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ABSTRACT

Electronic Customer Relationship Management (¢CRM), and analytical eCRM in
particular, is currently one of the most active research topics in the area of customer
marketing and customer analytics. The goal of this research is to develop an integrated
analytical eCRM framework with a personalised intelligent recommendation approach
through the analysis of telecom and banking products/services and customer needs. The
development of the personalised recommendation approach combines two technology
streams: 1) data mining techniques, which enable the prediction of customer buying
behaviour patterns, and 2) fuzzy measure and community-based collaborative filtering
recommendation techniques, which automatically combine the predicted buying
behaviours and needs-preference requirements of customers to provide relevant and
needs-based offers in an uncertain environment. The delivery of this framework
effectively improve the quality of customer relationship management in terms of
reducing the cost of customer acquisition, increasing customer retention and
maximising customer lifetime value, which will enable and support a business strategy
to build a long-term, profitable relationship with specific customers. The research
contributes to both recommender system research and eCRM research and develops

frontier technologies that can be applied across industries.
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND, RESEARCH QQUESTIONS
AND MOTIVATION

Customer analytics has blossomed over the last decade, and the trend appears to be
accelerating, because it has proven its value in many organisations, and in particular,
drives the ‘customer-centric’ strategy of organisations. Customer analytics has made
headway in marketing campaign management, segmentation, predictive modelling,
measuring customer value and data mining. In recent years, customer analytics has
become a hot area within the broader domain of Customer Relationship Management.
Customer Relationship Management (CRM) simply means to manage all customer
interactions. In practice, this requires using all the available information about existing
and prospective customers to effectively interact with all customers at different stages
of the organisation relationship with their customers. These stages have been referred to
as the customer life cycle, and CRM helps organisations to improve the profitability of

these interactions with customers (Coltman 2007; Stone, Woodcock & Wilson 1996).

Many organisations have invested in expensive CRM infrastructure which is mostly
focused on sales and call centre operations; that is, operational CRM which can fulfil a
wide variety of functions, including marketing automation (campaign management,
cross-selling, customer segmentation, customer retention), sales force automation
(contact management, lead generation, sales analytics, generation of quotes, product
configuration) and call centre management (call management, integration of multiple

contact channels, problem escalation and resolution, metrics and monitoring, logging
1



interactions, etc.). This kind of operational CRM has been implemented and connected
with customer touch points, and has worked effectively to simplify, organise and
manage customer information to create a customer database that presents a consistent
picture of the customer’s relationship with the organisation, as well as provide specific

application information (Bijmolt et al. 2010; Buttle 2012).

Over the past few years, organisations have realised that the raw data from each
operational CRM system can be integrated, enabling the storage of a wealth of data
about current customers, potential customers, suppliers and business partners in a data
warehouse. However, the inability of the data warehouse to discover valuable
information hidden in the data prevents the transformation of these data into insightful,
meaningful and actionable knowledge. Also, the challenge is to transform the data into
a set of customer-specific behaviour measurements and use detected customer
behaviour patterns to analyse and choose channels to target customer marketing;
further, to enhance the performance of front line communication and help organisations
to leverage their existing investments and boost their return on investment. Data mining
has played a key role in achieving this and has enjoyed great popularity in the CRM
area (Rygielski, Wang & Yen 2002). In fact, data mining is a process that applies a
variety of data analysis and statistical techniques to discover patterns and relationships
in an enormous database that may be used to make accurate predictions. Analytical
CRM uses data mining with certain built-in advanced analytics functions, such as
predictive analytics and campaign optimisation, within the existing CRM system (Ngai

2005; Ngai, Xiu & Chau 2009).

Analytical CRM emerged in the last decade to reflect the central role of the strategic
customer value proposition of an organisation. Analytical CRM takes a holistic view of
customers: it encompasses all the measures for understanding customers and exploiting
this knowledge to design and implement customer marketing activities, align production
and coordinate the supply-chain. It has been proven that analytical CRM is particularly
useful in measuring customer profitability and value, which can be built on a historic,
potential or lifetime basis. This is an important part of customer analytics because,

presumably, marketing investments increase customer value over time, and one way to



measure the effectiveness of marketing is to understand what impact it has on customer

value (Coltman 2007; Foss, Stone & Ekinci 2008; Hoekstra & Huizingh 1999).

Customers today increasingly contact organisations via email and Web, thus more and
more organisations are implementing e-business applications and CRM strategies using
the Internet. It is therefore necessary to provide an integrated solution for the
centralisation of customer contact methods into a single enterprise system, such as a
data warehouse. Electronic CRM (eCRM) is an efficient operational CRM system that
integrates online sales, marketing and service strategies, enabling the identification,
attraction and retention of customers (Romano & Fjermestad 2009; Turban 2008;
Turban et al. 2007). Basically, €CRM involves all front-end, back-office, and third-
party processes that ‘touch’ customers, from the contact centre that handles a
customer’s orders, for example, to the customer’s bank for credit card authorisation, to
the inventory system to check for product viability, and the warehouse for fulfilment
and delivery. It improves and increases communication between an organisation and its
customers by creating and enhancing customer interaction through innovative
technology. The eCRM system works as a process to enable customers to do business
with the organisation in the way the customer wants, at any time, via any channel, and
to make all customers feel that they are dealing with a single, unified organisation that
recognises them at every step of the way (Hwang 2009; Hwang & Kim 2007). At the
same time, eCRM concerns all forms of managing relationships with customers by
making use of IT; it is an enterprise that uses IT to integrate internal organisation

resources and external marketing strategies to understand and fulfil customers’ needs.

The key benefit of e€CRM when compared with traditional CRM is that it enables an
organisation to streamline processes and provide sales, marketing and service personnel
with better, more complete customer information (Hadaya & Cassivi 2009). The result
is that eCRM allows organisations to build more profitable customer relationships and
decrease operating costs. Also, integrated eCRM systems are well documented. The
better and more comprehensive the data that organisations can compile about their
customers thorough automated customer management processes, the more effectively

their global sales and customer support forces will be able to collaborate and share data



in real time, manage that data throughout the enterprise, and access it at any time. The
biggest challenge, therefore, is to offer communication and information on the right

topic, in the right amount, and at the right time that fits the customer’s specific needs.

Most eCRM applications are currently facing similar challenges, which include minimal
research on analytics solutions that are able to guide customer interactions; lack of
effective recommendation methods; lack of effective customer support and failure to
enhance the ‘human’ quality of web experiences. An organisation invests in an eCRM
system with the expectation that it will reduce the risk of customer churn and help to
achieve the goal of customer retention. From this point of view, analytical e€CRM offers
the means to provide the most relevant and suitable products and services (hereafter
referred to as 'products/services') to customers, through the right channel and at the right
time, based on customer analytics. Analytical €CRM expands the traditional analytical
CRM techniques by integrating the technologies of new electronic channels, such as
Web, wireless and voice technologies. The analytical eCRM system can create a central
business intelligence for customer and marketing analytics, and provides a portal on
each front end computer system that allows access to customer information in the way
that is insightful, meaningful and actionable; hence, front end staff can use this
intelligent information to help customers to make the right decisions when buying
products or services. By using this system, an organisation can build its capacity to
understand customers, products and performance results by using real time information
across the business (Bijmolt et al. 2010; Gustafsson, Johnson & Roos 2005; Kumar
2010; Nemati, Barko & Moosa 2004).

In the field of business-to-customer e-service, one problem in the current organisation
of e-services is the tendency to only deliver undifferentiated product information to
customers without addressing specific requests. Personalisation offers great
opportunities to businesses to make communication more effective and efficient, to
infer and predict customers’ behaviour, and even to influence behaviour (Kim, Zhao &
Yang 2008). Personalisation of business e-services can be seen as the adaptation of an
e-service to a single customer based on related information about that particular

customer, that is, the traditional personal one-to-one relationship. Therefore,



personalised customer e-services can provide customers with exactly those services
they need, further increasing customer satisfaction levels, which is a priority for
organisations, and can then help them to achieve their CRM goals. A key function in the
analytical eCRM framework is its recommendation ability, which is a new direction of
business intelligence that gives business the advantage of being able to make offers to
customers based on those customers’ real needs; that is, to answer such queries as

‘which product/service is the best a particular new or existing customer?’
This research is focused on answering the following questions;

(1) What is the appropriate analytics e€CRM framework to support organisations to
achieve an end-to-end integrated customer-centric online sales, marketing and service

strategy?

(2) How does the proposed framework improve the quality of customer relationship
management in terms of reducing the cost of customer acquisition, increasing customer

retention and maximising customer lifetime value?

(3) How can an excellent customer service experience that guides customers to choose

the most appropriate products/services be provided?

1.2 OBJECTIVES

The objective of this research is to develop a personalised analytical eCRM framework,
and in particular to implement it by applying data mining techniques and
recommendation techniques to support end-to-end integrated customer-centric online
sales, marketing and service strategies. This research will also provide an excellent
customer service experience to guide customers in the selection of the most appropriate
products/services, as an important part of business intelligence (BI) across industries.
The development of the personalised recommendation approach combines two stream

technologies: 1) data mining techniques which enable the prediction of customer buying



behaviour patterns, and 2) fuzzy measure and community-based collaborative filtering
recommendation techniques that automatically combine the predicted buying
behaviours and needs-preference requirements of customers to provide relevant and
needs-based offers in an uncertain environment. The delivery of this framework will
effectively improve the quality of customer relationship management in terms of
reducing the cost of customer acquisition, increasing customer retention and
maximising customer lifetime value, all of which support a business strategy to build a

long term, profitable relationship with specific customers.

To achieve the overall objective, this research is comprised of four specific objectives:

(1) Propose an effective personalised analytical eCRM framework through data

mining and recommendation techniques;

(2) Propose the intelligent customer behaviours predictive modelling

frameworks for eCRM personalisation;

(3) Develop the novel hybrid recommendation approaches and related
algorithms based on the combination of fuzzy measure-based collaborative
filtering recommendation methods, and the combination of user-based and

item-based collaborative filtering techniques with fuzzy set techniques;

(4) Build a working process of a personalised recommender system for the best
recommendation, using a telecom business as a case study to demonstrate a

real case implementation.

Aligned with the four specific objectives of this thesis, the main contributions of the

thesis are:
(1) A personalised analytical eCRM framework;
(2) Two intelligent hybrid predictive modelling methodologies;

(3) Two hybrid recommendation approaches and related algorithms based on

the combination of fuzzy measure-based collaborative filtering



recommendation methods, and the combination of user-based and item-

based collaborative filtering techniques with fuzzy set techniques;

(4) A personalised recommender system to support intelligent personalised

product/service recommendation approaches.

1.3 SIGNIFICANCE

This study has the following significance:

Significance 1: This research proposes a new research and development topic in

business intelligence: personalised analytical e€CRM

The most effective eCRM systems include active plans to capture new customers and
retain existing customers. Used in conjunction with a decision-support technique, data
mining techniques can process all customer information with mathematical precision to
analyse customer relationship data and extract information, such as discovering
correlations between demographic factors, income and product preferences, and the
propensity for particular customer segments to respond to marketing campaigns. A
personalised analytical eCRM using intelligent recommendation techniques is a
relatively new phenomenon. It can be seen as a new development of Business
Intelligence. Most current personalisation research efforts only focus on developing
web personalisation, and most BI research focuses on data mining techniques. This
research will integrate personalisation and BI to provide a strategic guide for eCRM
project managers and developers. It will help to take business e-services to a new level -
the ability to offer personalised services to customers. The research results will provide
a more effective framework and a system to build personalised customer services,

enabling improved customer satisfaction levels related to business products/services.

Significance 2: This research develops a novel intelligent product/service personalised
recommender system that combines data mining techniques and recommendation

techniques.



The proposed personalised recommender system has two novel distinguishing features:

(1) The system uses hybrid data mining techniques with fuzzy set to predict
customer behaviours in a very sophisticated way, adopting a more
comprehensive perspective on customer churn by examining ‘who are they’,
‘how do they behave’, ‘when are they likely to churn’, ‘why do they churn’, and
‘how can the organisation prevent customers from taking the decision to leave’.
This developed predictive technique can be directly applied to predict customer
buying patterns; it helps organisation to improve their understanding of
customer behaviour. Hence, the system allows businesses to select the right
prospects on whom to focus, offer the right additional products to existing
customers, and identify good customers who may be about to leave. Most
research has focused on a particular modelling technique to predict customer
churn or take-up product, and very little has paid attention to the
comprehensibility and justifiability of customer churn or buying prediction
models. In practice, combination modelling methods are very tough, due to the
magnitude of the observations and the variables. The proposed predictive

method provides a new novel approach in the predictive analytics area.

(2) The system uses fuzzy measure-based collaborative filtering to deal with
uncertainties in linguistic terms and item similarity in a hierarchical product
system; also, it uses both item-based and user-based collaborative filtering
methods with fuzzy set techniques and knowledge-based methods to handle the
customer neighbourhood. As customers normally have multiple interests in
receiving products/services, a properly defined neighbourhood of customers
plays an important role in identifying preferences. Existing collaborative

filtering approaches are inappropriate for dealing with such complex situations.

The proposed combined recommendation approaches provide a very effective way for
personalised analytical eCRM to drive an organisation’s customer relationship

management strategies.



Significance 3: This research directly supports Business Intelligence development and

customer retention and acquisition.

This proposed Personalised Recommender System (PRS) for best recommendation can
be tailored to specialise in the banking or telecom industry to develop a related
implementation approach. The working recommender system can be applied to offer the
most suitable products/services to both existing and prospective customers. It
incorporates an extension of closed loop feedback into models and recommendations,
and implement into any eCRM system would prove to add value to an organisation’s
customer marketing strategy. The system could help organisations to find their most
suitable products/services for individual customers with minimal search effort and time.

Also, by increasing customer satisfaction, it will in turn attract more customers.

1.4 RESEARCH METHODOLOGY

This research adopts design methodology, in which the problem is first formulated and
the objectives are identified (see Section 1.3), following which a solution is proposed
and implemented. Finally, the proposed solution will be tested and evaluated to ensure
that the solution achieves the expected outcomes of this research. The evaluation
process tests and modifies the solution iteratively until satisfactory results are obtained.

Figure 1-2 gives the construction framework of this study.

Step 1 — Propose a personalised analytical electronic customer relationship

management (eCRM) framework. (Refer to specific objective (1))

In this step, a conceptual personalised analytical eCRM framework is proposed which
includes the main components and each function within those components in terms of
defining related data mining and personalised models. It proposes a relevant data
mining model to support each component of the analytical eCRM framework. The
proposed framework includes a customer knowledge base, integrated analytical eCRM,

personalised recommender system and necessary interfaces.



There are four functions that define an analytical eCRM system:

(1) Customer Acquisition — This phase involves profiling customers and classifying
customers into different segments, and identifying the targeted segment of those who
are most likely to become customers or to be most profitable to the organisation. Data
mining model-clustering is a popular method of segmenting a population into a number
of more homogenous clusters or segments. Common tools for clustering include neural

network and discriminant analysis.

