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Preface

The research of this PhD thesis was conducted at the
University of Piraeus, started February of 2005 and concluded in
February 2010. During these five years research was conducted in
the topic of adaptivity in remote shopping applications. A very
important research field in our research is remote shopping

applications.

Three prototype applications in three different media were
constructed during our research. The three different media were
desktop computers, interactive TV and mobile devices. These three
applications incorporated methodologies based on user modeling
and adaptivity. User models were constructed in order to help users
in remote shopping applications in two separate ways. Firstly, by
automatically recommending products close to their interests and
secondly by helping them adaptively while they used the
application. Explicit information, observation of user behaviour and
dynamic stereotypes were incorporated into the construction of
these user models. The incorporation and combination of these
technologies into three different media constitutes a very novel
approach on the topic of personalization in remote shopping
applications. The three prototypes also incorporated techniques of
adaptivity for visualizing the recommendations based on interest
and needs and for personalizing the user interaction with the
application. The methodology used was a combination of adaptive
hypermedia and dynamic user interface and proved to be a very
important aspect in the personalization and familiarity of the
applications. Furthermore, these methodologies were shown very

effectively for the purpose of dynamically assisting users.

A major research field of our research is the field of

machine learning. More specifically, recommendation applications



that incorporate machine learning algorithms in their reasoning
process. These applications recommend products or processes to
users according to their interests or similar users’ interests. The
field of recommendation applications combined with machine
learning algorithms has been popular research topic in the recent
years and significant results have been achieved. However, a lot of
research aims at specific domains and the transition of
methodologies to other domains can be very difficult. Our approach
provides a novel solution to this problem. The presented approach
constructs a software life cycle based on RUP that helps researchers
incorporate and use effectively a machine learning algorithm in
order to create personalized remote shopping applications. The
software life cycle that we have developed is called RESCA-RUP.
Through this process a researcher can design and construct a
personalized e-commerce system that incorporates a machine
learning algorithm and provides personalized responses based on

dynamic stereotypes for new and old users.

Two major problems of today’s recommendation
systems are the following: First, many of these systems are
designed for specific domains and can propose products belonging
to this domain. Second, the medium that these applications use
interferes with their reasoning mechanism thus making them very
difficult to be medium independent. In our approach we propose a
novel generic architecture that can be combined with the software
life cycle mentioned above. The generic architecture presented in
this thesis is called PERCOM and consists of three tiers. The first is
the User Modelling tier, the second is the User Model Server tier and
the Adaptive User Interface tier. A major feature of our approach is
the construction of separate components leading to algorithmic
independence. The three tier construction leads to medium

independence difficulty as the reasoning mechanism functions



separately from the user interface components in the server side of
our architecture. A very important innovation in our approach on
the generic architecture is the construction of a user model server.
This server constructs and manages all users’ models. Applications
can use these models to extract information about inferences and
needs. In this way, applications can use user models of other
applications that have a richer knowledge base than them and make

quick assumptions about their users interests and needs.

This thesis also presents a number of evaluations with
real users conducted in all of the three media that we have built our
prototypes. The evaluations cover both algorithmic comparisons and
evaluation of the methodologies with the help of real users. The
algorithmic comparisons have been conducted with several criteria
such as effectiveness and resource requirements. The evaluations
with real wusers were conducted with criteria concerning
effectiveness in personalization, easiness of use and user
friendliness of environment. These evaluations have shown the

effectiveness of our methodologies.

I would like to thank my supervisor Professor Maria
Virvou. The idea and encouragement for conducting a research are
accredited to her. Also Professor Maria Virvou has contributed a lot
with her help and great knowledge on the research fields during the
whole research. I am also indebted to Professor George Tsihritzis
for the valuable collaboration that we had on machine learning
algorithms. | would also like to address special thanks to Dr.
Eythimios Alepis for his most helpful support and collaboration

during my research.

I am also very thankful to the members of my advising
committee, Professor Evaggelos Fountas and Assistant Professor
Despoina Polemi for their helpful collaboration during my research

as a PhD student.



Last but not least, | would like to express my deepest
gratitude to my family for their support and encouragement through
all these years of my research as a PhD student. Without them this
PhD thesis and research would have not been possible to be

completed.
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1 Introduction

1.1 The problem of user needs and inferences in

shopping applications

In recent years, the combination of high speed internet, the
growth of mobile phones and new technologies such as digital and
interactive TV, have led software engineering companies to create
more complex applications concerning various aspects of life. A
large number of these applications are relate with the field of
shopping, such as shopping products through the internet using
your desktop pc, your laptop, your mobile phone or even your
television. The large number and variety of these applications is
reinforced by the fact that recent studies on customer behavior,
which show that computer adoption and internet connections in
households are constantly growing (Goy et al., 2007).

The applications that are built for these shopping purposes are
called e-commerce applications (Coppel 2000) and attempt to sell
various products to various groups of people. The plethora of
products that are being sold and the variance of consumers in ages,
education, character and buying behaviour create many problems
for this kind of applications. The major problem that e-commerce
applications are called to solve is satisfaction of their customers,
which is the same problem of that traditional shops also face.
Traditional shops and e-commerce applications may share the same
major problem but the conditions and solution abilities differ a lot.
In traditional shops however, people called salesmen are asked to
help customers, whereas in e-commerce applications the system
must deal with every customer without the help of a human

salesman.
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The interaction between a computer application and a human
has been proven many times to be very difficult (Kellogg and Breen,
1987, Shneiderman, 1997). In this way the problem of customer
satisfaction becomes more difficult in the field of e-commerce
applications rather than in traditional shops with human salesmen.
A conversation between a human salesman and a customer is
always more natural than the interaction between a computer
application and a user. Furthermore, e-commerce applications, in
contrast to human salesmen, lack in the ability to “sense” a
customer’s purpose while this specific customer visits the shop and
looks at the products being sold. Moreover, a human salesman can
use his experience with other customers in order to serve the
customer in a more effective way.

All the above human abilities are lost within human-computer
interaction. Furthermore, there is a lack of tools supporting the
analysis of customers’ browsing behavior (e.g., shopping cart
abandonment) does not enable vendors to collect feedback useful to
redesign and optimize their Web sites (Hall, 2001). This phd thesis
emphasizes on this exact problem of customer satisfaction in the
field of e-commerce applications. In order to fully understand the
problem of customer satisfaction in e-commerce applications we
must divide this major problem into to two main sub-problems.

The first sub-problem is extracting from every different
customer their needs and inferences concerning the products being
sold. This means that the system must build an effective way of
understanding what the customer wants to buy. A customer’s needs
may vary due to several reasons, from his educational background
to his lifestyle. All these criteria must be taken into consideration by
the system in order for the e-commerce applications to have a
complete image of each customer’'s needs. The problem of
extracting customers’ needs and inferences can be altered by many

reasons and be complicated in many ways, such as what kind of
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products are being sold, which group of people these products apply
to and what is the medium that these products are sold through.
Understanding customers’ needs and inferences can be also divided
into various sub-problems.

Another sub-problem is to read the customer’s aim while s/he
visits an e-commerce application. This aim may vary from the one
of a customer that has visited the application just to browse
through products, to the one of a customer that goes straight to
products s/he really wants and buys it directly without deviations.
The second sub-problem in understanding customers’ needs is the
creation of a customer profile based on product interests. The
creation of a customer profile (Adomavicius and Tuzhilin, 2001)
involves the extraction of customer tendencies to product features
with the help of various techniques. The customer profile is in fact a
complete image of customer’s interests towards products or product
features that can help in the selection of products close to this
customer’s tendencies.

Information for customers’ profile can be acquired with two
ways, explicitly and implicitly (Rich, 1998). Another significant sub-
problem in understanding customers’ needs is customer behaviour.
Customer behaviour involves observing, recording and extracting
information from customer’s moves while this customer browses
through the application. Customer behaviour is in fact a close
observation of the customer’s every action and interaction with the
e-commerce application. Extracting information from every
customer’s action can help in providing useful information
concerning customers’ profile. Today a large number of applications
deal with these problems involved around concerning customers’
needs.

Many techniques have been used to deal with these sub-
problems mentioned below in order to provide effective ways of

extracting customers’ needs. These techniques involve machine
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learning, Bayesian networks, cognitive theories etc (Kurokawa, et
al. 2007, Katsionis and Virvou, 2004) and are usually used by
researchers to discover similarities between customers, create
groups of customers with similar tastes or with similar behaviour
and aims. The solutions of these techniques concerning e-commerce
applications aimed at creating a list of recommended products that
were close to specific customer’s needs and inferences. In this way
systems that deal with customers’ needs were called
recommendation systems (Resnick and Varian, 1997) because they
aimed at in fact the same thing, which is product recommendation.
The list of recommended products provided by the application is
different for every customer and a degree of closeness to specific
customer’s interests plays the role of success for every product in
this list. Feedback can be provided from this list if the customer
chooses to buy a product that belongs to this list or not. In this way
recommending systems can re-calculate degrees measured for a
specific customer.

The second major sub-problem in user satisfaction is
application usage. A product may be recommended successfully by
the recommendation system but if a customer finds the application
confusing and difficult to use, than this recommendation may prove
to be a waste of time as there is a high probability that a frustrated
customer may never reach the point of using the recommendation.
The roots of the problem of application usage in e-commerce shops
can be found in human computer interaction issues (Curran and
King, 2008), but in the field of e-commerce these issues may be
even more difficult to address. If someone considers the fact that in
recent years e-commerce applications have expanded to different
media, then the problem of application usage is becoming more
important than the one of customer interests.

The problem of computer usage takes here, in the field of e-

commerce, the form of e-shop usage or in other words how can a
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customer use an e-shop application effectively. Many issues have to
be considered during the creation of an effective e-shop application
concerning usage, like customer familiarity with the medium,
customer familiarity with the product, customer age and
demographic data in general. For example, a customer who is not
familiar with computers may find difficult to comprehend certain
user interface elements and their purpose (Mazzoleni et al., 1996,
Irizarry et al., 1997).

Other customers may find some products difficult to
understand due to complex technical terms (Kurniawan et al., 2006)
like mobile phones. Moreover, age can play a significant role in
human computer interaction. A study conducted by Zaphiris and
Sarwar (2006) that clearly shows many differences in tastes
between teenagers and seniors. In addition age can be an obstacle
to human computer interaction. For example, older people (Gregor
et al., 2002) usually present lessened ability of comprehending
tasks and functions that concern computer applications. Other body
inabilities of the elderly can prove to impose obstacles to the use of
an application. For example, common problems for the elderly, like
sight and hearing impairment can raise many difficulties as an older
customer interacts with an e-shop application. Furthermore,
demographic data can affect human computer interaction (Pazzani,
1999). A customer from a big city with a high education level can
accomplish a higher degree of learning on how to use an e-shop
application than a customer from a small village with a basic
education level.

All the above mentioned problems of e-shop usage can raise
the complexity of an e-shop design to a very high level. In order for
these problems to be addressed by an e-shop application, intelligent
and adaptive techniques must be incorporated in order for the e-
shop application to provide to every specific user a friendly and

useful application environment. Applications that tried to deal with
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application usage problems are called intelligent help systems
(Krause et al., 1993). Their role is to provide help in smart ways to
their users, in order to predict and prevent possible problematic
situations concerning user interaction with the application. Many
techniques can be used in adaptive help systems in order to gather
useful data from users and prevent problematic situations. Such
techniques similar to recommendation systems are machine
learning, Bayesian networks, cognitive theories etc, (Kurokawa, et
al. 2007, Katsionis and Virvou, 2004) frequently used to create
profiles of users with similar problems.

Intelligent help systems have been widely used in e-learning
environments (Brusilovsky et al., 1996) and computer operating
systems usage (virvou and kabassi, 2000). In order to transfer
knowledge from these two fields and create an effective adaptive
help system for e-commerce, further work must be conducted. More
criteria must be considered like the product being sold and its
characteristics. Another criterion is the time that a user has been
using an e-commerce application which is significantly smaller than
the time a user uses an operating system or an e-learning
application. Last but not least the group of people that an e-
commerce application applies to is larger than a specific group of

people that an e-learning application applies to.

1.2 Solutions to the problem of user needs and

inferences in remote shopping applications

As we can see from the above issues and problems, users’
needs and inferences is not an easy task to be accomplished in e-
commerce. The determination of the users’ intention is generally
complex because they do not always state it explicitly (Ardissono et
al., 1995). A solution to this situation can be achieved by

personalization techniques that can be extracted from user
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modelling theory (Rich, 1983). A system that incorporates user
modelling can be adaptive to every specific customer’s interests and
needs and is called product recommendation system. As Ardissono
points out, recommendation techniques (Jordan and Weiss, 2002)
based on the exploitation of artificial intelligence techniques such as
user modeling, content based and collaborative filtering, are thus
often presented as a solution to the information overload problem
by helping the users to filter relevant items on the basis of their
needs and preferences.

With the recent expansion of TV content, digital TV networks
and broadband, smarter TV entertainment is needed as well
(Ardissono et al., 2003). In order to achieve personalization, the
software agent that provides the services must have the capabilities
of maintaining a model of the user, containing data about these
users’ needs, interests, preferences and strategies for adapting its
behaviour to each specific user. The choice of such strategies
depends on many factors, such as the application task and domain,
the goals of the system, the target users and the context (Ardissono
et al., 2001). A rich user model (UM) has a strong impact in the
interpretation of agents’ intentions: when different hypotheses on a
user's plans are present, the UM can help to discard some of them,
because they are not coherent with the user's plausible intentions
encoded in it (Ardissono and Sestero, 1995). Researchers have
used various adaptive techniques in order to overcome these
problems.

User modeling (Fischer, 2001) has been widely used in order to
create a context of every specific customer according to his needs
and interests. The customer user model contains data and
information about customer behaviour, aims and possible
similarities with other customers. Other researchers used
stereotypes (Rich, 1998) in order make assumptions about

customers and their tastes. Customer stereotypes combined with
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product characteristics were usually used to group customers to
similar groups and extract information from other customers in
order to use this information for customers that the system has
little knowledge about. A stereotype is an efficient way of providing
quick information in order to make quick assumptions for new
customers. Another frequently used technique by researchers is
adaptive hypermedia (Brusilovsky, 2001). With the help of adaptive
hypermedia an application designer can create an adaptive user
interface. This user interface can use different fonts, symbols or
change every possible media according to a customer’s tastes or
knowledge. In this way an intelligent user interface can be created

to be personalized to every specific customer.

1.2.1 Recommendation Systems

The basic classification of the customer satisfaction problem
produced two categories of systems; recommendation and adaptive
help systems. As Resnick and Varian pointed out (Resnick and
Varian, 1997), in everyday life we often rely on recommendations
from other people either by word of mouth, recommendation
letters, movie and book reviews or general surveys. Recommending
systems assist and augment this natural social process. In a typical
recommending system people provide recommendations as inputs,
which the system then aggregates and directs to appropriate
recipients. In some cases the primary transformation is in the
aggregation; in others the system’s quality lies in its ability to make
good matches between the recommenders and those seeking
recommendations.

As Schafer (Schafer et al., 1999) says recommender systems
are used by E-commerce sites to suggest products to their
customers. The products can be recommended based on the top
overall sellers on a site, based on the demographics of the

customer, or based on an analysis of the past buying behavior of
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the customer as a prediction for future buying behavior. Broadly,
these techniques are part of personalization on a site, because they
help the site adapt itself to each customer. Recommender systems
automate personalization on the Web, enabling individual
personalization for each customer.

An interesting approach in the field of product
recommendation has been made in WindOwls (Kazienko and
Kolodziejski 2005). WindOwls is a recommending system that uses
user modeling techniques to propose products to individual users.
WindOwls uses association rules to calculate weights in order to
group acquired tastes together. Another interesting approach has
been made by Choi, et al. (Choi et al. 2006). They chose a multi-
attribute decision making method to find similar products. In their
system, the customer must first order a product in order for the
system to propose a similar one. Another recommending system
that uses clustering techniques in order to group products is the
system proposed by Guan (Guan et al. 2005). In their system they
use an explicit method of ranking to acquire generic attributes from
products and then cluster new attributes into the different groups of
generic attributes using the k-NN algorithm.

An important field in recommendation that has a large affinity
with interactive TV is TV programs recommendation. Important
steps have been made in this field too, e.g. (Maybury et al. 2004, O’
Sullivan 2004). Another system that tries to help visually impaired
and elderly people is the VISTA Project by Carmichael (Carmichael
et al. 2003). This project for the digital TV tries to help visually
impaired users find the best TV program for them through a
conversation with an animated avatar that has the ability to
synthesize speech. This avatar works as a bridge between the
electronic program guide of the digital TV and the user and provides
user recommendations of programs through the conversation and

through the help of the electronic program guide.
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1.2.2 Intelligent Help Systems

Carroll (Carroll and Aaronson, 1988) suggests that one of the
most important means for facilitating the usability of computer
systems is the advisory interface, the training, reference material,
on-line help, and other advisory support available to users.
Intelligent help systems are categorized in recent bibliography into
two types, passive and active. Intelligent assistance can be
provided upon user request or initiated automatically by the
system, since it diagnosed that the user faces a problem in
achieving its objectives.

The systems in the first category in the international literature
(Jones & Virvou 1991) are known as a passive intelligent assistance
(passive intelligent help systems) and can only help the users
understand that they have made a mistake and ask help. Known
systems in this category is the AQUA (Quilici 1989), the OSCON
consultant (Mc Kevitt 2000), the UNIX Consultant (UC) (Chin 1989,
Mayfield 1992, Wilensky et al. 2000) and SINIX Consultant (Hecking
2000, Kemke 2000). The systems in the second category in the
international literature (Jones & Virvou 1991) are known as active
intelligent help systems and intervene when they consider that
there is a problem. Known systems in this category are RESCUER
(Virvou 1992, Virvou 1998, Virvou 1999, Virvou & Du Boulay 1999),
the CHORIS (Tyler et al. 1991), the USCSH (Matthews et al. 2000),
the ACTIVIST (Fischer et al. 1985), the PAL (Silber 1990) and the
Office Assistant (Horvitz et al. 1998).

On the field of systems that try to help users with sight and
hearing problems, there is significant on-going research work too.
In Muller's work (Muller and Wasinger 2002), a multimodal
navigational system is presented that learns from the cognitive load
of users and then categorizes them into two different stereotypes:

elderly and average aged adults. Despite the fact that their
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application has many modes of functioning, including speech, that
can help elderly people, it does not focus on the topic of group
categorization. This means that a person may be an elderly but s/he
can have different problems from another elderly person. Another
system that helps the elderly is made by Zhao and Tyugu (1998).
Their system has a personalized web browser that helps people with
special needs browse the web. The browser adapts its presentation
according to the users' behavior. In Savidis’s work (Savidis et al.
2005), a system called Unified User Interface is presented. That
system is a framework that can adapt to users depending on their
age and kind of incapability by creating polymorphic user interfaces.
In their work they apply the Unified User Interface on a health
application scenario, namely the MediBridge C-Care web-based EHR
system. The polymorphic interfaces are produced through rules of

the "tasks" of user performances.

1.3 Methodology created

Our approach was to create a novel methodology for creating
e-commerce applications that can accomplish customer satisfaction
in two levels; interest and usage. The methodology created
targeted three major aims. The first aim was independent user
models. Independence of machine learning algorithm used,
independence of the product used, independence of the purpose
used (user models for recommendation or adaptive help) and
independence of the medium used. The second aim was the
creation of a novel process for creating such intelligent e-commerce
applications based on rational unified process (RUP) (Savvopoulos
et al., 2008). The third final aim was the creation of a novel
framework that could incorporate various machine learning

algorithms.
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In order to accomplish these three major tasks we based our
approach into two very effective techniques; machine learning and
RUP. The basic reason for choosing machine learning algorithms in
order to be used to our methodology is that these algorithms can be
easily combined with statistical data usually used in e-commerce
applications, in order to measure customer’s behaviour about
bought products.

