vs. elderly prospects. There are also different 

definitions of what a prospect may be. For an online casino website, prospects un der 18 

years of age would never constitute a target of interest, doing so would even constitute a 

crime. Also, if a user comes for the first time on a website, can he/she be considered as a 

prospect? lt may thus be less easy to segment prospects albeit not impossible. A database 

administrator indicates: 

"Segmenting prospects is possible if segment means interests of a customer and 

channel him into a concept where he/she bas a higher propensity to spend money. 

In that case, WM tools are appropriate." 

For another respondent it is also possible to segment prospects if web managers possess 

some sociodemographic and socioeconomic data about them in addition to browsing 

behaviors. In that case, if web managers see prospects returning to the site several times, 

they may issue sharper profiles to optimize both online and offline customer acquisition 

strategies. In a multichannel context this could mean contacting the sales rep of the 

prospects' local division tolet him get in touch with the prospect. An acadenucian puts it 

this way: 

"The potential market (prospects) is not only online or offline, it can and IS 

usually both. lt is important to have an overall, a global view of the market." 

WM enables thus to draw powerful multicham1el strategies. However, WM nught be 

volatile because individuals are users not demographies, they evolve continuously. 

According to a respondent, classification and regression teclmiques should thus be 

combined to clustering to draw a more stable but momentary picture of prospects. In 

addition, one respondent acknowledged the fact that WM tools become actually really 

useful once prospects have been converted into (loyal) customers since in such instances 

segmentation becomes sharper and more accurate. Another respondent suggested the 

same idea and added that WM methods work better for converted prospects who log in. 
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Only one respondent stated that WM tools are unreliable to profile prospects because the 

data sets used to analyze prospective web customers are of limited scope and scale. Not 

only are they too small in quantitative tenns with too few observations especially on 

small websites (scale) but they present also limited web users' characteristics which could 

be used for segmentation purposes (scope). This contradicts the statement of other 

respondents who declared that a great variety of attributes about prospects could be 

obtained even in a web context. One respondent for instance warned about the fact that 

prospects may not really be interested in buying products or services offered by a website 

to call them truly prospects. However, he added that if one wants to dig further there are 

other means to obtain insightful data on prospects. Facebook Inc. and other third party 

companies can sell highly detailed profiles of individuals to companies. 

Prospects can be better identified provided they have an active Facebook account or do 

not opt-out from ad networks and other data exchange marketplaces. Today, social 

networks, which are true products of the interactive web 2.0 era as well as weak 

legislation regarding data confidentiality and privacy online, created plenty of 

oppo1iunities to buy and aggregate highly detailed knowledge about almost every aspect 

of a human's life (professional dimensions with Linkedin, private !ife with FB, 

leisure/hobbies with FB again but also Flickr, YouTube, Dailymotion, etc.). Using such 

data web businesses can develop highly customized advertising tailored to the specifie 

needs and interests of prospective customers at a specifie point in time and diffuse them 

on all the web pages the prospects might visit. This display adve1iising technique known 

as behavioral targeting has proven to be highly effective at increasing publishers ' 

revenues through increased click-through rates by 670% (Yan et al., 2009). As a result, 

there are higher conversion rates and increased revenues for web businesses as well 

(Beates, 2010). 

Such data files may however be too costly for small businesses with limited marketing 

resources. But the fact is they do exist, so do the techniques to analyze them, and 

increasingly also if they are generated by a small number of observations. Segmentation 

of prospects might slowly become more feasible for more companies on the web. 

Surprisingly, no respondent mentioned surveys as complementary tools for segmenting 

prospects. Market research may not appear to be absolutely needed in that case. Profiles 

can be well-developed from online databases only. 
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Table 12 below provides validation of RQ 7 and its research propositions with 

summarized answers to the research question. Both R.Pl and RP2 are validated. 

Consequently RQ 7 stipulating that WM methods and teclmiques enable to segment 

prospective web customers, is validated. 

Table 4.8 

Validation of Research Question 7. 

RESEARCH RESEARCH VALIDITY ANSWERSTO 
QUESTIONS PROPOSITIONS OFTHERP THERQ 

Component 3: Usage of WM applied to the protïling of prospective customers 
on the web 

RPI : Web data generated 

RQ7: [WHO- by prospective web 
customers are sufficiently Internai and 

EXTERNAL 
detailed and accurate to externat web data 

DYAD 3a] To 
provide a strong basis for should be large, 

what extent do Val id granular, issued 
classification the creation of precise 

and prediction profiles about those by logged in web 

prospective web customers. us ers, of good 
methods quality, and 
segment analyzed with 
prospective WM to segment 
web RP2: Classification and prosp ective web 
customers? prediction methods applied customers ' and do 

to web data create 
homogeneous groups of 

Valid accurate proflling 

prospective web customers 

CONCLUSION- Website managers own useful browsing information, clickstreams and 

socio-demographic as well as socioeconornic information collected from forms, 

registrations, etc. in order to draw useful profiles with classic WM tools. As shown in 

Figure, the leve! of segmentation determines the resulting marketing strategy from mass 

to individual. Social networks which are gold mines of precious unique profile 

information provide additional attributes on which to segment prospects or garner a given 
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individual's profile. Gaining useful insight of prospects, is a stepping-stone for 

segmenting them and crafting strategies accordingly to acquire them in multicham1el 

settings, through tailored display advertising (BT, demographie targeting, geographie 

targeting, etc.) or direct marketing campaigns, the very core of CRM. 

INPUT 

Internai data: 

l'-- ~ 

-Ci ickst ream 
dat a 

-B rowsing 
behavior 

-User-provi ded 
content (forms) 

External data : 

"----- ___.--/ 

-3rd-parti es 
profile data (FB, 

etc.) 
-Syndicated 

services dat a 
(demographies, 

et c. ) 

TRANSFORMATION 

Ove rail 

segmentat ion 

level (+) 

1 
WM tools: 

~ 
-Classi fi cation] 
-Prediction 
-Ciustering 

i 
v 
Persona lized 

segment ation 

level (-) 

Figure 4.9 WM-enabled profiling of prospects. 

Prospects' 

' specif ie , 

profiles 

OUTPUT 

Mass marketing 

st ra tegy ( 1-to-oo) 

-M asses 

-Segments 

--7 
-Niches 

-Personas 

-lndividua l 

v 
Granular marketing 

strategy (1-to-1) 
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4.5.2. Collecting information about prospective web customers' preferences, needs, 
habits, etc. to develop targeted e-marketing strategies and acquire them 

This aCRM objective is closely linked to the concept of segmentation. Segmentation may 

be based on a multitude of attributes such as sociodemographic data, geographie data, 

psychographic data, attitudinal or behavioral patterns, etc. In their original framework, Xu 

and Walton (2005) based segmentation on demographie data for instance. In order to 

develop e-marketing strategies and especially direct marketing strategies, as seen before, 

web managers need to have previous knowledge oftheir prospects ' profiles which may be 

comprised of all s01is of characteristics. However, the most useful knowledge refers to 

prospects' preferences, cunent needs and wants. If profiling does not take into account 

the wide array of prospects ' interests and if segmentation is not based on such attributes, 

drawing relevant e-marketing strategies to acquire ·prospects might not be flawless. 

Because, segmentation does not necessarily take into account these attributes it is thus 

essential to detennine if they can be identified at all by using WM tools. 

All respondents agreed on that point with slight nuances though. The overall sentiment is 

that clustering is particularly appropriate because it is unsupervised, contrarily to 

classification which is supervised. Unsupervised seems more appropriate in an 

exploratory context such as that of discovering preferences, needs, etc. One respondent 

however suggested that simpler descriptive methods may also be appropriate if not more 

than WM. Another respondent emphasizes that WM actually permits to develop a more 

dynarnic view by displaying behavioral patterns, which descriptives do not allow to do. In 

fact, interests, preferences, etc. arc always captured in browsing behavior. lt is always 

regarding browsing that web managers might infer such strategie data as those related to 

overall interests and habits. He puts it like this: 

"Traffic analysis, browsing paths of prospect and longitudinal statistics allow to 

crosstabulate prospects and existing customers to identify correlations. This 

approach permits to link actual transactions to the website traffic, in other words 

to develop a relation between browsing volume (generated by both prospects and 

customers) and final transaction data (generated by old or new customers only) to 

develop such statistics as: for each additional unique new 2000 prospects, 1 

purchase is made." 
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Web descriptive statistics such as web analytics do in fact provide many data on 

individual us ers' interests and habits but it remains on a static schema. WM permits to 

develop a more dynarnic view by displaying behavior and as such WM is as appropriate if 

not more than descriptive statistics. From that point, predictions can be made as to 

prospects' future likely behaviors to develop offers and focus on e-marketing strategies 

(newsletters, articles, ads, etc.), based on identified prospects' web habits and trends to 

attract them. 

WM tools should also be used in conjunction to develop real-time "response frameworks" 

to dynarnically modify the approach taken with the web user on the fly and not post-hoc, 

i. e., morphing. A database adrninistrator suggests: 

"The usefulness of traditional slow-and-steady methods that keep up with the 

flight of individuals in their demographies flocks will become as obsolete as the 

Pony Express is to communications. Now users become more savvy and internet 

grows consequently in its ability to respond to user preferences with dynamic 

approach to cross-selling based on regression/classification and the use of 

clustering that responds on the day or the hom according to cmrent trends, which 

is far more valuable than traditional approach." 

This is also why, as a respondent puts that, WM provides great insights in an online 

context but only limited insights into off line for the prospects ' preferences might be 

related to fonts, website layout color, wallpaper, add-ins, and so forth. However, most 

businesses are mostly interested in prospects' hobbies, leisure, activities or opinions in 

order to match them with their own products and services offerings. The rise of social 

networks has much helped in that respect because they are spots where people reveal their 

true preferences, habits and needs without even noticing it. An academician highlighted 

th at: 

"FB does not sell demographie data they mainly sell behavioral data : links on 

which users click, ads they watch, what they "like", what their friends "like" and 

all activities put at their disposai for their own pleasme, while they are actually 

sharp measmement and evaluation tools ofbehaviors. These are then sold." 
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Attitudes and behaviors on the web are translated into web data that provide hints as to 

the interests and habits of people and these data are increasingly more available through 

social networks. Web businesses can identify lP addresses of their users and ask third­

parties to sell them behavioral data on the user behind that lP address. Using social 

networks allows to identifying the unique user(s) hidden behind mere numeric lP 

addresses. More comprehensive and accurate pictures of users can then be drawn. Highly 

tailored adve1tisements should be produced and subrnitted to prospects. 