(2) Customer Marketing — Once potential customers are identified in (1), an
organisation can put effort and resources into marketing the target customer segments,
including setting up a multi-contact e-marketing strategy that includes, for example,
email, SMS and internet. In this phase, data mining techniques can be used to forecast
the effects of e-marketing (response rates to marketing campaigns); for instance,
survival analysis, neural network and the Markov chain model can be used to estimate

future value and uncaptured value.

(3) Customer Retention — This phase is the crucial element of analytical eCRM.
Customer satisfaction is a key fundamental driver for customer retention. Customer
satisfaction refers to the comparison of customers’ expectations with customers’
perceptions of being satisfied. Customer retention includes personalised marketing
campaigns, loyalty programs and complaints management. Personalised marketing
campaigns are driven by the analysis, detection and prediction of changes in customer
behaviours, hence, customer profiling, propensity modelling, and recommender systems
are related to personalise marketing. Loyalty programs involve campaign activities
whose aim is to maintain a long term relationship with customers. Specifically, attrition

analysis and service satisfaction support such loyalty programs.

(4) Customer Development — This phase involves the consistent expansion of
transaction intensity, transaction value and individual customer profitability. Customer
development includes customer lifetime value analysis, up/cross selling and market
basket analysis. Customer lifetime value analysis is defined as the prediction of the total

net income a company can expect from a customer. Up/cross-selling refers to promotion
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activities which aim to augment the number of associated or closely related services that
a customer uses within an organisation. Market basket analysis aims to maximise
customer transaction intensity and value by revealing regularities in the purchase
behaviour of customers. Sequence analysis aims to discover purchase patterns over time
to understand which product/service the customer is likely to buy next (the so-called

‘next best offer’ model).

These four comprehensive functions can be seen as a closed loop in an integrated
analytical eCRM system. They work together to create a deeper understanding of
customers to maximise customer value in the long term. Data mining techniques can
help to achieve this vision by extracting or detecting hidden customer characteristics

and behaviours from large databases.

Step 2 — Development of a hybrid customer segmentation method. (Refer to specific
objective (2))

Customer segmentation is an effective way to understand customers, and segmentation
methodology has therefore been employed extensively in the last decade. Conventional
data mining techniques, such as cluster analysis, have been used to deal with customer
segmentation. Segmentation can be a starting point in relationship management to
measure the true value of customers, since customer marketing as a whole is deployed
toward targeted customers and profitable customers. However, customer segmentation
faces the critical challenge of migrating the segmentation solution based on external
data sources into an internal customer database. In this step, a hybrid customer
segmentation model is proposed to tackle segmentation migration problems, and uses a

telecom business as the study case.

Steps 3 and 4 — Propose two different customer risk prediction frameworks for

customer retention based on banking and telecom cases. (Refer to specific objective

)

In these steps, two different customer risk prediction frameworks are developed to deal

with the non-linearity associated with customer attrition or customer churn by mining
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enormous amount of data. The use of different data mining methods and statistical
modelling techniques to develop prediction models of customer attrition or customer
churn is demonstrated, and their prediction power is compared using data based on bank

and telecom cases.

Steps 5 and 6 — Propose two hybrid personalised intelligent recommendation

approaches for acquisition and retention. (Refer to specific objective (3))

In these two approaches, the item-based collaborative filtering (CF) approach is first
used to analyse the customer profile and product transaction behaviour matrix to
identify similarity relationships between different products, and the user-based CF

approach is then used to identify similarities between customers.

These two steps tackle the challenge of defining similarities in customer profiles,
because unlike comparing two books, comparing two customers cannot simply be based
on their names. The similarities between two customers will be based on their profiles
and preferences, and because customers’ preferences are subjective opinions, they are
often expressed in linguistic terms by customers. For instance, a linguistic term set
{Strongly Interested, More Interested, Interested, Less Interested, and Not Interested}
can be used to express customers’ preferences. Since these linguistic terms reflect the
uncertainty, inaccuracy and fuzziness of humans, it is appropriate to directly apply
fuzzy numbers techniques to deal with them. These hybrid recommendation approaches
use these relationships to indirectly compute recommendations for customers, and can
be described by four main steps: Calculate CF fuzzy similarity between products;
Calculate semantic fuzzy similarity between customers; Integrate the item-based CF
fuzzy similarity between products with the semantic fuzzy similarity between

customers; Generate prediction values for recommendation.

Step 7 — Development of a personalised recommender system for the best

recommendation. (Refer to specific objective (4))

To verify the proposed personalised analytical eCRM framework in Step 1 and the new

predictive modelling techniques in Steps 3 and 4 in conjunction with the two new

12



personalised intelligent recommendation approaches in Steps 5 and 6, a personalised
recommender system is proposed that will generate the best recommendation, in terms
of matching the right customer with the right product/service, at the right time and via
the right channel. This development seeks to build a conceptual online e-service
recommender system based on the specific personalised analytical eCRM framework
developed in Step 1 and the new predictive modelling techniques proposed in Steps 3
and 4, using the two hybrid recommender system techniques proposed in Steps 5 and 6.
The implementation of this personalised recommender system combines predictive
models, recommender system techniques and business roles to optimise every customer
contact at every touch point or interaction, which is an ongoing process that enables
front line staff to provide relevant products and services to customers. This
recommender system consists of three main components: 1) a Data Collector which
collects customer preference and profile information, as well as product information; 2)
a Database (DB) Builder which develops a product relevance database, customer profile
database and customer ratings database; 3) a Recommendation Engine which generates
a recommendation list of top-k products to individual customers according to their

profiles and preferences.

Step 8 — Propose a personalised recommendation engine. (Refer to specific objective

)

A personalised recommendation engine is designed to fulfil two functions. One function
is to provide recommendations for new or prospective customers, and the other function
is to provide recommendations for existing customers. The two functions work closely
together based on predictive modelling, a fuzzy matching-based recommendation
approach and hybrid fuzzy base recommendation approach, and certain business roles
can be applied to this recommendation process to optimise the recommendation. Figure

1-1 shows the logics of the recommendation process.
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Figure 1-1 Recommendation Process Flow Chart

Step 9 — Experimental evaluation as a case study: fuzzy based telecom product
recommender system architecture and development finalisation. (Refer to specific

objective (4))

Related experiments are designed and conducted to evaluate the performance of the

personalised recommender system using modified telecom data. The outcome results
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feed back into the system and all the algorithms can be refined in an ongoing refinement

cycle designed to enhance the recommendation algorithms.

Step 1: Develop a personalised analytical electronic customer relationship
management (eCRM) framework (Chapter 4), including existing customer data
warehouse, integrated eCRM system, personalised recommendation engine and

interfaces (specific objective (1))

Step 2: Develop a hybrid Step 3: Develop a hybrid Step 4: Develop a hybrid Fuzzy
customer segmentation predictive modelling measure-based predictive
model (specific objective approach (specific modelling approach (specific
) objective (2)) objective (2))

Step 5: A Fuzzy set-based Step 6: A Fuzzy matching-

hybrid recommendation based recommendation

approach for customer approach for customer

retention (specific objective acquisition (specific

3)) objective (3))

2 2

Step 7: A personalised recommender system for the best recommendation

Step 9: Case study: Fuzzy-based
telecom product recommender system
architecture and development (specific
objective (4))

Step 8: A personalised
recommendation engine (specific
objective (4))

Figure 1-2 Research Methodology

1.5 THESIS STRUCTURE

This thesis consists of ten chapters (see Figure 1-3):

(1) Chapter 1 presents an overview of this research, including research issues,
research objectives, research significance and research methodology.

(2) Chapter 2 reviews related research areas, and especially addresses the research
background with regard to eCRM, data mining techniques, web personalisation,

recommender systems, and fuzzy set techniques in recommender systems.
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(3) Chapter 3 reviews a set of concepts as a preliminary, including decision tree,
logistic regression, survival analysis, factor analysis and fuzzy set.

(4) Chapter 4 proposes a personalised analytical eCRM framework with a hybrid
customer segmentation model that combines classification techniques and fuzzy
set techniques to estimate the value of missing attributes.

(5) Chapter 5 demonstrates a prediction framework by developing a predictive
modelling approach that combines three different modelling techniques to deal
with the non-linearity associated with customer attrition when handling an
enormous amount of data.

(6) Chapter 6 proposes a comprehensive advanced customer churn management
model, including a customer churn profile model, a customer action model, a
customer experience model and a fuzzy customer risk model.

(7) Chapter 7 presents the development of a personalised recommendation approach
that combines both item-based and user-based collaborative filtering methods
with fuzzy set techniques and knowledge-based methods.

(8) Chapter 8 proposes a fuzzy matching technique to deal with linguistic terms. This
approach effectively matched customers’ requirements to existing product
features.

(9) Chapter 9 presents a Personalised Recommender System which combines the
proposed predictive modelling approaches and personalised recommendation
approaches developed in Chapters 7 and 8. A case study is demonstrated based
on the implementation of the proposed personalised recommender system.

(10) Chapter 10 summarises the whole thesis and discusses future research topics and

interests.
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Figure 1-3 Thesis Structure
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CHAPTER 2

LITERATURE REVIEW

2.1 ANALYTICAL ELECTRONIC CUSTOMER
RELATIONSHIP MANAGEMENT

2.1.1 CUSTOMER RELATIONSHIP MANAGEMENT

Customer relationship management can be defined as “a management approach that
enables organisations to identify, attract and increase retention of profitable customers,
by managing relationships with them” (Bradshaw & Brash 2001). The definition does
not mention process management technology or the means of communication or its
channels, whether ‘traditional’ (mail, telephone, face to face) or 'new’ (email, web,
wireless devices, interactive television). In fact, CRM has become widely recognised as
an important business approach, yet there is no universal definition of CRM. Customer
relationship management (CRM) has also been defined an “enterprise approach to
understanding  and  influencing  customer  behaviour  through  meaningful
communications in order to improve customer acquisition, customer retention,
customer loyalty, and customer profitability” (Swift 2001). Kincaid (2003) viewed
CRM as “the strategic use of information, processes, technology, and people to manage
the customer’s relationship with your company (Marketing, Sales, Service, and
Support) across the whole customer life cycle” (Kincaid 2003). Parvatiyar and Sheth
(2001) defined CRM as “a comprehensive strategy and process of acquiring, retaining,
and partnering with selective customers to create superior value for the company and
the customer. It involves the integration of marketing, sales, customer service, and the
supply chain functions of the organisation to achieve greater efficiencies and

effectiveness in delivering customer value”  (Parvatiyar & Sheth 2001). These
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definitions place emphasis on CRM as a comprehensive process of acquiring and
retaining customers, with the help of business intelligence, to maximise customer value
to the organisation. CRM is more than just a set of technologies; it comprises a set of
processes and enables systems to support a business strategy to build long term,
profitable relationships with specific customers (Ling & Yen 2001). IT professions will
play a key role in supporting CRM with information and applications. In addition, the
rapid growth of the Internet and its associated technologies has greatly increased the
opportunities for marketing and has transformed the ways in which relationships

between organisations and customers are managed (Ngai 2005).

A CRM system with build-in analytical function is defined as analytical CRM.
Analytical CRM has been identified as a key aspect of a CRM business model, which is
an enterprise-wide approach used to optimise the customer's experience and improve
marketing efficiency. Databases are used to gather quantifiable data, and the ability to
analyse and use this data to improve customer relationships is a driving force behind

CRM adoption (Xu & Walton 2005).

2.1.2 ELECTRONIC CUSTOMER RELATIONSHIP
MANAGEMENT

As the Internet becomes more and more important in business life, many organisations
consider it as an opportunity to reduce customer-service costs, tighten customer
relationships and, most importantly, personalise marketing messages. Electronic
customer relationship management (eCRM) is being adopted by organisations to
manage customer relationship via the Internet, as it increases customer loyalty and
customer retention by improving customer satisfaction, which results in long-term
profits for online retailers because they incur fewer costs in recruiting new customers,
plus they experience an increase in customer retention. Also, electronic methods are
used to gather data and analyse customer information (Dhingra & Dhingra 2013).
Hence, analytical techniques such as data mining, predictive modelling and supporting
decision making, particularly in eCRM, have increasingly been in high demand in

recent years (Mahdavi et al. 2008) (Pan & Lee 2003).
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With the current turbulent economic environment and highly competitive market,
eCRM plays an important key role in retaining customers and maximising profit in
many different industries. In the banking industry, for instance, customer retention is
one of the key drivers of business strategy, so €CRM becomes more important than ever
before. The difference between eCRM and normal CRM is that all the traditional
customer contact methods are used in addition to use of the Internet, email, wireless
technologies, and systems (created for external use) that are designed according to
customer needs, and web applications that are designed for enterprise-wide use.
Another important difference is that personalised individual views based on purchase
history and preferences can be presented, and individuals have the ability to customise
the view. The advantages of eCRM are reductions in time and cost, and the fact that
implementation and maintenance can take place at one location and on one server

(Adebanjo 2003; Romano & Fjermestad 2009).

eCRM consists of processes that an organisation uses to track and organise its contacts
with current and prospective customers. Business intelligence (BI), particularly
intelligent eCRM software, is normally in place to support these processes. In other
words, e€CRM can be defined as those activities that manage customer relationships by
using the Internet, web browsers or other electronic touch points (Harrigan, Ramsey &
Ibbotson 2011). The challenge lies in how to offer communication and information on
the right topic, in the right amount, and at the right time, to fit the customer’s specific

needs (Kumar 2010).

2.1.3ANALYTICAL ELECTRONIC CUSTOMER
RELATIONSHIP MANAGEMENT

In Section 2.1.2, it has been identified that e€CRM works as a process to enable a
customer to do business with an organisation in the way the customer desires. It is very
important to make the customers feel that they are dealing with a single, unified
organisation, and that the organisation understands their needs at every step of the

interaction.
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It is quite challenging to create an effective e€CRM system within an organisation, as it
is a new way of doing business. Internally, organisations want to decrease costs and
streamline business processes. Externally, organisations must maintain relationships
with customers. To achieve both these goals, data mining techniques have achieved
great popularity in eCRM, which uses a data mining process defined as analytical
eCRM and allows organisations to learn more about their customers (Azila & Noor
2011; Chang & Wu 2011; Van Dyke, Nemati & Barko). The development of new
capabilities in analytical eCRM now promise even more integration of diverse
techniques. Organisations are moving aggressively into eCRM, and will therefore
appreciate powerful analytical eCRM frameworks to drive their day-to-day business
processes (Nemati, Barko & Moosa 2004). There are four important elements in an

analytical electronic customer relationship management system;

1) The first phase is customer acquisition, which involves profiling prospective
customers and subdividing them into different segments, identifying which are
most likely to become customers and to be the most profitable, and
understanding the key characteristics of each customer segment. To achieve this,
a data mining technique such as clustering (Adebanjo 2003; Hillenbrand &
Money 2009; Hoekstra & Huizingh 1999; Hosseni & Tarokh 2011; Khandelwal
& Mathias 2011; Lefait & Kechadi 2010; Pesonen 2012; Takano et al. 2010;
Teichert, Shehu & von Wartburg 2008; Tsai & Chiu 2004) is a popular method
for segmenting populations into a number of more homogenous clusters or
divisions (Buttle 2012; Namvar, Gholamian & KhakAbi 2010).