Another reason for using machine learning algorithms is that
these algorithms present similar input and output forms and in this
way different algorithms can be used with minimum changes in the
process that uses them. Moreover, these algorithms can provide a
very effective way of discovering similarities and tendencies in large
groups of customers. Such algorithms have been efficiently used in
many applications (Pohl, 1997), (Webb et al., 2001), (Zakrzewska,
2008).

RUP was also used in order to accomplish successfully the
second aim because it's a very useful tool in software life-cycle. RUP
is an object-oriented process that advocates multiple iterations of
the software development process. It divides the development cycle
in four consecutive phases: the inception, the elaboration, the
construction, and the transition phase. Each phase is divided into
four procedural steps, namely, requirements capture, analysis and
design, implementation, and testing. The phases are sequential in
time but the procedural steps are not as mentioned above.
Additionally, because RUP is an object-oriented process, it is
appropriate for the development of graphical user interfaces such as
the one described in our research. Moreover, one important
advantage of RUP is the highly iterative nature of the development
process.

For the above reasons, RUP can be selected as the basis for

presenting adaptive systems too. RUP process has also been used
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by many researchers in very effective ways (P Jaferian etc 2005),
(Kabassi and Virvou 2006), (Virvou and Kabassi 2000).

1.4 Describing the Architecture

The architecture used in our methodology was based in the
philosophy of different and entirely separate components. The
novelty of our architecture is that it combines three adaptive
techniques in two different ways in order to accomplish customer
satisfaction in the level of product recommendation and intelligent
personalised help. These three techniques are user modelling,
stereotypes and adaptive hypermedia and they are supported by
machine learning algorithms that are used in clever ways to provide
the architecture with efficient results for every specific customer. A
general diagram of our architecture is illustrated in figure 1. Our

architecture will be fully presented in later chapters.

Tier 1

User. Modd Server Tier 2

Tier 3

Figure 1 PERCOM General Architecture Diagram
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As figure 1 illustrates we chose to implement our architecture
into three separate tiers. In this way we divided the components
that interacted directly with the user and the components that were
responsible for manipulating user knowledge. Between these two
tiers lies the User Model Server, that contains all the information,
implicit and explicit, about a specific user, the stereotype that s/he
belongs to and his/her more similar representatives. More

specifically the first tier consists of the following components:

1. Explicit Information User Profiles,
2. Monitoring Agent,
3. Clustering Algorithm Process,

4. Double Stereotypes and Server.

The Explicit Information User Profiles component contains all
the information in a database that users have provided to the
system in an explicit way, either, by answering interview gquestions
or rating products. Every time a new user is registered in the
application that incorporates the user modelling server, this
component collects this information from demographic data,
educational data and interest data that the user provides through
the registration process. The next component is Monitoring Agent.
This component plays a key role in the construction of the User
Model and contains all the information about the user interactions
with the system. Moreover, monitors users’ actions throughout the
usage of the system. The Monitoring Agent component also contains
a statistics database of all users’ actions and features collected by
the systems.

The Clustering Process Algorithm component contains the
machine learning algorithm that the system uses to group similar
users and extract representative users of these groups. The

algorithm takes as input the statistical data of all the explicit and
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implicit information that the system has inferred and collected about
users. Those data are saved on the statistics database of the
Monitoring Agent. Those data include visits in products pages,
products general categories, search queries made by the user,
products moved to the shopping cart and products eventually
bought. During this Phd research five algorithms were incorporated
in the Clustering Process Algorithm component. These
algorithms were k-means (MacQueen, 1967), agglomerative
hierarchical clustering (Day and Edelsbrunner 1984), fuzzy c-means
clustering (Bezdek et al. 1984), spectral clustering (Jordan and
Weiss 2002) and AlS-based clustering (Cayzer and Aickelin 2002),
(Morrison and Aickelin 2002).

k-means is an algorithm used for clustering objects based on
attributes into k partitions. It is similar to the expectation-
maximization algorithm for mixtures of Gaussians, in that
they both attempt to find the centres of natural clusters in the
data. It assumes that the object attributes form a vector
space. The objective it tries to achieve, is to minimize total
intra-cluster variance, or, the squared error function.

1. Given a set of observations (x1, x2, .., xn), where each
observation is a d-dimensional real vector,

2. k-means clustering aims to partition the n observations into k
sets (k < n) S={S1, S2, ..., Sk} so as to minimize the within-

cluster sum of squares (WCSS):
ke

arg 111'1112 Z ||Xj — H;‘HE

where m is the mean of S

agglomerative hierarchical clustering,
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1. The agglomerative method starts with a set of n
objects to be clustered.

2. The method groups these objects into successively
fewer than n sets, arriving eventually at a single set
containing all n objects.

3. These sets are hierarchical non-overlapping methods
that specify a sequence PO .... , Pw of partitions of the
objects in which PO is the disjoint partition, Pw is the
conjoint partition, and P~ is a refinement (in the usual
sense) of Pjforall 0 ~<i<j—<w.

4. They are sequential methods since the same algorithm

is used iteratively to generate p  from p for all

O£i<wO.

|| o
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Figure 2 Input and Output of the Hierarchical Clustering Algorithm

fuzzy c-means clustering, Fuzzy c-means (FCM) is a
method of clustering which allows one piece of data to belong
to two or more clusters. It is based on minimization of the

following objective function:
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The algorithm minimizes intra-cluster variance as well, but has
the same problems as k-means, the minimum is a local
minimum, and the results depend on the initial choice of weights.
The expectation-maximization algorithm is a more statistically
formalized method which includes some of these ideas: partial
membership in classes. It has better convergence properties and
is in general preferred to fuzzy-c-means.

spectral clustering, spectral clustering techniques make use

of the spectrum of the similarity matrix of the data to perform

dimensionality reduction for clustering in fewer dimensions.
Normalized spectral clustering according to Ng, Jordan, and
Weiss (2002):

input: Similarity matrix ST R™, number k of clusters to
construct.

WiA. B = Z i
1. Construct a similarity graph. Let wASEE - pe
its weighted adjacency matrix.
2. Compute the normalized Laplacian L.
Loy := D™V2LD™Y? = T - D7'*W D2
Lew =D7L=1-D'W
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3. Compute the first k eigenvectors u,..u, of L .

4. Let Ul R™be the matrix containing the vectors u,..u,

as columns.
5. Form the matrix TT R™ from U by normalizing the

v — g 2 431/2
rows to norm 1, that is set i = i/ (25 wi) /=
6. Fori=1...n,let y 1 R be the vector corresponding to

the i-th row of T.
7. Cluster the points y. (i=1,...,n) with the k-means

algorithm into clusters C,..C, .
Output: Clusters A..A withA ={j|y,1 C}.

AlS-based clustering, AlS-based clustering relies on a
computational imitation of the biological process of self/non-
self discrimination, that is the capability of the adaptive
biological immune system to classify a cell as “self” or “non-
self” cell. Any cell or even individual molecule recognized and
classified by the self/non-self discrimination process is called
an antigen. A non-self antigen is called a pathogen and, when
identified, an immune response (specific to that kind of
antigen) is elicited by the adaptive immune system in the
form of antibody secretion. The essence of the antigen
recognition process is the affinity (molecular complementarity
level) between the antigen and antibody molecules. The
strength of the antigen-antibody interaction is measured by
the complementarity of their match and, thus, pathogens are
not fully recognized, which makes the adaptive immune
system tolerant to molecular noise. In this research
(Sotiropoulos et al. 2006), the antigenic population consists of
the initial set of customer profile feature vectors. The
produced set, of memory antibodies, provide an alternative,
more compact way of representing the original dataset while

conserving their original spatial distribution.
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The three components mentioned above along with the Double
Stereotypes component contribute to the construction of the User
Model Server component mentioned above. Every category and
product characteristic is a calculated by the algorithm. However,
this calculation is not based on degrees from products classification;
instead the calculation is based on user behaviour while s/he
interacts with the system. The data input for the algorithm are
calculated based on degrees from the features measured. The
algorithm processes these degrees and provides the system with
groups based on similarity. From these groups representative
feature vectors are extracted. The representatives’ vectors work
as group leaders and show the groups tendency to specific product
features.

These vectors are then compared with the vectors of products’
characteristics and the closest vectors are extracted and saved to
the Recommendations Database component. In this way the
Recommendation Database component is updated dynamically as
users navigate through the application. After this procedure the
Double Stereotypes component calculates dynamic double
stereotypes from these representatives. These stereotypes follow a
general to specific hierarchy, meaning that the system constructs a
low number of generic stereotypes at first and then continues to
construct more specific stereotypes until it reaches a certain point
of complexity.

The third tier consists of user interface components. The
Incremental Initialization Process component acquires
information from the user model and tries to provide the best
recommendations to new users or users that the system has little
information about. This component uses mostly stereotypic
information from the Double Stereotypes component and chooses
where the user should belong according to the moves that s/he has

made so far.
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The Recommendation component communicates with the
Server component and provides the users with recommendation
about products and system usage. The Recommendation
component contains all system recommendations about products,
mistakes or other recommendations in a database. This component
can use many techniques in order to make recommendations such
as adaptive hypermedia, dynamic annotations and animated agent.
The Recommendation component also takes feedback from the
users and provides the Server with more useful information.

The next component is the Animated Agent. It is a system
component that manages an animated agent that can help users
throughout the navigation of the system. This agent can provide
useful information about the usage of the system and provide
recommendations about products by acquiring information from the
user model. This component does not interact with the mobile
applications due to hardware limitations. Next, we have the User
Interface component. We use a dynamic user interface that not
only adjusts to the medium used automatically, but also changes
according to the users’ interests. The User Interface component
can change the whole user interface appearance dynamically and
personalise the user interface according to the specific users’
preferences and needs. These changes are acquired from the Server
that contains all the user models. The User Interface is an entirely
separate component and in this way it can adapt on any medium,
thus making the user modelling server medium independent. These
two functions of the User Interface component create a unique
personalised experience for every specific user, resulting in a
friendlier and more efficient user interface. Furthermore, the
Recommendation and Incremental Initialization component
can change the User Interface according to the user model of every

user.
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Last but not least, we have the Adaptive Hypermedia
component that is used to change user interface components
according to the users’ needs or preferences. This component has
the ability to change the user interface according to the
recommendations extracted from the user model. This component
can annotate products that are recommended and change the
position of these products in order to be seen first. It can also,
change the symbols of recommended products depending on the
degree of the recommendation. Adaptive hypermedia can also
change the font of product names or features in order to catch
user’s attention.

In the lower end of the architecture we have the users’
terminals, which can be supported by any medium needed (mobile
phones, interactive TV, laptop). The User Interface component is
responsible to adapt the application’s user interface to the
corresponding medium taking into account the appropriate

resources.

1.4.1 Overview of the User Models Created

The user models created within our methodology had one
major novelty. Instead of basing our user models to the products
characteristics sold by the e-commerce applications, we based our
user models in users’ interests and their behaviour. In this way the
user models created were not depended by the product being sold.
This was done by basing every specific user’s model to their specific
actions. There were two types of information taken into
consideration in every user model. The first was explicit
information and second implicit information.

Explicit information was based on questionnaires based on

customers demographic, personal and tastes data. More specifically
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questions concerning age, education, residence, familiarity with
computers and a small set of questions that changed dynamically
according the product type being sold. The implicit data was based
on statistical data from customer behaviour while s/he used the
application. For example this statistical data involved visiting times
of the specific product page or times that product was moved to
cart or times a specific mistake pattern occurred. Concerning
algorithmic independence we formulated our user models in the
form of vectors consisted of numerical degrees. The degrees
involved either degrees corresponding to tastes or degrees
corresponding to mistakes. In this way a large variety of machine
learning algorithms could use every user model as an input vector.
Furthermore, every machine learning algorithm resulted in an
output vector that could also be used as a user model of a new user
or a representative user of a customer group. The way our user
models are built also resulted in medium independency. Because
users’ models were considered an entirely different and separate
component in our methodology and because there were consisted of
only numerical data, they could be easily used by any medium
without great cost of data transferring. This is great advantage
especially for mobile phones with limited resources data capacity

can prove vital to an e-shop application’s responses.

1.5 Architecture’s main features

The novelty of the architecture on user modelling creation and
management presented in previous section has in fact derived from
the philosophy that this architecture is built on. The philosophy of
entirely separate component gives the ability of changing parts of

the architecture without changing the whole architecture from
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scratch. In this way our architecture can adapt to different criteria,

domains, products and media.

1.5.1 Different Algorithms

Clustering has been extensively used by researchers in aiding
group formulation with the criteria of similarity. Clustering has been
used very effectively in recommendation systems by many
researchers. However, most recommendation systems incorporate
only one clustering algorithm. Changing this algorithm can prove to
be a very difficult task for a recommending system. Our
methodology through the generalization of the clustering module
creates the appropriate conditions that can help the developer
change the clustering algorithm used very easily. More specifically,
due to the fact that the Clustering Algorithm Process component
is separate and follows the numerical vector input and output
philosophy, it can be very easily combined with any kind of
algorithm that follows a similar input and output process, which of
course most of machine learning algorithms follow. This case here is
reinforced by the fact that we incorporated five different clustering
algorithms in our approach without changing anything in our
architecture.

The clustering algorithms used were k-means (MacQueen,
1967), agglomerative hierarchical clustering (Day and
Edelsbrunner 1984), fuzzy c-means clustering (Bezdek et al.
1984), spectral clustering (Jordan and Weiss 2002) and AIS-
based clustering (Cayzer and Aickelin 2002), (Morrison and Aickelin
2002). Due to the separate module of the Clustering Algorithm
Process we were able to run these algorithms in real-time and
gather results that proved useful in two different ways. Firstly, on
the analysis of the results about the user that already had used our

systems based on this methodology, thus finding out useful info
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about our architecture effectiveness concerning recommendations
and help support. Secondly, we were able to create user models,
groups and dynamic stereotypes based on the process results of
these algorithms targeting new users or users that we had little

knowledge about.

1.5.2 Double Stereotypes

The next feature of our architecture lies in the stereotypes
creation. Researchers in the field of intelligent systems always
considered stereotypes to be a great tool for some first simple
assumptions about their users but the static character of
stereotypes was always a problem when users changed behaviour in
the process of interacting with the application (Rich, 1983).
Moreover, users that presented behaviour far different from those
framed from the stereotypes were very difficult to be categorized to
one. In order to address these problems and give stereotypes a
more dynamic character we combined the stereotype creation
process with the results of the clustering algorithm incorporated in
the corresponding component.

We in fact used the clusters provided by the clustering
algorithm to extract groups of users with similar tastes or mistakes,
or groups of similar products. This process was conducted many
times and resuited in a hierarchy of stereotypes. More specifically,
we clustered users based on a small number of features at first,
requiring only a very small number of clusters from the algorithm.
Then this process was conducted again taking into account more
features and requiring a larger number of clusters. These were
repeated until a certain number of clusters were achieved. This
number of clusters is defined by a rate that measures the intra-

cluster consistency.



This hierarchy of stereotypes resulted in stereotypes of
different complexity classified in corresponding level, meaning that
more complex stereotypes were classified in the lower levels of the
hierarchy and more general stereotypes in the first levels. This
process is conducted in real time in every application that
incorporates our application. This means that the hierarchy and
stereotypes change dynamically as more users become members of

the e-commerce application and interact with it.

1.5.3 Different Media

Goy in her work about personalized ecommerce systems,
points out the major target factors for adaptivity (Goy et al., 2007).
One key factor is information about the device used. As Ardissono
says the customer can access an online store by using a desktop
PC, a laptop, a mobile phone, a PDA, an on-board device, or other.
Every device has different characteristics, with respect to screen
size, computation and memory capabilities, 1/0 mechanism
(keyboard, touchscreen, speech ...), type of connection, bandwidth,
and so forth. These aspects have also been classified as
environment data by Kobsa and his colleagues (Kobsa et al., 2001).
These facts mean that the medium used is a very important aspect
of e-commerce architecture and needs to be taken under serious
investigation.

According to the above facts we have introduced another
novelty to our architecture targeting medium independence. The
separate component of User Interface is responsible of measuring
resources and types of medium and adjusting the user interface
according to the user interface used. This means that if a mobile
phone is used to access the e-commerce application than the fewer

resources are used than the ones of the desktop application. This
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was accomplished by the User Interface when we followed the
ruled of source elements.

All e-commerce applications have a small number of the same
source elements. These elements are the shopping cart, the
products page, the specific product page, the categories page and
the search page. These five source elements are present in all e-
commerce applications regardless product, domain and medium. By
defining the resources, design and structure for these five source
elements we created the bone structure of the user interface for
every e-commerce application. Every software designer could take
this structure and alter it according to his/her tastes. The
generalization of the user interface into these five elements
provides the architecture with the ability to process every e-
commerce system under the same view. Furthermore, the separate
User Interface component is responsible for managing the
systems resources according to the medium that the user interface
is projected. In this way the user model knowledge remains the
same in the User Model Server and only the interaction changes.

The last novelty presented in our architecture is the
combination of adaptive hypermedia with the User Interface
component. Creating a separate Adaptive Hypermedia component
and the data flow between the User Interface component resulted in
an effective way of creating a personalised user interface for every
specific user either for the purpose of recommending products or

intelligent help actions.

1.6 The RESCA-RUP software life cycle process

Adaptive applications present a greater difficulty in applying e
traditional software life cycle techniques. A very useful tool in

software life-cycle is the Rational Unified Process (RUP) (Kabassi
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and Virvou 2006). RUP is an object-oriented process that advocates
multiple iterations of the software development process. It divides
the development cycle in four consecutive phases: the inception,
the elaboration, the construction, and the transition phase. Each
phase is divided into four procedural steps, namely, requirements
capture, analysis and design, implementation, and testing. The
phases are sequential in time but the procedural steps are not.
Moreover, one important advantage of RUP is the highly iterative
nature of the development process. For the above reasons, RUP can
be selected as the basis for presenting adaptive systems too.

Our research introduces an RUP based software life cycle on
incorporation of a clustering algorithm into a prototype e-shopping
system called RESCA-RUP (Remote Shopping Clustering Algorithm
RUP). The process has four major steps. First, designing and
building the prototype system that does not include any clustering
techniques. Second, evaluating the system and through this process
obtaining data for the clustering algorithms. Third, comparing
several clustering algorithms with the above data as input and
choosing the most efficient algorithm. Fourth, incorporating the
clustering algorithm into the system and building stereotypes based
on this algorithm.

In adaptive applications it’'s very difficult to apply a general
life cycle. A very useful tool in software life-cycle is the rational
unified process (RUP) (Virvou and Kabbassi 2000). RUP is an object-
oriented process that advocates multiple iterations of the software
development process. RUP divides the development life cycle in four
consecutive phases: the inception, the elaboration, the construction
and the transition phase. Each phase is divided into four procedural
steps, namely, requirements capture, analysis and design,
implementation, and testing. The phases are sequential in time but

the procedural steps are not.
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Additionally, RUP is an object-oriented process; thus, it is
appropriate for the development of graphical user interfaces such as
the one described in our research. Moreover, one important
advantage of RUP is the highly iterative nature of the development
process. For the above reasons, RUP can be selected as the basis
for presenting adaptive systems too. An implementation of RUP life
—cycle into systems has been researched by Jaferian (Jaferian et al.
2005), which presented extensions on Business modelling and
Requirement discipline of RUP. RUP has been used to present
extensions that concern possible security threats and attacks.

Significant work in this field has also been done by Virvou and
Kabbassi. Their work showed that developing a Graphical User
Interface incorporating intelligence concerning in files and folders
managing and modification like Windows Explorer. The system
called IFM (Virvou and Kabassi 2000) presents an object - oriented
approach in knowledge based software engineering of an intelligent
GUI. In their second work (Virvou and Kabassi 2003) experimental
studies were conducted for the IFM. Lastly, their third work (Kabassi
and Virvou 2002) they extended the knowledge-based software life-
cycle framework and they incorporated a multicriteria analysis. The
common use of a modified RUP life —cycle as a tool for the design
and development of IFM proved to be very efficient enhanced the
software life —cycle process of IFM.