However, usage of such data and application of WM tools to derive useful meaning and 

tailor sharp advertising may not necessarily increase conversion rates of websites as well 

as profits, at least not in the shmi run. One respondent indicated that it is more useful to 

do branding and conditioning on the longer run: 

"If you are sent many ads corresponding to your tastes , even though you rnight 

not have the budget now, you will have it one day when you will start working 

and then you rnight consider those offers again (recall) because you will already 

have a favorable idea of the brand due to these targeted actions. Y ou can conve1t 

prospects into customers in the longer run too." 

WM tools are however also subject to limitations in identifying habits and interests of 

prospects. One lirnit refers to the architecture of a website. The more structured, the better 

the analysis. Lots of data are also available but not all may be relevant to identizy needs, 

habits and preferences. They may be too overwhelrning, calling for extra amounts of time 

spent sifting useful from unusable data or even worse, leveraging false habits and 

interests. Another respondent indicated that WM is appropriate if datasets are large but 

this is rare. 

Table 13 below provides validation of RQ 8 and its research propositions with 

sumrnarized answers to the research question. Both RPl and RP2 are validated. 

Consequently RQ 8 stipulating that WM methods and techniques enable to identizy 

prospective web customers' attitudinal characteristics to acquire them, is validated. 
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Table 4.9 

Validation of Res;earch Question 8 

RESEARCH RESEARCH VALIDITY ANSWERS 

QUESTIONS PROPOSITIONS OFTHERP TOTHERQ 

Component 3: Usage of WM applied to the profiling of prospective customers 

on the web 

RPl: Web data generated by Internai and 

prospective web customers externat web 
RQ8: [WHO - are sufficiently detailed and data should be 
EXTERNAL accmate to provide various large, 
DYAD 3b] To and complementary granular, 

Val id what extent db characteristics about those issued by 
clustering, prospective web customers logged in web 
association such as their preferences, users, of good 
analysis and needs, habits, to be used for quality, and 
classification acquiring those customers analyzed with 
methods provide WM to identifo 
insightful prospective 
information about web 
prospective web customers ' 
customers' RP2: Clustering, association needs, wants, 
preferences, analysis and classification habits, 
needs, habits etc. methods generate relevant preferences, 
to develop information about etc. to enable 
targeted e- prospective web customers' crafting and 
marketing and e- characteristics which can be Va/id deployment of 
commerce used for futther targeted targeted e-
strategies to marketing and sales eff01ts to marketing 
acquire them? acquire them. strategies to 

acquire 

prospective 

web customers 
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INPUT TRANSFORMATION OUTPUT 

High likelihood to buy (+) 
Internai data : t 

1'--- _./ Descriptive 
' Sha~e of market 

-Traffic analysis r7 "' lnterests-, Conyersion st atistics 
~ 

paths t Needs-, Bu si!ness KPis 
-Longitudinal f- 0.0 Wants-, lv( CTRj VTR, CTI 

c 

Slow-and- -a 
~-Sh~re of heart -Cu stomers' ·-

~ steadyWM _6 -~ Habits-, 
transactional - -Sh~re of mind 

approach <lJ 
data -a Preferences- -Brard STATUS 0 

Real-time 
~ -Brand 

Based 
WM ~ STRËNGTH: 

Externa l data: ~ 
... 

Bd,nding (+) ap proach / eMarketing 
r::._ --... 

A~va ntage ----3rd-parties data strategies P~rformance 

f- R~l evance 
Pr~sence (-) 

.. 
Law likelihood to buy (+) 

Figure 4.10 WM-enabled identification of prospects' attitudinal characteristics to 
acquire them 

CONCLUSION - Prospects may be segmented against a multitude of attributes (VALS, 

Rokeach models on values and lifestyles, AIO madel, etc.). Such data can be gleaned 

successfully in a web context with slight differences from real-world data in sorne 

instances. Browsing paths, traffic data inform about a prospect's web behavior and hence 

interests, habits, needs and the like. Transactional data provide additional and sharper 

insight into that respect and can be correlated to browsing volume to triangulate both data 

blacks and pinpoint true interests and habits. WM tools and to a lesser extent descriptive 

statistics enable to discover these behavioral pattems which are hints to habits and 

interests. It appears that WM tools can be subdivided into two approaches: one "slow­

and-steady" approach that analyzes the data and produces business models, rules, 

algorithm post-hoc and another "on the fly" approach that produces in real-time dynamic 
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response frameworks (models, rules, etc.) directly applicable on the website. The latter 

approach· seems more efficient especially in the fast-moving web context. Figure 

illustrates the fact that outputs generated by both approaches have effects in the short as 

well as in the long run. In the sh01t tenn, better knowledge of prospects' needs etc. 

enables businesses to build highly tailored e-marketing strategies (morphing, BT, etc.) 

increasing CTR, Click Trough Interests (CTI) or the views divided by the clicks and 

View-Through Rates (VTR) or the views divided by the shows, the conversion rates and 

acquisition rates. Impact of those strategies need not be instantaneous but may also 

impact prospects in the longer run through branding and conditioning to increase brand 

awareness, recall, recognition, equity to increase the brands', products', organisation' s 

share of prospects' minds and hopefully share of heart (Kotler & Keller, 2006), so that 

they consider them during future decision-making processes. Their likelihood to buy is 

thus low at the moment but may increase substantially in the longer term when more 

favorable conditions or settings enable the web visitor to be more spendthrift. 

4.5.3. Conclusion on WM-enabled Profiling of prospective web customers of a 
website 

Unlike existing customers, prospects are harder to profile because the company lacks 

fundamental data such as transaction information that bring most insight into individuals' 

profiles. It is also more difficult to track individual unique prospects on a website since 

they do not necessarily log in. The company needs to find a way to attach input data to 

each unique user with confidence. Various datasets such as traffic analysis, browsing 

behaviour, clickstream data, longitudinal statistics (descriptive statistics do ne over time ), 

profiles data, user-provided content and existing customers' transactional data can then be 

used as input as long as they are large, well retrieved, selected, cleansed and pre­

processed. 

The business usually transposes the segmentation level applied to existing customers to 

prospects. As previously identified, the segmentation continuum ranges from masses to 

the individual. The targeting level chosen determines the resulting marketing strategy 

used to attract and retain prospects after WM outputs have revealed knowledge. Both 

descriptive methods and WM can be used. Frequency counts and so forth provide an 
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initial overv1ew of the data as well as an aggregated input for WM processes. The 

transformation process can be done through the slow-and-steady approach of the real­

time approach as this was determined for existing customers. 

Either way, it bas been established that WM contributes to draw very accurate specifie 

prospects' profiles. The classification technique is very useful for estima ting the missing 

transactional aspects of prospects. By using existing customers' transactional information, 

predictive models can be developed in order to anticipate the likely action or attribute of a 

prospect. Prospects are assigned a score which classifies them in groups identified post 

hoc. WM also allows determining prospects interests, needs, wants, habits and 

preferences which are more attitudinal and behavioural types of data. Based on the 

derived knowledge the business can build segmentation schemes, e.g., psychographics­

based niche segrnenting, etc. The choice of the variables to be used as group descriptors, 

as well as segmentation techniques and other arbitrary considerations remain tmder the 

control of the manager. 

In figure 20, those outputs that WM enables to obtain are framed in bold. Prospects' 

profiles together with their identified needs, interests, wants, habits and preferences drive 

the business ' eMarketing acquisition effmis. It is based on that knowledge that the 

company can craft relevant strategies that have high chances to be considered by 

prospects because they correspond to their tastes and needs . 

The effect of these acquisition strategies may be twofold: in the short run and in the long 

run. Most businesses will seek to get the shmi run impact which affects mostly the 

bottom line. In fact, deriving accurate prospects' profile and offering them a value 

proposition tailored to their unique being, increases the likelihood that these prospects 

.will engage m the activity desired by the company be it a video game account 

subscription, a book purchase, or whatever else. In web advertising, behavioural 

adve1iising capitalizes on WM techniques to enhance core strategie indexes such as 

Clickthrough Rates, Viewthrough Rates or Clickthrough h1terest and boosts conversion 

rates (Yan et al., 2009; Fulgoni, 2008). More clicks on ads means also more revenues for 

publishers (owners of the website displaying ads) or any other entity that hosts ads, 

enabling them to also enhance the quality of their website(s) (Beales, 2010). For e­

business announcers increased click rates also increase the Retum on Marketing 
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Investment (ROMI) comprised of Cost Per Mille, effective Cost Per Mille, Cost per 

Thousand, Cost Per Impression, Cost Per Click/Pay Per Click or Cost per Action, 

depending on the pricing model chosen. Such a virtuous circle makes e-commerce more 

efficiently-mn. This is in line with what Pfeiffer and Zinnhauer (20 1 0) asserted, nam ely 

that online advertising is· especially effective in later-funnel stages ( order, repeat visits, 

repeat order34
), but should still be combined to classic media to support upper-funnel 

marketing-related activities (lmpressions, clicks, offers, calls-to-action). WM-driven 

eMarketing tactics and strategies may therefore have a tremendous impact on e-business' 

KPis and market shares in the short term. 

Meanwhile, additional long-lasting and incrementally-built impacts develop in the longer 

mn. In the literature it has in fact been recognized that highly targeted online campaigns 

contribute to brand equity by enhancing brand status, namely brand recall, awareness, 

sympathy, intent to use and first choice (Pfeiffer & Zinnhauer, 2010; HoUis, 2005). 

Attitudinal aspect of brand equity (i. e. , brand strength) can be estimated via the 

BrandDynarnics framework (Dyson et al., 1996). Other measurement tools may apply. 