2) The second phase is customer marketing, which puts effort and resources into
attracting target customer segments after identifying the various groups of
potential customers. This involves setting up a multi-contact e-marketing
strategy. It is the promotion process for motivating customers to place orders
through various electronic channels, including email, SMS and Internet (online).
In this phase, data mining techniques can be used to forecast the effects of direct
marketing (the response rates of marketing campaigns); for instance, survival
analysis, neural network or Markov chain model (Au, Guangqin & Rensheng
2011; Baesens et al. 2002; Efron 1988; Miller Jr 2011; Ranjan & Bhatnagar
2011; Sharma & Panigrahi 2011; Smith & Gupta 2003; Tan, Sim & Yeoh 2011)
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3)

4)

can be used to estimate customers’ future value and uncaptured value
(Cespedes & Smith 2012; Kim & Street 2004; Weinstein 2004; Wilson &
Gilligan 2012).

The third phase is customer retention, which is the crucial part of eCRM.
Customer satisfaction is the essential element of customer retention; it refers to
the comparison of customers’ expectations with customers’ perceptions of being
satisfied. There are several contributing elements to customer retention, such as
personalised marketing campaigns, loyalty programs and complaints
management. Personalised marketing campaigns are driven by analysing,
detecting and predicting changes in customer behaviours, hence, customer
profiling, propensity modelling, and recommender systems are related to
personalised marketing, while loyalty programs aim to maintain a long term
relationship with customers (Ngai, Xiu & Chau 2009; Nitzan & Libai 2011;
Rust & Zahorik 1993; Sashi 2012; Stahl et al. 2012; Tabaei & Fathian 2012;
Thorleuchter, Van den Poel & Prinzie 2012; Van den Poel & Lariviere 2004;
Verhoef 2003; Wang & Lei 2010; Wu 2011).

The fourth phase is customer development, which involves maximising
individual customer profitability in terms of consistent expansion on transaction
intensity, transaction value and customer lifetime value, including up/cross-
selling propensity analysis, customer lifetime value analysis and market basket
analysis. Market basket analysis aims to maximise the customer transaction
intensity and value by revealing regularities in the purchase behaviour of
customers. Sequence analysis and up/cross-selling propensity modelling aim to
discover purchase patterns over time to understand which product/service the
customer likely to buy next: the so-called next best offer model (Bijmolt et al.
2010; Chen & Fan 2013; Hoekstra & Huizingh 1999; Hosseni & Tarokh 2011;
Hwang, Jung & Suh 2004; Liu & Yang 2012; Reinartz & Kumar 2003; Sashi
2012; Shih, Liu & Hsu 2010; Tabaei & Fathian 2012; Thorleuchter, Poel &
Prinzie 2010; Tsai & Chiu 2004; van Bentum & Stone 2005; Verbeke et al.
2012; Wang & Lei 2010; Zorrilla et al. 2011).
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These four phases can be worked together as a closed loop within an analytical
electronic customer relationship management system to create a deeper understanding

of customers and customer behaviours, to maximise customer value in the long term.

The first two business areas to directly benefit from such a system are sales and
marketing. Sales people are given access to customer information to assist them in up-
selling and cross-selling, while customer needs can be identified by data mining
processes. These findings can then be shared throughout the organisation to create a
complete view of each customer. At the same time, marketing managers are provided
with new ways to generate leads and target advertising to appropriate prospects, a
process which is also heavily based on data mining (Nemati, Barko & Moosa 2004;

Ngai, Xiu & Chau 2009).

2.2 DATA MINING RELATED METHODS IN
CUSTOMER ANALYTICS

Data mining is defined as a process that “uses statistical, mathematical, artificial
intelligence and machine-learning techniques to extract and identify useful information

and subsequently gain knowledge from large databases” (Turban et al. 2007).

Data mining is a process that uses a variety of data analysis and modelling techniques to
discover patterns and relationships in data that may be used to make accurate
predictions. It helps organisations to improve their understanding of customer
behaviour, and this better understanding allows them to select the right prospects on
whom to focus, to offer the right additional products to existing customers, and to
identify good customers who may be about to leave (Peacock 1998; Rygielski, Wang &
Yen 2002; Thorleuchter, Poel & Prinzie 2010; Wong et al. 2005).
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2.2.1 SEGMENTATION

To achieve success in contested turbulent markets, a best practice approach to
marketing activities will drive superior returns. Customer insight is at the heart of this
approach, because all customers are different, and translating customer insight,
segmentation and modelling into an end-to-end execution is the key step to putting an
organisation on the path to success (Wilson & Gilligan 2012; Wu et al. 2005; Wu 2011;
Zhang 2010). Segmentation is the basis for an organisation’s marketing campaign
managers to develop targeted and effective marketing plans. Furthermore, analysis and
profiling of defined segments enables decisions to be made about the intensity of

marketing activities in particular segments.

It is essential to develop a segmentation framework with clear business objectives and a
systematic approach, which is both insightful and practical, to form a solid foundation
for an organisation’s marketing strategy. A segment-orientated marketing approach
generally offers a range of advantages for both business and customer (Amiri 2006;
Pesonen 2012; Sashi 2012; Takano et al. 2010; Wang & Lei 2010; Weinstein 2004;
Woo, Bae & Park 2005).

It has been found that some segmentations are too broad or too abstract to be useful. In
many cases, highly specific segmentation would be preferable; for example, business
wants to know why customers take up one product but not another; which behaviour
patterns drive customers to buy; and according the behaviour pattern, which kinds of
products or services can be sold to customers. Hence, segmentation should be built
upon a sophisticated propensity model to predict the customers who are most likely to
take up a particular product (Buttle 2012; Chen et al. 2007; Han, Lu & Leung 2012;
Hillenbrand & Money 2009; Hosseni & Tarokh 2011; Kim, Jung, et al. 2006; Mazzoni,
Castaldi & Addeo 2007; Miguéis, Camanho & Falcao e Cunha 2012).

Customer segmentation is a crucial, fundamental methodology for understanding
customers. It is a key function of customer relationship management (CRM) which

enables businesses to provide customers with expected products and better services in
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competitive markets (Cooil, Aksoy & Keiningham 2008). Customer segmentation has
been extensively studied across all industrial sectors, such as telecom (Mazzoni,
Castaldi & Addeo 2007; Miguéis, Camanho & Falcdo e Cunha 2012), finance
(Hillenbrand & Money 2009), insurance (Hosseni & Tarokh 2011), information and
communication technology (ICT) facilities (Gil-Saura & Ruiz-Molina 2009), the airline
industry (Keramati & Ardabili 2011), healthcare (Khandelwal & Mathias 2011), and
tourism (Kim, Wei & Ruys 2003). Methods are built on both internal organisation
datasets and external datasets, such as samples from historical customer transactions in
database or data warehouse (Lefait & Kechadi 2010), demographic and socioeconomic
data from government agencies, and customer surveys (Amiri 2006; Keramati &
Ardabili 2011; Miguéis, Camanho & Falcdo e Cunha 2012). Internal data sources are
veritable glod mines of customer profiles and behaviour patterns; however, they are
often missing some several important features for effective customer segmentation. The
ideal case is for both datasets to provide similar customer-related attributes; however,
this is quite a challenge in real world applications. Hence, many such methods have
"fallen flat when used in marketing and advertising campaigns” (Kim, Jung, et al.

2006).

Customer segmentation is a process to discover and "recognise groups of customers
who share the same or similar needs"” (Lefait & Kechadi 2010). Essentially, customer
segmentation is a cluster analysis; therefore, the majority of existing methods are based
on clustering techniques and algorithms; for example, the K-means clustering
algorithm. Experience description and statistical analysis also form the main basis of a
segmentation method (Chen et al. 2007); however, because combining multiple
clustering or learning algorithms often outperforms a single algorithm, many works

adopt more than one algorithm in a method.

The key challenge is to migrate customer segmentation that has been developed and
defined from one data source to another. The design of a customer segmentation
method is based on customer demography, geographic location, behaviours, cost benefit
relations, and lifestyle. These variables may change frequently and affect the

consistency of a segmentation (Lefait & Kechadi 2010). Customer segmentation can

25



also be conducted based on customer attitudinal data, which focuses on customer
perceptions. The attributes from an attitudinal dataset contain a huge number of
subjective expectations or preferences for customers, which are hard to find in a
customer behaviour dataset. Currently, there is no significant research on migrating

segmentation results from one dataset to another.

2.2.2 PREDICTIVE MODELS

More and more organisations are changing their product focus from mass marketing
champion strategies to customer-centric, targeted marketing strategies. Customer
retention management is an important discipline within customer-centric organisations,
for which a key role is the prevention of customer churn, that is, the propensity of
customers to end the relationship with the organisation. As it is more profitable to retain
existing customers than constantly attract new customers (Coussement, Benoit & Van
den Poel 2010; Coussement & Van den Poel 2008a, 2008b; Verbeke et al. 2012),
customer churn or attrition management has attracted intense attention across industries.
The term ‘churn’ or ‘attrition’ refers to the loss of customers who switch from one
provider to another during a given period. In the banking industry, customer attrition
analysis and customer attrition rates have been used as key business metrics, because
the cost of retaining an existing customer is far less than the cost of acquiring a new
one. Also, lost customers can create an exponential revenue impact through viral,
negative word of mouth. As a result, understanding the key factors that lead to customer
attrition is crucial. Banks, for example, can use this understanding as a basis to
effectively drive customer retention programs to prevent customers from leaving
(Parasuraman 1997) (Ganesh, Arnold & Reynolds 2000; Lariviere & Van den Poel
2004, 2005).

The attrition prediction models that predict the likelihood of customer churn that has
become such a hot topic across industries, can be used to assess the risk of a customer
churning. In the banking industry, for example, customers at risk are those who are
likely to close their accounts with their existing bank. The attrition prediction models
can generate a small prioritised list of potential ‘at risk’ customers; the bank can then
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focus proactively on customer retention marketing programs. Furthermore, attrition
prediction models also can be used to drive cost-effective customer retention programs
which only target the subset of the customer base who are most likely to leave (Hung,

Yen & Wang 2006).

The practice of customer churn prediction is a very important approach to improve
customer retention. In the last decade, researchers have devoted effort to the evaluation
of different modelling techniques for the prediction of customer churn, such as a
classification model that has been proposed to identify those customers most likely to
demonstrate churning behaviour (Xie, Li, Ngai, & Ying, 2009). Technically, customer
churn prediction involves binary classification, which generalises the relationship
between churning behaviours and the information describing the customer in a model
that can be used for prediction purposes. In the literature of predictive models, a variety
of learning methods, such as Neural Networks (Datta et al. 2000; Gedikli & Jannach
2013; Sharma & Panigrahi 2011), Clustering (Abbasimehr, Setak & Tarokh 2011;
Popovi¢ & Basi¢ 2009), Decision Tree (Nie et al. 2011), Regression (Owczarczuk
2010), generalized additive models (GAMs) (Guisan, Edwards Jr & Hastie 2002),
Support Vector Machines (De Bock & Poel 2011) (Coussement & Van den Poel
2008a; Kim et al. 2012), and ensemble of hybrid methods (Au, Guangqin & Rensheng
2011) Kumar and Ravi 2008) have been used as basic models to handle customer churn
or attrition. In addition, existing studies on customer churn have taken a variety of
directions, such as building predictive models (Chen, Fan & Sun 2012; Kim et al.
2012), exploring new features for churn prediction (Coussement & Van den Poel
2008a; Huang, Kechadi & Buckley 2012), and dealing with class imbalance (Burez &
Van den Poel 2009). There are two limitations in the current research and practice of

customer churn prediction and management in a real-world application:

(1) Even though the direction taken by the methods mentioned above have been
different, more have focused on a particular modelling technique, less have paid
attention to combination modelling methods, and the objectives of most studies
are identical, that is, they all aim to provide more accurate churn prediction.
However, organisations not only face the question of how to identify potential

churners, they also need to find an appropriate way to convert this risky
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relationship into a stronger relationship. It would appear that the latter topic has

received relatively little research attention;

(2) According to a literature review on customer churn management, fuzzy logic is
one other area of soft computing that has never been investigated in either churn
management or CRM research (Hadden et al. 2007). Due to the fuzziness of the
problem, a fuzzy risk assessment model is required to manage customer churn

effectively.

2.3 PERSONALISED RECOMMENDER
SYSTEMS

One of the most important enhancements to analytical eCRM that could meet the
growing needs and preferences of customers would be to offer personalised services.
Personalised intelligence is widely used in e-commerce applications and has achieved a
many improvements and benefits for both customers and service providers in terms of
service delivery. It aims to provide customers with what they want without asking them
explicitly about their needs (Goy, Ardissono & Petrone 2007) and can provide the most
relevant information expected to meet customers’ demands (Schubert, Uwe & Risch
2006; Sunikka & Bragge 2008). A typical examples in e-commerce websites is Amazon

(www.amazon.com).

2.3.1 CONCEPT OF RECOMMENDATION SYSTEMS

A recommendation system 1is the most popular technique for implementing
personalisation (Deshpande & Karypis 2004; Ricci & Shapira 2011). Such systems can
be defined as programs which attempt to recommend items to customers by predicting a
customer’s interest in an item based on various types of information. The aim of a
recommendation system is to provide the right information about products/services that

are relevant to the needs and interests of the right customers at the right time. This can
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be achieved by automatically filtering out unrelated products and suggesting only
relevant products (Goy, Ardissono & Petrone 2007). In a recommender system, the
information used to make recommendations is acquired from the demographic data of
customers; from an analysis of the past purchasing behaviour of customers as a
prediction for future buying behaviour; or from the top overall sellers on a site
(Schafer, Konstan & Riedi 1999). A recommendation system can either predict whether
a particular customer is interested in a particular product, or it can identify a set of
products that a particular customer may be interested in (Deshpande & Karypis 2004).
Most personalisation research efforts focus on developing web personalisation
applications by using recommendation systems in the e-commerce domain (Goy,
Ardissono & Petrone 2007; Schubert, Uwe & Risch 2006). Very few researches have

discussed personalisation applications in the eCRM field.

Recommender systems can be designed to automatically make helpful
recommendations to customers across a range of products and services (Ricci &
Shapira 2011). Such systems can make recommendations according to customer
profiles or preferences, or they can rely on the choices of other people who could be
useful referees. The advantage of recommender systems is that they suggest the right
items (products or services) to particular users (customers, suppliers, salespeople, etc.)
based on their explicit and implicit preferences by applying information filtering

technologies (Manouselis & Costopoulou 2007).

Three main types of recommendation system techniques are content-based,

collaborative-filtering and knowledge-based techniques (Burke 2002).