Similarly to IFM we chose to implement a parameterized
version the standard RUP table for the purposes of the clustering
algorithm incorporation. RESCA-RUP is based on iterations but does
not specify what sort of requirements analysis has to be conducted
for adaptive systems and what kind of prototype has to be produced
during each phase or procedural step. This table follows the phases
and procedural steps of RUP but the difference is that we specify
what prototype has to be constructed in each phase and what kind

of experiment has to be conducted. Consequently, here is presented
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a modified solution to the problem of clustering incorporation and
how this procedure can be generalized and be applied in an entirely
different medium or product.

The resulted systems through this life cycle process were very
effective and helped its customers choose the right product. This
research shows that the RUP life cycle process built in our previous
research can also be applied in other domains with roughly the
same steps. Furthermore, through the developing and evaluating
procedures, we proved that RUP can be selected as the basis for
presenting adaptive systems too. The evaluation was conducted in
two different systems, selling different products through different
technologies. The evaluation results showed that the basic steps of
the proposed by out RUP life-cycle remained the same. This means
that the different domain and media did not play a sufficient role in
changing the procedure thus resulting in medium and domain
independent procedure.

Our research on RUP software life-cycle did not stop on the
creation of a software life-cycle process but continued on the
combinations of RUP steps with the UML technique. By combing
UML and RUP we created a fully modelled procedure for
incorporating a clustering algorithm into a personalized
recommending e-commerce system. UML helped us model the
architecture and procedures of the software thus making them
clearer for the average programmer. Furthermore, the repeatability
of RUP created a series of general to more complex UML diagrams
of every program procedure and in this way a diagrammatic image
of the whole research was created; a tool very useful for future

programmers of adaptive ecommerce systems.
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1.7 Phd Thesis Contents

This Phd thesis is organized in seven chapters. Chapter 2
focuses on the related work done in the fields of recommending
systems, intelligent help systems and combined of the above
systems. Chapter 2 also gives comparisons of our methodology on
these fields against the methodologies of the systems presented in
this chapter. Chapter 3 presents our methodologies on different
media and machine learning algorithms developed for the adaptive
remote shopping applications. Chapter 4 presents RESCA-RUP the
software life cycle based on the rational unified process for adaptive
remote shopping applications. This chapter focuses on presenting
how a researcher can successfully incorporate the methodologies
developed in this phd.

Chapter 5 presents a generic architecture consisted of three
tiers, the user modelling components, the user modeling server and
the adaptive interface components. This generic architecture
incorporates the innovative methodologies based on different media
and machine learning algorithms. Chapter 6 presents evaluation
studies on remote shopping applications incorporating the
innovative methodologies presented in the previous chapters.
Chapter 7 seven discusses contributions and innovations made
through this phd in the research fields that this phd falls under.
Furthermore, presents the reader with general conclusions of this
researcher and discusses open research issues and future

amplifications.
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CHAPTER 2
RELATED WORK
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2. Related Work

This phd research covers many fields of software engineering
and informatics. In this chapter we will present researchers that
have conducted similar work in the fields that our research applies
to. The main topic that our research addresses is the field of e-
commerce as our main purpose of our research is the construction
of effective intelligent remote shopping applications. Adaptivity and
user modelling are two very wide spread concept in software
engineering of intelligent applications in general. Likewise, our
methodology uses such techniques to have the ability to be
adaptive to users’ behaviour. An indirect but affecting field of
informatics to our research is e-learning. Many e-learning
researchers have conducted significant works in the field that were
taken into consideration during our research. For example,
stereotypes are widely used in the field of stereotypes and similar
techniques are used in our research too.

This chapter follows with the presentation of works belonging
to fields of recommendation systems and intelligent sales
assistants. These two fields are the most relevant with our work and
a direct comparison with works conducted in these fields is
mandatory and will provide us with a better picture of the
differences between work conducted by other researchers and us.
In the research field of recommendation systems special emphasis
has been given to application that incorporate machine learning
algoritnms as these applications are directly similar to our
methodology. Mobile and TV recommendation must also be
addressed as an affecting field to our work as our research applies
to different media and more specifically applies to mobile phones,
interactive TV and internet shopping. Our research during this phd
has expanded not only in creating methodologies that would

recommend products to users in effective ways but also support
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while they buy these products. In this way a thorough research of
the field of intelligent help systems was conducted during this phd
in order to extract information and effective ways of supporting
users while they interacted with the system. The research field of
animated agents was also greatly researched during this phd.
Animated agents are a great tool for presenting users with a more
human-like interface and help in supporting users in a friendlier
way. Animated agents can interact with user directly, giving users
the feel of human-like conversation.

The last paragraphs of this chapter cover two very important
fields of our research. Generic architectures are greatly discussed
here in order to present the need for a generic architecture in the
field of shopping applications and the novelty of our methodology
towards other work conducted in the field. Research work conducted
in the field of software life cycle and rational unified process (RUP)
is also discussed in this chapter. We have used RUP in order to
create a methodology for incorporating machine learning algorithms
and user modellig techniques into remote shopping applications.
Combining our generic architecture and RUP approach we wanted to
give future researchers an integrated tool for developing intelligent

remote shopping applications.

2.1 E-commerce

In e-commerce there are mainly two types of commerce. There is
B2B (business to business) commerce and B2C (business to
customer) commerce. The first applies between companies and the
second is the more traditional commerce and targets individual
customers. However, both types the mainly aim in selling products
effectively. Nowadays many researchers and companies have tried
to create systems that manage content in a more general way thus

creating a kind of framework for products. In e-commerce industry



these systems are called CMS (content management system) and
CRM (customer relationship management) systems. Such a system
has been created by Fensel and his colleagues. (Fensel et al. 2001)
and its aim is extract product content in order to help business
create an efficient CMS system. Its reasoning is based on creating a
structure of classes based on information extraction from products.
Our system on the other hand focuses on customer behaviour than
product information extraction thus basing its reasoning in an
entirely different approach. Our system creates customer groups by
incorporating a clustering algorithm in its reasoning mechanism.
Another approach, on B2B market is GoldenBullet by Ding
(Ding et al. 2002). GoldenBullet is a system that applies techniques
from information retrieval and machine learning to the problem of
product data classification. The system helps to mechanize an
important and labour-intensive task of content management for B2B
Ecommerce. Again, our system also uses machine learning
techniques, but these techniques are used on user behaviour and
not product classification. An interesting approach has also been
created by Albert (Albert et al. 2004). They created a model for
design and management of content and interactivity of customer-
centric web sites called GIST. The key to their approach is the
identification of nanosegments and nanoflows, the specific gap
analyses for these groups of visitors, their preferred paths, and the
consequent actionable findings that are derived from the process.
Here, we present an entirely different approach that is based
on user models created by machine learning techniques. These
techniques create groups of similar user based on their behaviour
dynamically as the customer navigates through the system. An
approach that tries to generalize content management for products
has been followed by Trappey (Trappey 2004). Their global content
management services for product providers and purchasers is based

on xml and proposes a suitable content search engine, implements
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a Web user interface for a variety of content users, and provides
Web tools for e-content creation, maintenance and management.
On the other hand, our system is based on a database server and
not xml schemas. It creates user group that present similar
behaviour and it can be used as a module on any system instead of

forcing the developer to use its own web tools.

2.2 Adaptivity and User Modelling

Despite the fact, that the above system try to generalize their
role and create independent systems concerning products they do
not address user adaptivity issues. On the other hand many
systems have tried to incorporate adaptive mechanisms in order to
help customers. These systems are called recommendation
systems. The use of recommendation systems is widely spread and
can be found in many fields such as e-commerce, TV-commerce,
program recommendation and many others. The recommendation
techniques usually involve the construction of user models that are
either based on explicit user information or on data about the user
behaviour that is collected implicitly by the system.

User models can be constructed using many techniques
adaptive hypermedia (Brusilovsky, 2001) or individual user models
(Rich 1983, Agichtein et al. 2006). One powerful way also for
creating user models is based on stereotypes. Stereo-types were
originally invented for the system called Grundy (Rich 1998) that
recommended books to users based on their preferences. In this
system it was defined that a stereo-type represents a collection of
attributes that often co-occur in people and thus they enable the
system to make a large number of plausible inferences on the basis
of a substantially smaller number of observations.

Building stereotypes involves mainly defining the triggering

conditions (the conditions that enable a specific stereotype), and
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the inferences (what can be assumed for users belonging in the
triggered stereotype). As Kay (Kay 2000) points out there are two
ways for constructing stereotypes, one is hand-crafted and the
other one is empirically-based. In the hand-crafted case the
designer of the system makes assumptions about the stereotype
groups whereas in the empirically-based stereotypes there is an
important role of machine learning techniques in acquiring them.
However, in the majority of the existing commercial personalization
systems, the personalization process involves substantial manual
work and most of the time significant effort on the part of the user;
despite these problems, the number of personalized web pages is
increasing (Pierrakos et al. 2003).

Clustering algorithms are also a common type of algorithmic
implementation of adaptive systems. An adaptive and personalized
system according to Brusilovsky is a system that is able to adapt its
behavior according to changes of a user’s behavior. (Brusilovsky
2004). Recommender systems (Resnick and Varian 1997) are
specific adaptive systems that use a type of information filtering
(IF) technique and aim to present to the user information items
(movies, music, books, news, web pages) that the user may be
interested in. To do this the user's profile is compared to some
reference characteristics. These characteristics may be from the
information item (the content-based approach) or the user's social
environment (the collaborative filtering approach). When building
the user's profile a distinction is made between explicit and implicit
forms of data collection.

Examples of explicit data collection include the following:

1. Asking a user to rate an item on a sliding scale.

2. Asking a user to rank a collection of items from favourite to
least favourite.

3. Presenting two items to a user and asking him/her to choose

the best one.
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4. Asking a user to create a list of items that he/she likes.

Examples of implicit data collection include the following:

1. Observing the items that a user views in an online store.

2. Analyzing item/user viewing times

3. Keeping a record of the items that a user purchases online.

4. Obtaining a list of items that a user has listened to or
watched on his/her computer.

5. Analyzing the user's social network and discovering similar
likes and dislikes

Our system uses implicit techniques in order to create user
profiles according to their interests. The recommender system
compares the collected data to similar data collected from others
and calculates a list of recommended items for the user.
Recommender systems are a useful alternative to search algorithms
because they help users discover items they might not have found
by themselves.

Adaptive help systems (also called intelligent help systems) are
a specific kind of help systems and are recognized in research
direction on the crossroads of Artificial Intelligence (Al) and Human-
Computer Interaction (HCI). The goal of adaptive help systems
(AHS) is to support users in an adaptive way and dynamically
change their behaviour as the user interacts with the system
(Oppermann 1994). This goal can be achieved in many ways. For
example (Virvou and Kabassi 2004) a cognitive theory like Human
Plausible Reasoning can be implement in order to create an
intelligent user interface to help users recover from their mistakes
and perform tasks easily.

Unlike traditional "static" help systems that serve by request
the same information to different users, AHS attempt to adapt to
knowledge and goals of individual users offering information about
most relevant aspects in a most relevant way. Our system uses an

adaptive help module based on every specific user’'s model that help
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users in a personalized way avoid navigation mistakes due to

his/her age.

2.3 E-learning

The field of e-learning was the first to implement adaptivity
and user modelling techniques in order to create successful tutoring
systems. These techniques were later passed to the e-commerce
field. In these next paragraphs we present some successful
intelligent e-learning systems that their adaptivity techniques
constituted as the basis of adaptive e-commerce systems also.

There are many examples of intelligent tutoring systems in e-
learning, like the work of Frasson et al, 1997. Their work uses
pedagogical agents to in a multi strategic tutoring system. Their
paper describes the use of actors for implementing pedagogical
strategies and more generally for detecting which strategy is more
suited to a given learner. Their approach leads to the definition of a
multi-strategic ITS, based on pedagogical actors, that is able to
switch among various strategies. In this framework pedagogical
actors are used to model the expertise of the various pedagogical
strategies. Another important work on the same field has been done
by Heffernan and Koedinger, 2002. Their work presents present Ms.
Lindquist, an Intelligent Tutoring System (ITS) designed to carry on
a tutorial dialog about symbolization. Ms. Lindquist has a separate
tutorial model encoding pedagogical content knowledge in the form
of different tutorial strategies, which were partially developed by
observing an experienced human tutor.

A very important work has also been done by Suraweera and
Mitrovic, 2004. Their paper presents KERMIT, a Knowledge-based
Entity Relationship Modelling Intelligent Tutor. KERMIT is a
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problem-solving environment for the university-level students, in
which they can practice conceptual database design using the
Entity-Relationship data model. KERMIT uses Constraint-Based
Modelling (CBM) to model the domain knowledge and generate
student models. We have used CBM previously in tutors that teach
SQL and English punctuation rules.

Significant work has also been done by Brusilovsky et al.,
1996 with ELM-ART. Their research discusses the problems of
developing WWW-available ITS and, in particular, the problem of
porting existing ITS to a WWW platform. They present the system
ELMART which is a WWW-based ITS to support Ilearning
programming in Lisp. ELM-ART demonstrates how several known
ITS technologies can be implemented in WWW context. Another
important work in web ITS has also been done by Tsiriga and
Virvou, 2004. In their work they describe a framework for the
initialization of student models In Web-based educational
applications. The framework is called ISM. The basic idea of ISMis to
set initial values for all aspects of student models using an
innovative combination of stereotypes and the distance weighted k-
nearest neighbour algorithm. In particular, a student is first
assigned to a stereotype category concerning her/his knowledge
level of the domain being taught. Then, the model of the new
student is initialized by applying the distance weighted k-nearest
neighbour algorithm among the students that belong to the same
stereotype category with the new student.

Last but not least we have two different approaches on the
field of e-learning ITS. The first research has been done by
Graesser et al., 2005. Their work presents AutoTutor that simulates
a human tutor by holding a conversation with the learner in natural
language. The dialogue is augmented by an animated
conversational agent and three-dimensional (3-D) interactive

simulations in order to enhance the learner’'s engagement and the
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depth of the learning. And the second work has been done by Baker
et al., 2006 and introduces a system which gives a gaming student
supplementary exercises focused on exactly the material the
student bypassed by gaming, and which also expresses negative
emotion to gaming students through an animated agent. Students
using this system engage in less gaming, and students who receive
many supplemental exercises have considerably better learning
than is associated with gaming in the control condition or prior

studies.

2.4 Recommendation Systems

E-commerce applications have become very popular since they
provide easy access to all kinds of products. Nowadays tv-shopping
has also become very popular due to the fact that relies on the
technology of interactive TV and thus has the potential to be a user-
friendlier medium than a desktop computer since customers are
more likely to be more familiar with TV than with computers. Both
of the applications mentioned above belong to the well known field
of recommending systems. However, most of existing applications
are generic and do not address specific needs, preferences and
attributes of individual customers. A remedy to this problem can be
achieved by web personalization techniques.

As De Pessemier and his colleagues (Pessemier et.al. 2008)
suggest, new technologies such as Internet, iDTV, and mobile
applications create the possibility to advertise in a different, more
attractive manner than the traditional commercial breaks. This leads
to a rise of interactive commercials on iDTV, banners on the
internet, and commercials on mobile devices. This leads the market
to more converged architectures corresponding to different types of

mediums such as mobile phones, internet. Despite the fact that
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there are many techniques in order to achieve personalization,
there is a lack in the effort to produce frameworks that can be
applied to any recommending application without concerning the
product that sells or the medium that this application uses. Also as
Veruska Aragao suggests there is no widely-available mechanism to
allow users to personalize their interaction with web data and
services (Aragao et.al. 2001) meaning that as years pass the need
for general personalization architectures is becoming more and
more imperative. The difficulty of making such a framework is high
and its reinforced by the fact that product brokering requires
assisting users in finding information in a complex multidimensional
space (Pu & Faltings, 2002).

There are many remote shopping applications that try to make
recommendations using many techniques. These techniques usually
involve the construction of user models that are either based on
explicit user information or on data about the user behavior that is
collected implicitly by the system. User model can be constructed
using many techniques like stereotypes, adaptive hypermedia or
individual user models.

For example, WindOwls (Kazienko and Kolodziejski, 2005) is a
recommending system that uses user modeling techniques to
propose products to individual users. WindOwls uses association
rules to calculate weights in order to group acquired tastes
together. These weights are used as tastes inferences. In contrast,
in our methodology we use a clustering algorithm to group users
according to their tastes. More specifically, our system extracts
representatives from a clustering technique of users' tastes and
then uses these representatives to recommend its products.

Another interesting approach has been made by Choi and his
colleagues (Choi at al., 2006). They chose a multi-attribute decision
making method to find similar products. In their system, the

customer must first order a product in order for the system to
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propose a similar one. The procedure of finding a similar product is
based on a weighted attribute theory that can fill incomplete
specifications of a similar product if these specifications do not
exist. Our system follows a very different approach. It observes
users’ navigational behaviour and tries to infer their tastes through
their visits and navigation on product pages. On the other hand in
our system a product can be proposed even if a customer has not
bought anything. Moreover our system uses a clustering technique
in order to acquire representing vectors of taste percentages. It
uses these vectors to propose a product instead of the weighting
product attributes technique, used in Choi system.

Another recommending system that uses clustering techniques
in order to group products is the system proposed by Guan (Guan
et al., 2005). Their system uses ranking as the major way to
acquire generic attributes from products. The following step of their
procedure includes clustering new attributes into the different
groups of the above attributes. Guan used the k-NN algorithm in
order to create these clusters of similar attributes and in this way
find similar customer tastes. On the other hand in our system
instead of asking customers to rank products we observe their
behavior and interaction with the system. In our system we do not
cluster similar product attributes but similar taste percentages in
product attributes. In this way instead of creating a system that is
based on product attributes we create a system that is based on
customer taste percentages which gives us a product independent
system. Moreover, instead of asking the customer to define what
attribute s/he likes more, our system learns it from his/her high
taste percentage.

Many systems (Schwarzopf 2001, Ardissono and Torasso 2000)
have used clustering algorithms for the revision of initial user
models that had been created based on hand-crafted stereotypes.

In constrast to those systems, our methodology was developed in
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two phases. First, an adaptive version of the system was created
which did not incorporate any stereotypes. This version of this
system was used by real users and all their actions within their
interaction with the system were collected and analyzed by the
artificial immune network. As a result of this process we constructed
double stereotypes that were than incorporated into the system for
improving the initialization and accuracy of the user modeling
component of Vision.Com. The fact that we have constructed
Vision.Com in two phases has provided the advantage of the
construction of user stereotypes based on the clustering algorithm.

Another interesting work in the same field is developed by
Cayzer and Aickelin (2002) and Morrison and Aickelin (2002). That
system utilized an Artificial Immune System (A.l1.S) in order to
tackle the task of film and web site recommendation by
collaborative filtering. In that system there was a movie database
called EachMovie that was used as a source of votes concerning
movies that had been seen. These votes were explicitly supplied by
each user and were used in order to build a recommender system
that provided estimation votes for unseen movies. In contrast, in
our work we obtained the movie preference related data in an
implicit manner. In our approach we aim at recommending movies
to a user based on his/her inferred preferences. Individual user
preferences are inferred based on users’ interaction with the
electronic video store.

In the Cayzer and Aickelin system there is neither a user model
nor stereotype-based reasoning. Thus, their system cannot
recommend movies that have not been seen by any user. In our
case the fact that we construct user models allows the system to
predict user preferences in all kinds of movies whether these have
been seen by other users or not. Our aim was to develop a
regulated network of antibodies that corresponded to

multidimensional representative vectors of the user preferences.
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User preferences refer to movie attributes such as who the director
of the film is, who the leading actor is, what kind of film it is etc.
More specifically, our work has focused on how a significant amount
of redundancy within the customer profile dataset can be revealed
and reduced, how many clusters intrinsic to the customer dataset
can be identified and what the spatial structure of the data within
the identified clusters is.