Online advertising contributes to increase the five levels of attitudinal loyalty to a brand 

to heighten the probability of a person buying a brand (HoUis, 2005). The lowest level is 

presence (know1edge of what the brand stands for). It corresponds to the lowest 

prospects' likelihood to buy; the relevance step is defined by negative drivers of loyalty 

(e.g. cheap brand thought to be of bad quality, etc.) . In performance, the prospect agrees 

the brand provides acceptable levels of performance on basic criteria (Daniel's (1961) 

Critical Success Factors (CSFs)) . In advantage, the prospect admits that the brand 

displays long-lasting and ongoing advantages over competitors (Daniel ' s (1961) Key 

Success Factors (KSFs)). Eventually, bonding takes account of prospects ' relative 

classification of the brand's advantages (or KSFs) and the degree to which they believe 

the brand shares the same endorsement than others. By moving up the pyrarnid as shown 

in figure 20, the prospects' likelihood to buy increases accordingly. Both brand status and 

brand strength contributes to capture more of prospects' share of the rnind and ultimately 

share of the hemt (Kotler & Keller, 2006). 

34 This is based on Viewmark Marketing Agency ' s specifie sales funnel model: customers sta1t 
with impressions and continue through clicks, stickiness efforts, repeat visits and clicks, 
engagement offers, calls-to-action, contact or call-back, order, repeat visits and repeat orders: 
www. viewmark.com 
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The online marketing campaign remains framed in the segmentation level and subsequent 

acquisition strategy that have been chosen by the business. Mass segmentation and its 

subsequent global acquisition strategy will typically lead to less relevant and interesting 

marketing campaigns for prospects. This approach may nurture their knowledge of the 

brand but also decrease their purchase intentions. On the contrary, personalized 

segmentation and its subsequent granular acquisition strategy drives prospects to the 

bonding stage so that they agree by themselves that the brand is superior, different and 

worth the dollars to be spent. A simulated real-life case, developed by the researcher, will 

shed sorne light on the practical application of WM to profile prospective web customers 

of a website. 

Reinhardt&Kuntz.com is a furniture wholesale broker website. ft buys and sells 

furniture entirely on the internet. The company reaches out to upper-middle class 

individuals with a pronounced taste for robust and long-lasting German-made 

jùrniture. ft does not have a very detailed segmentation strategy though and uses 

primarily its website to attract and retain masses of potential customers. Existing 

customers are automatically identified and logged in on the website. From its 

web analytics reports, it discovered that 75% of its website traffic is do ne by non­

existing customers. R&K would like to draw a profile of the diverse users who 

come and leave without purchasing. Since the company focuses more on logistics, 

procurement and relationship management with suppliers, it does not collee! 

much data about web users. ft can use its existing customers' transactional data, 

and prospects' browsing paths and clickstream data. Sorne prospects subscribed 

to the company 's newsletter and provided the ir email. The company buys sorne 

additional data about them from Facebook and Twitter corporations. 

Descriptive analyses have been done priai' to the data gathering with web 

analytics. Multiple WM techniques are used such as classification and prediction 

which use existing customers' browsing and clickstream data and correlates them 

with prospects' data. Cl us ter analyses are also conducted to form prospects 

groupings. A special interest is granted to prospects who display similar 

browsing activities than existing customers, especially frequent buyers. The 

company does not have a very advanced fT environment and processes the data 

in a slow-and-steady fashion. After mode! building and testing on test sets of 

prospects they are implemented to draw specifie profiles of prospects. 
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The vast majority of prospects share (browsing) similarities with law frequency 

buyers and may belong likewise to lower social categories. Additional data from 

social networks indicated they are usually undergraduates, postgraduate students 

or young professionals, liking and clicking pref erably bargain-related 

advertisements (e.g. Groupon) and using the web for a/most any purchase type. 

More refined data provided insight into interests, habits and preferences of these 

prospects which were aggregated to the specifie profile that the company had 

built so far. ft learns for instance, th at many of them are "slacktivist " or activists 

with concerns about the environment, wood logging, earth warming and other 

sustainable development issues; they signed online petitions, belong to online 

discussion groups and leave posts on these subjects. Meanwhile, they live busy 

lifestyles, display hedonist behaviours and are keen on state-ofthe-art 

technology. 

Based on that knowledge R&.K drafted a knowledge-driven acquisition strategy 

that should capitalize on social networks and mobile technology to leverage the 

demand from these young prosp ects. ft develops an online advertising campaign 

based on fun, auto-derision and green marketing. Ads will be displayed on 

profiles of prospects as weil as on the website they tend to visit most. R&.K 

expects that only a limited portion of prospects will reach the final stage of the 

sales funnel and become repeat customers of the website. However, it primarily 

seeks to build brand equity among that public. The prospective target market may 

not have the money know but as they star! working and earn more money, 

prospects might consider again those ads or simply recall them. 

The third theme corresponding to the third meta-objective of profiling prospective web 

customers of a website, as identified in Xu and Walton's (2005) adjusted framework, can 

be fulfilled by using WM. Traditional descriptive statistics as well as data about prospects 

issued by third parties or syndicated services constitute useful complementary tools and 

material in that respect. 
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4.6. ldentifying prospective web customers' behaviors on the internet 

Just likc cxisting web customers' behavioral patterns may be observed on a website, those 

refening to prospects may also be subj ect to in-depth analyses. This pati investigates to 

what extent WM tools enable to identify the "HOW" aspect of prospects, that is how they 

behave on a given website as well as on competitors' website. 

4.6.1. ldentifying prospective web customers' behavior patterns on a website 

All respondents agreed upon the fact that prospects' behavior may be identified on a 

website thanks to WM tools. Fom respondents recalled that real and observable 

behavioral data ru:e highly useful because they show what prospects did on the website, 

which informs about their interests and habits as specified previously. All other 

psychological aspects of their behaviors cannot be g1·asped by means of WM tools 

because these are underlying dimensions. One respondent indicated that even for 

prospects it is possible to collect highly specifie web data by contacting tbird parties. 

Such knowledge collected by means of the data marts can be even more reinforced by 

integrating externat data from web 3'd -parties (FB, etc.) or from syndicated services such 

as Mosaic or PRIZM data. These types of data do in fact allow websites to seginent their 

prospects according to shared demogi·aphic, lifestyle and behavioral traits. Once that 

information bas been integi·ated into the system they may be cross-tabulated with the 

socioeconornic profile and behavioral data obtained on the website and from third-parties. 

The credit card is also very useful in that respect since it gives plenty of information on 

the individual's credit score, postal ,code, and so on. 

However, credit card infmmation is rarely known for prospects since they have not made 

any purchase yet. Even if they do so, credit card information remains highly sensitive and 

confidential. Also, before purchasing costly environics analytics and/or third-parties' 

data, the company bas to be sure as to the unique identity of the prospect. It may be that 

the prospect identified on a website is connected on a computer that is free ly avai lable to 

students and bence the activities tracked on the IP address of that computer do not refer to 

one unique user but to se veral hundred students'. One respondent indicated that recomse 

to buying externat data may only be relevant in the case where web users, both existing 

customers and prospects, need to log in. Two respondents also indicated that WM tools 

are very appropriate but the usefulness of their output al ways depends on the quality and 
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quantity of the data. One respondent added that the more homogeneous (demographically 

or in pm-pose) the visitors' data, the more accmate the browsing profile of prospects. 

Another underlined that this depends essentially on how well the website is structmed, 

the more categories, the better. 

Regarding the methods, two respondents highlighted that classification was appropriate, 

but one thought regression was not. One acadernician explains the use of classification 

methods in the context of identifying prospects' potentialloyalty and disloyalty: 

"WM tools help identify the profile of cmrent loyal and disloyal customers. 

Based on that, it is possible, for every new prospect, to compare his profile to 

those of loyal and disloyal customers. This tells whether the prospect may behave 

loyally or disloyally and helps manage that prospect accordingly." 

One respondent indicated that additional axes such as cross-selling provide richer insight 

into the prospect and help enhance the web environment accordingly tlu·ough 

custornization for instance. However, one respondent advocated a more proactive and 

efficient approach to the use of WM tools for customization pmposes by stating that the 

methods mentioned come from the 70s and that currently neural networks are more 

widely used because they determine in real-time and for variable timeframes the moves 

and behaviors of prospects: 

"There is no researcher entering one-by-one the variables into the system to 

generate a model/algorithm. Rather, systems are entirely automated and do not 

require human intervention anymore." 

In that case, systems transmit the information about prospects and their behaviors in a 

mechanic fashion. The model predicts, classifies, etc. automatically and that knowledge 

can be accessed immediately. It is not , very clear however to what extent newly 

discovered teclmiques such as nemal networks do completely replace the older ones such 

as discriminant analysis for classification for instance and if they replace all other 

teclmiques at all. Each technique and its variants has a different pm-poses or 

accommodates for different types of data inputs. Is it that such techniques can provide the 

output usually generated by all other techniques by integrating all different types and 

kinds of data inputs or are they just other types ofWM tools that are better suited to real­

time analysis but by producing exactly the same output as classic WM techniques? In 
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fact, "on-the-fly" teclmiques do not leverage more and different kinds of outputs than 

traditional techniques although they may be better suited to particular situations. They 

just differ in the way they produce those outputs: in real-time and not post hoc as do 

traditional tools . At any rate, it appears that such dynarnic approaches are now more 

common in web contexts than the older back-office approaches. They become central in 

the WM analytical process as well as in the aCRM framework. Other techniques will 

always be useful as well depending on the specifie analytical situation (small samples, 

small homogeneity, etc.). This should be carefully balanced by the web administration 

te am. 

Contrarily to the question on identifying existing web customers' behavioral pattems, no 

respondent indicated the recourse to traditional online and/or offline surveys to discover 

more about prospects' psychological dimensions of behavior. This may be useful as weil. 

Nor did any respondent indicate to use descriptive statistics to discover behavioral paths 

of prospects. Are both approaches less desirable in the case of discovering the behaviors 

of prospects or is this the result of respondents' oblivion? While it has been seen before 

that descriptive statistics are less suitable to discover dynamic paths such as behavioral 

patterns, the use of sm·veys may also be less feasible in a prospective perspective since 

very few is known about prospects. Sm·veys are already distasteful to web users that may 

be current and loyal consumers, subrnitting surveys to users who have never made any 

purchase on the website may discourage them to do so, give them a bad image or a bad 

feeling about the company, bence be even more repulsive to them than to existing 

customers. Both traditional surveys and descriptive statistics may therefore be less 

considered in the case of prospects. Less shall be known about prospects' consmner e­

behavior, unless they provide deliberately such infonnation through other channels such 

as social networks for instance where people provide usually very persona! information 

about themselves regarding thcir motivations, perceptions, lifestyles and any other 

consumer behavior variables. Such knowledge may be directly usable to understand 

prospects' psychologically-related behavior or may be rnined to build consistent 

behaviors. Such applications as sentiment analysis and opinion mining are one of many 

practices that typically allow to understanding time-related aspects of consumer behavior 

as well as their evolution througb time (Nasraoui & Mobasher, 2011) . 
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Table 14 below provides ·validation of RQ 9 and its research propositions with 

summarized answers to the research question. RPl is validated but RP2, isn't validated. 