2.3.2 CONTENT-BASED RECOMMENDATION
TECHNIQUES

Content-based (CB) recommendation techniques recommend items that are similar to
items previously preferred by a specific customer. The basic features of CB

recommendation systems are that they:
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(1) Analyse the description of the preferred items by a particular customer to
discover the main attributes (preferences) in common that can be used to
distinguish these items. The attained preferences are stored in a customer
profile;

(2) Compare each item’s attributes with the customer profile so that as a result only
items that have a high degree of similarity with the customer profile will be

recommended (Pazzani & Billsus 2007).

Two well-developed CB recommendation techniques are information retrieval methods,
such as cosine similarity measure, and machine learning methods that learn customers’
interests from the customers’ historical data (training data) using decision tree, naive
Bayesian and k-nearest neighbour methods. The advantages of this latter type of
recommendation system is that it adopts the semantic content of items and recommends
items to a specific customer that are similar to the preferred items in his/her profile. As
a result, a CB recommender system can recommend new items and less popular items.
Furthermore, it can provide a clarification of recommended items by listing the content
features on the basis of which an item is to be recommended. It does not need to have
information about the preferences of other customers to make recommendations and
thus does not suffer from the sparsity problem associated with collaborative-filtering
systems. However, these methods tend to rely heavily on textual descriptions of items,
leading to several unsolved problems such as limited information retrieval, new
customer problems, and overspecialization. Hence, it is not able to offer accurate
recommendations for new customers who have very few rated items, and is thus
challenged in meeting the objective that the companies always need to provide
appropriate products/services to new customers (Nazim Uddin, Shrestha & Geun-Sik

2009).

2.3.3COLLABORATIVE-FILTERING RECOMMENDATION
TECHNIQUES

Collaborative-filtering (CF) recommendation techniques help people to make choices

based on the opinions of other people who share similar interests and therefore try to
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provide the right information to the right customer (Shardanand & Maes 1995). It has
been proven that the CF recommendation approach is the most successful and widely
used approach for recommendation systems (Huang, Zeng & Chen 2007; Schafer et al.
2007). Unlike CB methods, CF methods do not involve user profiles and item features
when making recommendations. CF methods help people to make ¢ choices based on
the opinions of other people who share similar interests (Sinisalo et al. 2007).
Collaborative-filtering-based recommendation systems have been developed and used
in many fields including recommending news, articles, movies, music, products, books,
web pages and many more. Literature has reported a number of CF algorithms that can
be used to generate recommendations, and they can be divided into three main types:

user-based (memory-based), item-based, and model-based CF (Schafer et al. 2007).

(1) The user-based algorithms are formally known as the nearest neighbour
algorithms (Sarwar et al. 2001). These algorithms recommend new items to a
particular user using statistical-based methods. To use these algorithms, all
items and user ratings are stored in the memory, hence these algorithms are
called user-based or memory-based.

(2) The item-based CF algorithms suggest new items to a particular user. They aim
to recommend a new item, the ith item, which has not been rated by the target
user.

(3) The model-based CF algorithms use existing ratings to build a model which is

then used to make predictions for unrated items.

The most popular CF methods are user-based CF and item-based CF (Sarwar et al.
2001). As explained above, a user-based CF method uses the ratings of customers that
are most similar to the target user (customer) to predict the ratings of unrated items.
More specifically, when making a recommendation, the user-based CF recommender
system will first calculate the similarities of all customers to the target user by analysing
the previous ratings of all users. The system will then select a certain number of most
similar customers as references, following which it will use the ratings of the selected
customers on the target item (the unrated item of the target user) to predict the rating of
this item for the target customer. By contrast, the item-based CF method uses the

similarities of items to predict ratings. The major limitations of CF methods are the cold
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start problem for new customers and new items, the sparsity problem (Adomavicius &
Tuzhilin 2005), and the long tail problem (Park & Tuzhilin 2008). These problems
have attracted much attention from researchers. A kernel-mapping recommender has
been proposed (Ghazanfar, Priigel-Bennett & Szedmak 2012), and the recommendation
algorithm performs well in handling these problems. Park et al. (2008) used a clustering

method to solve the long tail problem.

Various machine learning algorithms are used to accomplish the model building
process. The main advantages of using CF recommendation techniques are that they
work for any type of item without the need to extract the features related to items. These
techniques not only suggest similar items to match the customer’s interests and
preferences, they also suggest new items based on the choices of other people who have
the same or similar tastes and interests as the customer. The major limitations of CF
methods include sparsity, scalability and cold-start problems (Adomavicius & Kwon
2012; Adomavicius & Tuzhilin 2005; Schafer et al. 2007). In a user-based CF
algorithm, computing a customer’s neighbourhood is expensive because it is necessary
to perform a comparison with all other customers in real time. The number of customers
and items in existing systems can reach thousands or even millions, and to locate the
potential neighbours of a specific customer, it is to search the entire dataset. Therefore,
the time and memory requirements of user-based CF algorithms grow linearly with the
number of customers and items (i.e. a long computation time is required to find a
neighbourhood). Clearly, this scalability problem needs to be overcome in existing
applications. The cold-start problem refers to the inability of a CF approach to make
useful recommendations for both new customers and new items (Papagelis &
Plexousakis 2005; Schafer et al. 2007). Organisations often develop new
products/services and have new customers at the same time, and in such situations,
there is a lack of ratings based on previous purchases and lack of ratings for new items,
so it is difficult to make good recommendations about such items. The content-based
(CB) methods and collaborative filtering (CF) methods are the most popular techniques

adopted in recommender systems (laquinta et al. 2007).
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2.3.4 KNOWLEDGE-BASED RECOMMENDATION
TECHNIQUES

Knowledge-based (KB) recommendation techniques offer items to users based on
knowledge about both users and items. Usually, KB recommendations retain a
functional knowledge base that describes how a particular item meets a specific user
need, which can be performed based on inferences about the relationship between a
user’s need and a possible recommendation (Burke 2002). Case-based reasoning
technique is the most common example of a KB recommendations technique (Smyth
2007). Knowledge-based recommendation systems can overcome the cold-start problem
because new customers can obtain recommendations based on simple knowledge of
their interests. Recommendations are generated by computing the similarities between
existing cases and the customer’s request, so the customer is not required to rate or

purchase many items to generate good recommendations.

The KB recommendations also can be based on business knowledge (business rules)
and inferences about a customer’s needs and preferences, and because a KB system has
functional knowledge about how a particular item meets a particular customer need, it is
able to reason about the relationship between a need and a potential recommendation
(Burke 2002; Manouselis & Costopoulou 2007). Some KB systems employ case-based
reasoning techniques for recommendation. These types of recommenders solve a new
problem by looking for a similar past solved problem. The KB approach has some
limitations, however; for instance, it needs to retain information about items and
customers, as well as functional knowledge, to make recommendations. It also suffers
from the scalability problem because it requires more time and effort to calculate the
similarities in a large case base than other recommendation techniques (Goossen et al.

2011; Wu et al. ; XiaoYan, HongWu & SongJie 2008).

2.3.5 OTHER RECOMMENDATION TECHNIQUES

The hybrid-based recommendation approach is a combination of two or more of the

aforementioned approaches to emphasize the strengths of these approaches and to
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achieve the peak performance of a recommender system (Adomavicius & Tuzhilin
2005). Burke (2001) proposed a classification of hybrid recommender systems, listing
seven basic hybridization mechanisms for building such systems (Burke 2002).
laquinta et al. (2007) incorporated CB methods into a CF model for calculating
customer similarities, using customer profiles built using machine learning techniques.
Su et al. (2007) built a model using multiple experts including both CB and CF
approaches which adopted different strategies in different situations. All these methods
are largely based on the rating structure. To increase the accuracy and performance of
recommender systems, many researchers have tried non-ratings techniques such as data
mining, machine learning and intelligent agents, according to the circumstances
(Hofmann 2003; Pazzani & Billsus 2007). For example, Su et al. (2007) proposed a
sequential mixture CF (SMCF) which first uses the predictions from a TAN-ELR
(Greiner et al. 2005) content-based predictor to fill in the missing values of the CF
rating matrix to form a pseudo rating matrix, and then predicts customer ratings by
using the Pearson CF algorithm instead of weighted Pearson CF on the pseudo rating
matrix. Su et al. also proposed a Joint Mixture CF (JMCF) which combines the
predictions from three independent experts: Pearson correlation-based CF, a pure TAN-
ELR content-based predictor, and a pure TAN-ELR. The results have been compared
with Pearson correlation-based CF (a kind of memory-based CF), model-based CF
algorithm, content-based predictor, combination of CB and CF (Su et al. 2007).
Rodriguez hybridized a collaborative system and a knowledge-based system to solve
the cold start problem (Rodriguez et al. 2010). It has been proven that the CF
recommendation approach, or its combination with another technique, is the most
successful and widely used approach for recommender systems (Bobadilla, Serradilla
& Bernal 2010; Herlocker et al. 1999; Schafer et al. 2007). The literature particularly
shows that the combination of a user-based CF and an item-based CF may achieve good

performance in a big-user-set and big-item-set environment (Sarwar et al. 2001).

A hybrid recommendation technique may be proposed to gain higher performance and
to avoid the drawbacks of typical recommendation techniques (Burke 2007). The most
common practice in current hybrid recommendation techniques is to combine the CF

approach with other recommendation techniques in an attempt to avoid cold-start,
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sparsity and/or scalability problems (Adomavicius & Tuzhilin 2005; Kim, Li, et al.
2006; Lu 2012; Lu et al. 2010, 2013; Takacs et al. 2009).

One major challenge is that recommendations to customers in selecting the most
suitable products/services are often made with incomplete and uncertain information.
The similarity between items or between customers is naturally with fuzziness.
Furthermore, to make a recommendation to a customer we must have some information
about the customer’s preferences which can essentially be obtained in two different
ways: extensionally or intentionally expressed. The first is based upon the past
experiences of the customers and the second is based on the actions of similar
customers, that is, finding the ‘general neighbourhood’. All experiences and actions
may be described by linguistic terms such as ‘good’, or ‘very good’. Fuzzy set theory
lends itself well to handling fuzziness and uncertain issues in recommendation
problems. Recent research efforts have indicated that fuzzy sets, fuzzy logic and fuzzy
relations are potentially within the domain of recommender systems. For example, Chen
and Duh (2008) developed a personalised intelligent tutoring system based on the
proposed fuzzy item response theory, which is capable of recommending courseware
with suitable difficulty levels for learners according to a learner’s uncertain responses
(Chen & Duh 2008). Cornelis and colleagues (Cornelis et al. 2005; Cornelis et al.
2007) developed a conceptual framework for recommending one-and-only items using
fuzzy logic techniques to overcome the limitations of existing recommendation
techniques in an uncertain information processing and matching environment. Leung,
Chan and Chung (Leung, Chan & Chung 2006) proposed the use of fuzzy association
rules to solve the sharp boundary problem of the CF approach. In more complex
situations, such as telecommunications, telecom products are in a hierarchical structure
and each customer can purchase a package with a set of products. Clearly, earlier
techniques could not deal with complex situations in CRM and thus we need to develop

hierarchical fuzzy measure-based recommendation techniques.

Community-based recommendation technique is another kind of hybrid
recommendation method that has evolved to replace and broaden CF, such

recommendation systems that provide best-seller lists based on the predictions of
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customer preferences that provide community opinions (Chen, Chou & Kauffman
2009; Kamahara et al. 2005). Through community-based recommender systems,
customers with interests in similar products can interact, and their interactions become
trusted information which reduces information asymmetries; they also induce more trust
and foster confidence in their purchasing decisions. Research has found that digitized
word-of-mouth is central to the power of trust and reputation and can be defined as the
main driver of sales, although online review sites also have a secondary influence
(Biancalana et al. 2013). Based on observations of real-world community based
recommender systems, which can be classified them based on the recommended targets:
systems supporting product review; systems for product providers, and systems for
product sellers (Li & Kao 2009; Lu et al. 2010, 2013; Shambour & Lu 2012; Wang et
al. 2013). However, how to identify customer communities (especially in banking and
telecom industries) and how to use such a community’s opinions to improve

recommendation accuracy has not been well studied in the literature.

2.3.6 RECOMMENDER SYSTEM APPLICATION

Recommender systems are the most successful implementation of web personalisation
and can be defined as personalised information filtering technology that is used to
automatically predict and identify a set of interesting items on behalf of customers
according to their personal preferences (Bobadilla, Serradilla & Bernal 2010; Piao,
Zhao & Zheng 2009). Recommender systems use the concept of rating to measure
customers’ preferences and a range of filtering techniques, and can be classified in

multiple ways according to the nature of the input information.

Web personalisation can be defined as the ability to provide tailored products and
services, or information relating to products or services, to individuals based on their
preferences and behaviours (Gao, Liu & Wu 2010). In recent years, significant steps
have been taken towards providing personalised services for a wide variety of web-
based applications in e-commerce, e-business, e-learning and e-government (Gao, Liu
& Wu 2010; Guo et al. 2013; Lu 2012; Lu, Ruan & Zhang 2006; Lu et al. 2010, 2013;
Piao, Zhao & Zheng 2009; Porcel, Lopez-Herrera & Herrera-Viedma 2009; Shambour
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& Lu 2011; Shi, Ye & Gong 2008; Wei, Huang & Fu 2007; XiaoYan, HongWu &
SongJie 2008). Successful applications using recommendation techniques have
involved various product and service areas such as recommending news, movies, books,

videos, exhibitions, and business partners (Alonso et al. 2012; Untema et al. 2010).

There are three main types of web personalisation application: personalised search,
adaptive website, and recommender systems (Guo & Lu 2007; Lu et al. 2010;
Schubert, Uwe & Risch 2006). Personalised search seeks to tailor the search results
according to each customer’s personal needs. The literature suggests that it is a
personalised mapping framework that automatically maps a set of known customer
interests onto a group of categories in the open directory project, which categorises and
personalises search results according to a web customer’s interests. Adaptive website,
also known as website customisation, offers customers the ability to build their own
web interface by selecting from channels of information; in so doing, it modifies the
content and structure of websites according to individual customers’ preferences. The
literature also reports a number of website customisation models that personalise the
site's contents and structure according to a particular web customer’s needs by learning
from the customer’s interests, which are identified and described through the
customer’s website navigation records. A recommender system, as a personalised
information filtering technology, uses explicit and implicit information to either predict
whether a particular customer will like a particular item, or to identify a set of items that

will be of interest to a particular customer (Manouselis & Costopoulou 2007).