Another approach that goes beyond attributes exploitation like
the work mentioned previously is done by Alspector and his
colleagues (Alspector et.al. 1997). This approach builds a CART
network with the help of three main adaptive techniques: feature-
based, clique-based and linear model. The feature-based approach
rests on the notion that the features of the movies can be useful in
recommending movies. Some of the features that can be used to
recommend movies include MPAA ratings (e.g., parental guidance),
expert critic ratings, movie category (e.g., drama), name of the
director, leading actors/actresses, and awards received. For
example, a particular user may have a strong inclination to see only
movies that are rated G (general admittance), acted by Ben
Kingsley, and belonging to the category Comedy or Drama. Thus,
the feature-based approach exploits the bias of a user towards a set
of important features of the movies. Their study showed that an
effective movie-recommendation system should combine all these
approaches in order to maximize performance.

On the other hand, our system takes another approach on the
matter. We are using a clustering algorithm in order to create
groups of similar users in interest. The degrees of interests of users
are calculated based partly on their stated preferences and partly
on the inferred interests from the users’ actions. Furthermore, our
system does not base its reasoning system in movie ratings but in
user behaviour. For example, if a user puts a movie in his/her cart

then this means that the user is interested in this movie. Then if the
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user reaches the exit and does not buy the product, this means that
s/he is not interested enough to pay the money to buy it whereas if
s/he buys it then it means that the product is of the highest interest
to the user at that moment. Moreover, our system is a general
framework for recommendations that can be applied on any product
not only movies.

A very interesting technique also, based on a rating system has
been conducted by Li and Kim (Li & Kim, 2004). The system
acquires rates and then calculates fuzzy inferences and extracts
similarities between users. Their method proved very successful
according to the evaluation presented.

In the field of tourism, Ardissono (Ardissono et al., 2003) has
conducted significant research. The system created for personalized
recommendations about tourist attractions is called Intrigue. This
system targets both desktop and handheld devices. Personal
recommendations are extracted by combining users’ stereotypes
and presented in the form of lists relevant to this user’s taste.
Simiraly our architecture uses stereotypes but in an entirely
different approach. Our architecture instead of combining users’
stereotypes it constructs hierarchies of stereotypes based on user
behaviour. These hierarchies follow the strategy of more general to
more complex stereotypes. In this way users are classified to more
complex stereotypes as they continue to use the ecommerce
system more and more. Moreover, the recommendations are not
presented in the form of personalized lists based on relevancy but
they are presented in two ways. First, with the help of adaptive
hypermedia and more specifically adaptive symbols that correspond
to different levels of taste and secondly, with the help of a lifelike
agent that conducts general proposals to the users.

In the field of user plan recognition Ardissono and Sestero have
conducted a very interesting research (Ardissono and Sestero,

1995). They have used dynamic user models to recognize user

56



plans through a dialogue interpretation framework. Their user
modelling creation is based on stereotypical information and
acquisition rules. Their research shows how to embed a user model
in plan recognition. Simiraly our fremawork is used to embed user
modelling and adaptivity but in a different domain, the domain of
ecommerce systems. Instead acquisition rules our system relies on
machine learning algorithms to infer user needs and tastes.

Another very interesting approach has been conducted by
ardissono and her colleagues. (Ardissono et al., 2001). Their goal is
to create an adaptive system for personalised access to news. Their
system uses user modelling techniques based on stereotypes in
order to achieve personalization and it assumes that news data as a
hierarchical structure. Despite the fact our system follows
architecture similar to this system, based on modules, it differs a lot
on many aspects. Our system does not rely only on stereotypes for
user model creation and the presentation of recommendations is
based on adaptive hypermedia techniques.

The field of customer relationship manager (CRM) was also
greatly researched on hot to incorporate user modelling techniques
into CRM systems. Significant work has been conducted by Piller
and Schaller (Piller and Schaller, 2002). In their work they present
four models of collaboration for CRM. Their work proves that
individualization on customer needs can only be achieved by
collaborating different partners together and not relying only in one
firm. Our framework with the generalization of the user modelling
components and the reusability that is offered through the
separation and generalization of these components can make
collaboration easier ass data from different stores can be stored in
the same user model server.

Work has also been done in incorporating machine learning
techniques into systems. Such a work has been done by Castro and

his colleagues (Castro et al., 2001). They constructed a fuzzy
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machine learning technique in order to obtain evident knowledge of
an existing set of training examples. This technique can be used to
help expert systems obtain knowledge about users and thus provide
better recommendations. Their research showed that knowledge
acquisition process as a process for extending, updating and
improving an incomplete knowledge base, in which machine
learning is useful.

Another common technique for achieving adaptivity is

clustering. Such a work based on clustering has been done by Kim
and Ahn (2008). They constructed an alternant of the GA K-means
in order to create a recommender system in an online shopping
market. They applied this algorithm to a real-world case for market
segmentation in electronic commerce.
Another work using clustering techniques concerning software
segmentation, recovery and restructuring was done by Lung and his
colleagues (Lung et al., 2004). They used bottom—up method and
clustering to group similar components together to form clusters or
subsystems. Those clusters or subsystems are partitions which
constitute a system. According to Lung applications of clustering
analysis can be found in many disciplines but all comprise three
common key steps: (1) Obtain the data set, (2) Compute the
resemblance coefficients for the data set and (3) Execute the
clustering method.

Such an approach has been made by Miao and his colleagues
(Miao et al., 2007). Their paper proposes personalized
recommendation agents called fuzzy cognitive agents. Fuzzy
cognitive agents are designed to give personalized suggestions
based on the user’'s current personal preferences, other user’s
common preferences, and expert’'s domain knowledge. Fuzzy
cognitive agents are able to represent knowledge via extended
fuzzy cognitive maps, to learn users’ preferences from most recent

cases and to help customers make inferences and decisions through
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numeric computation instead of symbolic and logic deduction. In
contrast, in our system we use a clustering algorithm to group users
according to the information that itvmobi gets through their
behavior. In particular, our system extracts representatives from a
clustering technique of users' tastes and then uses these
representatives to recommend its products.

There are other web-based recommendation applications that
have also used clustering algorithms (e.g. (Jin et al. 2004, Adil et
al. 2000, Menczer et al. 2002, Jina et al. 2004, Ajith 2004, Wang et
al. 2004)). All of these applications were primarily concerned with
the acquisition of user behaviour-related data. In contrast, our work
has focused on incorporating an clustering algorithm in order to
personalize the developed eshop system through grouping similar
users’ behaviour. This means that we have used a very different

algorithm that has not been used by these systems.

2.4.1 Intelligent Sales Assistants

The concept of the intelligent sales assistant is wide spread in
the research domain of personalised product recommendations. The
general idea of intelligent sales assistant has been presented by Boy
and Gruber (Boy and Gruber 1990). Nowadays the intelligent sales
assistant and variants has been used by many researchers such as
Molina (Molina 2001). Molina proposes an advanced type of
software application that simulates how a sales assistant dialogues
with a consumer to dynamically configure a product according to
particular needs. He presents a general knowledge model that uses
artificial intelligence and knowledge-based techniques to simulate
the configuration process.

Another significant work in the field of sales assistant has

been done by Shergil et al (Shergil et al., 2004). In their paper they
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describe a computerized intelligent sales assistant computer
package that gives sales personnel the ability to allocate their time
where it will produce the best results, both for the customer, and
for the business. As the customer enters the shop, this customer’s
features are scanned and analyzed and the customer is categorized
as a browser, future customer, potential customer or buyer. The
customer’s facial data are also used to retrieve their details, if
available, from the shop’s database, and the data are used to
determine whether a human sales assistant is required. The
software package’s expression recognition feature would also tell
the sales personnel whether or not the customer requires or desires
assistance in the first place.

Important work in the field has also been done by Schneider
(Schneider, 2003).In his research an adaptive shopping assistant
system utilising plan recognition is described. Radio Frequency
Identification (RFID) sensory is used to observe a shopper’s actions,
from which the plan recogniser tries to infer the goals of the user.
Using this information, an automated assistant provides help
tailored to the shopper’s concrete needs. We discuss why it is
crucial to make the plan recognition process itself user adaptive and
present ideas how to realise this through modification of existing
plan recognition approaches.

Another work in the field has also been researched by Stahl et
al. (Stahl et al., 2004).They give a survey of the research project
REAL, where they investigate how a system can proactively assist
its user in solving different tasks in an instrumented environment by
sensing implicit interaction and utilising distributed presentation
media. The architecture presented uses a blackboard to coordinate
the components of the environment, such as the sensing and
positioning services and interaction devices. A ubiquitous user
model provides contextual information on the users’ characteristics,

actions and locations. The user may access and control their profile
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via a web interface. They also present two mobile applications to
employ the environmental support for situated dialogues, a
shopping assistant and a pedestrian navigation system. Both
applications allow for multi-modal interaction through a combination

of speech, gesture and sensed actions such as motion.

2.5 Mobile recommendation

In the field of mobile-shopping little work has been done. An
interesting approach has been made by Billsus et al (Billsus et al
2002). In their work they have created and adaptive interface for
mobile devices that makes personalised suggestions based on
search questionnaires. Despite that fact that their work can be very
efficient, it mainly focuses on filtered lists of suggestions on various
areas such as restaurants, presented to the user’s mobile device.
Their adaptive user interface lacks the generality of a user
modelling server that can be applied in both internet and mobile
shopping applications. On the other hand, our e-shop architecture
does not lack generality and it can be incorporated to every mobile
e-shop system.

A very important research in the field of mobile
recommendation has been made by Miller and his colleagues (Miller
et al., 2003). In their paper they have examined the challenges
associated with building a recommender system for four wireless
interfaces: A PDA using the AvantGo service, a web enabled cell
phone browser, a voice interface over phone, and a wireless PDA.
They have presented their solution to these challenges called
MovielLens Unplugged. MovieLens is a recommendation system, a
companion service to the MovieLens website. MovieLens Unplugged
provides recommendations to customers based on a five star

ratings system, a wishlist and search criteria. On the other hand our
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system basis its movie recommendation system on customer
navigational behaviour. It measures customers’ interests based on
pages’ visits, movie moved to cart and bought movies.
Furthermore, our system uses adaptive hypermedia to create an
adaptive user interface. Moreover, our system evolves an intelligent
incremental initialization based on dynamic double stereotypes of
both products and users.

In the field of mobile shopping also, we have the work of Yang
and his colleagues (Yang et al., 2008). In their study they
investigated location-aware  personal recommendations by
constructing a system that amalgamates the information abundance
of the Internet with the tangible richness of physical shopping, in
terms of location. They discuss how the proposed approach is
implemented to exploit the functionality afforded by a powerful
location-aware architecture, and have evaluated its performance
using both synthetic and empirical data. In order to improve the
performance of their system they used a technique baed on R+
trees. Our system on the other hand, is a generic mobile
architecture that focuses on mobile e-shop. Our architecture uses
recommendation techniques with the help of clustering, stereotypes
and adaptive hypermedia to provide personal suggestions to
customers according to their behaviour.

In the same field we also have the work of Kurkovsky and
Harihar (2006). They present SMMART, a contextaware, adaptive
and personalized m-commerce application designed to deliver
targeted promotions to the users of mobile devices about the
products they like while guarding the users’ identity and protecting
them from any unsolicited messages. Promotions distributed by
SMMART are personalized by performing intelligent matching of the
user’s shopping interests to current promotions available at a retail
site. SMMART can adapt to changing preferences of its user by

inconspicuously monitoring his or her shopping habits. Our system
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also monitors users’ behaviour but uses three different techniques
to propose to customers’ products that are interested in. These
techniques are clustering algorithm, dynamic double stereotypes
and adaptive hypermedia.

A vey interesting approach has also been done by Setten and
his colleagues (Setten et al., 2004). Their work describes a
context-aware mobile tourist application COMPASS that adapts its
services to the user’s needs based on both the user’s interests and
his current context. In order to provide -context-aware
recommendations, a recommender system has been integrated with
a context-aware application platform. The recommender system
uses the following prediction methods: social filtering, case-based
reasoning (CBR), item-item filtering and category learning. On the
other hand, our system uses entirely different prediction methods
which include clustering similar users, double stereotypes and
adaptive hypermedia. Furthermore, our system focuses on a
different domain which is product recommendation.

A significant work in the field of mobile recommendation
systems has also been made by Andronico and his colleagues
(Andronico et al., 2003). In their work they present a framework of
a Learning Management System (LMS). In this framework they
integrated InLinx, a multi-agent Web-based hybrid recommender
system that provides an on-line bookmarking service in their m-
learning architecture. Their work showed that InLink’s hybrid
approach is able to effectively filter relevant resources from a wide
heterogeneous environment like the Web, taking advantages of the
shared interests among users without losing the benefits provided
by content analysis. Our system on the other hand, is a generic
mobile architecture that focuses on mobile e-shop. Our architecture
uses recommendation techniques with the help of clustering,
stereotypes and adaptive hypermedia to provide personal

suggestions to customers according to their behaviour.

63



Last but not least, in the field of mobile gaming significant
research has been made by Bell and his colleagues (Bell et al.,
2006). In their work they describe an architecture that allows the
recommendation of new system components from systems with
similar histories of use. Software components and usage histories
are exchanged between mobile users who are in proximity with
each other. They applied this architecture in a mobile strategy game
in which players adapt and upgrade their game using components
from other players, progressing through the game through sharing
tools and history. Our system focuses on entirely different field and
instead letting users’ share opinions; it monitors all users’ behaviour

and then extracts conclusions from these behaviours

2.6 Interactive TV and TV Shopping

Interactive television (Jensen, 2005) allows viewers to interact
with television content as they view. In iTV the viewer must be able
to alter the viewing experience or return information to the
broadcaster. This "return path" or "back channel” can be realized by
telephone or cable. Cable viewers receive their programs via a
cable, and in the integrated cable return path enabled platforms,
they use the same cable as a return path. Satellite viewers (mostly)
return information to the broadcaster via their regular telephone
lines. Increasingly the return path is becoming a broadband IP
connection, and some hybrid receivers are now capable of
displaying video from either the IP connection or from traditional
tuners. Some devices are now dedicated to displaying video only
from the IP channel, which has given rise to IPTV - Internet Protocol
Television. The rise of the "broadband return path” has given new
relevance to Interactive TV, as it opens up the need to interact with

Video on Demand servers, advertisers, and web site operators.



T-commerce or television commerce is e-commerce undertaken
using digital television. It has yet to become as widespread as e-
commerce on the Internet (Jensen, 2005). Several technologies can
be used to achieve t-commerce. These technologies generally work
like ordering a cable pay-per-view or video-on-demand (VOD)
movie. Shoppers press a button on the remote control to select an
item and toggle through such choices as size, shipping address and
payment. In most cases, shoppers must register in advance such
information as addresses and payment preferences. T-commerce
technology requires satellite TV or digital cable service. The
advantage of t-commerce is the ability to target markets that are

almost impossible to reach through traditional channels.

2.6.1 TV Recommendation

An important field in recommendation that has a large affinity
with interactive TV is TV programs recommendation. Important
steps have been made in this field too, e.g. (O’ Sullivan et al. 2004,
Marbury et al., 2004). Their aim is to help users find a program of
interest to them. Marbury’s work applies a user model based on
keywords and named entities in every user’s query for a tv program
and in this way provides the user with personalized results based on
this user interests. This system uses an individual user model
technique in order to propose clips of programs that a user might be
interested into. Despite the fact that this technique provides the
system with good results for a user after several queries for
programs, it lacks on the topic of user modelling initialization. If a
new user enters the system the program cannot recommend an
appropriate set of clips according to his/her tastes.

On the other hand, our system makes recommendations

through grouping users with similar tastes by the use of k-means
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clustering. Every user belongs to a group and every group has a
representative. In this way, if a new user enters the system and
interacts only a little with it, the system can extract his/her tastes
with the help of his/her representative. Moreover, by doing so, the
system provides the user with immediate product recommendations
and solves the problem of leaving a new user with the feeling of "no
results according to his/her tastes"”, that is usually witnessed on
systems that take long to create the new user's profile.

On the other hand O’Sullivan created the personalized
Electronic Programme Guide (pEPG), which they believe that is one
solution to the problem of locating the right programmme
information at the right time. pEPG leverages artificial intelligence
and user profiling techniques to learn about the viewing preferences
of individual users in order to compile personalized viewing guides
that fit their individual preferences. Their research proposes the use
of data mining techniques as a way of supplementing meagre
ratings-based profile knowledge with additional item-similarity
knowledge that can be automatically discovered by mining user
profiles. They argue that this new similarity knowledge can
significantly enhance the performance of a recommender system in
even the sparsest of profile spaces.

This system is a personalized program guide that
recommends TV programs after recording them into mpeg format in
the hard drive. A collaborative filtering technique is used to acquire
users' preferences. This technique uses data mining in order to
acquire the meta-data needed for making that ranking of the TV
programs through the use of a similarity matrix. In our system
instead of finding similarities between the products, we cluster user
interest percentages using the k-means clustering algorithm. After
the clustering, we calculate representative vectors of users’
preferences and then use these representatives to compare them

through association rules with the products database in order to
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achieve product recommendations, thus finding similar users and
not products.

Another application in the fields of interactive TV and
recommendation is the application of Chorianopoulos and Spinellis
(2004). In this application a Virtual Channel Api is created that
allows the user to skip videos. The application uses meta-data of
music video clips in order to make recommendation through the use
of an animated agent. On the other hand our approach does not
rely only on information about a product, in Chorianopoulos and
Spinellis case the music clip, but also measures the customers’
behaviour throughout the system and clusters similar tastes
calculated from customers’ behaviours.

An interesting approach has been made by Goren-Bar and his
colleagues (Goren-Bar et al., 2004), which discusses a
recommendation system with an emphasis on the support of the
family group. Questions of interface design and interaction
metaphors are evaluated in “User Interface Development for
Interactive Television” and discussed along with user tests. Lessons
from iTV concept design are presented within “Integrating a Game
with a Story”.

This field has also been greatly researched by Ardissono and
her colleagues (Ardissono et al., 2003). In their work they created a
personal program guide that tailors recommendations of TV
programs to the viewer’s interests. Their work similarly to PERCOM
follows the idea of three types of user models, explicit, stereotypic
and dynamic. The difference is that PERCOM takes these three
types of information, explicit, from user behaviour and stereotypic
and combines them into unified representatives of the user. Then it
extracts information about a wuser’'s inference through these
representatives. Then PERCOM instead of constructing a ranking
system like the personal program guide it uses different adaptive

hypermedia techniques to personalise the user’s interface according
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to his/her needs and inferences. Furthermore, PERCOM with the use
of separate modules architectures succeeds in generalizing the
purpose and architecture of these modules thus making possible to
be incorporated to any product and medium.

Another interesting research in the field that takes up with the
problem of stereotype creation is conducted by Gena (Gena 2001).
Her work shows how a user modeling knowledge base for
personalized TV servers can be generated starting from an analysis
of lifestyles surveys. Her research shows that stereotypical
knowledge is meaningful for users clearly fitting a lifestyle, but does
not make good predictions in the cases where users match different
lifestyles in different aspects of their behavior. PERCOM similarly
uses stereotypic for personalization but in order to avoid different
lifestyle tastes takes into consideration two more types of
information, explicit and user behaviour. The explicit information
contains social and demographic data and in this way different life
styles can be extracted through this data. Furthermore, user models
based on user behaviour reinforce PERCOM’s decision about

personalised recommendations.