Consequently RQ 9 stipulating that WM methods and techniques enable to identify 

prospective web customers' behaviour on the internet is patiially validated. 

Table 4.10 

Validation of Research Question 9. 

RESEARCH RESEARCH VALIDITY ANSWERSTO 
QUESTIONS PROPOSITIONS OFTHERP THERQ 

-
Component 4 : Usage of WM applied to the identification of prospective web 
customers patterns on the web 

RPl: Web data generated Interna! and 

by prospective web externat web data 

customers highlight the should be large, 

RQ9: [HOW- particular browsing 
Valid 

granular, issued by 

EXTERNAL behavior of prospective logged in web 

4a] To what web customers when they us ers, of good 

extent do are navigating on the quality, and 

clustering, internet. analyzed with WM 

association to identify 

analysis, prospective web 

classification customers' 

and prediction segment-based 

methods RP2: Clustering, browsing behavior. 

applied to web association analysis, Traditional market 

data identify classification and research outputs 

prospective prediction methods and analyses 

web applied to web data 
Not valid should complement 

customers' provide descriptive and WM and related 

behavior on predictive modeling of techniques of 

the intemet? prospective web sentiment analysis 
customers' consumer and opinion mining 
behavior on the internet. to detect 

prospective web 

customers ' 

consumer behavior 
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CONCLUSION - Behavioral data may be internai but need to be rather homogeneous, 

large, of good quality, generated on a well-structured website and generated by users who 

are requested to log in whatever their pmchase status. When possible and if applicable, 

internai data need to be reinforced with external data such as environics (PRIZM, Mosaic, 

etc.), credit card information and social networks data (Facebook, etc.). The latter are of 

special value since they provide insightful content into consumer psychological behavior 

and not only browsing behavior as do other data types. Through advanced WM 

applications such as opinion rnining or sentiment analysis they do in fact allow partially 

or totally to grasp prospects' elements of consumer behavior, i.e., attitudes, perceptions, 

and the like. Websites can leverage such data as well if they are designed to captme 

content from web users (forums, blogs, m.icro blogs, etc.). In fact, every website requiring 

customer to produce content be it in written, video or audio formats, such websites may 

be able to draw highly specifie prospects' psychologically-related behavior in addition to 

pure browsing behavior. Behavioral browsing patterns can be produced with traditional 

WM tools but appear to be increasingly detected automatically by means of more 

sophisticated WM tools that allow for real-time behavior detection and subsequent 

custornization. Figure represents the summary of WM-enabled identification of 

prospects' browsing behavior. 
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Figure 4.12 WM -enabled identification of prospects ' browsing behavior. 
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4.6.2. ldentifying how prospective customers defect to and from competitors' 
websites as well as how they remain loyal to competitors 

Prospects are not (yet) regular customers of a website. Instead, they may be loyal 

customers of a few other websites while also gleaning information from multiple similar, 

competitive or disparate websites looking for cheaper priees, better products, etc. Some 

may also defect from competitors' website possibly because they saw better value 

proposition elsewhere. From a unique website's point of view it is of high interest to 

captme and understand the status of prospects with regards to competitive website and 

more interestingly to see how prospects actually move to and from competitors. If we 

take a company's website as a point of reference, by "defect to and from" it is meant that 

the prospect stops buying from one competitor' s website to buy from another 

competitor's website but not on the company' s website. By "remain loyal to" it is meant 

that the prospect buys on a specifie basis on the competitor 's website and not on that of 

the referent company' s website. The point is to understand how prospects defect or 

remain loyal. By understanding how prospects move from one website to another and 

under which circumstances, a company might discover attributes that trigger loyalty or 

attrition behaviors and use that knowledge to craft knowledge-enabled strategies to make 

prospects defect from competitors and become totally or partially loyal to the company' s 

website. 

Thinking outside the website box, as suggested by a respondent in the context of 

identifying loyalty patterns of existing customers, should also be carried out on prospects. 

As expected, this appears to be the most difficult aCRM task to fulfill. Tlu·ee out of ten 

respondents indicated that this is impossible to do and those who stated that it is possible 

reported many limitations. 

The conunon sentiment of respondents is that it is already difficult to detennine the 

loyalty status of an existing web customer on the whole spectrum of the websites that 

internet encompasses. It is even harder to track the behavior of that existing customer to 

understand how he/she became loyal or defected from a website. Chances are close to 

null when attempting to do the same for prospective customers. Not to mention that 

loyalty is defined in multiple ways across different websites and white one company 

considers a frequency of 1 purchase a year as a high score on the loyalty scale, another 

rnight consider it to be churn. Apmi from metrics definition, the challenge lies in 
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following behaviors of prospects outside a controllable environment, which is the 

company's website. This cannat possibly be done with the sole data of one website 

because it is too limited a dataset and does not include complete customer behavior across 

the infinite web. A marketing director indicated that: 

"WM are not in cause, it is the data that is not available." 

An acadernician shared that belief indicating however that the data is not unavailable but 

rare. Two respondents indicated that getting such knowledge may be achieved by 

traditional market research or third-party data, i.e., ComScore. White it seems impossible 

to track prospects' behaviors and bence loyalty forming patterns towards competitors, it is 

nevertheless interesting to check whether prospects consider competitors in their decision 

process. This may be done by verifying whether they visit the company's website and 

then that of competitors or the opposite, at which frequency, etc. 

Despite the difficulties, seven respondents indicated WM could help in identifying 

prospects' loyalty patterns in competitors' contexts . They do not provide clear-cut 

answers as to the why and the underlying motives 'and reasons of individuals on the web, 

but rather hints and elues as primary material to make inferences and deductions . For 

instance, one respondent indicated that the factor rnissing in the WM approach of this 

research is the concept of trends. Contents of websites must follow and adjust to the 

trends. If a website does not, then it might explain why prospects develop loyalty for 

competitors. They offered what they were looking for. One respondent advized 

supplementing internai company data with other data, methods and somces. Another 

reported log files are sufficient but it is difficult to access competitors' log file databases. 

Albeit not having access to browsing information of competitors' websites, three 

respondents indicated that a company canuse web analytics (Google Analytics, etc.) and 

online statistics from third parties (AC Nielsen, etc.) in order to gather descriptive 

statistics about frequency rates of visits, number of additional or less customers on a 

competitors' website etc. Companies track and sell those data on which a company can 

build to increase visibility, positioning or increase visits of the website. One academician 

exp lains: 

"Many companies do not know their navigation infmmation is freely and openly 

available to anyone. When opening a store on Sainte-Catherine Street in 

Montréal, you cannot bide it. The same holds for websites. The internet is an 
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open space, if one opens a website on it, he/she cannot hide it and the data about 

the web traffic (number of people who enter the site, etc.) is collected by Google, 

mainly, and openly displayed online." 

These are useful statistics but they only display superficial facts such as the additional 

number of customers on a competitor's website and they do not inform about why they 

defected or they remained loyal, especially if they come from the company's website or 

not. The behavioral path of prospects across the web is not tracked unless people are 

required to log in. In that case, the analysis is eased and more accurate but this is hard to 

implement across severa! (competitive) websites. Currently it may only be possible to put 

the stress on one website. Another respondent indicated that such information may be 

biased. At the end of the day a company only has a good insight of its own problematic 

but not into that of its competitors which remains highly strategie and sensitive 

information. Industrial spying remains the only viable option to get in-depth information. 

In that vein, a respondent indicated that the problem of fulfilling that aCRM task is not 

transactional or methodological, but it is conceptual, ethical and moral. In order to 

identify defection and loyalty pattems accurately, one will have to access very 

confidential data. So, such data exist although not many people are aware of it. An 

academician explains: 

"Amazon or Google have huge platforms to track web pattems, so do banks and 

credit card companies because they own information about their customers 

financial moves. These data are thus highly confidential and only exploitable with 

WM tools by these companies. There may be restrictions and regulations about 

these kinds of information which would require customers' consent." 

The recent rise of consumer privacy protection movements indicates that consumers are 

not willing to make such information public. It seems again that the data exists and the 

tools as well, but the system does not allow both elements to meet except in some 

restrictive instances. 

Unless having access to highly confidenti;:ll and private prospects ' infmmation, 

companies may not be able to identify totally how prospects build loyalty or defect to and 

from competitors' websites. To do so, the internet should evolve into a comprehensive 

and cohesive conglomerate where all e-commerce websites information is free-flowing 
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and openly available to anyone. Web traffic and behavioi·al patterns would be exchanged 

on virtual marketplaces freely or at a cost, web users would be required to register on it 

with their own persona! log in and password to avoid many-users pitfalls. But then again 

to what extent may sensitive information be freely available, to whom, at which cost, for 

how long? Such questions would remain and underline the conceptual issue which is at 

the core of the problem. Some giant companies such as Procter & Gambie (P&G) 

encompassing different and often competitive brands, divisions, products/services, may 

be able to develop such types of analyses. However, looking into defection and loyalty 

development in a web context may only tell about cannibalization and not necessarily 

competition from externat companies. 

Table 15 below provides validation of RQ 10 and its research propositions with 

summarized answers to the research question. RP 1 is partially validated but RP2, isn't 

validated. Consequently RQ lü stipulating that WM methods and techniques enable to 

identify prospective web customers' behaviour on the internet is partially validated. 