2.3.7Fuzzy SET TECHNIQUES IN RECOMMENDER
SYSTEMS

In many studies, item ratings are specified on a scale of values; for example, on a scale
of 1 to 5, where 1 indicates the lowest preference and 5 indicates the highest preference
for an item by a specific customer. Some researchers have also introduced other
preference models in specific application fields (Benferhat et al. 2006). In practical
situations, customers like to express their preferences in linguistic terms, such as ‘very
interested’, or ‘not interested’ for the features of a mobile product/service. Therefore,
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recommendations to online customers are often generated on the basis of uncertain or
vague information (Herrera-Viedma & Porcel 2009). The similarities between items or
between customers are naturally fuzzy, which attracts many researchers to apply fuzzy
set theory, fuzzy logic and fuzzy relations to recommender systems in an attempt to
achieve more accurate and effective recommendations. For example, Cao and Li (Cao
& Li 2007) proposed a fuzzy-based recommender system for the consumer electronics
area to retrieve optimal products. Porcel et al. (2009) developed a fuzzy linguistic-based
recommender system based on both content-based filtering and fuzzy linguistic
modelling techniques. However, there has been no report on the implementation of a
recommender system for the complex situations in banking or telecom
products/services recommendation. Telecom businesses, for example, offer hundreds of
different mobile products and services such as handsets, mobile plans and broadband to
customers and are constantly exploring new products that will support customers in
their selection and purchase of products and services on the Internet. Telecom products
are always linked with services, referred to hereafter as ‘products/services’, and have

very complex structures and a huge number of choices.

Recommender systems are designed to resolve this problem by automatically making
helpful recommendations about various products and services to customers (Ricci &
Shapira 2011). Such systems can make recommendations according to customer
profiles or preferences, or they can rely on the choices of other people who could be
useful referees. The advantage of recommender systems is that they suggest the right
items (products or services) to particular customers (suppliers, salespeople, etc.) based
on their explicit and implicit preferences by applying information filtering technologies

(Manouselis & Costopoulou 2007) (Lu et al. 2010; Untema et al. 2010).
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CHAPTER 3

PRELIMINARIES

3.1 STATISTICAL METHODS

This section reviews a set of related statistical methods employed in this study,

including logistic regression, survival analysis and factor analysis.

3.1.1 BOOSTING

Boosting refers to a general and provably effective method that attempts to ‘boost’ the
accuracy of any given learning algorithm (Freund and Schapire 1999). Although
boosting is not algorithmically constrained, most boosting algorithms involve iteratively
learning and adding weak classifiers to come up with a final strong classifier. Each
added weak classifier is usually weighted according to its accuracy, and trained with re-

weighted training data.

One of the earliest and best-known boosting algorithms is AdaBoost (Freund and

Schapire 1999). The AdaBoost algorithm takes a training set S = {(xl., Vi )} as inputs,
where i={1,2,....,N}, x, =(x,,x,,...,x, )€ X and Y, eYz{—l,—i-l} , which works by

repeatedly training a base classifier based on a weighted training set, and synthesising
these trained classifiers. Initially, all training samples are weighted equally, but the
weights of incorrectly classified samples are increased for the next round, so that the
base classifier is forced to focus on examples with higher weights in the training set.
The pseudo-code for AdaBoost is given in the following process. As this algorithm uses

a discrete base classifier (hypothesis) /: X — {~1,+1}, the algorithm is also called

Discrete AdaBoost in later literature. The algorithm is defined as follows;
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Algorithm 3-1:

(1). Initialize the weight of sample s,, D,(i)=1/N.

(2). For t=1,....T":
Train a base classifier 4 : X —{-1.+1}, using weighted training set D,
Compute the estimated error of #,, & =Pr,_, [h, (x)= yj]

Choose @, = %h{l = S’J

&

\ D) fe i hlx)=,
Set Dm(l)_ X{e@ if h,'(x-")iyi

_B (i )exp(— a,v.h, (x,. ))
Z,

t

where Z, is a normalize factor, so that Z;D L)=1

;
(3). Output the classifier H(x)= .s-ign{Za,h,(x)}
=1

Boosting has been studied in a more generalized framework (Schapire & Singer 1999).

Schapire and Singer proposed using a base classifier f : X —R to replace the discrete
classifier %(x), where | f (x] represents the confidence of its prediction. They also

improved the choice of &, by Equation 1. When W° =0, the choice of o will be

1

th+ +- VKO
identical to Discrete AdaBoost, as the latter can be reformed as &, =—In 2
IR R
W+ W,
2
according to their generalized framework.
1. (W
a, =—In —- (3.1)
2\,

where W = D, (i), b € {~.0,+}.
ity f, (x; )=b
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From a statistical point of view, (Friedman, Hastie & Tibshirani 2000) proposed the
Gentle AdaBoost algorithm that fits additive logistic regression. Using Newton stepping

2F(x)
to minimize the criterion E le’y g (x)lwhere p(x)= 15070 the Gentle AdaBoost does
e

not require the computation of the log ratios which may lead to very large updates.
Thus, Gentle AdaBoost is believed to be more reliable and stable. The detail of Gentle

AdaBoost is given in the following process.

Algorithm 3-2:

(1). Initialize the weight of sample s,, D,(i)=1/N, F(x)=0.
(2). For t=1,....T":
a) Fit the function f(x), using weighted least-squares regression
of y,tox, with weight D,(i)

b) Set F(x)=F(x)+ f(x)

_ D (i)exp(=.£,(x,)
c) Set D, (i)= pZ )

4

where Z, is a normalize factor, so that Z,- D, (i)=1

(3). Output F(x)= Z:_lf, (x).

Boosting algorithms are intentionally omitted for classification with multiple classes. In
this study, there are only two classes in the case studies, churner or non-churner. For a
comprehensive review of boosting algorithms, refer to (Chatrchyan et al. 2012;

Friedman, Hastie & Tibshirani 2000).

3.1.2LOGISTIC REGRESSION

Logistic Regression (Anderson 1982; Collins, Schapire & Singer 2002) is a simple, but
effective analytic method that is used to describe and test hypotheses about
relationships between a categorical variable and one or more categorical, or continuous

variables. Given a sample set S={(x,»,), where i={.2,...N}, and
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X; =(x1,x2,...,xn)eX , to evaluate the relationship between a set of independent
variables (inputs) x; € R" and a corresponding target label y € ¥ = {~1,+1}, the logistic

regression estimates the probability of P(y =1|x,)= p by

1

ﬁ = n
1+ exp(— Z,Bl.xl.) (3.2)

A

where > Bix, =Py + fix, + -+ fox, = ]n[l Pﬁj =logit(p) 18 called the regression
i=0

equation, with intercept 3,, and regression coefficients f,,i = {1,2,...,n}. (Hosmer &
Lemeshow 2004)

In its application, the maximum likelihood estimation is used to maximize the

likelihood of the regression coefficients given a set of observations (samples).

3.1.3SURVIVAL ANALYSIS

Survival Analysis is a statistical method that incorporates time-varying covariates and
accounts  for the  sequential nature of the data (Cox  1972).
An example is in the modelling of an occurrence and the timing of events, as in
customer churn. Assume the churn time 7" for a particular mobile customer is a random

variable with a cumulative distribution function, F(¢), which is also known as the
failure function, and probability density function, f()., the survivor function S(¢) is
defined as

Pr(T >1)=1-F(t)=S(¢) (3.3)

where ¢ is the elapsed time since censoring of each customer at time 0

The hazard rate h(t), 1s defined as:

N—"

h(t)= 1 _f g()z) = % (3.4)

As f(t) is the slope of F/(r):
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B L Prt<T<t+A)
1= o At

(3.5)

Thus, for tiny A, h(¢)Ar is akin to the probability of a customer churning at exactly the

time of ¢, conditional on survival up to time ¢.

3.1.4FACTOR ANALYSIS

Factor Analysis is a statistical method used to analyse the inter-relationships between
numbers of observed, correlated variables of interest and explain those variables in
terms of a potentially lower number of unobserved, uncorrelated factors (Brown 2010;

Fabrigar et al. 1999). In factor analysis, we assume that a set of p random variables
X:[x,,xz,...,xp]T, with means ,uz[,ul,,uz,...,,up]T, can be expressed as a linear
combination of a set of independent, uncorrelated common factors F=[r F,,...F,|",
X-u=LF+¢ (3.6)
where L, is the loading matrix, and 82[6‘1,6‘2,...,€p ]T is a set of independently

specific factors.

If there are n observations, then it will have the dimensions X, and F,_ . Each

column of X and F denote values for one particular observation, and the loading

matrix L does not vary across observations.

In Factor Analysis, the following assumptions are usually imposed: 1) The specific

factors &, are independently distributed with zero mean and finite variance, so that
E(g;)=0, Vare,)=o}?; 2) The unobservable factors F, are independent of one

another and of the specific factors, so that E(E ) =0, Cov(F ) =1.
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3.2 FUzzY TECHNIQUES PRELIMINARIES

3.2.1 Fuzzy SETS

Fuzzy sets were introduced by Zadeh (1965) as an extension of the classical notion of
set to manipulate ambiguous, uncertain and imprecise values in real life. A conventional
set is dichotomous, while a fuzzy set is characterized by a membership function, which
assigns a grade of membership ranging from 0 to 1 to each object. A mathematical

definition of a fuzzy set is given as follows:

Definition 3.1 (Fuzzy set): Let X be a universal set, then a fuzzy set A of X is defined

by its membership function.

py: X >[01], x5 p5(x)€[0,1] 3.7)

The value of 1 (x) represents the grade of membership of x in X and is interpreted as
the degree to which x belongs to A4; therefore, the closer the value of (x) is to 1, the

more it belongs to A.

A crisp, or ordinary set A of X can also be viewed as a fuzzy set in X with a

membership function as its characteristic function, i.e.,

1 xed
ualx) =y (3.8)

A fuzzy set A can be characterized as a set of ordered pairs of elements x and grade

s (x) and is noted by

A= {(x,,uz(x))|xeX} (3.9)

where each pair (x, M+ (x))is called a singleton.
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When X is a countable or finite set, a fuzzy set A4 onXis expressed as

A=Y ulx,) x, (3.10)

x;eX

When X is a finite set whose elements are x,,x,,...x,, a fuzzy set A4 on X is

>V

expressed as

A= {ey g () Gt (e s G, 0 (v, )} (3.11)

When X is an infinite and uncountable set, a fuzzy set A onXis expressed as

A= [ ul)« (3.12)
X

These expressions mean that the grade of x is z£4 (x) and the operations ‘X,” and <[> do

not refer to ordinary addition and integral, but are a union, and ‘/> does not indicate an

ordinary division, but is merely a marker.

To describe the proposed approach used in Chapters 7 and 8, based on Zadeh (1965),
basic notions of fuzzy sets, fuzzy numbers, positive and negative fuzzy numbers, and
linguistic variables are described as follows, and a related theorem is given (Zhang and
Lu 2003). These notions are used in a linguistic term similarity calculation in the

proposed recommendation approach in Chapter 7 and 8.

Definition 3.2 A fuzzy set A in a universe of discourse X is characterized by a
membership function pz(x) which associates with each element x in X a real number in
the interval [0, 1]. The function value pz(x) is termed the grade of membership of x in

A. A fuzzy number @ is a fuzzy set, which is defined in a set of all real numbers R.
Definition 3.3 The A-cut of fuzzy number @ is defined

dy ={x:pg(x) =21, x €R} (3.13)
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where @, is a nonempty bounded closed interval contained in X and can be denoted by
d, = [a],a;], aj and aj are the lower and upper bounds of the closed interval,

respectively.

Definition 3.4 A triangular fuzzy number @ can be defined by a triplet (ag, a, ag) and

the membership function p;(x) is defined as:

( 0,x <aqy
xX—a, _
—,0y <x<a

Ha(x) =4 + (3.14)

,a<x<ag

+ _
ai —a
\ 0,af <x

From Definition 3, we can deduce that a = a7 = af.

Definition 3.5 If 3 is a fuzzy number and a; > O for any A € [0,1], then 3 is called a

positive fuzzy number. Let F1 (R) be the set of all finite positive fuzzy numbers on R.

Definition 3.6 For any d,b € F;(R)and 0 < a € R,

d+ b =Ujepoq Aag + by, a} + bf] (3.15)
ad =U,e[oq) Alaay, aaj] (3.16)
ax b =Uyepon) Alag x by, af x by] (3.17)

Definition 3.7 Let @ and b be two fuzzy numbers, then @ = b if aj = by and af =

bj forany A € [0,1].

Definition 3.8 A linguistic variable is a variable whose values are words or sentences in
a natural or artificial language. A linguistic variable is characterized by a quintuple
(x, T(x),U,G, M) in which y is the name of the variable; T(y) is the term-set of y,
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that is, the collection of its linguistic values; U is a universe of discourse; G is a
syntactic rule which generates the terms in T(y); and M is a semantic rule which
associates with each linguistic value X its meaning, M(X), where M(X) denotes a

fuzzy subset of U Zadeh (1975).

Definition 3.9 Let d,b € F;(R) then the vertex method is defined to calculate the

distance between them as

d(a,b) = \/g [(ag — b3)? + (a—b)? + (af — bF)?] (3.18)

Definition 3.10 Let d,b € F*(R) then fuzzy number d is closer to fuzzy number b as

d(d,b) approaches 0.

In general, fuzzy numbers are applied to deal with sets of linguistic terms; for instance,
a set of five linguistic terms {Strongly Interested (SI), More Interested (MI), Interested
(D), Less Interested (LI), Not Interested (NI)} is used to describe the customer ratings.
Essentially, any form of fuzzy numbers, called general fuzzy numbers, can be used to
describe these linguistic terms. The fuzzy numbers related to these linguistic terms are

shown in Table 3-1. Their membership functions are illustrated in Figure 3-1.

Table 3-1 Linguistic Terms and Related Fuzzy Numbers

Linguistic Terms Triangular Fuzzy Numbers
Strongly Interested (SI) (4,5,5)

More Interested (MI) (3.4.5)

Interested (IN) (2,3.4)

Less Interested (LI) (1,2,3)

Not Interested (NI) (1,1,2)

N/A -
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Figure 3-1 Fuzzy Sets and Membership Functions for Table 3-1
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CHAPTER 4

A PERSONALISED
ANALYTICAL ELECTRONIC
CUSTOMER RELATIONSHIP
MANAGEMENT

FRAMEWORK

4.1 OVERVIEW

In Chapter 2, a review of the literature has proven that analytical e€CRM is particularly
useful in measuring customer profitability and value, which can be developed on an
historic, potential or lifetime basis. This is an important part of customer marketing
analytics, because the purpose of marketing investments is to increase customer value
over time, and one of the ways to analyse the effectiveness of marketing is by
understanding what impact it has had on customer value. Further, organisations can use

it to drive their customer retention and acquisition strategies.

In this chapter, a personalised analytical e€CRM framework is proposed to enable the
application of data mining, statistical modelling and recommendation techniques to

eCRM operations, to allow predictive analytics to play a critical role in pinpointing the
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drivers of short-term and long-term customer value, and to establish how best to
increase this customer value in such a way that the offer best suited to the customer is
the one recommended. A customer segmentation approach is also developed that
combines classification techniques and fuzzy set techniques to populate the values of
missing variables to an internal database. As segmentation is the very first step in
understanding the drivers of customer value, all kind of marketing programs might be
deployable against different types of customer segments. Segmentation also can result
in a major overhaul of product pricing, sales incentive structures and call centre scripts

which, in turn, lead to significant savings and increases in profitability.