2.7 Intelligent Help Systems

Adaptive help systems are systems that try to help users
perform tasks by exploiting information that acquire implicitly
through users’ actions. There many adaptive help systems in
various fields of science like hydrological time series (Zounemat-
Kermani et al. , 2008), medical support and patient life quality
(Tokmakcj et al., 2008) and exonomics (Garcia-Barrios et al.,
2008) but very few in fields of computer support, web support and
recommendation. Such a system is AdaptHelp by Iglezakis (2004).

She presents an approach that uses the techniques of plan
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recognition not only to infer short-term plans and goals, but also to
infer the long-term procedural knowledge of a user in a non-binary
way. The information about the procedural knowledge in terms of
activation builds the user model of AdaptHelp, an adaptive help
system for web-based systems. AdaptHelp creates user models
based on web logfiles and by using xml tries to help users. On the
other hand, iTVMobi does not use xml data to create user profiles.
Instead it combines client-server architecture and databases to
exploit user information extracted from users’ behavior throughout
the system.

Another system that helps the elderly is made by Zhao and
Tyugu (1998). Their system has a personalized web browser that
helps elderly people browse the web. The browser adapts its
presentation according to the users' behavior. Similarly with their
system, our methodology also acquires information from the users’
navigational behavior. However, differs from that system in the kind
of information that it acquires and the kind of adaptive presentation
techniques that it uses. For example, on top of visual adaptive
navigation and link annotation techniques there is also speech
output through an animated agent.

In Savidis’ work (Savidis et al., 2005), a system called Unified
User Interface is presented. That system is a framework that can
adapt to users depending on their age and kind of incapability by
creating polymorphic user interfaces. In their work they apply the
Unified User Interface on a health application scenario, namely the
MediBridge C-Care web-based EHR system. The polymorphic
interfaces are produced through rules of the "tasks" of the user
performances. On the other hand, IiTVMObi instead of having
specific tasks to categorize the users it creates dynamic groups of
users based on their navigational mistakes while they interact with

the system. Our system creates these groups through the use of a
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user model that uses clustering techniques to dynamically produce
groups of similar users.

In Mullers work (Muller et al.,, 2002), a multimodal
navigational system is presented that learns from the cognitive load
of users and then categorizes them into two different stereotypes:
elderly and average aged adults. Despite the fact that their
application has many modes of functioning, including speech, that
can help elderly people, it does not focus on the topic of group
categorization. This means that a person may be an elderly but s/he
can have different problems from another elderly person. Our
system uses the user model that is based on a clustering technique
in order to categorize elderly people according to their own specific
problems concerning the navigation, thus solving the problem of
specific needs of an elder user against another elder one.

Another system that tries to help visually impaired and elder
people is the VISTA Project by Carmichael and his colleagues
(Carmichael et. al., 2003). This project for the digital tries to help
visually impaired users find the best TV program for them through a
conversation with an animated avatar that has the ability to
synthesize speech. This avatar works as bridge between the
electronic program guide of the digital TV and the user. On the
other hand our approach called iTVMobi, is not an interstitial
between a program of the digital TV and the user but provides the
user all the information and tries to help people with special by
learning from their usage of the system. In the VISTA project the
avatar provides the impaired user recommendations of programs
through the conversation and with the help of the of the electronic
program guide. In iTVMobi the system learns from user behavior
and by this provides recommendations and changes its interface
according to users’ mistakes. ITVMobi also has an animated avatar

with speech output that uses to help the visually impaired. This

70



animated avatar can move anywhere in the screen and provide help

whenever the system identifies a mistake made by the user.
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2.8 Animated Agents

In the past years the animated agent technology was mainly
used by e-learning applications. The animated agent technology
proved successful in helping students use the e-learning systems
and enhance their learning experience (Baylor et al., 2003). The
success of the animated agent technology lead to the creation of a
new research domain and researchers called the animated agents
pedagogical agents.

An interesting research in the field of e-learning has been
conducted by Amy Baylor (Baylor et al., 2003). Her research
involved the creation of three pedagogical agents with three
different roles. The first had the role of the motivator, the second of
the expert and the third the role of the mentor. The experimental
results showed that all agents fulfilled their roles and supported
students during learning. On the other hand, we used the animated
agent technology on an entirely different field. In our field, sales
support, we used the animated agent in order help users buy
products they want more effectively. In both cases presented here
the animated agent communicates with the user model of every
user provided by the main mechanism of the application. Then the
animated agent helps the user in a personalized way based on this
user model.

Another approach on the field of pedagogical agent has been
made by Veletsianos and his colleagues. (Veletsianos et al., 2005).
In their research, they created two pedagogical agents, one male
and one female, and employed them in two teaching courses. The
findings of their research suggest that learners found male agents
to be more outgoing and agreeable than female agents. In our
applications, we used male animated agents in order to help users.

Our animated agents were not only created to help and motivate
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users buy products, but to provide product recommendations based
on users’ models in a novel way.

An important work on the same field of pedagogical agents
has also been made by Johnson and his colleagues (Johnson et al.,
2003). In their work they created Adele, a pedagogical agent that
assists students as they assess and diagnose medical and dental
patients in clinical settings. The experimental results showed that
Adele can be applied to future educational applications of interface
agent technology. On the other, we used the animated agent
technology to support customer buy products and use commerce
applications. Our agents interacted with users and provided them
with useful suggestions and information based on their user models.

Despite the fact, that the main research on animated agents
has been done on the field of e-learning, there are other fields that
incorporated animated agents. An example is the work done by
Andre and his colleagues (Andre et al., 1996). In their work they
created multipurpose animated presentation agent that was used in
different applications in order to point gesture at points of interest
in the user interface. On the other hand, our animated agent was
not only used for pointing out suggested products but helped users
in an adaptive way. Our agents interacted with every user in a
personalized way according to their needs and interest extracted
from their user model.

Another example of interesting work with animated agents is
the work of Kirschning and Rueda (2005). They incorporated
microsoft agents into html documents and used them to motivate
children to interact with digital encyclopedias. Their results showed
that children were helped by the use of the animated agent. In our
work shown here, we incorporated an animated agent not only in an
internet based application but also in an interactive TV application.

We also used the animated agent not only for helping users interact
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with application but also for suggesting products in a personalized
way.

Lastly, on the field of e-commerce and product
recommendation much work has been done by KieBling and his
colleagues (KieBling et al., 2001). They created the COSIMA
project, which a smart e-sales assistant. The COSIMA is java based
server that controls the animated agent. The agent incorporates
chatting with customers and smart sales advices. Despite the fact,
that our technology was incorporated on the same field and had the
same purpose of selling products more efficiently, we followed a
different approach. Instead, of relying on sgl based search engines
of products in order to extract customer preferences, used in the
COSIMA project, we connected our animated agent architectures
with the user models created from the main reasoning mechanism
of the application we incorporated the animated agent. In this way,
our technology is not affected by the product being sold. We have
also incorporated the animated agent in two different mediums, the
web and the interactive TV, using very similar architectures. This
shows that our technology is not affected by the medium that

incorporates it.

2.9 Generic Architectures

Despite the fact that all the above systems provide users with
recommendations, they are so domain and problem depended that
lose the ability to be applied with easy in different fields or
products. In this way every time a new application is built a new
architecture must be constructed from scratch in order to address
the specific application’s problems.

As we mentioned above the sales assistant concept has two

major aims, the first is product recommendations and the second
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help support for customers. Researchers from the e-shopping field
mainly focused on product recommendations and left the help
support for customers at a second fate. On the other hand, generic
architectures for user support have been greatly researched in an
entirely different field, which is e-learning. Tutoring and supporting
the users in e-learning has always been the main aims of the
system of this particular field.

Significant work in the field of user support has been done
Baldoni and his colleagues ( Baldoni et al., 2004). In their work they
describe an approach to the construction of adaptive tutoring
systems, based on techniques from the research area of Reasoning
about Actions and Change. Their approach Iled to the
implementation of a prototype system, having a multi-agent
architecture, whose kernel is a set of rational agents, programmed
in the logic programming language DyLOG. In the prototype the
reasoning capabilities of the agents are exploited both to
dynamically build study plans and to verify the correctness of user-
given study plans with respect to the competence that the user
wants to acquire.

Another work in the field has been done by Dolog and Schafer
(Dolog and Schafer, 2005). Their work presents the
conceptualization and implementation of a framework which
provides a common base for the exchange of learner profiles
between several sources. The exchange representation of learner
profiles is based on standards. An API is designed and implemented
to create/export and manipulate such learner profiles. The API is
implemented for two cases, as a Java APl and as web services with
synchronized model exchange between multiple sources. Application
cases of the API are discussed shortly as well.

Significant work has also been done by Oviatt and his
colleagues (Oviatt et al., 2008). In order to minimize users’

cognitive load they developed an interface design based on implicit
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engagement techniques so that users can remain focused on their
tasks. In their research, data were collected with 12 pairs of
students who solved complex math problems using a tutorial
system that they engaged over 100 times per session entirely
implicitly via speech amplitude or pen pressure cues. Results
revealed that users spontaneously, reliably, and substantially
adapted these forms of communicative energy to designate and
repair an intended interlocutor in a computer-mediated group
setting. The continuous using of these implicit engagement
techniques, showed that students maintained their performance
level at solving complex mathematics problems throughout a one-
hour session. All the applications mentioned above provide
successful user support to their users but the domain is entirely
different from e-shopping. This means that despite the fact that
user support is successful; the same successful principles cannot be
incorporated to the field of product recommendations. On the other
hand our user modelling server is built exactly for applications of
product recommendation and in this way it can be incorporated very
easily to these applications.

Another very important research on this field has been made
by Brusilovsky and his colleagues (Brusilovsky et al., 2005). Their
research is focused on user modeling and adaptation in distributed
E-Learning systems. They describe CUMULATE, a generic student
modeling server developed for a distributed E-Learning architecture,
KnowledgeTree. They also introduce a specific, topic-based
knowledge modelling approach which has been implemented as an
inference agent in CUMULATE and used in QuizGuide, an adaptive
system that helps students select the most relevant self-assessment
quizzes. We also discuss their attempts to evaluate this multi-level
student modeling. On the other hand our user modelling server

applies to entirely different domain. Its role is not distribute student
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models but create adaptive customer models in real time as the
customer navigates through the specific application.

Important work in the field has also been conducted by
Razmerita (Razmerita et al., 2003). They present a generic
ontology-based user modeling architecture, (OntobUM), applied in
the context of a Knowledge Management System (KMS). The main
contribution of their research consists in identifying aspects of user
modeling relevant to KMSs and integrating them in a generic
framework based on ontologies. The user ontology is implemented
using Semantic Web technology and it is structured on extended
IMS LIP specifications.

A very significant work has also been done by De Bra (De Bra
et al., 2003). They created AHA! (“Adaptive Hypermedia
Architecture”) to support an on-line course with some user guidance
through conditional (extra) explanations and conditional link hiding.
AHA! is a versatile adaptive hypermedia platform and can be used
to add different adaptive “features” to applications such as on-line
courses, museum sites, encyclopedia, etc.

One of the very few systems that try to combine
recommendation and helping elder is the system constructed by
Fink and Kobsa (1998). Their system is called AVANTI and its aim
is to evaluate distributed information and provide recommendations
through adaptive hypermedia information about a metropolitan area
(e.g., about public services, transportation, buildings) for a variety
of users (e.g., tourists, citizens, travel agency clerks, elderly
people, blind persons, etc.). On the other hand, our system is an
iTV commerce application that recommends products. Our system
can be accessed from all users that possess an interactive TV.

A later work by Fink and Kobsa (Fink and Kobsa, 2006) also
describes a user modelling server (UMS) that offers services to
personalized systems with regard to the analysis of user actions,

the representation of assumptions about the user, and the inference
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of additional assumptions based on domain knowledge and
characteristics of similar users. The system is open and compliant
with major standards, allowing it to be easily accessed by clients
that need personalization services and is based on the Lightweight
Directory Access Protocol (LDAP). External clients such as user-
adaptive applications can submit and retrieve information about
users. The results showed that the performance of UMS meets the
requirements of current small and medium websites already on very
modest hardware platforms, and those of very large websites in an
entry-level business server configuration.

Despite the fact that all research works mentioned above
resulted in providing successful product recommendations to
customers, they lack providing support to customers concerning the
customer’s interaction with the application. On the other hand, our
user modelling aims in providing support while the customer
interacts with the application. This support is provided intelligently
and adaptively to every customer that uses the application that
incorporates our user modelling server for adaptive help. Our server
observes customer behaviour and through this observation extracts
customer needs concerning the usage of the system. Our server
responds in customers’ mistakes with adaptive help actions
according to their previous behaviour.

Another significant work towards convergence has been done
ns Personis by Kay (Kay et al., 2002). Personis is a server for user
models that every user can control his/her user model and modify
it. Their user model server gives every application its monitoring a
different view of the user model database. This structure of this
database is based on objects. Our system has a user model server
but goes even further and creates user models dynamically and also
provides components that help systems create recommendations
and effectively classify new customers without any prior knowledge

of their tastes. Our framework modifies user model dynamically and
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adaptively to every specific customer’s behaviour in real time
following the customer’s moves as s/he navigates and interacts with

the application that is incorporated into our framework.

2.10 The Rational Unified Process

Many adaptive applications are innovative and gave users
results concerning adaptive help to users but none of them
addressed software life-cycle issues. In adaptive applications like
the ones mentioned above it's very difficult to apply the traditional
software life cycle techniques. A very useful tool in software life-
cycle is the Rational Unified Process (RUP). RUP is an object-
oriented process that advocates multiple iterations of the software
development process. It divides the development cycle in four
consecutive phases: the inception, the elaboration, the
construction, and the transition phase. Each phase is divided into
four procedural steps, namely, requirements capture, analysis and
design, implementation, and testing. The phases are sequential in
time but the procedural steps are not. Moreover, one important
advantage of RUP is the highly iterative nature of the development
process. For the above reasons, RUP can be selected as the basis
for presenting adaptive systems too.

A work towards implement RUP into systems has been done by
Jaferian and his colleagues (Jaferian et al., 2005). In their paper
they present extensions on Business modeling and Requirement
discipline of RUP. They use RUP in order to present extensions that
concern possible security threats and attacks. Their study showed
that RUP helped presenting these security threats and that it should

be extended for developing security-critical systems.
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A very novel work in incorporating the RUP technique in the life
cycle of adaptive systems has been done by M. Virvou and K.
Kabbassi. Their works show the development of a Graphical User
Interface that incorporates intelligence and deals with files and
folders in a similar way as the Windows 98 Explorer. The system is
called IFM. In (Virvou and Kabassi 2000) they present an object -
oriented approach in knowledge based software engineering of an
intelligent GUI. In (Virvou and Kabassi 2003) they conduct
experimental studies within the software engineering process for
the IFM. In the (Kabassi and Virvou 2006) they extend their work
and present a knowledge-based software life-cycle framework for
the incorporation of multicriteria analysis in intelligent user
interfaces. In all their works they use RUP as the tool of designing
and developing their system. The usage of RUP proved to be very
efficient on designing an adaptive system and enhanced the
software life —cycle process of these systems.

In our work we presented an RUP based software life cycle on
how to incorporate a clustering algorithm on a prototype system.
The process has four major steps. First, designing and building the
prototype system that does not include any clustering techniques.
Second, evaluating the system and through this process obtaining
data for the clustering algorithms. Third, comparing several
clustering algorithms with the above data as input and choosing the
most efficient algorithm. Fourth, incorporating the clustering
algorithm into the system and building stereotypes based on this
algorithm. In this research we present an RUP based software life
cycle on how to incorporate a clustering algorithm on a prototype
system based on the four major steps mentioned above. In our case
we used an adaptive e-shop application as a test bed in order to
apply these methods called Vision.Com and an interactive tv-shop
called iTVMobi.
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2.11 The drawbacks of the above systems and our

approach

Product-sale applications are an easy way for every shop to
promote its products to a very large customer pool. Nowadays, this
fact is greatly reinforced by the extensive usage of broadband
internet and recently through the interactive TV. Indeed, recent
studies on customer behaviour show that computer adoption and
internet connections in households are constantly growing (Goy et
al., 2007). However, most of the e-commerce applications are
developed in a generic way that does not take into account
personalised needs and preferences of individual customers.
Furthermore, the lack of generalized tools supporting the analysis of
customers’ browsing behaviour (e.g., shopping cart abandonment)
does not enable vendors to collect feedback useful to redesign and
optimize their Web sites (Hall 2001).

All of the above problems in e-commerce applications may be
addressed by the incorporation of user modelling components that
are based on intelligent techniques. The determination of the users’
intention is generally complex because they do not always state
their intentions explicitly (Ardissono and Sestero, 1995). A solution
to this situation can be achieved by personalization techniques that
can be extracted from the user modelling theory (Rich 1983).
Indeed as the systems mentioned in the above sections, a lot of
research effort has been put into the creation of intelligent e-
commence systems that provide recommendations to their clients
(users). (e.g. from PERCOM (Dias et al., 2008; Ntawanga et al.,
2008; Cao and Li,2006; Alahakoon 2006; Koutsabasis and
Darzentas, 2008).
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But a lot of these systems face several drawbacks. The most of
them are difficult to build and they require a lot of analysis that
involves knowledge engineers and product sales analysts.
Furthermore, a large part of the reasoning mechanisms that are
needed for one medium may be the same for another medium.
Moreover, many of them do not combine recommendation with user
support, especially support for special user groups.

In order to solve these problems we present here an
architecture that can be applied in any product recommending
application in order to transform it into an intelligent application.
This architecture was the result of a thorough research and
investigation of the problem of intelligent e-commerce and
recommendation systems in general. This framework is product and
media independent. The main advantage is that it can be applied on
any product recommending application without consideration of the
products used such as personal computers, mobile phones or even
cars. The architecture of the user modelling server includes user
modelling techniques, intelligent user interfaces and clustering
algorithms in order to produce recommendations. Furthermore, this
architecture applies its performance into any group of users
according to the group’s specific needs, following similar principles
to Savidis (Savidis et al., 2005).

This architecture was tested in three different cases relying on
entirely different media. Also two of these cases sold entirely
different products, thus applying to entirely different domains.
These three cases were empirically evaluated through evaluation
studies participating real users and experts. The results were very
promising leading us into the conclusion that the generic e-
commerce architecture can be very helpful in the construction of
intelligent e-commerce systems. We also propose the basic steps on
how to build the user modelling server and present two case studies

in which we incorporated our server. The first one is an e-shop
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applications and the second a mobile shop application. The
incorporation of our user modelling server on both cases proves
that this server can be easily applied on any product recommending

system.

83



CHAPTER 3

MEDIA AND MACHINE
LEARNING FOR REMOTE
SHOPPING APPLICATIONS



3. Media and Machine Learning for Remote

Shopping

The use of an intelligent sales assistant in an electronic shop
application can prove to be a great help for customers while they
buying products. As Kobsa points out, the utilization of
personalization and the underlying ~one-to-one' marketing
paradigm is of paramount importance for businesses in order to be
successful in today's short-lived, complex, and highly competitive
markets (Fink and Kobsa, 2000). Moreover, the one-to-one
marketing follows the basic principles of knowing, remembering a
customer and serving him as an individual. The intelligent sales
assistant is a common utilization of this personalization and one-to-
one marketing. The intelligent sales assistant can be used to help
the shop improve selling rates of products and attract more
customers.

Personalization has been reported to provide benefits
throughout the customer life cycle, including drawing new visitors,
turning visitors into buyers, increasing revenues, increasing
advertising efficiency, and improving customer retention rate and
brand loyalty (Hof et al., 1998; Bachem, 1999; Cooperstein et al.,
1999; Hagen et al., 1999; Schafer et al., 1999). Personalization can
be achieved through techniques, but one of the most common
effective techniques in shopping applications is the use of machine
learning algorithms. These algorithms can be used to extract user
information, group them into similar groups according to criteria
given and thus help systems make assumptions about users needs
and inferences.