Table.4.11 

Validation of Research Question 10 

RESEARCH RESEARCH VALIDITY ANSWERS TO THE 

QUESTIONS PROPOSITIONS OFTHERP RQ 

Component 4 : Usage of WM applied to the identifïcation of prospective web 
customers patterns on the web 

RQlO: [HOW- RPl: Web data Interna! and external 

EXTERNAL 4b] generated by web data should be 

To what extent do prospective web large, granular, issued 

clustering, customers highlight by logged in web users, 

association prospective of good quality, and 

analysis customers' Partial! y analyzed with WM to 

classification and defection patterns va !id identify prospective 

prediction to and from existing web customers ' 

methods applied competitors factual maves on a given 

to web data website but also to and 

identify how from competitors but do 
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prospective web not identify underlying 

customers defect reas ons and motives for 

to and from doing so, that is their 

competitors as RP2: Clustering, consumer behavior as 

well as how they association weil as their loyalty 

are loyal to analysis, patterns to competitors. 

competitors on classification and Traditional market 

the internet? prediction methods research outputs and 

applied to web data analyses should 

identify prospective Not valid complement WM to 

web customers' detect pro~pective web 

loyalty patterns to customers ' consumer 

competitors, on the behavior and their 

internet. loyalty patterns to 

competitors. Additional 

data types are also 

needed to track 

prospects behaviors 

across multiple websites 

CONCLUSION - Identifying prospects ' defection and loyalty patterns with regards to 

competitors is one of the hardest if not the hardest task to fulfill. Currently, web managers 

do not have access to all competitors' data in order to develop an accmate analysis. 

Internai types of data such as browsing information ideally resulting from logged in users 

and market research conducted by the website owners may be combined with, compared 

to or cross-tabulated with additional third-party data, and/or web analytics tools that 

record prospects' activities on diverse website across the internet in order to determine 

how they develop loyalty or attrition. Based on that companies can hiangulate and infer 

conclusions but without absolute certainty. Access to more confidential data such as 

financial transactional pmchase would close the gap by providing highly strategie 

information on a customers' behavior on the website in transactional perspectives. 

However, underlying motives and reasons are still not gt·asped even with those methods 

which are also debatable as regards to their intrusiveness and pervasiveness. 
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TRANSFORMATION OUTPUT 
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Figure 4.13 WM-enabled identification of prospects' loyalty patterns to and from 
competitors' websites. 

----- ----------------------------------------------
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4.6.3. Conclusion on WM-enabled identification of prospective web customers' 
behavior on one or more website(s) 

Some visitors are prospects because they are not customers of the website. lt may thus be 

reasonably well-assumed that they are prospects because they are customers of other 

competitive websites. Identifying prospects' behaviour is typically more difficult to do 

than for existing web customers. The latter are more easily identified and tracked because 

they provide more information about themselves and usually log in automatically or 

manually on the website. However, prospects might also register and log in on a website. 

Their resulting browsing behaviours are the most accurate and useful types of data that 

can be used in a rigorous WM process. Ideally, input data should therefore originate from 

loggcd in prospects Customers' transaction data can also be used just like it was done for 

profiling. External datasets such as web 3'd parties data, syndicated services data or credit 

card information come complement internai data types. 

As depicted in Figure, WM and, to a lesser extent, descriptive methods, are then 

used on these data types in order to generate useful models and outputs to understand the 

prospects ' behaviours. Unless logged in, prospects' behaviom is better estimated in tenns 

of segments of prospects. To each segment corresponds a behaviour type. As for existing 

customers though, behaviour only refers to the browsing behaviour. We understand how 

people navigate and use the web, bence how they behave ·on the website but not the 

underlying affective and conative dimensions that trigger and guide the visit. 

Psychological and emotional aspects which are termed "consumer behaviour" in figure 

23, can only be discovered by means of online or offline market research (surveys) and 

subsequent statistical analysis. However, recent advances in opinion mining and 

sentiment analysis35 enable to understand pmtial aspects of consumer behaviour such as 

the prospects ' attitude which can be his/her judgement or evaluation, affective or 

emotional state. These techniques help determining the polarity of a prospect-provided 

content (product reviews, ratings, recmmnendations, etc.) as positive, negative or neutral. 

More sophisticated sentiment classification (beyond polarity) seeks to identify more 

sentimental and emotional states (Snyder & Barzilay, 2007). Businesses can use these 

techniques to market their products, identify new opportunities and manage their 

reputations. 

35 Both expressions refer to the use of text analytics, computational linguistics and natural 
language processing (NLP) to identify and extract subjective information in source materials. 
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Consumer behaviom and browsing behaviom influence each other. As for existing 

customers, it should be understood whether prospects tend to display a specifie e­

consumer behaviom or transpose their real-life consumer behaviour to the web context, or 

if it is just a blending of both aspects, the prospect might weil transpose his/her consumer 

behaviour white adjusting few of its component variables. Identifying behaviours of 

prospects is already a difficult task however it has been sought to discover if WM was 

useful to also discover their behaviour on competitors' websites. However, WM is not 

useful to understand how prospects defect to or from competitors' websites. The 

difficulty resides in the fact that moves and patterns across severa! websites need to be 

captured and available to the business. Web analytics may provide factual statistics 

relating to prospects paths but the browsing behaviom on competitors' website caru1ot be 

tracked since a business does not have access to its competitors' data. The same data 

input as for the analysis of one unique website can be used. In addition and if applicable, 

additional data sources such as financial data that are typically held by credit card 

companies can be useful complements because they track the purchasing activities of 

prospects across the whole web and not only one website. It should be investigated 

further to what extent access to these type of information may still be legal and how such 

data types might provide additional insight into how prospects move to and from 

competitors. 

Both WM approaches provide factual infonnation about prospects ' loyalty patterns across 

similar or different competitors ' website. In fact, analyses based on web analytics data 

provide insight into facts, the number of entries or clicks on a website, the nwnber of 

pages viewed, etc. Conelations, path analysis, regression or clustering analysis are 

applicable to such data types. However, this does not tell anything about how prospects' 

loyalty patterns towards and across several websites. Unless computer screens may be 

filmed internally and output may be stored and processed analytically, it is not possible to 

discover the true evolution of prospects among diverse website. Even so underlying 

reasons and motives remain unknown. Market research remains an essential although 

burdensome component to grasp the depth and scope of prospects' motivations as well as 

satisfaction and loyalty levels across different website. Asking people may incur error 

rates but correlating survey outputs with filmed web sessions, one might ultimately be 

able to draw an accmate picture of prospects loyalty to, on and across multiple websites. 
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A final simulated real-life case that illustrates the fourth theme of identifying prospective 

web customers ' behaviour on one or more website(s), is provided below: 

Pluggedln is a social website that connects job-seekers and employers. ft offers 

variable job-seeker accounts which encompass such services as live chat with 

employers, tailored job ads, job market newsletters, firms ' contact information, 

interest group discussions, and other activities to make the job market more 

efficient and promote professional networking. 

Top management noticed that although many users visit the website and have a 

profile, they do not buy accounts and thus remain prosp ects. ft is assumed thal 

most of these prospects already have an account on bigger, more wel!-established 

social work-related websites and hence use Pluggedln out of curiosity among the 

many other mushrooming social networks on the internet. The business would 

like to know more about how customers develop loyalty or defection towards 

competitive websites. Two other competitors ' websites were chosen f or the 

analysis. Pluggedln has a vast amount of browsing and transactional history to 

track prospects ' profiles on the website, because they are required to log in and 

all their actions are recorded and displayed on the website so thal others see 

what a particular visitor did. This helps a great deal to understand the browsing 

behaviour of segments of prospects. WM techniques such as prediction and 

classification reveal which prospects are the most likely to buy an account and 

for how long as well as those who are !east likely to buy and defect quie/dy. For 

each aspect of the browsing behaviour segments are created. For instance, there 

are segments for usage of live chat (heavy, medium, law users) or for group 

discussion participation (shouter, chatter, quiet, mute), etc. WM is also used to 

understand aspects of consumer behaviour. Since prospects can express their 

opinions and meanings on an infinite variety of work-related subjects, sentiment 

analysis is conducted in arder to see the intensity of the ir expression and fitrther 

to derive the polarity of their comments, reviews, status updates, etc. Opinion 

mining reveals that overall prospects f ee! strongly affected by the slow recovery 

of the financial crisis that hit in 2008-9. Some !ost their jobs, many are graduates 

and delayed their entry on the workplace, others started their own business. 

Overall the sentiment is rather negative and this may explain why few prospects 

convert to customers on Pluggedln. 
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Although it appears the website has a strong potential customer base, it would 

like to know if prospects are also reluctant to buy an account because they 

already subscribed to other websites such as the market leader, which pioneered 

the concept and enjoys the first-mover advantage. Hopefully, this knowledge will 

provide hints as to the right things to do in arder to attract and retain these 

prospects. Pluggedln has limited access to competitors' websites' browsing data 

and transactional iriformation but it collects a substantial amount of web 

analytics. Compared to Pluggedln 's, these data reveal that prospects spend more 

time on a competitor' web page than on theirs, path analysis reveals also that 

prospects come from more diversified websites which have competitors' links on 

their web page. Usually, prospects go to competitors' websites jirst and then 

come direct/y to Pluggedln. Visitors tend to visit al! their different professional 

social networks in a row to check for news or updates but spend less lime on 

Pluggedln. From these factual loyalty patterns across the 3 different websites, 

Pluggedln managers infer that the laclc of differentiation of the ir website might be 

in cause. People will a/ways prefer the pioneer market leader instead of the 

copycat. Consumer behaviour analysis previously also revealed thal prospects 

generally struggled financially and although highly motivated to find a job, they 

couldn 't afford subscribing an account on a regular basis. These are the 

underlying motives and reasons combined to consumer behaviour which explain 

the factual loyalty patterns observed among the 3 different websites. This 

knowledge drave management to focus on the existing eus tomer base through up­

selling, se/ling more higher-priced services. Market research was conducted 

among prospects to identify the maximum amount they were ready to pay for an 

account. A more appropriate pricing strategy was implemented with variations 

from one country to another. A jinancial viability analysis also revealed thal it 

was jinancially sound to priee the account 10% lower than th at of competitors. 

An aggressive marketing campaign would attract at !east 5% of the competitors' 

customer base, to convert them into loyal and regular consumers. More 

partnerships were also developed with more diversified websites to put 

Pluggedln 's logo link on their websites to increase the number of trails that lead 

us ers to Pluggedln. Additional creative features and options were added to make 

the website more differentiated from ils competitors. It positioned itself as being a 
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place of choice to promote, support and enable entrepreneurship and persona/ 

initiatives. 