The remainder of this chapter is organised as follows. Section 4.2 describes the
proposed analytical eCRM framework. Section 4.3 outlines the main steps of the
Hybrid Migrating Customer Segmentation (HMCS) method, and Section 4.4 illustrates
an application of the HMCS method in a telecom customer segmentation under the
proposed analytical eCRM framework. Section 4.5 summarises the work presented in

this chapter.

4.2 A PERSONALISED ANALYTICAL ECRM

In this section, a personalised analytical Electronic Customer Relationship Management
(eCRM) framework is proposed for the purpose of applying predictive modelling and
recommendation techniques to operational e€CRM. This proposed framework can make
offers or recommendations according to customer profiles, propensity and preferences.
Apart from likelihood of offer acceptance (the propensity), it can also draw on the
choices of other people as useful referees. The advantage of this framework is that it
will suggest the right products or services to particular customers based on their explicit
and implicit preferences, and at same time, the offer communication will be based on

the likelihood of customer acceptance.

The four main components to take into account in the design of the personalised

analytical e€CRM framework are:
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e Define which customers, called ‘prospects’, are in the target market,
differentiating the types of customer based on behavioural and demographic
characteristics through data mining classification and clustering analysis. This

process is part of customer acquisition.

e Identify the responders from marketing campaigns, sales offers and ratings to
determine which customers are interested in a product/service by using predictive
modelling and profiling. This activity is defined as part of customer marketing.

e Understand the buying patterns of existing customers via sequential/association
analysis, propensity modelling and customer rating, which will add great value to
customer development.

e Prevent customer churn by defining triggers, through survival analysis and

propensity modelling. This aims to achieve customer retention goals.

These four dimensions can be defined as a closed loop of a customer lifecycle
management system. They work together to create a deep understanding of customers

which will maximise customer value in the long term.

The proposed framework of the personalised analytical eCRM is shown in Figure 4-1. It
has four main areas: existing customer data warehouse, integrated analytical eCRM

system, personalised recommendation engine and interfaces.

(1) The customer data warechouse contains all the information about products and

services, customer profiles, behaviours and transaction information.

(2) The integrated analytical eCRM system is the combination of marketing, sales, and
customer support, which, in conjunction with data mining techniques, supports the
functions of marketing campaign automation, sales-force automation, customer service

and data capture. Figure 4-1 shows that this area consists of four functionalities;

e Marketing function; this function identifies targeted customer e-marketing
driven by analytics, including customer segmentation and propensity

modelling, in preparation for the targeted marketing campaigns.
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e Support function; this function mainly executes all targeted customer
marketing campaigns by using e-marketing channels, and captures all
information from all customer interaction points.

e Sales function; this function fulfils sales orders, and by understanding the
responders from marketing campaigns, suggests sales offers and ratings that
will enhance the selling system, using predictive modelling techniques.

e Content management function; this function is the set of processes and
technologies for collecting, managing, and publishing information in any
form or medium; for example, digital content may take the form of text
(such as electronic documents), or multimedia files (such as audio or video
files).

These four functions work together as an integrated analytical eCRM system.

(3) The recommender system generates recommendations by combining predictive
modelling and recommendation techniques. There are two main functions in the

recommendation engine, as shown in Figure 4-1.

e Predictive analytics solutions: this function combines all the inputs from
data mining classification and clustering analysis, predictive modelling and
profiling, also survival analysis or risk analysis, to generate the analytics

solutions to fit into the web recommendation engine.

e Web recommendation engine: this function applies recommendation
techniques based on customer preference profiles, in conjunction with
predictive analytics solutions, to generate the most relevant personalised

recommendation to customers.

(4) Interfaces are the web connections that access customers’ requests, product
holdings, existing customer information, and the interface that captures the feedback
information from all customer touch points. In Figure 4-1, two main interfaces are
shown. The existing user (customer) web interface allows existing customers to access
their personal information to self-manage their account and also to search relevant
information for their purchase. During this search process, the recommendation engine

will generate personalised recommendations to customers. The other interface shown is
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the new user (customer) web interface, which enables a new customer (or prospective
customer) to access the organisation’s product/service information to search for
purchases. The search process purposely guides customers to use their own information
match to existing customers’ profiles and preferences, and the recommendation engine

will generate personalised recommendations to these new customers.

Recommender System

Predictive modelling
/profiling

Existing User

Customer profile gl

S -
Online Web
Recommendation

Sequential/Association
analysis

wv
o]
@
3
o
=1
2
i
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Survival analysis

Predictive analytics solutions

Web recommendation engine

fulfillment

= o
M )
Ad M S
. Campaign Mgmt/ .
[ e | moaign Mo Marketing
Email routing/ : .

’ Channel Mgmt ‘ ’ Customer interaction ‘ Support
’ Shopping/Order ‘ ’ Selling System ‘ Sales Existing Customer

Data Warehouse

Content Management

Electronic Customer-Relationship Management System

Figure 4-1 Proposed Personalised Analytical e€CRM Framework

As mentioned in points (2) and (3) above, customer segmentation aims to understand
customer characteristics by allocating customers to different marketing target groups,
which is the starting point for understanding customer profiles. Conventional
segmentation practices commence with the organisation’s internal customer database,
which is a very efficient way to understand the profiles of existing customers. However,
it is also necessary to understand the prospects’ profiles: how different or similar are
they to the profiles of existing customers? This kind of segmentation can be achieved
by combining internal and external data sources. Based on this sophisticated
understanding, marketing teams can start to design targeted campaigns, then based on
responders from campaigns, sales offers and customer ratings, statistical predictive
modelling can be used to predict the likelihood of customers being interested in or

taking up a product/service. Finally, predictive modelling can also be effectively
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applied in customer churn or attrition risk management, which plays very important role

in customer retention.

The following section proposes a hybrid customer segmentation approach to tackle the
challenge of customer segmentation by combining internal and external data sources,
and in particular, migrating customer segmentation results from external data to the

internal database.

4.3 A HYBRID CUSTOMER SEGMENTATION
MODEL

Customer segmentation is very significant and effective way to understand customer
information. Customer segmentation can be conducted on an organisation’s internal and
external data sources. Internal data sources are very valuable for customer profiles and
behaviour patterns; however, there are still some important variables not available for
effective customer segmentation. For instance, a telecom organisation can hold internal
information about their mobile customers’ contracts and billing history, as well as
details of the handset models in its enterprise database, but it cannot practically store
information about a customer's professional background, marital status and business
relationship which contribute more information for better customer segmentation.
Hence, an organisation often needs to collect customer-related information from
external data sources for segmentation and migration to its internal data sources.
Customer-related variables in external data sources seldom matching those in internal
data, however, and it is challenging to apply segmentation results obtained on external
data sources to an internal database. Therefore, it is necessary to find a practical
solution to the problem of migrating segmentation results on external data sources to an

internal database.

Internal customer data is often objective information such as a customer's contract
terms, billing history, and spend amount; a customer's subjective expectations or

preference changes would not normally be found in the database. To obtain customers;
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subjective expectations and preferences, customer surveys are widely used, and
customer segmentation is often conducted based on the survey data. If participants in a
customer survey could be identified in the internal customer database, it would be easier
to migrate customer segmentation results from survey data into the internal customer
database. However, this is prohibited by privacy law or privacy policy in most cases;
hence, a direct link between external and internal data sources could be problematic.
Furthermore, even if such a link exists, the inconsistent variables between two data
sources needs to be solved for migration to take place. In fact, the variables of customer
segmentation based on survey data are not necessary every variable can be found in the
internal database. Because of these challenges, the migration of customer segmentation

often fails in real applications.

In the following sections, a five-step Hybrid Migrating Customer Segmentation
(HMCS) method is explored, with the aim of migrating the customer segmentation
result from the external data to the internal database. The model combines classification
techniques and fuzzy set techniques to populate the values of missing variables to the
internal database, and then implements the customer segmentation result defined by the
external data source into the internal database. The developed model is applied to a real

world customer segmentation problem.

4.3.1 PROBLEM DESCRIPTION AND FORMALISATION

In this section, the Migrating Customer Segmentation problem is described and

formalised based on a case study.

A telecom organisation aims to develop several new products to retain existing
customers and attract potential customers, especially business customers. An initial
analysis has found that the industrial sector background, number of employees, and
owner's preference will impact the customer's choice of a certain product or service.
Hence, it is necessary to segment the customer base into several groups and develop
corresponding products and services for each group. For various historical, legal or

technical reasons, there is a lack of important demographic, behavioural and preference
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data in the internal database. A number of randomly selected customers have therefore
been surveyed and customer segmentation based on the collected survey data has been
conducted. The developed and defined customer segments need to be assigned to the
customer base, but the survey data cannot be fully matched to the internal customer
behaviour database because there is no link to certain customer-related indicators which
are used in the segmentation model. It is difficult to assign the segments to the customer
database directly and it is necessary to find a way to apply the results effectively. This is
called a Migrating Customer Segmentation (MCS) problem. The MCS problem does
not only exist in telecoms but also in many other industrial sectors, such as finance and

insurance. A definition of the MCS problem is given below.

Definition 4.1: Suppose C is an enterprise's internal dataset, which contains customer-
related records. Each customer-related record is depicted through m
variables ay,...,a,,. Let S be another dataset, the customer survey data in the above
example, obtained externally from the enterprise. Within S, K customer segments are
defined through n variables x4,..,x, and labelled as Gq,--,Gg , ie., G =
9i(x1,+,x,) forany k =1,.., K. The MCS problem needs to address the question
of how to migrate Gq,:+,Gy from S to C under the constraint that {a,,-::,a;,} N

{x1, >, x,} # 0 and {aq, -, am} # {x1, -, X}

An MCS problem can be formalised in a more generalised form;

Definition 4.2: Let S and T be the source and target datasets, respectively. Elements of
S and T are represented by variable sets X and A, respectively; and X # 4 and X N
A+ @. Let G be a label set with K labels Gy,-:+,Gg, which represents knowledge
learnt from S. A mapping g is defined on S such that for any s € S, g(s) € G. An MCS
problem is how to define a mapping f on T such that forany t € T, f(t) € G.
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4.3.2A FIVvE-STEP HYBRID MIGRATING CUSTOMER
SEGMENTATION METHOD

In this section, a Hybrid Migrating Customer Segmentation (HMCS) method is
presented to solve the MCS problem. This model contains five steps as described

below. Figure 4-2 gives its main steps.

X1 Xn—r fn-r+1 - Xn

step 1: mapping consistent
variabhles

G = {Gy,, Gk} Am -~ Q| @Gy - I

step 3: rebuilding

Xyt Xp iXnpopi e Xpod hy e hr] Am—r ... a;

step 2: recreating missing attributes

Figure 4-2 Main steps of the HMCS Method

Table 4-1 Outline of the HMCS Method

Outline of the HMCS method

Step 1: Mapping consistent variables between source and target datasets
Step 2: Recreating missing variables and populating their values

Step 3: Rebuilding segmentation model on source dataset

Step 4: Applying segmentation model to target dataset

Step 5: Evaluating segmentation model

Step 1: Mapping consistent variables between source and target datasets.

Let variable x in the source dataset be consistent with variable a in the target dataset if
both x and a refer to the same feature of a customer and may have different value
forms. For instance, ‘month spending’ is a variable used in most telecom customer

surveys and is often given in the form of a number of spending ranges (intervals of
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spending amounts). In a telecom company's customer database, a customer's ‘monthly
billing amount’ records the real spend of the customer and is often recorded as a real
number. Although they are expressed in different forms in the source and target
database, these two variables describe the same thing, i.e., a customer's spend on a
telecom service in approximately a month. Hence, ‘month spending’ (from a source
dataset) is consistent with ‘monthly billing amount’ (in a target dataset). In the

following sections, two consistent variables are matched to each other.

Below, the same symbol has been used to replace the consistent variables between
X and A ; and rewrite X and A as: X ={xq, .., xXp_p, Nq,...,. N} , A=
{hy, ... hy,am_r, ..., am}. Let H = {hq,--+, h,.}, where h, is a matching variable and H

is called the matching variable set.

Each matching variable indicates a common customer feature in both the source and

target datasets. For each h,, a mapping m,. is build, such that:
(1) If h, has categorical values in both source and target datasets.

m, (Vs(h,)) € Vi (hy) (4.1)
where Vs(h,.), Vy(h,) are the values of h,. occurs in S and T, respectively.

(2) If h, has categorical values in source dataset but continuous values in target dataset.

m,(Vrn,y) € Vs(hy) (4.2)
By this step, the matching variables are aligned.

Step 2: Recreating missing variables on the source dataset and populating the values

of missing variables to the target dataset.

A missing variable in the target dataset is a variable which only exists in the source

dataset and does not have a consistent (matching) variable in the target dataset. A
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typical example is a customer’s ‘gender’. Gender is a common variable used in many
customer-oriented survey datasets, but it is seldom a variable stored in an enterprise's

database.

Because a missing variable does not exist in the target dataset but is used in the
segmentation mappingg, this step tries to build a mock variable for the target dataset.
Consider the matching variable set H which is shared between the source and target
datasets, H is used to generate the missing variable. Without loss of generality, suppose
the number of n — v — p missing variables x,_,_51, ..., X5 can be generated from H.

For each xj,j=n—-r—-p+1,---,n—7, a subset ij of the source dataset with

variables H U x; is obtained where H can be seen as condition variables and x; can be
seen as decision variable (class/category variable). Therefore, a classification
algorithm L;, such as decision tree or support vector machine (Yang et al. 2011) can be
implemented to learn x; from H, which can be then used on the target dataset to

populate the values of missing variables Xy, _p41, o) Xn—r.

Since the fact that not all missing variables can be generated by H, another method is
also used to generate missing variables. Missing variables xq, ..., x,, which are not
generated from H, will be populated into the target dataset based on the nature of their
values. If a variable x focuses on a customer’s objective feature, such as geographical
location, then its value is populated following the probability distribution of those
values. If a variable y focuses on a customer’s subjective features, such as ‘how likely a
customer will select a competitor’s service’, fuzzy set and fuzzy logic technique will be
used (Zhang & Lu 2003) to summarize its values, define a fuzzy set, and populate the

fuzzy memberships of those values. To explain this method, an example is given below.

Example. Suppose a missing variable x in a telecom’s customer survey is ‘previous
service provider’ with values ‘company A’, ‘company B’, ‘company C’, and ‘company
D’. All four values will be populated into the target dataset following their frequency
distribution (probability). Suppose another missing variable y in the same survey is
‘how likely you will select another service provider?’ and with five values ‘Definitely’,
‘Very likely’, ‘More likely’, ‘Unlikely’ and ‘Definitely not’. Then a fuzzy set F will be
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defined on these five values as ‘degree of likely to leave’; the fuzzy membership degree
of each value is calculated, then the fuzzy membership degrees can be populated into

the target dataset.

Considering that a fuzzy set is not uniquely determined, a small disturbance can be

added belong to a fuzzy membership degree when populating it to the target dataset.