However, the concept of intelligent sales assistant in most e-

shops is confined in recommending products that are similar to
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customer’s inferences. These products suggestions are very helpful,
but product suggestions are only a part of the solution to the large
problem of assisting a customer. Customers can also face problems
concerning their interaction with the application. These problems
can be caused by various reasons, such as the inability to
comprehend interface elements, low computer familiarity, or even
other problems, such as sight and hearing disabilities. Many of
these problems lay in the medium used by the application. For
example, mobile shopping applications have to compete with two
kinds of problems, hardware and resources limitations and also
users with unfamiliarity in the usage of mobile phones. These
problems can spoil the customer’s experience with the shopping
application, confuse the customer and push him/her to make
mistakes.

This chapter focuses on two major topics, media and machine
learning. We present here how these two topics affect the shopping
applications field, our research on the problems of using different
media and machine learning algorithms and what were the

conclusions that we extracted from the results of our research.

3.1 The Use and Role of Different Media in Shopping
Applications

Nowadays shopping applications have expanded in large of
products and domains. However, this expansion is not only bound in
the domain but exceeds it and extends also into different media.
Companies with shopping applications that work through internet
want to be effective in mobile phones also. Furthermore, because
TV is still a more widespread medium than computers, despite the
fact that computers are now used by more people than ever before,

companies want to extend their services in this field too. Thus
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interactive TV can be a user-friendlier medium for novice users and
prospective e-shoppers.

However, passing an application through different media is a
difficult and the difficulty raises even more when this application is
an intelligent one with adaptive and personalization functions. For
this reason, many interactive TV applications are generic and
addressed to all kinds of users without taking into account different
needs and problems of different users or groups of users. This is
also the case with users belonging to different age groups. For
example teenagers have very different needs from senior users on
internet applications.

A study showing such differences on online newsgroups has
been conducted by Zaphiris and Sarwar (2006) that clearly shows
many differences in tastes between teenagers and seniors.
Teenagers may prefer mobile phones instead of TV sets. Another
difficult age group is that of elderly people. Some systems that
address problems with groups of people of different age are made
by Muller and Wasinger (2002), Zhao and Tyugu (1998) and Savidis
(Savidis et. al. 2005). However, all of the above researches do not
take take into consideration the tastes of these users and base their
user classification only on age criteria and not the actual problems
of the elderly. Indeed, the elderly may have more problems than
other users when interacting with computers and especially mobile
phones. These users frequently have problems with impaired sight
or hearing ability that may affect their interaction with these
devices.

Moreover, people of older ages may be less familiar with
computers than younger users or in many cases they may be
computer illiterate. This fact is indicated by surveys concerning
ageing population. For example, an Oxford Internet Survey,
undertaken in Great Britain in 2002 and again in 2005, investigated

Internet use by life stage and showed that of those who were
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retired, 22 per cent used the internet in 2002 and 30 per cent in
2005. This suggests that numbers of computer literate people
among the elderly are increasing rapidly, particularly those who are
just below or within the younger old age grouping 65 to 74 (Capel
et. al 2007). Yet, the surveys also show that the vast majority of
the elderly people are still unfamiliar with the internet. This may be
so, because the culture of computers and mobile phones was not as
widespread in the past decades as it is now. To remedy all of the
above problems there is a very imposing need for treating older
people in a special way while designing computer programs so that
these may use internet facilities.

In view of the above, a researcher must take into consideration
that different media can affect the applications towards different
groups of customers thus resulting in poor productivity. In order to
find out the problems of different media we conducted a thorough
research through three different media: internet, interactive TV and
mobile. We created three different test bed applications, everyone
belonging to a different medium, in order to extract customer needs
through the use of these applications. The results provided us with
a generalized picture of the problems a real user can throughout the
interaction with different media. With this generalized picture of
problems we were able to address these problems easier and in a

more abstract way.

3.2 Machine Learning Algorithms in Remote

Shopping Applications

The large quantity of information that exists in an electronic
shop, as well as the lack of human salesmen to assist customers

impose a need for adaptivity in remote shopping applications.
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Adaptivity provides individualised assistance to users, which is
dynamically generated. Adaptive responses to users are usually
created using the technology of adaptive hypermedia (Brusilovsky
2001). To create such adaptive behaviour of the e-shop to
individual users, the system needs information about them, so that
it can generate hypotheses about what they need and how they can
be assisted in the most appropriate way. This means that an
adaptive shopping needs user modelling components, which monitor
the wuser’s actions and generate hypotheses about his/her
preferences based on his/her behaviour.

According to Rich (1979) an effective technique researchers
use to build models of applications’ users very quickly is the
evocation of stereotypes, or clusters of characteristics. Given the
fact that grouping people can provide quick default assumptions
about their preferences and needs (Rich 1979), the clustering of
users’ interests has drawn a lot of research energy for purposes of
personalization of user interfaces.

One solution to the problem of grouping users’ behaviour can
be provided by machine learning algorithms that may group users
dynamically based on their behaviour while they use a system on-
line. The main advantage of such an approach is that the
categorization of user behaviour can be conducted automatically.
Machine learning algorithms help adaptive systems to categorize
users according to their behaviour. More specifically adaptive
commerce systems need not only to acquire information about
users’ interests in products but also to have the ability to group
users with similar interests.

By grouping users together systems can understand more

clearly the user’s intention and generate more efficient hypotheses

about what a user might need. In this part, machine learning

algorithms undertake the role of grouping users in an efficient way,

thus creating the bone structure of the user model. In this chapter,
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we present how and we used five different machine learning
algorithms in the structure of user models for both needs and
inferences. These algorithms are an immune network-based
clustering approach, an implementation of k-means algorithm, fuzzy
c-means algorithms, a spectral clustering algorithm and the well
known hierarchical clustering algorithm. This chapter also presents
the methodologies on how we incorporated these algorithms into
test bed applications of three different that we created for testing
purposes. Examples from these test bed applications are also
presented in order for the reader to understand how these

algorithms affect the system’s behaviour.

3.3 Overview of the process

There are a lot of web-based recommendation applications
that have used clustering algorithms (e.g. Jin, X., et al., (SWP’04)
2004; Adil, C.S., et al., 2000; Menczer, et al., 2002; Jin (KDD’04)
2004; Ajith, 2004; Wang et al., 2004). All of these applications are
recommendation systems, but are primarily concerned with the
acquisition of user behaviour-related data. In contrast, our work has
focused on incorporating a clustering algorithm into a remote
shopping application. As a first step we chose to use the medium of
internet as the field of our experiments. We chose to create a test
bed application that sold movies through the internet called
Vision.Com. Vision.Com incorporated an animated agent
framework in order to help users in an adaptive way through the
help of animated agent (figure 1).

We implement four different clustering algorithms in order
test the effectiveness of these algorithms into our test bed

applications and find out what problems a researcher may face in
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the process of incorporating a machine learning algorithm into an e-
shop application.
The algorithms incorporated were:

1. Hierarchical Clustering (Day and Edelsbrunner 1984),

N

Fuzzy C-means clustering (Bezdek et al. 1984),

w

Spectral clustering (Jordan and Weiss 2002),

P

AIN clustering (Cayzer and Aickelin 2002), (Morrison
and Aickelin 2002)

The last algorithm was based on the construction of an
Artificial Immune System (AIS), in order to personalize the
developed e-shop system through grouping similar users’
behaviour. This means that we have used a very different algorithm
that has not been used by these systems. Similarly to our approach,
Cayzer and Aickelin (2002) and Morrison and Aickelin (2002) have
also utilized AIS in order to tackle the task of film and web site
recommendation respectively by identifying a neighbourhood of
user preferences. Although, their systems have used a similar
algorithm to the one presented in this paper, the algorithm that we

have used is significantly more sophisticated.

feaclnach

i

Comknaticn Fachine

-
>< o —

Aqeri's

. Rsacticns

— -

™,

iz Dgizis e

Figure 1 Animated Agent Framework in Vision.Com
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In particular, we have based our research on the construction
of an Artificial Immune Network (AIN) which incorporates a
mutation process that applies to the customer profile feature
vectors. More specifically, our work has focused on how a significant
amount of redundancy within the customer profile dataset can be
revealed and reduced, how many clusters intrinsic to the customer
dataset can be identified and what the spatial structure of the data
within the identified clusters is.

Specifically, we develop an AIN for the problem of clustering a
set of unlabelled multidimensional customer profile feature vectors
generated in an electronic video store application in which customer
preferences are quantified and groups of customer profiles are
maintained. We have examined thoroughly the effectiveness of this
algorithm by comparing it with three other clustering algorithms,
namely agglomerative hierarchical clustering, fuzzy c-means
clustering and spectral clustering. For this purpose, we have
collected data through a video e-shop application and fed them into
each of the four clustering algorithms and compare the
corresponding results.

As a second step we chose an entirely different medium to
test our methodologies that we discovered from the incorporation of
the previous four algorithms into the e-shop application.
Interactive TV was used as the appropriate medium for our testing
purposes. Our purpose was to incorporate a clustering algorithm
into a novel application for interactive TV that could help the elderly
to use an e-commerce application. As a test bed for our research we
have created an iTV-shop that sells mobile phones. In an e-
shopping application the elderly people may have problems both
with the interaction with the e-shopping application itself as well as

with the products to be sold to them because for both they need to
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have familiarity with the recent technological advances (Internet,
mobile phones etc.)

The personalized application that has been developed for
these purposes is called iTVMobi. ITVMobi architecture diagram is
presented in figure 2. In iTVMobi, the elderly are able to “go
shopping” in electronic stores at the comfort of their homes and be
assisted for as long as they wish by virtual sales agents through an
interactive TV. The application provides personalized help and
recommendation that assists these people in searching/navigating
through the interactive TV in a guided way that prevents them from
being disoriented and helps them find easily what they seek.
Moreover, there is an on-line community system that encourages

users of similar tastes to communicate with each other and provide
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In this step we developed a methodology of incorporating only
one algorithm for our personalization purposes instead of four as in
the previous medium used. However, this time the incorporation of
the clustering algorithm used would allow to be used for many
different purposes. In the interactive TV test bed application the
clustering algorithm was used in three different ways. Firstly for
developing groups of users with similar products tastes, secondly
for creating groups of users with similar behaviours concerning
mistakes through their interaction with the applications and thirdly
creating groups of users with similar opinions in topics through the
use of an on-line community system developed for and embedded
into the interactive TV shopping application.

We chose to create an implementation of the k-means
clustering algorithm in order to incorporate it to our test bed
application. The exact same algorithm was used for these three
entirely different operations. This procedure was created in order to
prove the generality of our methodology and give an example that
the purpose and kind of recommendation given through the
application does not affect the algorithm’s procedures used in the
way that we propose. The k-means algorithm was chosen for two
reasons. First is a simple algorithm and requires minimum
resources and secondly runs fast thus providing quick results. The
real-time challenges of interactive TV applications made this
algorithm suitable for our testing purposes.

As a third and final step we chose the mobile shopping as
medium for our research purposes. We chose this field due to
hardware and resources Ilimitations and to test how the
incorporation of a clustering algorithm can affect a mobile shopping
application. We, again, used three clustering algorithms in order to
be incorporated to our mobile shop application. The purpose of the
algorithms was to create groups of users with similar mistakes while

they interacted with the application. For testing purposes we
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created a mobile shopping application that sold movies. We tested
these three algorithms in the use of the mobile shopping
applications and compared their results in order to identify their
effectiveness.

This three step process led to various conclusions about the usage
of different media and machine learning in commerce related
applications. Furthermore, it leads us in the creation of a general
methodology based on the rational unified process that can help
researchers incorporate such algorithms into their applications in

order to achieve adaptivity.

3.4 Incorporating a Clustering Algorithm into an E-

shopping application

Vision.Com (Figure 3) is an adaptive e-commerce video store
that learns from customers preferences that was built for our
testing purposes. Its aim is to provide help to customers choosing
the best movie for them. For every user the system creates a

different record at the database. In Vision.Com every customer can

visit a large amount of movies by navigating through four movie
categories: social, action, thriller and comedy movies. Every
customer has a personal shopping cart. If a customer intends to buy
a movie she/he must simply move the movie into her/his cart by
pressing the specific button. S/He also has the ability to remove one
or more movies from his/her cart by choosing to delete them. After
concluding which movies to buy a customer can easily purchase
them by pressing the button buy.

All navigational moves of a customer are recorded by the
system in the statistics database. In this way the Vision.Com saves

statistics considering the visits in the different categories of movies
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and movies individually. The same type of statistics was saved for
every customer and every movie that was moved to the buyers’
cart. The same task is conducted for the movies that are eventually
bought by every customer. All of these statistical results are scaled

to the unit interval [0,1].

Figure 3. Screenshot of Vision.Com User Interface.

The four clustering algorithms incorporated in turn into
Vision.Com reasoning system are: Hierarchical Clustering, Fuzzy
C-means clustering, Spectral clustering and AIN clustering. In
particular, Vision.Com interprets users’ actions in a way that results
in the calculation of users interests in individual movies and movie
categories. Each user’s action contributes to the individual user
model by showing degrees of interest into one or another movie
category or individual movie. For example, the visit of a user into a
movie shows interest of this user to the particular movie and its
category. If the user puts this movie into the shopping cart this
shows more interest in the particular movie and its category. If a

user buys this movie then this shows even more interest whereas if
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the user takes it out of the shopping cart before payment then there
IS not any increase in the interest counter.

Apart from movie categories that are already presented, other
movies features that are taken into consideration are the following:
price range, leading actor and director. The price of every movie
belongs to one of the five price ranges in euro: 20 to 25, 26 to 30,
31 to 35, 36 to 40 and over 41. As a consequence, every
customer’s interest degree in one of the above features is recorded
as a percentage of his/her visits in movie-pages. For example,
interest of the customer at a particular movie category is calculated
by the equation (1). Every result can also be considered as a

probability of one customer intention on buying a movie.

_ Visitis _in _ Specific _ Category +
Visits _in_ All _ Categories
N Movies _moved to cart _ from _this _category N )
All _movies _moved _to cart
+ Bought _ Movies _ from _this _ category
All _bought _movies

Interest _in_movie _ category

Vision.Com was used by 150 users that bought movies using this
particular system. The system collected data about the user’s
behaviour implicitly through the use of Observing Behaviour Agent
component. The data collected, consisted of three parts. Every part
is similar to the others. The first one contains statistical data of the
visits that every user made to specific movies. The second part
contains data of the cart moves (i.e. which movies the user moved
into his/her cart). The last part consists of statistical data
concerning the preferences on the movies bought by every user.
Every record in every part is a vector of the same 80 features
that were extracted of the movies characteristics and represents the

references of one user. The 80 features of these vectors are the
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movie features we described above. Every 80 featured vector is
consisted of the four movie categories, the five price ranges, all the
leading actors and all the directors. The value of each feature is the
percentage of interest of every individual customer in this particular

feature (equation (1)).

3.4.1 AlS-based Customer Data Clustering Algorithms

AlS-based clustering relies on a computational imitation of the
biological process of self/non-self discrimination, that is the
capability of the adaptive biological immune system to classify a cell
as “self” or “non-self” cell. Any cell or even individual molecule
recognized and classified by the self/non-self discrimination process
is called an antigen. A non-self antigen is called a pathogen and,
when identified, an immune response (specific to that kind of
antigen) is elicited by the adaptive immune system in the form of
antibody secretion. The essence of the antigen recognition process

is the affinity (molecular complementarity level) between the

antigen and antibody molecules. The strength of the antigen-
antibody interaction is measured by the complementarity of their
match and, thus, pathogens are not fully recognized, which makes
the adaptive immune system tolerant to molecular noise. In the
present e-shop application, the antigenic population consists of the
initial set of customer profile feature vectors. The produced set of
memory antibodies provide an alternative, more compact way of
representing the original dataset while conserving their original
spatial distribution.

Learning in the immune system is established by the clonal
selection principle (De Castro and Timmis, 2002) which suggests

that only those antibodies exhibiting the highest level of affinity with

a given antigen be selected to proliferate and grow in concentration.
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Moreover, the selected antibodies also suffer a somatic

hypermutation process (De Castro and Timmis, 2002), that is a
genetic modification of their molecular receptors which allows them

learn to recognize then given antigen more efficiently. This hyper-
mutation process is termed affinity maturation (De Castro and

Timmis, 2002). To develop an AIN for data clustering, we generate
a minimal set of representative points that capture the properties of
the original dataset and can be interpreted as the centers of the
initial feature vector distribution. In AIS terminology, this
representative point set in a multidimensional feature space
constitute a set of memory antibodies that recognize, in the sense
of Euclidean distance proximity, the antigenic population that
corresponds to the original dataset.

The AIN that we developed for clustering the customer profile
feature vectors in the present application was an edge-weighted
graph composed of a set of memory antibodies (i.e., nodes) and
edges (i.e., sets of node pairs with an assigned weight or
connection strength to reflect the affinity of their match). To
quantify immune recognition, we consider all immune events as
taking place in a shape-space S, constituting a multi-dimensional
metric space in which each axis stands for a physico-chemical
measure characterizing molecular shape (Cayzer and Aickelin
2002).

Specifically, we utilized a real-valued shape-space in which
each element of the AIN is represented by a real-valued vector of
80 elements, thus, S =R¥. The affinity/complementarity level of the
interaction between two elements of the AIN was computed on the
basis of the Euclidean distance between the corresponding vectors
inR¥. The antigenic pattern set to be recognized by the AIN is
composed of the set of 150 80-dimensional feature vectors. The

memory antibodies produced by the AIN can be considered as an
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alternative compact representation of the original customer profile
feature vectors set.
The AIN learning algorithm was as follows:
1. Initialization: Create a random initial population of network
antibodies.
2. Antigenic presentation: For each antigenic pattern do:
(a) Clonal selection and expansion: For each network element,
determine its affinity with the antigen presented. Select a number
of high affinity elements and reproduce (clone) them
proportionally to their affinity.
(b) Affinity maturation: Mutate each clone inversely proportionally
to affinity. Reselect a number of highest affinity clones and place
them into a clonal memory set.
(c) Metadynamics: Eliminate all memory clones whose affinity
with the current antigen is lower than a predefined threshold.
(d) Clonal interactions: Determine the network interactions
(affinity) among all the elements of the clonal memory set.
(e) Clonal suppression: Eliminate those memory clones whose
mutual affinity is lower than a predefined threshold.
(f) Network construction: Incorporate the remaining clones of the
clonal memory in all network antibodies.
3. Network interactions: Determine the similarities among all
network antibody pairs.
4. Network suppression: Eliminate all network antibodies with
affinity below a prespecified threshold.
5. Diversity: Introduce a number of new randomly generated
antibodies into the network.
6. Cycle: Repeat steps 2 to 5 for a prespecified number of

iterations.
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3.4.2 Comparison of Customer Data Clustering
Algorithms and Conclusions

We tested and compared three widely used clustering
techniques, namely a) agglomerative hierarchical clustering, b)
fuzzy c-means clustering and c) spectral clustering, against
the less well-known AlS-based clustering. Specifically, we applied
these four clustering methodologies on the 150 customer profile
feature vectors collected. In Figure 4, we show and compare the
dendrograms corresponding to the feature vectors produced by
hierarchical (top left), spectral (top right), and AIN-based (center
left) clustering, respectively. We observe that spectral clustering
does not provide a clearer revelation of the intrinsic similarities in
the dataset over hierarchical clustering.

On the other hand, the leaves in the AIN-based dendrogram
are significantly fewer than the leaves in either the hierarchical or
the spectral dendrograms in Figure 4, which stems from the fact
that the former corresponds to clustering only 22 representative
points in the 80-dimensional feature space, while the latter two
correspond to clustering the complete set of 150 data points. Thus,
the AIN-based dendrogram demonstrates the intrinsic data point
clusters significantly more clearly and compactly than the
corresponding hierarchical and spectral dendrograms.