The fourth theme corresponding to the fourth meta-objective of identifying prospective 

web customers' behaviour on one or more website(s), as identified in Xu and Walton's 

(2005) adjusted framework, can be fulfilled by using WM. Traditiona l descriptive 

statistics are useful complementary tools in that respect. As for existing web customers, 

market research, be it done in-house or out-bouse, provides the rnissing link of prospects' 

"consumer behaviour" information as well as their underlying reasons and motives for 

navigating on a given website and moving from one website to another. 
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PARTFIVE 

DISCUSSIONS OF THE RESULTS 
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5.1. Review of the potentialities of WM-enabled aCRM in a KM perspective 

Figure shows Xu and Walton ' (2005) aCRM for a web users' knowledge acquisition 

framework, as depicted in the literature review section. The four quadrants refer to the 

four themes that were investigated previously. The top left quadrant refers to the profiling 

of existing web customers theme (theme 1 ). The top right quadrant refers to the 

identification of existing web customers' web behavior theme (theme 2). The bottom left 

quadrant refers to the profiling of prospective web customers theme (theme 3). Finally, 

the bottom right quadrant re fers to the identification of prospective web customers' web 

behavior the me (theme 4). 

Internai ( xisting) 

1. Segment web customers 

2. Identify web customers' loyalty and 

defection sati sfaction and statuses 

3. Identify strategically important web 

Who (Profi ling) 

7. Segment web prospects 

8. Acquiring new web customers 

4. ldentify web customers' behavior 
patterns 

5. Iden tify web customers' 
satisfaction and loyalty patterns 

6. ldentify web customers' retention 
and defecti on patter s 

How (Pattern) 

9. Identify web prospects' 
behavior patterns 

10. Identify web prospects' 
defecting patterns to and from 
competitors as weil as their 
loyalty patterns to them 

D 
4 

External (prospective) 

Figure 5.1 aCRM for a web users' knowledge acquisition framework. 
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The following 4 sub-sections determine for each of these 4 meta-objectives (themes) 

respectively the outputs that can be generated by means of WM in arder to reach the 

objectives of each meta-objective. They strictly focus on the outputs that can be generated 

by means of WM alone without surveys and/or observations, based on the exploratory 

findings. The following provides a good estimation of the cm-rent capabilities in the field 

of DM as applied to web data in order to generate useful information and ultimately 

knowledge and allow businesses to build stronger and more profitable customer 

relationships. 

5.1.1. WM-enabled profiling of existing web customers 

Figure 3 depicts the potentialities ofWM to reach the first aCRM meta-objective (theme) 

of profiling existing web customers. Depending on the leve! of segmentation sought by 

the company and, therefore, the strategie marketing orientation resulting from the 

targeting process, WM allows to detennining the loyalty status (defection vs. Loyalty), 

the profile based on a multitude of attributes as well as the strategie importance of 

existing web customers (m1profitable vs. profitable). WM enables thus to fulfill the 3 first 

objectives of aCRM. Knowledge about these 3 elements is useful to develop business­

specifie profiles ranging on a continuum from low to high, given the segmentation leve! 

that is sought. The profile of a given web customer can thus be used to predict that 

customers' future loyalty, but also future profitability to develop dynamic response 

frameworks in real-time and appropriate to the profile of the eus tomer. 
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5.1.2. WM-enabled identification of existing web customers' behaviours 

Figure depicts the potentialities of WM to reach the second aCRM meta-obj ective 

(theme) of identifying existing web customers' behaviors. WM is well -suited to track 

operational and transactional aspects of customers ' behav ior online but not under lying 

reasons, motives or preferences. Market research is better suited to discover these 

psychological and emotional facets of online customers' behaviors. WM enables thus to 

fu lfi ll partiall y the fo urth obj ective of aCRM . In fact, it cannat determine the consumer 

behavior variables of customers with much acuracy; it can however identify their 
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browsing behavior. Also, WM can only partially fulfill the fifth objective, namely 

identification of satisfaction and loyalty development patterns. In fact, it can only identify 

the transactional loyalty development but not the satisfaction development and the 

emotional loya lty development. Eventually, it cannot fulfi ll the sixth objective of aCRM, 

namely identifying retention and defection patterns of web customers that is their 

patronizing of a web business. 

IJ rfERNAL 

0 
Browsing 

behaviour 

'il 

Transactional 

loyalty 

development 

1 

Defection 

Lovaltv ... 
" 

HOW 

Figure 5.3 WM-enabled identification of customers ' behaviors [HOW -
INTERNAL DYAD] 
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5.1.3. WM-enabled profiling of prospective web customers 

Figure depicts the potcntialities of WM to reach the third aCRM meta-objective (theme) 

of profiling prospective web customers on the internet. WM is well-suited to fulfill the 

seventh objective of segrnenting prospective web customers as weil as the eight objective 

of discovering prospects' nceds, wants, habits, preferences and interests. Depending on 

the segmentation level sought, web businesses can combine segmentation attributes, 

needs, etc., to predict potential loyalty statuses of prospects on the business-specifie 

loyalty continuum (loyal vs. defective) as weil as their potential profitability on the 

business-specifie profitability continuum (profitable vs. unprofitable ). These attributes 

and knowledge on prospects enable businesses to draw business-specifie profile 

(profiling) and craft profile-specifie eMarketing acquisition strategies in accordance with 

the pre-defined segmentation leve!. These strategies, especially web advertising may have 

short term effects on the bottom-line or more long-term effects such as branding (brand 

status and strength) as weil as increase in sharc of heatis or share of m.inds. 



185 

0 

1 1· . 1 1 :-....G 1 . . . A .. ersona 1zat1on eve ---------------------- -.......- ra nu ar acqu1S1t1on strate gy 

eMa rketing acquisit ion 

Lo yalty 
1\ strategies 

1' 
1 

Profiling 
1 

1' 
Busin ess- 'l' 
specifie 
high profil e 

Busin ess-
specifie low 
profile Iii 

'l' 