In Step 2, the variables missed in the target dataset have been artificially generated.
After this step, the target dataset T contains all the variables in the source dataset S
except that previously missed variables take artificial values. Before using the original
and generated variables to implement customer segmentation, a model rebuilding

(retraining) procedure on the source dataset is needed; this is the main task in Step 3.
Step 3: Rebuilding segmentation model on source dataset.

In this step, a model retraining is implemented by using artificial data for some

variables and a classification algorithm, which is conducted on the source dataset.

Notice that in Figure 4-2, variables x,,_,_p41,°, Xn— Can be learned by variables

hy, -+, h,, and replaced by

xj = Lij(hy,-,h), j=n—r—p+1,.,n—r. (4.3)

Variables x;, ..., Xp, are reassigned artificially and their generated values are based on

either probability distribution or the fuzzy membership degree following the method

given in Step 2. For these variables, y;, -+, ¥, are used to replace them. As the customer

segmentation has been conducted and the segmentation result is known, variable z is

used to record the segmentation result.

Based on the above preparation, a classification model g* is built where variables
hy, -+, Ay, Y1, yp are condition variables and the variable z is the decision variable,

1e.,
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g*(hlr"':hrryl""ryp) = 7. (44)

Note that the model is completely built on variables which now exist in the target

dataset; model g* is therefore applied to the target dataset.
Step 4: Applying the segmentation model on the target dataset.

In this step, the model g~ is applied to the target dataset after populating values to the
artificially generated variables. Because the target dataset does not contain the
artificially generated variables and cannot provide any information about them, a value
pool for each of those variables is first generated based on the variable's probability
distribution in the source dataset. A value is then randomly picked from the generated
value pool for each record in the target dataset to build an applicable record as the input

of model g*. Formally, the data population procedure is shown in Figure 4-3.

(hy, o, Ry X, 0, Xp)

}

Build value pool for each

X1, Xp based on their variables
in the source dataset

Select value for yy, -+, ¥, from

value pool and assign to records
in dataset

(R, he Y1, p)

Figure 4-3 Data Population from Source Dataset to Target Dataset
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Step 5: Evaluating segmentation results.

The evaluation is conducted on the source dataset and is also conducted manually on a
sample from the target dataset. On the source dataset, cross validation is adopted. On
the target dataset, a sample set is randomly selected and evaluated by the domain
experts, focusing mainly on the approximate distribution of the segmentation result

rather than the individual record.

4.4 EXPERIMENT AND ANALYSIS

The HMCS model presented in Section 4.3.2 has been implemented using MySQL
database and KNIME (the Konstanz Information Miner, www.knime.org) tool on a Dell
Latitude D6500 laptop with 3GB RAM running Fedora 16 Linux system. In this

section, the experiment result is briefly introduced and analysed.

4.4.1 EXPERIMENT DATA

The experiment data employed a company’s customer survey. The customer details
have been delimited and this sample is only used for research purposes. The survey
contains 42 customer-related questions and covers a total of 2000 customers. Of the
2000 customers, 1542 customers currently contact with the telecom company and 1519
customers have answered all relevant survey questions. Hence, all 1519 have been
selected as valid records and form the source dataset. The target datasets are three
samples from the customer database with 102555 (target-1), 109743 (target-2), and
103013 (target-3) customer records, respectively; also the customer details have been

delimited.
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4.4.2 INITIAL CUSTOMER SEGMENTATION RESULT

A customer segmentation has been developed based on the 1519 record of survey data.
The total of 1519 customers has been segmented into five groups which are labelled
‘segment-1°, ‘segment-2°, ‘segment-3°, ‘segment-4’, and ‘segment-5’, respectively.

Table 4-2 shows the record numbers of all five groups.

Table 4-2 Record Distribution over Five Segments in Source Dataset

Group Label segment-1 | segment-2 segment-3 segment-4 segment-5
Record 432 533 247 158 149
Number

Percentage (%) | 28.4 35.1 16.3 10.4 9.8

The segmentation result is built upon five variables (denoted by X, X, X3, X4, X5)
extracted from five questions from a total of 42 surveys. Of the five variables, three
(x3,x4,x5) have objective measurements and the other two (x;,x,) are subjective
opinions. Of the three objective variables, two (x4, x5) have counterparts in the target
dataset. Furthermore, statistical analysis of correlation indicates that variables xq, x,, x3
cannot be estimated or learned from variables (x4, x5); therefore, a value pool for each
of them needs to be generated to populate their values into the target dataset as well as

the source dataset, as shown in Step 2 and Step 3.

4.4.3 RESULTS AND ANALYSIS

To evaluate the presented model, three experiments are conducted. The first
experiment, Experiment 1, compares the model's segmentation result with the original
segmentation result on the survey dataset through each segment's distribution. The
second experiment (Experiment 2) compares the model's segmentation result on the
same target dataset (target-1) with different value pools in populating values of missing
variables. The third experiment, Experiment 3, compares the model's segmentation

results on three sample target datasets.
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The result of Experiment 1 is shown in Figure 4-4, which x-axis represents percentage
of population proportion and y-axis represents segments The result indicates that the
first three segments in both the original and the model segmentation occupy the
majority of the 1519 records and have similar distributions, particularly the first two
segments. Although as a whole, segment-4 and segment-5 in both segmentations
occupy almost the same percentages of the total dataset, their distribution in the two
segmentations are significantly different. By checking the segmentation result
individually, it is noted that about 50-60% records are segmented to the same segment

by both models.

0.4
0.35
0.3

0.25
02 m survey (%)
0.15 = model (%)
0.1
0.05 I_
0

segment-1 segment-2 segment-3 segment-4 segment-5

Figure 4-4 Result of Experiment 1

The result of 2 is shown in Figure 4-5. Same as in Figure 4-4, x-axis represents
percentage of population proportion and y-axis represents segments The result indicates
that the model has produced similar segmentation results by using different value pools
in populating missing values to the target dataset. However, it still shows a difference,

particularly for segment-4.
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Figure 4-5 Result of Experiment 2

The result of Experiment 3 is shown in Figure 4-6, x-axis represents percentage of
population proportion and y-axis represents segments. It indicates that the model has
produced similar segmentation results on different sample sets, although significant

differences still exist among these results.

0.6

0.5

0.4
= target-1a (%)

= target-2 (%)
= target-3 (%)

0.3

0.2

0.1

segment-1 segment-2 segment-3 segment-4 segment-5

Figure 4-6 Result of Experiment 3

To evaluate the model, a number of domain experts have been consulted. They are
satisfied with the segmentation result based on the telecom organisation's enterprise
data, but have pointed out the limitation of some segments, such as segment-4 and

segment-2.

There are many reasons for the model's limitation: the incompleteness of the enterprise

data would be the main reason. Due to missing variables in the target dataset, the value
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population procedure of those variables could be another reason. Moreover, the
inconsistent data between the source and target datasets also plays a role in the
limitation. To overcome this limitation and improve the performance of the model,

more work is needed.

4.5 SUMMARY

A personalised analytical eCRM framework has been developed. This framework is
based on a very solid approach in developing a combination of predictive modelling and
recommendation techniques within the integrated eCRM system, which has shown the
building up blocks or process with the proven results in coming chapters. Also in this
chapter, a hybrid customer segmentation model has been developed to tackle the
migration of customer segmentation based on survey data into the customer behaviour
database, which itself is a challenging topic in customer relationship management. The
developed five-step hybrid segmentation method (HMCS method) particularly focuses
on missing variables in the internal database. A model has been developed to replace
the missing variables and populate their values to the target dataset. Experiments have
shown the capability of the model to solve this kind of problem. Due to the complexity
of the MCS problem, more work still needs to be done in the presented HMCS method
to improve its performance. Firstly, although the obtained segmentation results are
acceptable, further improvement to the artificially generated values for missing
variables is still needed. More theoretical analysis is possibly required. Secondly, the
model's segmentation result has significant differences in some segments compared to
the initial segmentation result. How to the difference can be reduced requires more
study. Finally, the essence of the MCS problem is a clustering algorithm; hence, how to
build an appropriate clustering algorithm for this kind of problem is also an important

issue to be studied.
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CHAPTER 5

ATTRITION RISK

PREDICTION MODELS

5.1 OVERVIEW

In many industries, customer attrition or churn has always been the top business priority
because it is more profitable to retain existing customers than to seek new customers. It
is very important to understand the key factors that lead to customer attrition.
Organisations can use this understanding to effectively drive customer retention

programs to prevent customers leaving, and to retain the most profitable customers.

There are many different modelling techniques for the prediction of customer churn, as
reviewed in Chapter 2. Several data mining methods may be used to construct models to
estimate customer attrition, such as the logistic method, the Cox regression method and
the tree-based classification method. However, each may be better suited to one
particular application over another. Most researches focus on a particular modelling
technique in terms of how to improve the model accuracy and but few attempts have
been made to apply hybrid modelling techniques. As mentioned earlier, customers may
leave an organisation for multiple reasons (e.g., account cancellation or switching to a
competitor), and the combination of different reasons is not linear. Thus a critical issue
is how to efficiently build a model one or more methods to maximise the possibility of
capturing key risk factors which related to customer attrition. Although all modelling
methods are straightforward in theory, combination modelling methods are very tough

in practice, as a result of the magnitude of the observations and variables.
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In this chapter, a prediction framework that deals with non-linearity associated with
customer attrition by using an enormous amount of data is proposed. Three predictive
models are developed in this framework, using different data mining methods and
statistical modelling techniques to develop prediction models of customer attrition and

compare their prediction power, using data from a major bank.

The structure of this chapter is as follows: three customer attrition segments, namely
regular transactors, new transactors and sporadic transactors based on the behaviour of
customer externally transfer funding out have been identified in Section 5.2, which
assist in establishing the risk prediction framework for bank customer attrition. In
Section 5.3, a sporadic risk prediction approach is presented by using combined
prediction modelling techniques. Two other predictive models are developed in Section
5.4. The validation of the models is shown in Section 5.5, and Section 5.6 gives a

summary of this chapter.

5.2 A RISK PREDICTION FRAMEWORK FOR
BANK CUSTOMER ATTRITION

Customer Attrition is a function of customer transaction demographics, account holding
and service related characteristics, and is also a combination of actions related to
cancellation and switching to a competitor. When these causes cannot be separated, it is
necessary to combine them into the model as a single measure of attrition. The
prediction of customer attrition is an important business intelligence application and has
attracted the attention of researchers for a long time (Au, Ma & Li 2003). In general, in
fitting a customer attrition model, all customer transaction information, the time of
change to an account’s status, and customer/service/demographic characteristics will be
used as initial inputs into modelling the preliminary analysis. It is subsequently
necessary to identify the association between customer attrition and transaction

behaviours, as well as other characteristics (Buckinx & Van den Poel 2005).
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One of the main objectives of modelling customer attrition is to determine the causal
factors, so that the bank can attempt to prevent attrition from occurring in the future.
Some banks want to prevent their valued customers from transferring their funds to
external competitors, which is a strong signal that those profitable customers will
eventually be lost. Existing bank reports have shown that more than 40% of bank
customers transfer their funds to another finance institution every year. They also
indicate that this is a key risk factor in relation to customer attrition, and may be for
numerous reasons, such as unmet expectations, low perceived value, competitive

attraction, or unexpressed and unresolved complaints.

The major challenge is how to effectively identify and understand the behaviour of
customers who transfer funds externally so that the decision making of financial
managers can be supported effectively. To appropriately identify funds at risk of
flowing externally, the various customer segments not only require different modelling
approaches but also require different overall marketing programs. This chapter uses the
case of a real bank to establish a risk prediction framework to counter the risk of funds
flowing externally. This framework will enable the bank to retain deposit funds that
would otherwise be lost to a competitor, albeit at a reduced margin, without
cannibalising funds already held and without risk of loss to a competitor. Another
contribution in this chapter is that it develops a risk prediction approach which has three
steps and a combined sporadic risk prediction model. Real world dataset-based

experiments fully support the developments.

A sample of customers from a major bank was used to produce an initial analysis and
consisted of customers who had held at least one type of saving account and were still
active at the end of the observation period. Looking at the previous seven months
transaction window, it was been found that about 44% of funds had flowed externally
and that recent high value deposits were key drivers for identifying customers ‘at risk’

of external migration, or ‘attrition’. Some analysis outcomes are as follows:

1. Identified about 10% of customers that were most likely to drive about 44% the
majority of value loss or cannibalisation for existing deposit products, also, this

group customers would exit bank in certain period time.
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2. This high risk group of customers that drive value loss, have different frequency

of transferring funds out during the observed 7-months period, a relatively small
proportion of customers actually just started to exhibit funds flow behaviour.
The analysis found that 80% of customers that had an external transaction (ET)
during a particular month would continue to make an external transaction in the
following month. Out of these customers, 97.5% have made regular external
transactions during the entire 7-month period. That is, the customers with
consecutive external transactions over two months can be defined as regular
transactors.

As a result, the total pool of high risk customers, those who are more likely to
actually exhibit funds flow behaviour need to be identified with greater

precision to maximise marketing effectiveness. Also, the relationship between

what drives value loss and what drives attrition needs to be understood.

From the above analysis, it is clear that customer attrition is normally found within in

three discrete customer segments;

Segmentl: customers who transfer funds externally - Recent and Repeat (regular

transactors)

Segment2: customers who transfer funds externally - Sporadic (irregular transactors)

Segment3: customers who have just started to transfer funds externally (new

transactors)

These three customer segments can be identified by the process shown in Figure 5-1.

Has customer transferred in the last month?

No

Has customer transferred before?

Yes

Sporadic transactors

No

Yes

Regular transactor (highly risk of attrition)

New transactors

Figure 5-1 High Level of the Split Points of the Three Identified Segments
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Based on the flow chart above, customers who regularly transact their funds out should
be contacted automatically for Winback, and customers who sporadically transact their
funds out should be contacted proactively prior to their next transfer. Ideally, customers
who might start to transact their funds out should be contacted proactively prior to the
first transfer. Therefore, the flow chart would help to identify who should be treated as a
‘Winback’ customer and who should be a ‘pre-empt’ customer with predictive

modelling.

Brand new customers are the ones whose behaviour may be changed. The new attrition
model seeks to predict the likelihood of a customer starting to transfer their funds
externally and to prevent these customers becoming ‘Recent and Repeat Offenders —
Winback’. Sporadic offenders may be identified by to predict the timespan until the
likelihood of the customer transferring their funds externally recurs. The customers who
are identified for Winback are very likely to continue to repeat this behaviour and make
up the vast majority of the volume (both in the number of accounts and dollar value).
One way to prevent this is to use triggers to drive customer contact. Thus, the Online
Saver model is built to predict which customers are most likely to open an Online Saver
account and deposit funds into it; this model can be used to prioritise the Winback
campaign and identify opportunities to acquire regular saving customers from the

broader deposit customer base.

It was found that about 80% of the ET population are likely to be regular transactors,
and that this group of customers would be most at ‘risk’ of attrition. The regular
transactors group very likely to continue to repeat this behaviour and makes up the vast
majority of the volume (both number of accounts and $ value) for which triggers can be

used to drive customer contact to prevent attrition or attempt Winback.