Also, in Figure 4, we show the partitioning of the complete
dataset into six clusters by the spectral (center right), fuzzy c-
means (bottom left), and AIN-based (bottom right) clustering
algorithms, respectively. We observe that spectral clustering does
not result in cluster homogeneity, while fuzzy c-means clustering
results in higher cluster homogeneity, but in only four clusters
rather than six required. Specifically, we observed that fuzzy c-

means clustering assigned the same degree of cluster membership
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to all the data points, which implies that certain intrinsic data
dissimilarities were not captured by the fuzzy c-means clustering
algorithm and this makes the clustering result less useful. On the
contrary, AIN-based clustering returned significantly higher cluster
homogeneity. Moreover, the degree of intra-cluster consistency is
clearly significantly higher in the AIN-based rather than the
hierarchical and spectral clusters, which is of course a direct

consequence of a data redundancy reduction achieved by the AIN.
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Figure 4. Dendrograms and clusters of customer profile feature

vectors returned by four clustering methodologies.
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In Figure 5, we show a plot of the spatial distribution of 22
representative points obtained by reducing the original 80-
dimensional antibodies to their 2dimensional projections with a
principal component analysis algorithm. Clearly, the set of
representative antibodies in Figure 5 maintain the spatial structure
of the complete dataset in Figure 4 (center right, bottom), but, at
the same time, form a minimum representation of 150 feature
vectors with only 22 antibodies. This indicates significant data
compression, combined with clear revelation and visualization of the
intrinsic data classes.

Figures 4 and 5, lead to the conclusion that Vision.Com
customers exhibit certain patterns of behaviour when shopping and
tend to group themselves into six clusters. The 22 antibodies that
arose via the AIN-based clustering algorithm correspond to
customer behaviour representatives and, thus, can be seen as
important customer profiles, which eventually correspond to
stereotypes in user models. This process is promising because it can
provide recommendations based on the users’ interests and the
characteristics of a movie irrespective of whether this movie has
ever been selected by a user before. Thus, the recommendation
system can recommend new movies or movies newly acquired by
the e-shop as efficiently as previously stored movies. This approach
forms the basis of work which is currently in progress and will be

reported on a future occasion.
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Figure 5. Plot of the spatial distribution of the projection of the 22 AIN-produced

memory antibodies onto two dimensions.

These antibodies are significant vectors of the same set of
features as with the mean vectors. The antibodies present the
propagation in the 150 mean vectors that were used as an input to
the algorithm. Because every mean vector corresponds to a user,
we can also see every antibody as a user that represents
preferences of a group of users from the original set. In order to see
clearer results we clustered these 22 antibodies into 2, 3, 4, 5 and
6 classes accordingly. By clustering these antibodies into the above
classes we observed more clearly the differences between the
different preferences in the same feature. The above classes can be

seen as stereotypes that can be used for the initialization of a user.

3.4.3 Constructing double stereotypes based on the
Immune system

After constructing the classes, we used them to build
stereotypes. The double classification (users’ interests — movies)

was performed in a hierarchical way that resulted in several levels
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of user stereotypes: At first, there was a coarse classification of two
stereotypes which was next refined several times to produce a final
classification of six stereotypes as can be seen in Figure 6. Figure 6
illustrates a brief diagram of the hierarchical classification of
stereotypes. These stereotypes that have been constructed in the
first phase are then used dynamically by the e-commerce
application to infer users’ interests in movies based on a small set
of observed users’ actions. In fact, for a new system user, modeling
is performed based on the first classification of users. Then,
incrementally and while the user interacts with the system,
inferences about his/her preferences are drawn from more refined

user stereotypes of subsequent levels.
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Figure 6 Hierarchical Diagram of Double Stereotypes

More specifically, at first, on level 1, we created two general
stereotypes (Stereotype Al and Stereotype A2) based on the two
general classes. The main differences between these two classes
can be observed mainly in the interest in movie categories. In the
in the thriller

particular classification, the main difference is

category. Stereotype Al shows interests divided into the three
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categories (action, comedy and social). On the other hand,
Stereotype A2 shows an assembly of users’ interest into the
thriller movie category. In this way the two stereotypes based on
these classes focus their differences of preferences in a category of
a movie. As we go further down in the top-down presentation the
differences in the stereotypes extend to more features of interest.
More specifically, in the stereotypes of the second level of the
immune system, differences can be seen not only on the movie
categories but on the interest in medium and high priced movies
feature as well.

As we proceed to higher levels, stereotypes become more
complex and the differences between them extend to more features
of interest. At level three of specialization, differences in
stereotypes are extended to leading actors as well. At level four,
stereotype differences include directors such as Steven Spielberg,
Brian de Palma and others. These directors are the ones that
attracted the highest interest of users in the previous levels. The
leaves of this hierarchical stereotype tree, at level 5, consist of six
stereotypes. The differences between them extend to all interest
features.

In view of the above results, we have built the hierarchy of
stereotypes not only for customers but for movies as well. Whether
a customer or a movie belongs or not to a stereotype is measured
by the Euclidean distance. The measurement process is opposite to
the top-down presentation that we showed just above. If a
customer’s distance is very far from the leaves then we proceed to
the next level above. If in this level the distance is also far we move
up to the next. This process is continued until we reach the top level
or a threshold of distance that is considered close enough. When
this distance is reached the system follows the same process for

movies. The movies that are close enough to the customer’s
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stereotype just measured are recommended to the customer

through an adaptive hypermedia (Brusilovsky, 2001) procedure.

3.4.4 Incremental Initialization of user model based on
double stereotypes

Stereotypes have been widely considered as a very effective
technique for initializing user models of new users. The answers to
the questions concerning which stereotype a user belongs to and
which recommendation is best for a particular user, are based on
vector subtraction. The decision process is quite complex but here
we will present a simpler one because our aim is not to fully explain
mathematically this process but to present the system
recommendation system. When a new user becomes a member to
the system, the e-commerce application creates a profile, sets all
interest values into zero (the system assumes that initially the user
has no interest in any movie) and starts to monitor his/her actions.

After the interaction of the new user with the system (visiting
few movies) the system classifies the new user into a stereotype of
the first level of specialization. The first level generally considers
users’ interest concerning the four movie categories. For example, if
the new user shows a preference towards thriller movies them s/he
classified to Stereotype A2 of the first level, as the main difference
between the two stereotypes lies in this movie category. Otherwise
if the new user chooses movies from one or more of the other three
categories the system classifies the new user into the group that
belongs to Stereotype Al of the first level. In the same way, the
system chooses from movie stereotypes the movies that belong to
the corresponding movie stereotype. If the user belongs to the first
stereotype the system chooses to propose movies from any of the
three categories except thrillers in a presentation percentage similar

to the interest in every category. The movies that are most close to
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this movie stereotype are those recommended by the system up to
this point of interaction.

As the user continues with moving movies into his/her cart
and buying some of them the system moves to the next level of
classification that extends stereotypical information to the price
features. This is so because in this level stereotypes differ greatly in
the price ranges along with movie categories. For example, if the
new user selects movies with medium prices the system chooses to
classify him/her to the stereotype that has the greatest interest in
this price range concerning always the interest in movie categories.
On the other hand, if the new user chooses many movies with high
price then the system chooses to classify him/her in a different
stereotype always taking in mind the movie categories interest.

In this way if two users have similar interests in movie
categories and have little differences in price ranges the system will
propose similar movie titles to them. Otherwise, if the difference in
price ranges is high then the system will most certainly change the
most recommended movies. Level four and five of specialization
extend the features of interests into interests in leading actors and
directors accordingly. In this way, as users show with their actions
which actor or director they prefer the system easily classifies them
into the respective stereotypes and selects the right movie
stereotypes in order to make recommendations. Again if their
differences in interest in the actor and directors are low the system
chooses to group users in same stereotypes thus emulating the
grouping process into the previous level of specialization. On the
other hand if these differences are high the users are grouped into
different stereotypes of these levels.

The initialization process is conducted until the user reaches
level six of specialization. This level represents the leaves in the
hierarchical tree of stereotypes and extends the differences in all

the features of interests. When a user reaches this amount of
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interaction with the system s/he has given a lot of information to
the system and s/he has been classified in a way that the system
knows almost every interest about the user. When the system
reaches this level of specialization, not only recommends movies in
the appropriate web page but with the use of adaptive hypermedia
predicts the next moves of the user and changes the interface
dynamically. The specialization in these level is very high and even
the smallest difference in user’s interest can classify him/her to a

different stereotype of this specific level.

3.5 Incorporating K-means into Interactive TV-

shopping

As we mentioned in previous sections the incorporation of k-
means has three different purposes: groups of users with similar
tastes, groups of users with similar mistakes and groups of users
with similar opinions. In this paragraph we will give a brief of the
test bed application used for the incorporation of the algorithm and
next we will present the three different types of user models that k-

means was used to create.

3.5.1 The Experimental Personalized Interactive Tv
System — Itvmobi

iTVMobi (figure 7) is an adaptive mobile shop created for the
interactive television that learns from customer preferences.
ITVMobi was built on Microsoft TV (MSTV) technology. Its aim is to
provide help to customers with hearing and sight problems by
suggesting the best mobile phone for them. The recommender
system that makes suggestions concerning mobile phones and

accessories is based on user modeling. The system can learn about
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the users’ preferences and provide more helpful responses. User
models are created using clustering algorithms. These techniques
will be explained more thoroughly in the next section.

For every user, iTVMobi creates a different record at the user
model database. In iTVMobi every customer can visit several mobile
phones. For the purposes of our research we have implemented the
system for five popular mobile brands. Every customer has her/his
own personal shopping cart. If customers intend to buy a phone
they must simply move the phone into their cart by pressing the
specific button or they can press the buy button at their remote
control at the time that the specific product is shown on their TV
screen. They also have the ability to remove one or more phones
from their cart by choosing to delete them. After deciding which
phones to buy, a customer can easily purchase them by pressing

the button “buy” at their shopping cart.

- Ty Sha p Phones

‘Wiew Cartl

@ Check out our exclusive products fém

Figure 7 iTVMobi user interface environment

In particular, ITVMobi interprets users’ actions in a way that
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results into three different functions. The first is the calculation of
users’ interests in individual phones and production companies, the
second is the interpretation of users’ actions concerning possible
navigation mistakes and the third dominant opinions on topics
concerning products discussed in the online-community system.
Each user’'s action contributes to the individual user profile by
showing degrees of interest into one or another company or
individual phone or by showing likelihood on a specific mistake.

For example, the visit of a user into a phone-icon shows interest
of this user to the particular phone and its brand. If the user puts
this phone into the shopping cart this shows more interest in the
particular phone and its brand. If a user buys this phone then this
shows even more interest whereas if the user takes it out of the
shopping cart before payment then there is not any increase in the
interest counter. On the other hand if a user follows a different
pattern of navigational moves, like repeated clicks on the same
brand-name, the system interprets this action but as a confusion
navigational mistake rather than as a high degree of interest in this
brand. Thus, in this case, the system decides to intervene with an
adaptive help action. Suggested phones are presented in the
suggestions window through the help of adaptive hypermedia
(Brusilovsky 2001).

3.5.2 The recommender

The recommender system is based on user modeling that is
constructed using the k-means algorithm and involves the
participation of the Adaptive User Interface components of PERCOM.
The recommender function is based on the principle that many
customers tend to have similar interests. Every customer’s interest

in one of the phone features described above is recorded as a
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percentage of his/her visits in the respective phone-pages. An
interest degree of the customer at a particular phone brand is
calculated by the equation 2. The interest of a customer at phones’
different features (Size, Display, Memory, Connectivity, Features,

and Battery) is calculated by equations 3 to 8.

VisitslnPh onesBelong ToCompany 2

InterestinCompany, = VisitsInAl IPhones

Interestin Company , =
PhonesPlac edinBasket BelongToCo mpany  (3)
AllPhonesP |acedBaske t

PhonesBoughtBelongToCompany (4)

InterestinCompany, = AllBoughtPhones

InterestinCompany =W, * InterestinCompany, + 5
W, * InterestinCompany, +W,;* InterestinCompany,

VisitsinPhonesWithSpecificS ze (6)

InterestinPhoneSize, = VisitsinAllPhones

Interestin  PhoneSize , =
PhonesPlac  edInBasket WithSpecif icSze ("
AllPhonesP  lacedBaske t

PhonesBoughtWithSpecificSze (8)

InterestinPhoneSize, = AllBoughtPhones

InterestinPhoneSize =W, * InterestinPhoneSze, + 9)
W, * InterestinPhoneSize, +Wg, * InterestPhoneSze,

VisitslnPronesWithSecificDisgay (10)

InterestirPhoneDispay, = Visitsin AllPhones

InterestirPhoneDisplay, =
PhonesPlacedI nBasketithSpecificDisplay  (11)
AllPhonesPlacedBaske

PhonesBoughtWithSpecificDisplay ( 12)
AllBoughtPhones

InterestinPhoneDisplay, =

InterestinPhoneDisplay =W, * InterestinPhoneDisplay, + (13)
W,, * InterestinPhoneDisplay, +W,, * InterestPhoneDisplay,
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VisitslnPhonesWithSpecificMemary ( 14)

InterestlnPhoneMemory = Visits| nAllPhones

| nter estlnPhoneMemory, =
PhonesPlacedl nBasketWithSpecificMemory (15)
AllPhonesPlacedBasket

PhonesBoughtWithSpecificMemory ( 16)
AllBoughtPhones
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Inter estinPhoneBattery =W, * InterestinPhoneBattery, + (29)
W, * InterestinPhoneBattery, +W,, * InterestPhoneBattery,

As the previous equations show the degree of interest in a
phone feature (for example: the company that the phone belongs to
in the case above) is measured in three ways. Then in order for the
full degree of interest to be acquired the system calculates a
weighted sum of the three different degrees of interest, the degree
of interest that corresponds to the visits of the user in the phone
pages, the degree of interest that corresponds to the phones placed
by the user to his/her basket and the interest that corresponds to
the phones bought by the user. The weights used by the system are
different for every phone feature and were extracted through the
experience from the evaluation process of the system. For example
a user chooses to visit a phone through the phone icon and does
not have the ability to know the display abilities of this phone
before opening the specific phone page. As such, the opening of a
specific phone page through its icon may not mean that the user is
necessarily interested in the phone but that s/he is just browsing
several phones.

On the other hand every company’s name is displayed from
the very beginning to every user and in this way the user is aware
for the company that he/she selects to visit thus making his/her

selection more accountable. As a result the W_ weight used to

measure the Interest in Company from the user visits is bigger than

the weight W, used to measure the Interest in Phone Display

from user visits in different phones. The recommender module uses
the k-means clustering algorithm in order to create representatives
of customer groups that the system uses to make buying
suggestions. The recommender takes as input the statistical data,
described above, of the navigational moves of every customer and

feeds them to the clustering algorithm. The clustering algorithm
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provides the recommender with clusters-groups of customer that
have similar tastes. The recommender module takes these results
and calculates the representatives of every group.

Every time a customer uses the system the recommender
module finds his/her representative and proposes phones based on
the representative taste percentages through the use of adaptive
hypermedia. After creating the proposing phones list, the
recommender system considers the mistakes statistics database
and chooses a corresponding list of accessories. These accessories
are combined with proposed phones list in order to provide the
customers with hearing and sight problems with a more complete
solution for their needs. For example if the recommender finds a
phone that is very close to the representative’s tastes than this
phone is noted as “recommended” product and is given a different
type of indicator from the Adaptive Hypermedia component than
a phone that is more far, considering the tastes of the
representative. Then the system finds an accessory corresponding
to this phone and to the mistakes made from this user. If a new
user enters the system the recommender classifies him/her to the
group that has the largest number of members. This is based on the
idea that if many users have similar tastes then a new user is
probably going to have similar tastes and mistakes with the

majority of them.
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Figure 8 Screenshot from the phone and accessories

recommendations that the system produces.

The degree of recommendation iIs presented through adaptive
hypermedia. For example, the product that has the highest degree
of interest for this user is noted as a “recommended” product
and the one with a lower degree is noted as “check this too”
product. Similar degrees of annotation are used for the
corresponding accessories. Sample screenshot of the

recommendation page is illustrated in figure 8.

3.5.3 The Adaptive Help System

The adaptive help module concerns the adaptive help
responses. This module tries to identify mistakes in the navigational
moves of every user. This module is based on the principle that
many users with sight and hearing problems tend to have similar
navigational mistakes. Again, the k-means algorithm is used to
group users but in this case a different set of input data is used.

The input data consists of the mistake degrees that were introduced
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in the above section.

Mistakes are considered as different “wrong” navigational
patterns. For example, a user can make “confusion navigation”
like the continuous visiting of two neighboring production company
buttons. This action raises the possibility of vision problem. Another
example is “navigation without a purpose” witch can be
achieved by a pattern of pressed buttons and clicked areas that
leads to no purpose. This action raises the confusion problem.
Degrees are calculated as a percentage of specific mistakes
committed in a specific phones’ page.

For example the disability to see companies’ buttons degree is
calculated by equation (9) and disability to recognize phone icons is
calculated by equation 10. For every disability to see a phone
feature, like wifi or screen resolution, an implementation of
equation 11 is used. The general mistake degree is calqulated by

equation 12.

Mistakel nCompany.

HardtoSeeCompany, = —
TimeslnCompanyPage

€))

HardtoSeePhonel cons = Mistakel nPhonel con (10)

TimeslnPhonePage

Mistakesl nPhoneFeature (11)

HardtoSeePhoneFeature = —
Mistakesl nPhoneFeatures

HardtoSee = é W HardtoSeeCompany, +W,HardtoPhonel cones+

g . (12)
a W HardtoSeePhoneFeature /i

If a user has many navigational mistakes then the system
responds and tries to help this user with help actions customized to
his/her mistakes. These actions can vary a lot. For example, the
“confusion navigation” results in actions such as the automatic

changing of the size of brand names buttons or phone links. This
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can result in a clearer presentation of the user interface. Another
action taken by the system is changing the location of brand names’
buttons in order to avoid confusion. Other actions involve speech
synthesizers and agents pointing on the screen in order to help
customers understand the locations of the user’s interface
components.

The *“navigation without a purpose” can result in actions like
showing an options message and asking the user directly what
he/she wants to do. An example of a wrong navigational pattern
can be the following: a user chooses to click on company button,
then click the adjacent company button, then click the previous
company again and then click the same adjacent company again.
These four moves are interpreted by the system as a possible
mistake of confusion between company buttons.

Every time a customer uses the system the adaptive help
system finds his/her representative and responds with adaptive help
actions. An example can be seen in Figures 9 to 12. In this
particular example the system observes the user’s navigation
moves between two neighboring mobile phones and counts his/her

mistakes.

Figure 9 First stage of the phone user interface. Showing small pictures of

mobile phones.

If a user has made a lot mistakes in this section, like
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browsing two neighboring phones repeatedly without putting any of
phones in his cart at the meantime, then the system identifies that
the user cannot view the phone pictures clearly and chooses to

enlarge them.

Figure 10 Second stage of the phone user interface. The user has made
mistakes. Bigger phone pictures and a next button showing that phones are split

in two pages.

If the mistakes between the two neighboring phones continue
then the system identifies that the user has confused only these two
phones. The action taken by the system is to change the location of
these two phones and move the one away from the other, while
bringing a different phone close in order not to destroy the whole

arrangement in the screen of the phones.

~E® 850 360 B15)
Figure 11 Third stage of the phone user interface. The user has confused
the first two phones on the bottom. The system has changed their locations and

brought the silver phone near the first phone on the bottom.
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If the user continues to make the same kind of mistakes then
the system uses the animated agent in order point the phones by
moving next to them, showing them with its “hand” and then telling
with its “voice” the model of the phone. The system also increases
the sound volume in order to help people with hearing problems
understand more clearly the point out function of the animated
agent. If the user finds annoying the changes of the user interface

than he can disable them from his profile page.

Figure 12 Fourth stage of the phone user interface. The user continues to confuse
the phones. The system enables the animated agent in order to point the phones

and increases the sound volume the agent.