Specifie lnte rests, needs, 

profiles 
wa nts, habits, 

fection ' 

~~~ Loyalty status 

De 

pred iction 

-------- ------------- --

Hig h 

1 
'P rofitable 

li kelih 
to bu y 

ood 

'il 1 

Short 
run 
im j2act 

Long 
run 
imP,act 

(+) 

(-) 

' Un profita ble 

Strategie 

importa nce 

prediction 
"7 

\1 

Lo 
Li ke lih 

w 

00~ 
uy to b 

Mass acquisitio n st rategy 

INTERNAL 

Figure 5.4 WM-enabled profiling of prospective web customers [WHO-
EXTERNAL DYAD] 

5.1.4. WM-enabled identification of prospective web customers' behaviours 

Figure depicts WM potentialities to reach the fourth and final aCRM meta-obj ecti ve 

(theme) of identify ing prospective web customers ' behaviors. WM is well -sui ted to track 

operational and transactional aspects of prospects' behaviors online and therefore their 

browsing behavior, to derive segments. However, underlying reasons, motives or 
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preferences, i .e., consumer behavior, are better investigated by means of market research; 

which unveils psychological and emotional facets of prospects ' behaviors. WM enables 

thus to fulfill partially the fourth objective of aCRM. In fact, while, it cannot deterrnine 

the "consumer behavior" variables of prospects with much accuracy, it can however 

identify their browsing behavior. Moving beyond the framework of one unique website, 

WM can also only pmiially fulfill the objectives of identifying prospective web 

customers' defection pattems to and from competitors as well as their loyalty patterns to 

these (dis)sirnilar competitors, across the intemet. Actually, WM is well-suited to identify 

factual loyalty patterns across websites but is relatively ineffective in deterrnining the 

underlying reasons and motives that drive and justify these moves on the web. Market 

research should be used in suppo1i of WM in that respect. Therefore, WM can only 

partially fulfill the tenth, eleventh, and twelfth aCRM objective. 

HOW 
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31--
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Figure 5.5 WM-enabled identification of prospects' loyalty patterns across the web 
[HOW - EXTERNAL DY AD] 
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By putting ail 4 quadrants together we can integrate them to Xu and Walton' s (2005) adjusted 

framework. Figure represents the current possibilities regarding WM-enabled achievement 

of aCRM generic objectives in a KM perspective. 

INTE NAL 

WHO HOW 

EXTERNAL 

Figure 5.6 WM-enabled achievement of aCRM objectives in a KM perspective 

5.2. Managerial implications 

This study sought to dig in the tremendous potentialities of WM as integrated to the 

blended aCRM-KM framework to leverage insightful knowledge about ex isting and 

prospective web customers who interact with online businesses, especially e-commerce 

portais. The research project was thus geared toward investigating the benefits of WM 

methods and techniques on the analytical CRM (aCRM) applet of the marketing function, 

in the framework of a Knowledge Management (KM) perspective. 

In the light of this study, it is very important for managers and practitioners to understand 

that web-mining is not an end in itself. It is a combination of varied tools and techniques 

that enable experienced teams to discover useful meaning out of big structured or 

unstructured data. Managers should be aware of the garbage in-garbage out trap, as ail 

information is not necessarily good to process. Data produced by logged in customers 

appear to be the best kind of data since navigation patterns can be precisely attached to a 

specifie customer. Companies' databases should also allow for high volumes of data 

entries, since higher quantities of data leverage better results. 
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Research findings reasserted that WM is a tool among many others to be used for an 

infinite number of projects or practical applications. While WM is very well-suited to 

discover the profiles of existing as well as prospective web customers of an e-c01mnerce 

website, these methods and techniques are of relatively lirnited use to dig further in-depth 

the specifie behavior of web users. WM can momentarily only process those tangible, 

operational, transactional data which refer to browsing history, clickstreams, logging 

history, transactional activities, etc. Consequently, it is an extremely powerful approach 

to analyze navigation patterns, web paths, uncover hidden or a priori non-obvious 

relationships in the web data. It informs thus weil about the specifie browsing behavior 

and factualloyalty patterns development of both existing and prospective web customers. 

Nevertheless, WM suffers serious limitations as regards to the discovery of underlying 

reasons, motivations, preferences, and more broadly all the variables referring to the so­

called "consumer behavior" in marketing, i.e., internai and externat influences that impact 

the web browsing behavior of both existing and prospective web customers of an e­

commerce website. Additional market research conducted either internally by the web 

business or externally by third-party marketing agencies, consulting firms or other types 

of syndicated services remains a cornerstone for understanding emotional, psychological 

and even psychographical aspects of web users navigating on one website but also across 

two or more websites. It should be added though that market research is extremely 

difficult to implement in a web context since participation to web-based smveys are 

extremely low (Malhotra, 2010). Also, bothering cmrent customers with compelling web 

smveys might create annoyance, irritation, lower levels of satisfaction and ultimately 

disloyalty and increased churn, not to mention the resulting bad publicity through eWOM 

or traditional WOM. 

This does not mean that WM is to be deemed unable to evolve to grasp these consumer 

behaviors. Actually there are very prornising avenues for futme development in that 

respect. Opinion rnining and overall sentiment analysis laid the foundations for 

deterrnining the polarity or direction of web users as weil as the magnitude of their 

opinions, thoughts, etc. inforrning about their perceptions, their likes, dislikes, etc. 

Semantic analysis, Natmal Language Processing and other Artificial Intelligence 

techniques which focus on the qualitative aspects of web content rather than on core 

quantitative and structmed data are to become increasingly more integrated to the 

traditional WM teclmiques in order to close the gap on consumer behavior. Liu 's (2007) 
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Bible on Web-Mining, written in 2007, did almost have nothing about opinion mining 

and sentiment analysis. In 2011, that is, only 4 years later, Bamshad Mobasher and Olfa 

Nasraoui, two eminent researchers in the Web-Mining sciences, dedicated a full chapter 

to the potentialities of these techniques especially with the rise of social media and 

networks embedded in the web 2.0. It may reasonably be assumed that in a couple of 

years , these more qualitatively-oriented techniques, applied to big, unstructured, 

qualitative data, wi ll grow in importance and in practical usage cal ling for further 

investigation fields in the discipline of WM. Research avenues are definitely plentiful in 

that area. 

In the specifie context of marketing, this is great news. Academie research evolution 

coupled to tremendous technological advances in hardware, software as weil as server 

and web data hosting capacities mean that additional data types will be processed, more 

often, more efficiently and wi ll yield more insightful results. Brick-and-mortar bus inesse 

managers can use web knowledge to devise smarter web strategies to better acquire, 

develop, and keep their web customers be they already offline customers or not. 

Enhanced websites that off er more intuitive and high-level web experiences wi Il a Iso 

increase the flow of web users, and eventually their sati sfaction and ultimately their 

loyalty, increasing both bottom tines through increased share of the wallet, optimized 

portfolio building and branding capacities. Not on ly, wi ll the web become a powerful 

customer putier by converting prospects into buyers, but it wil l also nUiture current 

customers ' loyalty and comfort them with their patronizing of a specifie web entity. This 

is exactly the ultimate goal of CRM and, if well-app lied and deployed , WM is in 

congruence with CRM. For pure-players , whose business mode! relies entirely on web 

activities, it is even more crucial that they use WM to develop powerful relationship 

capital and knowledge capital to develop their customer base. This holds for both B2B 

and B2C contexts. 

The devi! is in the details for it is mainly in the WM project planning and the quality and 

availability of the data as weil as the robustness of the WM analytical process that most 

benefits wi ll be derived from WM. This is a statement that came back on a regular basis. 

in the exploratory interviews. Regarding the availability of the data, it remains unclear to 

what extent highly specifie data such as credit card information, and other financial 

activities data streams which show web users ' factual loyalty, defection and overall 

patronizing patterns on the internet are available. White not encompassing the emotional 
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and psychological aspects of prospective or existing web customers, they do tell a lot 

about their preferences, likes, dislikes, etc., at !east in transactional terms. This is alreaqy 

quite much for CRM which is primarily transaction-focused. Access to these types of 

information may be very restrictive, very cos tl y, if not legally forbidden. Also, ethical and 

moral issues arise as not everything can or should be mined inespectively of web users' 

privacy and safety. WM and DM are often under the flashlights for inquiring subversively 

into people's private life without them knowing about these activities. Business ethics 

research streams brought the matter on the academia table but not much is known or 

wanted to be known as to the actual limitations of WM/DM usage. This is another area of 

interest to be investigated. 

5.3. Limitations and research avenues 

This research is very broadly-defined it took the 4 major WM methods to determine their 

effective use for reaching a generic taxonomy of 12 aCRM objectives as deterrrùned by 

Xu and Walton (2005). A number of limitations are worth being noticed and should givc 

rise to future research avenues. 

First, it has been seen that there is a slow-and-steady approach to WM which implies a 

traditional analytical approach with data collection, pre-processing, analysis and model 

development and deployment. Another approach, the so-called "real-time WM 

approach", tends toward the automation objective as devised in most BI frameworks. 

Data issued by web users is processed on the spot and the user's data is used 

instantaneously to develop his/her profile, categorize him/her and offer him/her 

personalized content, recommendation services, intelligent adaptation, morphing or 

augmented reality capacities. It seems, however, that the slow-and-steady approach is 

necessary to build the mode! in the first place and the real-time approach may be 

preferred afterwards once the model is developed in order to automatically process and 

store new data streams and produce the desired outputs. As a matter of fact, it is not clear 

to what extent each and every WM method, or technique, enables automatic creation of 

models on the spot to bypass the thorough slow-and-steady approach. Additional research 

should estimate to what extent WM methods truly enable automatic mode! creation and 

implementation-deployment direct! y on the website, without human interaction. 

Second, not each method has been investigated in-depth in order to see its specifie 

contribution to reach each objective. In fact, sorne discrepancies may arise as sorne 
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techniques might be better suited to reach a wider range of objectives as sorne others. 

Also, the aCRM framework used is not unique, other types of aCRM objectives can be 

thought of and these have not been taken into account in that research project. Therefore, 

additional research could focus on investigating the relative benefits yielded by one 

specifie method and its number of associated techniques for reaching Xu and Walton' 

(2005) generic taxonomy of aCRM objectives adjusted to the web context or other more 

web-specifie categorizations of aCRM objectives. Also, only supervised and non­

supervised WM methods and techniques, have been considered. However, the literature 

also indicates that there are a bunch of semi-supervised learning methods and techniques, 

mainly a combination of supervised and non-supervised approaches. Their usefulness 

could a lso be investigated as regards to fulfilling aCRM objectives in a web context. 

Third, this study focused entirely on WM, i.e., DM applied to an online data stream to 

fulfill aCRM objectives. However, in practice, most brick-and-clicks will make a blended 

usage of both web data and other more offline data types to answer aCRM problematic. A 

company will typically use its cali center outputs, command entry systems, POS 

terminais, database leads, etc (Tiwana, 2001 ). Clickstream data, eus tomer interaction 

logs, and other web data on ly represent an infinitesimal portion of the overall data f low 

that is used in aCRM, in top of the core off-line issued data. A hybridi zation of both data 

types to reach aCRM objectives is beyond the scope of this research but cou ld be 

investigated, once both online and oftline frameworks are validated theoretically and 

empirically. This may represent an amb itious project because of the high number of 

independents and contingents as weil as the many relationships that are to be investigated. 

Fourth, Data Warehouses (DWs) host the data to be mined with Data-Mining and other 

modeling tools such as scoring, forecasting, and more descriptive reporting systems, 

query tools and analytical applications (operational, tactic and strategie) (Kimball and 

Ross , 2004; 2008). The rise of the internet gave way to another important data repository 

which has kept on gaining in popularity for the last decade, the Web House (WH). WM is 

to become to the WH what DM is to the DW. Tt remains unclear to what extent businesses 

will use both either separately or together in an integrative orientation as BI tends to tell 

businesses to do so. There is a data convergence for increased data processing 

effectiveness and efficiency. However, if the WH and WM are to become separate 

entities from the DW, then it is of utmost importance to develop a new stream of research 

dedicated to the WH-WM bloc and which sheds light on the beneficiai aspects of such a 
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stmcture for marketing. This is especially tme for brick-and-clicks which operate both 

offline and, to variable extents, online. 

Fifth, the sample smveyed in this research project is very limited. In fact, only 11 

respondents were smveyed through in-depth interviews . Strength of the research tough is 

that these respondents are not all located in Canada but also in the USA and Europe 

providing a richer and broader view on WM capacities as divergences may exist in WM 

usage between these different geographie regions. Nevertheless, another research with 

more respondents could be undertaken and results can be compared to identify 

discrepancies. The ratio business practitioners and scholars should be kept as close to 1 as 