Another 15% of the ET population as are sporadic transactors. The actions of this group
should be pre-empted with predictive modelling and may be identified by predicting the

time when a customer is likely to make their next external funds transfer.
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The remaining 5% are new-start transactors. The predictive model can be built to
predict the customer likelihood of starting to transfer their funds externally and used to

prevent these customers becoming regular transactors.

As a result, three models need to be built in the risk prediction framework (shown in
following chart) to handle the three discrete customer segments identified. In each case,
the purpose of our framework is to act pre-emptively, and we therefore call our risk
prediction framework the Pre-emptive Attrition Framework (PAM). The three models

we shall build within this framework are:
1) Regular Attrition Model;
2) Sporadic Model;

3) New Customer Attrition Model

Regular t " Regular Attrition
egular transactors
& Model

Customer

New Attrition
New transactors Model

Database

Sporadic transactors Sporadic Attrition
Model

Figure 5-2 A Pre-emptive Attrition Framework for Bank Customers

To appropriately identify these customer segments not only requires different modelling
approaches, but also different overall marketing approaches. It is intended that
outbound phone calls will be made to those customers that score highly for both value
and incidence. Whilst pro-active contact will be made, offers of high interest rate
deposit products are likely to be offered only reactively, enabling the bank to retain
deposit funds that would have been lost to a competitor, albeit at a reduced margin,

without cannibalising funds already held and without the risk of losing the customer.

In the next section, a sporadic attrition model is developed, followed by the regular
attrition model and the new customer attrition model.
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5.3 A SPORADIC RISK PREDICTION
APPROACH AND A COMBINED
PREDICTION MODEL

In this section, a predictive modelling process is developed by combining three different
modelling methods that are most often used to predict customer attrition: 1) tree-based

method, 2) logistic method, and 3) Cox regression method.
5.3.1SPORADIC ATTRITION MODEL DESCRIPTION

There are three steps to achieving this prediction model, which predicts the likelihood

of customers sporadically transferring their funds externally.
Step 1: Narrow down the number of variables

Through data analysis, 3000+ variables are initially collected from the customer
database, which include all accounts (e.g. credit card, home loan, saving, cheque,
personal loan, etc.) daily transactions records for each customer. Let Y is a dependent
variable and X; = (X151, X212, X3n3, --» Xink ) defined as the groups of independent
variables that represent every daily transactions detail records for all kinds of accounts;
so that X; = (xq1, X712, X13, ., X151 ) 1S defined as all daily transactions records for
account 1, X, = (x31, X22, X33, ..., X2z ) is defined as all daily transactions records for
account 2, X3 = (X31, X33, X33, ..., X33 ) is defined as all daily transaction records for
account 3, etc. X; = (X1, Xi2, Xi3, -, Xink ) 18 defined as all daily transaction records for
account i. where nl-+n2+n3+...+nk = 3000, i refer to the number of accounts. Each

customer has different number of accounts.

As the number of variables is far too many for the prediction process, the first step is to
reduce the variable dimension to an acceptable range. Chi-squared Automatic

Interaction Detection (CHAID) is used for this purpose as it is a highly efficient
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statistical technique for segmentation (Kass 1980). It is a classification method for
building decision trees by using chi-square statistics to identify optimal splits. CHAID
evaluates all of the values of a potential independent variable. It merges values that are
judged to be statistically homogeneous (similar) with respect to the dependent variable

and maintains all other values that are heterogeneous (dissimilar).

N . . . . .
Let h = {xp, yp}p=1 the whole sample size, w,, is the case weight associated with case

p and f, is the frequency weight associated with case p. Non-integral positive value is

rounded to its nearest integer.

The following CHAID algorithm has defined by Kass (Kass 1980), which only
accepts nominal or ordinal categorical dependent variables. When dependent variables
are continuous, they are transformed into ordinal dependent variables before using the

following algorithm.
Merging step;

For each independent variable X, , merge non-significant categories. Each final
category of X; will result in one child node if X; is used to split the node. The

merging step also calculates the adjusted p-value that is to be used in the splitting step.
1. If X; has 1 category only, stop and set the adjusted p-value to be 1.
2.1If X; has 2 categories, go to step 8.

3. Else, find the allowable pair of categories of X; (an allowable pair of categories for
ordinal independent variable is two adjacent categories, and for nominal independent is
any two categories) that is least significantly different (i.e., most similar). The most
similar pair is the pair whose test statistic gives the largest p-value with respect to the

dependent variable Y.

4. For the pair having the largest p-value, check if its p-value is larger than a user-

specified alpha-level Qperge (alpha_merge). 1f it does, this pair is merged into a single
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compound category. Then a new set of categories of X; is formed. If it does not, then

go to step 7.

5. (Optional) If the newly formed compound category consists of three or more original
categories, then find the best binary split within the compound category which p-value

is the smallest. Perform this binary split if its p-value is not larger than an alpha-level

Asplit-merge (alpha_split-merge).

6. Go to step 2.

7. (Optional) Any category having too few observations (as compared with a user-
specified minimum segment size) is merged with the most similar other category as

measured by the largest of the p-values.

8. The adjusted p-value is computed for the merged categories by applying Bonferroni

adjustments that are to be discussed later.

Splitting step;

The “best” split for each independent variable is found in the merging step. The
splitting step selects which independent variable to be used to best split the node.
Selection is accomplished by comparing the adjusted p-value associated with each

predictor. The adjusted p-value is obtained in the merging step.

1. Select the independent variable that has the smallest adjusted p-value (i.e., most

significant).

2. If this adjusted p-value is less than or equal to a user-specified alpha-level split @y
(alpha_split), split the node using this independent variable. Else, do not split and the

node is considered as a terminal node.

75



Stopping step;

The stopping step checks if the tree growing process should be stopped according to the

following stopping rules.

1. If a node becomes pure; that is, all cases in a node have identical values of the

dependent variable, the node will not be split.

2. If all cases in a node have identical values for each independent variable, the node

will not be split.

3. If the current tree depth reaches the user specified maximum tree depth limit value,

the tree growing process will stop.

4. If the size of a node is less than the user-specified minimum node size value, the node

will not be split.

5. If the split of a node results in a child node whose node size is less than the user-
specified minimum child node size value, child nodes that have too few cases (as
compared with this minimum) will merge with the most similar child node as measured
by the largest of the p-values. However, if the resulting number of child nodes is 1, the

node will not be split.

After applying above CHAID algorithm to the data, the initial 3000+ variables were

reduced to 52 variables.

Step 2: Investigate relationships between variables and their suitability

These 52 variables were split based on the optimum divisions obtained from the
decision tree in Step 1. These splits have been used to define each group as a dummy
variable or to give a relative likelihood index. The interaction variables are obtained by

looking at the correlations of the coefficients of the modelled variables. If two modelled
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variables have correlated coefficients, this indicates that there is an interaction, and as

such the interaction-terms are formed.

The interaction-terms are based, at the 52 variables level, on the optimum splits from
the decision tree. The intersection of these splits for two variables creates the
interaction-term split. Once the splits had been obtained, the new interaction variables
were analysed in identical fashion to the 52 variables and were also assigned their
dummy variables. These 52 significant variables plus some interaction variables were
used as inputs for performing logistic regression by using a step-wise method to
optimize significant variables. As a result, a further 23 predictor variables were
removed from the logistic regression process. Table 5-1 a shows the outcome of the

step-wise selection process;

Table 5-1 Analysis of Maximum Likelihood Estimates

Variables DF Estimate Standard Wald Chi- | Pr >
Error Square ChiSq
Intercept 1 -5.1532 0.1019 2559.4458 <.0001
X1 1 -0.4275 0.1919 4.9637 0.0259
X5 1 0.127 0.0512 6.1465 0.0132
X3 1 0.3437 0.0972 12.5147 0.0004
X4 1 0.2669 0.051 27.4098 <.0001
Xs 1 0.2099 0.049 18.3741 <.0001
Xe 1 0.2404 0.0849 8.0208 0.0046
Xy 1 0.5764 0.0383 226.4298 <.0001
Xg 1 0.4724 0.0579 66.6457 <.0001
Xq 1 0.703 0.1798 15.2943 <.0001
X10 1 0.889 0.0929 91.6689 <.0001
X11 1 0.2597 0.0991 6.8705 0.0088
X17 1 0.3591 0.1132 10.0655 0.0015
X13 1 0.21 0.0801 6.8735 0.0087
X14 1 0.4352 0.094 21.4435 <.0001
X1s 1 0.5258 0.0657 63.9963 <.0001
X16 1 0.9067 0.0489 3443651 <.0001
X17 1 0.2795 0.1387 4.063 0.0438
X1g 1 0.7595 0.1285 34,9453 <.0001
X1q 1 0.2835 0.0811 12.2262 0.0005
X0 1 0.9194 0.1157 63.1478 <.0001
Xpq 1 0.9407 0.109 74.528 <.0001
X9 1 1.0534 0.1862 31.9911 <.0001
X3 1 1.1417 0.1632 48.9086 <.0001
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Step 3: Prediction model

All the remaining variables were optimised significant variables and were used to
perform Cox regression to predict the time until the sporadic ET customers were next
likely to transfer their funds externally. These variables will confirm the key factors that
impact customers in their decision to sporadically transfer funds externally. The next

question to address would be when customers will next transfer their funds externally.

To use the Cox regression model (Cox 1972) for prediction, a time variable needs to be
added into the model, which is the number of weeks from a given point in time until a
customer engages in sporadic external transactions (ET). The Cox regression is then
used to predict when sporadic ET customers will next transfer their funds. Cox was the
first to suggest models in which lifetime factors have a multiplicative effect on the
hazard function. These models are called proportional hazards models. Under the

proportional hazards assumption, the hazard function of t given x is of the form:

h(t]x) = ho(t) (.1

where x is a known vector of predictor variables associated with the individual, B is a
vector of unknown parameters, and hy(t) is the baseline hazard function for an
individual with x = 0. Hence, for any two covariate sets x; andx,, the log hazard

functions h(t|x;)and h(t|x,), should be parallel across time.
When a factor does not affect the hazard function multiplicatively, stratification may be
useful in model building. Suppose that individuals can be assigned to one of m different

strata, defined by the levels of one or more factors. The hazard function for an

individual in the j**stratum is defined as
h;(t]x) = hoj(t)e*'P (5.2)

where the regression parameter B and the baseline hazard function hy;(t) are two

unknown components in the model.
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5.3.2MODEL FIT EVALUATION

The model sample was the ET customer at one particular time, who had held at least
one type of saving account and was still active at the end of the observation period. The
model sample was split into a development sample (70% of the model sample — used to
develop the model) and a hold-out sample (30% - used to validate the model).

Adjustments were made for this sampling in the creation of model scores and results.

In predicting customer attrition, it has been assumed that the subjects are in one of two
basic states: at risk or not at risk. Because of the diverse activity and speculation (i.e.,
there is no clear-cut distinction between the subjects at risk and the subjects not at risk)
and because of the limited information associated with the outcome, the subject at risk
and the subject not at risk may not always be predicted correctly. The performance of a
prediction model may vary depending on the specific threshold used. Thus, an objective
evaluation of a risk-predicting model should examine the overall performance of the
model under all possible decision thresholds, not only one particular decision threshold.
To achieve this, a useful tool has been adopted, Cumulative Gains and Lift Charts, to
evaluate the performance of the predictive models. The lift chart compares the
predictive performance of the mining model with an ideal model and a random model.
Note that the overall predictive accuracy of this model is close to the ideal model. The
greater the area between the lift curve and the random model (baseline) is, the better the
model is. In other words, the response of a targeted population predicted by the model is
much better than average for the population as a whole (DeLong, DeLong & Clarke-
Pearson 1988).

The combined model has been compared with three stand-alone models to examine the
power of prediction of these models, and the results are presented in the lift charts in
Figure 5-3. From the lift chart, it clearly be seen that the combined model has 10%
more lift than other models at the 1st decile, and 20% more lift in the 2nd decile (a
deciles is defined as a rank probability score from largest to smallest, divided into 10

even groups; 1st decile means the top 10% of the scored population). It is confirmed
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that the combined models method is significantly better than the other three individual

models. Also, there are other indicators that prove our combined model is well fitted:

(1) The residual Chi-squared test for model fit was 0.4738 — where values greater
than 0.05 indicate a significant fit;

(2) The Hosmer and Lemeshow Goodness-of-Fit (Hosmer & Lemeshow, 2004).
Test for model was 0.3152, that indicates the model is quite robustness.

(3) The -2 Log-Likelihood test for model fit is < 0.001 — where values less than
0.05 indicate a significant fit;
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Cox-regression === ogistic regression

Figure 5-3 Comparison between the Combined Model and Three Other Models

5.3.3TOP SIGNIFICANT VARIABLES

The model output used combined three methods and has shown the final selected
variables and their relative predictive power. This power is the variable’s ability to
explain the variation in the data, compared to other variables. This Sporadic model
shows that 80% of the variations can be explained by the top 5 variables (x;, x, .,x3,

X4 , X5 ) which are described as follows:
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X1 - Customers are more likely to transfer funds out within 4 weeks of the balance
of their personal savings account having a higher growth rate over the previous 3
months;

X, - Customers with little change in their savings balance are more likely to
transfer externally within 8-12 weeks’ time;

X3 - The higher growth rate in debit transaction volume, the lower the likelihood of
transferring externally;

X4 - Younger customers (age less than 31) are more likely to transfer their funds
out early (in two weeks’ time) - older customers (age great than 50) are more likely
to move their money out in 11 to 14 weeks;

Xs - Generally, the higher the variation of direct transaction volume, the more

likely it is that the customer will transfer early time (1-5 weeks). Conversely, the

lower the variation, the more likely it is that the transfer will occur (10-15 weeks).

5.4 REGULAR ATTRITION MODEL AND NEW
CUSTOMER ATTRITION MODEL

To assist in the prioritisation of the prevention campaign and identify opportunities to
acquire online saver customers, it is necessary at same time to target those customers
who regularly deposit externally, prevent new customers from starting to transfer funds
externally. For the regular attrition case, the Online Saver model can be built to predict
those customers who are most likely to open an Online Saver account and deposit funds
into it. The New Customer Attrition Model seeks to predict the likelihood of customers

starting to transfer their funds externally.

The model sample was defined in Section 5.3.2, and the sample was split into a
development sample (70% of the model sample — used to develop the model) and a
hold-out sample (30% - used to validate the model). Adjustments were made for this

sampling in the creation of model scores and results. The new attrition model sought to
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target those customers who transferred funds for the first time in defined particular
month, and continued to transfer funds in the following month. The online model would
target those customers who opened an Online Saver account and deposited funds in the

defined month and also in the following month.

5.4. 1 NEwW CUSTOMER ATTRITION MODEL AND ONLINE
SAVER DESCRIPTION

A similar modelling process to that described in 5.4.1 was used to produce the two
prediction models that predict the likelihood of customers starting to transfer their funds

externally, and the likelihood o