possible since both types of experts have different views on WM usage, one typically 

practically-oriented while the other is far more theoretically-oriented, obviously both 

should be mutually complementary and enforcing. 

Sixth, both the browsing behavior and the consumer behavior (motivations, perceptions, 

etc.) of either an existing or a prospective web customer influence each other. A colorful 

web page might diffuse warmth and joy, and hopefully increase the web user's fun and 

experience. Over time, positive emotions resulting from the nice website navigation will 

act as an instrwnental conditioner so that whenever the web user sees the website logo, 

name or the like, he/she will remember the nice experience and develop intentions to go 

back there to feel the positive emotions again. However, should the web user be in an 

extremely bad mood, this might affect his web browsing behavior on this same website, 

despite the engaging user experience. Consequently, it remains unclear to what extent the 

typical customer behavior displayed in offline contexts, i. e., everywhere but on the 

internet channels, differs from the browsing behavior displayed on the internet channels 

and even on different types of internet channels. Is it merely transposable? Or is there 

such thing as a separate e-consumer behavior that an individual switches on when 

navigating on the internet? A blend of the two previous approaches seems more likely but 

additional research is needed on that subject to identify those elements that tend to change 

most once on the internet, to what extent, magnitude or direction and most interestingly, 

could WM be appropriate to track such changes? 

Finally, although both WM approaches (slow-and-steady and real-time) apply to identify 

segment-based browsing behaviom, it remains unclear to what extcnt a real-time 

approach applies to sentiment analysis in order to detect consumer behaviom. Sentiment 
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analysis builds on techniques that go beyond traditional WM applications. It uses 

machine learning such as latent semantic analysis, supp01i vector machines or bag of 

words (Tumey, 2002). They do semantic analyses which require human intervention 

starting with model building, refinement, trial-and-error until deployment. It appears that 

sorne open source software automate sentiment analysis on large collections of texts, e.g., 

online news, discussion groups, online reviews, blogs and social media (Dey & Mirajul 

Raque, 2008). Nevertheless, in line with Wright's (2009) managerial suggestion to mine 

the web for feelings and not for facts, additional research should determine to what extent 

sentiment analysis is uscful for marketing to automate processes of sifting tlu·ough the 

noise, understanding conversations, predicting future developments, identifying relevant 

content as well as the most influential opinion holders. Business sciences and especially 

marketing will always be needed in order to leverage that knowledge appropriately, and 

for optimal retums. 
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CONCLUSION 

This study sought to investigate the integration of Knowledge Discovery in the Database 

(KDD), epitomized by WM methods and techniques, to the marketing function, and more 

specifically the analytical Customer Relationship Management (aCRM) applet of 

marketing, embedded in a Knowledge Management (KM) perspective. The 

innovativeness of that study called for an exploratory research des ign focused on 

developing research propositions that could be investigated further. 

Given the current potentialities of WM, the availability and the quality of the data, only 

12 out of the 20 initial research propos itions were validated for further investigation, 5 

were partially validated and 3 were not validated. The relationships identif ied in 5 models 

out of the 10 (referring to 5 research questions out of 1 0) presented can be tested 

empirically for externat validity and generali zability. These models refer primaril y to the 

aCRM meta-objecti ves (themes) of profiling, respecti vely, ex isting web customers and 

prospective web c ustomers both in real-time or in a slow-and-steady fas hion. The 

remaining 5 models referring to the 5 othe r research questions appeared to be parti ally 

valid. These refer to the 2 other meta-obj ectives (themes) of identi fy ing web behavi or 

patterns of ex isting web customers and prospective web customers, respect ive ly. Web 

users' behaviors on the web have two facets, name ly transactional and browsing behavior 

inferred from search words, hyperlinks clicking, clicks tream analyses, and other brows ing 

or purchas ing history. On the other hand , there is also a more psychological and 

emotional facet of web users' behaviors referred to "consumer behaviour" . It typica ll y 

encompasses the ir moti vations, preferences, reas ons, emotions, sati sfaction levels, etc. 

White WM is well-su ited to identify browsing behaviors, it is not yet capable of 

identify ing the latent, hidden dimensions of actual browsing behaviors. Recent advances 

in WM such as opinion mining, sentiment analyses and other semantics-related analyses 

have attempted to increase proficiency in exploring and discovering these more latent 

elements of web users' behaviors. However, these techniques are expert systems, very 

cos tl y, cali ing for appropriate infrastructures and hu man resources, making the ir use still 

very limited. Future opportunities lie in de mocratizing access to such analytical tools and 

processes. But, for the moment WM acti vities still need to be complemented with 

traditional market research, at !east with regards to identify ing web users' psychological 

and emotional behavior on the internet. 
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For optimized operational efficiency and tactical as well as strategie decision-making 

pm-poses, WM research projects should be devised in a KM framework. Web businesses 

need first to determine the objectives, resomces and limitations of the rolling out a 

specifie WM project. Relevant web data should then be collected from multiple sources 

and customer touch points according to business capacities, objectives and data 

availabilities. Once retrieved, selected, pre-processed (cleaned, transformed, standardized, 

etc.), the data should be gathered into an integrated operational database. Both of these 

activities constitute the data store of the web data warehouse stage of the KM process. 

The second stage of the process consists in using WM techniqJ.tes and descriptives to 

explore and analyze the knowledge from web users typiçally obtained from mCRM and 

eCRM, as well as the knowledge about web users typically obtained from oCRM. This is 

the data discovery and analysis process, bence aCRM. At this point, useful knowledge for 

web users is generated to be used for the benefit of web users. This is where WM is 

beneficiai primarily to segment existing and prospective web users and to a lesser extent 

discover their browsing behavior, transactional loyalty patterns on a website and factual 

loyalty patterns across websites. Traditional market research remains necessary to reach 

the other objectives of the framework. Finally, the third stage of the KM process aims at 

storing the knowledge for web users derived from stage 2 into a knowledge data 

warehouse which can be used again in eCRM, mCRM and oCRM, and for any customer 

interaction and touch points of the business be it online or offline. The process goes 

iteratively in a circular fashion for incrementai improvements afterwards . 

Marketing goes increasingly technologically-, analytically-driven, it goes also social and 

mobile and might even go glocal in case of multinational corporations. This means that 

the traditional marketing perspectives should change and integrate increasingly more 

teclmological and technical advances to stay tuned and contribute effectively to business 

development. It is also a matter of accountability. It has often been and still is being 

argued that marketing cannat be measured accurately and consequently is not worth the 

high amount of money that is invested in it. This motto often results in poorly-designed 

marketing activities rendering organizations vulnerable to tierce market competition. 

These are excellent candidates for c01-porate disasters. Technology should be blueprinted 

in the marketing function. Simultaneously, research in marketing should increasingly 

capitalize on technological shifts and advances especially in IT, in statistics-analytics, but 

also in the finance and accounting fields to better track and monitor usage of marketing 
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expenses as well as the resulting retums that are attributable to marketing activities. 

Marketing evolves increasingly in an internally (and even externally) borderless 

company. The sole concept of integrated and holistic marketing as devised by Kotler and 

Keller (2006) calls for such a fresh look from the marketing research community on 

primarily a technology-enabled and ultimately knowledge-enabled marketing function. 

WM and teclmology as a whole is not an end in itself but a tool to gather highly 

competitive knowledge and disseminate it pervasively to business parts. Smely each and 

every function of marketing from data collection to tracking, controlling and monitoring 

but also strategie activities of segmenting, targeting, positioning, differentiating and the 

more tactical 4Ps, will be somehow impacted by the availability of relevant knowledge 

obtained from state-of-the-art technology-enabled aCRM-KM and ultimately BI. 
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APPENDIXA 

INTERVIEW GUIDE 

INTERVIEW GUIDE 

INTRODUCTION AND INSTRUCTIONS FOR SURVEY RESPONDENTS 

This research seeks to better understand the usefulness of the web data mining 

methods (and techniques) as weil as the benefits that they generate for the Analytical 

Customer Relationship Management (aCRM) applet of the Marketing/Sales function. lt 

has been established that companies neglect or do not necessa rily have the means to 

analyze in-depth the vast amount of gross data generated by their web visitors when 

they visit the organization's website. Some organizations outsource completely the 

management of their website as weil as the adjacent database management. However, 

it appears that those "web data" may be very useful in arder to reach the aCRM 

objectives. Data mining applied to rapidly evolving data streams, such as web data, 

would therefore be a critical complement to information derived from data-mining 

applied to offline data . lt is sought to discover your opinion on how the major web data 

mining methods (clustering, cross-selling, classification, regression) contribute to reach 

major aCRM objectives . There is no right or wrong answer to the questions. The main 

purpose is to give you the opportunity to express yourself freely and openly. Vou are 

also very welcome to propose other methods for the achievement of the aCRM 

objectives. Ali the answers that you will provide are kept confidential and will only be 

used for the research project on ha nd. 
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lEXICON -Web data mining methods 

"Ciustering" - "Grouping together users or data items (pages) with sim ilar 

characteristics". For example, segmenting customers on two variables: "the amount of 

time spent on the website" and " the number of items downloaded". 

"Cross-selling" - "Connecting the individual(s')'s characteristics, behaviors or 

preferences". For example, se lling an additional product to a customer based on 

previous purchases identified thanks to a basket analysis . 

"Classification" - "Explaining or predicting the qualitative characteristic of an individual 

based on other qualitative characteristics of that individual". For example, in the 

banking context, connecting socio-demographic characteristics of a customer to his/her 

possession of a speci fie financial product. 

"Regression"- "Explaining or predicting the quantitative characteristic of an individual 

based on other quantitative characteristics of that individual" . For example, in the 

telecommunication context, connecting customers' consumption of airtime to their 

quantitative socio-demographics. 

DISCUSSION GUIDE 

1. Usage of WM applied to the profiling of existing web customers 

[RPla] ln your opinion, to what extent do clustering and classification methods applied 

to web data (web log data, etc.), provide accu rate profiles of the existing web customers 

of a web site? 

[RPlb] According to you, to what extent do classification and regression methods 

applied on web data, identify the recency, the value and the frequency of an individual's 

purchases online, in arder to identify strategically important customers? 
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[RPlc] For you, to what extent do classification and clustering methods identify existing 

web customers' loyalty or defection statuses from a web site? 

2. Usage of WM applied to the identification of existing customers behaviors on 

the web 

[RP2a] According to you, to what extent do clustering, cross-selling, classification and 

regression methods, applied to web data, identify how the existing web customers 

behave on a web site? 

[RP2b] ln your opinion, to what extent do clustering, cross-selling, classification and 

regression methods, applied to web data, identify how existing web customers develop 

satisfaction and loyalty on the internet? 

[RP2c] For you, to what extent do clustering, cross-selling, classification and regression 

methods identify how existing web customers remain attached to- or defect from a 

gi~en business on the internet? 

3. Usage of WM applied to the profiling of prospective customers on the web 

[RP3a] For you, to what extent do classification and regression methods enable to 

segment prospective web customers? 

[RP3b] According to you, to what extent do clustering, cross-selling and classification 

methods provide insightful information about prospective lfl.!eb customers' preferences, 

needs, habits etc. to develop targeted e-marketing strategies to acquire them? 
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4. Usage of WM applied to the identification of prospective web customers 
patterns on the web 

[RP4a] ln your opinion, to what extent do clustering, cross-selling, classification and 

regression methods, applied to web data, identify how prospective web customers 

behave on a given website? 

[RP4b] ln your opinion, to what extent do clustering, cross-se lling, classification and 

regression methods, applied to web data, identify how prospective web customers 

defect to and from competitors as weil as how they are loyal to competitors on the 

internet? 

{by "defect ta" it is meant the web user stops buying from the business and starts buying 

on the competitor's website; by "defect from " it is meant the web user stops buying on 

the competitor's website and starts buying on the business' website; and by "loyal to" it 

is meant the web customer buys regularly on the competitor's website and not on the 

business website) 

5. Demographies (non-compulsory): 

5.1. What is your age? 

• 18- 25 years old 

• 26-35 years old 

• 36-55 years old 

• 55 years + 

5.2. What is your individual annual income? 

• 0-20,000$ 

• 20,000- 39,999 $ 

• 40 000 - 59 999 $ 

• 60 000 - 79 999 $ 

• 80 000$ + 



5.3. What is (are) your area(s) of expertise? 

Finance 

Procurement 

Human Resources 

Operations Management and Logistics 

Marketing/Communication 

Sales 

Accounting 

Information Technology {IT) 

Engineering 

R&D 

Other 
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