3.5.4 The Online Community System

iTVMobi incorporates an online community system that allows
its special users to exchange and ideas about the electronic store
and phones that are being sold (figure 13). In this system users can
rate each other according to the expertise that a user may have on
a specific field. The online community system uses user groups in
order to define the members of each conversation. These groups
are manufactured through the help of the user models of the
system. In order for the community groups to be created the
recommender module is used. Groups with similar tastes extracted

from the recommender are form together in the sense that they will
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have similar topics to discuss about products.

Tasos: Mee Treek Thmo fasetion fs vary Medafall n
Aitwiia: Yesl agroe I really impeoved my running pacel
Tosou: Dosd Nokia hdve iy decbisorios o hiading &,

| far thie phana?

Usariame:
Ntina

Convartrion Topk n

Lisor Rating

Figure 13. The online community system interface

The online community system uses the representative agents
from the recommender and the adaptive help system in order to
categorize users into different groups. In this way, users with
similar mistakes, problems and tastes belong to the same group
and are prompted to enter their corresponding chat rather than
another one that doesn’t much their profile. With this technique the
system ensures that users will be able to find the conversations
more interesting and keep the chat messages on topic. Users in this
way can be helped more easily by others with similar experiences.

In every group there is an “expert” user. A user can acquire
this title through the rating system. Every user can rate other user
with a scale of one to five stars, with the one being the
inexperienced and the five star rates being the expert on the
matter. The user with the highest votes becomes the expert on the
matter. This is very important to the system because iTVMobi uses
expert users in order to annotate phones and accessories as top
selections of these users. More specifically iTVMobi processes every

expert users profile and suggests phones and accessories through
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these profiles as top selections of these users, according to their
tastes. These selections are presented through the use of adaptive
hypermedia while a user’s is navigating through the system. The
annotation to the phone that is top selection from an expert user
contains the name of the user and the topic of expertise s/he has. A
screenshot of the online community system is illustrated in the

figure below.

by Experidiser Hostas
on poci Symbian 560

Figure 14. The annotation of the top selection by an expert user.

On the left side of the system there is the user’s name, the
conversation topic and the user’s rating on this topic. In the top
right we have the users’ opinions and messages about this topic and
below the user can write his/her personal message and send it to all
users. In the figure illustrated below we can see the annotation of
products through the use of adaptive hypermedia based on the

expert users buys.

3.6 Incorporating Three Clustering Algorithms in

Mobile Shopping

The challenges of creating a personalized mobile shopping
application can be much greater than classic personalized e-
shopping applications due to hardware and resource limitations. In

this way, in order to create an effective m-shopping application we
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first had to create an appropriate architecture in order to support
our test bed application and combined it with our clustering
algorithm methodology. This paragraph explains the fundamentals
of our architecture, presets in brief the test bed mobile application
created, demonstrates the usage of the clustering algorithms in our
mobile shopping application and shows results coming results

between the three algorithms used.

3.6.1 The Architecture combing mobile shopping and
machine learning

The aim for developing an adaptive help user modelling server
is to assist users while they are interacting with the application. This
user model server can provide users with suggestions and perform
help actions in order to solve navigation, interaction and other
problems related with the user interface, usage and performing
tasks in general, throughout the application. The general diagram
for combining mobile shopping and help actions is presented below
(figure 15). In order to do so the user modelling server measures

classifies user moves In two types, right interaction and mistakes.

g
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Figure 15 General diagram generating adaptive help in a

mobile environment

Mistakes are considered as different “wrong” navigational
patterns. A navigational pattern is a series of moves made by a user
in order to achieve a result. For example, a user can make
“confusion navigation” like the continuous visiting of two
neighboring production company buttons. This action raises the
possibility of vision problem. Another example is “navigation
without a purpose” witch can be achieved by a pattern of pressed
buttons and clicked areas that leads to no purpose. This action
raises the confusion problem. Degrees are calculated as a
percentage of specific mistakes committed in a specific phones’
page. If a user has many navigational mistakes then the system
responds and tries to help this user with help actions customized to
his/her mistakes. These actions can vary a lot. For example, the
“confusion navigation” results in actions such as the automatic
changing of the size of brand names buttons or phone links. This
can result in a clearer presentation of the user interface. Another
action taken by the system is changing the location of brand names’
buttons in order to avoid confusion. Other actions involve speech
synthesizers and agents pointing on the screen in order to help
customers understand the locations of the user’s interface
components.

The *““navigation without a purpose” can result in actions
like showing an options message and asking the user directly what
he/she wants to do. An example of a wrong navigational pattern
can be the following: a user chooses to click on company button,
then click the adjacent company button, then click the previous
company again and then click the same adjacent company again.
These four moves are interpreted by the system as a possible

mistake of confusion between company buttons.
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The adaptive help user model server can be incorporated in
any mobile recommending application, thus creating a personalised
environment adapted to the users’ needs. The user modelling server
architecture is based on two tiers (figure 15, 16). The first tier
consists of components that perform reasoning about users’ actions
and users’ needs, databases with information concerning the user
data collected and the help models database. The first tier is the
server side of the architecture and does communicate with users
directly. The second tier consists of user interface components.
More specifically, the second tier contains the Adaptive Help
Response System and the Application Ul. The second tier is
responsible for user interaction and contains components that
communicate directly with users. The second tier can also give
feedback to the users. This feedback information returns to the Help
Models Server for further processing.

The Server Side of the architecture has three main databases
and one running process. This architecture tier is responsible for
collecting data from users, saving users’ statistics through
behaviour observation and managing this data in order to create
stereotypes. More specifically the three main databases are explicit
data, implicit data and stereotypic data. The Explicit Data
database contains all the information in a database that users have
provided to the system in an explicit way, either, by answering
interview questions or by rating products. Every time a new user is
registered in the application this database collects this information
from demographic data, educational data and computer education
data that the user provides through the registration process. The
computer education data contains question related with basic
computer knowledge and usage in order for the architecture to be
able to determine the familiarity level related with computers
technology. The demographic data involves questions about age,

family and place of origin. This data is collected in order for the
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architecture to determine a probability level of possible disabilities
concerning comprehension, sight or even hearing. The educational
data contains questions related to the level of education.

These questions can provide the architecture with some first
assumptions on how easily a new user can understand new
concepts and how quickly can process these concepts. The data
collected from registration process are combined and elaborated
and then are saved in the Explicit Data database.

The Implicit Data database contains all the information
about the user’s interactions with the system. The data collected
involve action moves related with categories selections, page
selections and views, actions that users perform (e.g. moving
products in a shopping cart) and users’ interaction with specific user
interface elements. For example, this database collects information
about the categories of products that a user has visited, specific
products that s/he visited, products that s/he moved in or out of
his/her cart and products that s/he bought. The Implicit Data
contains a statistics database of all users’ actions and features
collected by the systems.

In order for the Implicit Data database to be able to collect
this kind of information, we created the Passive Observer process.
This process conducts a user behaviour observation in the
background, while the user freely interacts with the application.
Every time a user performs a task, even the simplest one of clicking
on a product icon, the Passive Observer records this action. All
actions recorded by the Passive Observer are collected,
elaborated, classified and saved into the Implicit Data database.
The classification is performed according to the two error

categories, interaction and purpose.
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Figure 16 User Modelling Server architecture for mobile applications

The interaction error category, involves problems related
with sight and hearing. For example, if a user cannot distinguish a
button from the button next to it, this can cause an interaction
problem. This interaction problem may be materialised in the form
of repeatedly clicking these two buttons without clicking any other
button during this process. The purpose errors are problems
related to aims of users’ tasks. For example, a series of simple
actions that are stopped abruptly and an entirely irrelevant action is
performed can be considered as a purpose error. Purposes errors
are often related to comprehension disabilities. Computer familiarity
can also play a big role in the incidence of these errors. These two
main error categories are further divided into subcategories

according to the domain and medium used. The Passive Observer is
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not visible to the user and does not try to interact with users
directly in any way.

The Stereotypic Data database contains information of
stereotypes built with combined explicit and implicit data. These
stereotypes are created dynamically in the Help User Model Server
through a clustering process. The stereotypes refer mostly to new
users or users that the server has little knowledge about. The
stereotypes contain general assumptions based on levels of errors
of the two main categories. With these stereotypes a new user can
be classified easily and the system can give quick first suggestions
that can improve his/her interaction with the application.

The Help Models Server sits between the server and client
side of the architecture and it is responsible for the communication
between the server side and the client. The Help Models Server
interacts with the Help Models database and its main purpose is to
create, modify and manage the user models taken from the Help
Models database. The communication between the two sides (client
and server) follows a very specific order. The Help Models Server
takes as input the data from the three databases on the first tier of
the architecture. The next step is to create user models through a
clustering process. Then these user models are saved in the Help
Models database.

Next, the Adaptive Help Responses System requests
information from the Help Models Server, information that the last
acquires from the Help Models of the Help Models database. The
Adaptive Help Responses System uses this information to
adaptively change the Application Ul (user interface) according to
the user’s needs. Lastly, users with their actions and responses,
while interacting with the application, can provide the Help Models
Server with feedback information.

The Help Models Database, as mentioned earlier, contains

all the user models of the users. These Help Models are user models
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calculated in the Help Models Server and contain attributes
concerning users’ mistakes. The calculation of these user models
involves the usage of the clustering algorithm. The data input for
the algorithm, from the three databases (explicit, implicit and
stereotypic) are converted by the algorithm into similar groups. The
input data are inserted in the algorithm as degrees of mistakes.

An example of the equations that construct the HardToSee
mistake degree can be seen below. Weights change, depending on
the application that this framework is incorporated. However,
general rules on weights apply on all applications that use this
framework. For example, the weight concerning clicks on a specific
product category is always smaller then the corresponding weight of
the miss clicked products. The first weight is smaller, because
clicking on a product category may not mean that the user is
necessarily interested in this product but that s/he is just browsing

several products.

Mistakesl El ,
Hardto tegory, = istal .es nCategoryl .ement,
(1) TimesinCategories

Mi InP Icon.
HardtoSee Pr oductlcon, = |.stakes n Pr oductlcon,
2 TimesIn Pr oductPages

HardtoSee Pr oductAttribute = Mi stake§| nclick .ngAttrl bute
©) ClickedAttributes

HardtoSee =W, * HardtoSeeCategory + W, * HardtoSee Pr oductlcon +
(4) + W, HardtoSee Pr oductAttribute

Another example equation the follows bellow measures the
confusion of the user while interacting with the application. As these

two equations show a user can make a mistake pattern concerning
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product features or a basic move pattern. For example, a mistake
in product features can be the following. Let's assume that users
can collaspe or expand features of product that are grouped under a
small number of titles. The features can be viewed by pressing the
well plus symbol, thus exapnd the group into full view. If a specifc
user insists in collapsing and exanding many times two or three
neighbooring features categories without doing anything in between
the system can assume that this user has confused the operation of
the collapse and expand view. This is measured as a mistake
pattern in these two features.

A mistake in a basic move pattern can be, for example, the
confusion the the move to cart button with another user interface
button. For example, the reapeted click of this specific button that is
followed by an imidiate removal of these products from the
shopping cart can be comprehented by the system as a confusion of
the move to cart procedure. Similary, weights are used in the last
equation in order to incoorporate different importance. For example,
confusing product features has a lower wight than confusing basic

interactions like moving products to the shopping cart.

& MistakePatternsinFeature

ConfusedFeature, = _ :
TimesSeeingFeature
5)
ConfusedBasicMove, = Mistakel _nBas cMovePattern.
(6) BasicMovePatterns
7) ConfusionDegree = é M * ConfusedFeature + é Il\N. + ConfusedBasicMove

The clustering algorithm processes these degrees and
provides the system with groups based on similarity. From these
groups representative feature vectors are extracted. The

representatives’ vectors are the centres of every cluster provided by
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the clustering algorithm, work as group leaders and show the
groups tendency to specific product features. The groups of users
produced by the previous procedure are also used to create
stereotypes. These stereotypes follow a general to specific
hierarchy, meaning that the system constructs a low number of
generic stereotypes at first and then continues to construct more
specific stereotypes until it reaches a certain point of complexity.

The client side of our architecture consists of components that
interact with users directly. The Adaptive Help Responses
System component acquires information from the user model and
tries to provide the best help suggestion to users. The Adaptive
Help Responses System component contains all system personal
suggestions about mistakes in a database. This component can use
two techniques in order to make suggestions: adaptive hypermedia
and an animated agent. The adaptive hypermedia is used to change
user interface components according to the wusers’ needs or
preferences.

Adaptive hypermedia has the ability to change the user
interface according to the help suggestions provided by the
Adaptive Help Responses System. This component can annotate
elements that are mistaken and change the position of these
products in order to be seen first. It can also, change the symbols
of products depending on the degrees of mistakes. Adaptive
hypermedia can also change the font of product names or features
in order to get user’s attention. For example, if a user has made
many mistakes between two products features, then adaptive
hypermedia will change the font of one of the features in the
product page, thus making this feature clearer to the user.

The animated agent can help users throughout the
navigation of the system. This agent can provide useful information
about the usage of the system and provide recommendations about

products by acquiring information from the user model. The
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animated agent cannot be incorporated to the mobile applications
due to hardware limitations. Personalised help suggestions in the
Adaptive Help Responses System are provided by the Personalised
Suggestion process. This process is responsible for creating,
modifying and controlling help suggestions extracted from the
users’ help models. This process runs in the background, in real
time and intervenes when needed. This process provides help
suggestions to the Adaptive Help Responses System. These
suggestions are materialized in the Application Ul in the forms
described above (adaptive hypermedia and animated agent).

The Application Ul component is a dynamic user interface
that not only adjusts to the medium used automatically, but also
changes according to the users’ interests. The Application Ul
component can change the whole user interface appearance
dynamically and personalise the user interface according to the
specific users’ mistakes. These changes are acquired from the
Adaptive Help Responses System that contains all the user help
suggestions and interacts with the Help User Model to get
information from the Help Models. Because the Application Ul is
an entirely separate component it can be adapted to any medium,
thus making the user modelling server medium independent. In this
way the Application Ul component can create a unique personalised
experience for every specific user, resulting in a friendlier and more
efficient user interface. The Help Models Server receives feedback
through the reactions of users in the system help suggestions.

As the diagram of architecture (figure 12) shows, users
interact through their device and in this way they respond to the
architecture’s personalised suggestions. The communication
between users, client side components and server side components
is performed through the internet TCP-1P protocol. The diagram
below shows a schematic representation of the architecture and

how the above components are connected together.
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3.6.2 The Mobile Shopping Application

The application itself is a mobile shop that sells movies. The
shop is called mVision monitors customer’s actions and makes
movies suggestions (figure 17). MVision is built on ASP.Net Mobile
and uses the mobile device resources of every customer to create
an effective user interface for every customer. For every customer
mVision creates a different record at the database. There are two
types of information saved for every user, the explicit and implicit.
The explicit information is saved on the Explicit Data database and
the implicit is saved in the Implicit Data database.

In mVision every customer can visit a large number of
movies, by navigating through four movie categories. These four
movie categories are: social, action, thriller and comedy movies. All
customers have their own personal shopping cart. If a customer
intends to buy a movie, she/he must simply move the movie into
her/his cart by pressing the specific button. Users, also have the
ability to remove one or more movies from their cart by choosing to
delete them. All navigational moves of a customer are recorded by
the system and are stored in the statistics database by the Passive
Observer process. In this way mVision saves statistics, taking into
account the mistakes of customers during their usage of mVision.

All of these statistical results are moderated from one to zero
and saved in the statistics database. Apart from movie categories
that are already presented, other movie features that are taken into
consideration by mVision are the following: price range, leading
actor and director. The price of every movie belongs to one of the
five price ranges: 20 to 25 €, 26 to 30 €, 31 to 35 €, 36 to 40 € and
over 41 €.
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3.6.3 Incorporating Clustering For Adaptive Help

The adaptive help system in mVision incorporates the
architecture presented in the previous section. The Help Models
Server takes as input all data collected as statistics from mVision
which are saved in the three appropriate databases of the server
side of the architecture. Then the Adaptive Help Responses system
acquires information about customers’ mistakes from the Server.
The information is based on the Help Models database.

Every time a customer performs a mistake the Adaptive Help
Responses System changes mVision user interface dynamically. The
statistics gathered implicitly by the Passive Observer follow a similar
equation form as the one mentioned in the architecture. In order for
a mistake in categories, to be recovered, the Passive Observer looks
for mistake a pattern in the navigational behaviour of the customer.
An example of a mistake pattern in categories can be repeatedly
visiting two neighbouring categories, without visiting specific movies
in between. Neighbouring categories are the ones placed in near
positions in the screen of the mVision interface.

Another example of confusing interface elements can be
confusing movie icons. A customer may Vvisit movies, and then
revisit them many times without moving any of them in his/her
shopping cart. This raises a confusion mistake concerning the
confusion between movie icons. We must take in mind that
percentage degrees do not measures actual mistake number but a
percentage of mistakes throughout the visits of this customer in the
corresponding page.

All measured mistakes are multiplied by the appropriate
weights caclulated in the Help Models Server in order to be

converted to mistake degrees. For example the categories have
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smaller weights than movie icons because the movie icons size is
larger in the mobile than the category element. Furthermore, a
movie category can be clicked many times just out of curiosity by
several users. The illustrations that follow show two different
examples on how the Adaptive Help Responses System responds to
high degrees of mistakes in these particular areas. Figures 17 and
18 refer to the first example and figures 19, 20 to the second
example.

The first example describes a situation where the customer
has a high degree of mistakes in the movie categories area. This
degree shows the confusion and inability of the customer to
comprehend the difference between the four movie categories. Let’s
assume that this particular customer has made many mistakes in
the two neighbouring categories of “action-adventure” and “thriller-
horror”. The Adaptive Help Responses System (AHRS) requires from
the Help Models Server the degree of mistakes for these categories
and discovers that this degree is above normal.

The first help action taken from the AHRS is to move the
categories positions far away in order to be presented in a clearer

way (figure 17).
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Figure 17 The top screen shows the initial state of mVision categories page. The
bottom screen shows the first attempt of the Adaptive Help Responses System to
change the Ul in order to present categories in a clearer way. The categories

have moved apart in screen position.

IT the user continues to make mistakes between these two
categories then the AHRS increases the size of these two categories
and decreases the size of the other two (figure 18). If the user

continuous to have this mistake behaviour then the AHRS changes
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the font of these two categories in order to be very clear that they
are two distinctive categories (figure 18).
Qll:

Choose Movies
Category

lllii

Action-Adventure

Thriller-Horror

Drama-Romance

Recomnmended Maovies For Youl

Figure 18 The top screen the next step of Adaptive Help Responses System to
change the Ul. Categories are moved more apart and the two more mistaken
categories have increased font size. The bottom screen shows the final step of
this process. The two most mistaken categories have altered fonts in order to be

more distinctive.
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The second example refers to a customer that has mistaken
two movie icons in the movies page. The AHRS checks the
appropriate degree of mistakes from the Help Models Server. The
first step to correct the customer’s behaviour is to increase the size
of these two icons and decrease the size of the other two. The AHRS
moves the decreased movie icons to the left side of the screen. If
the customer continues to make mistake patters concerning these
two icons then the AHRS changes the Application Ui again in two

ways.

@ &

ﬁ- Choose a %‘ Choose a
Movie Below . Movie Below

e

-

Figure 19 The left screen shows the initial state of the Ul. The middle screen
shows movie icons placed more apart and the most mistaken ones have larger

size than the others.

At first splits the movies’ icons in pages and inserts a next ()
and previous (@) button in order to show the customer that movies
are split in pages. Secondly the AHRS increases the size of the
movies’ icons and places them in the centre of the mobile
application Ul. Lastly, the AHRS places two coloured borders around

these movies’ icons making the difference even more distinctive.
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Figure 20 The third state shows movie icons size increased and frames of
different colours placed in order to be more distinctive. Also movie icons are split

in pages.

3.6.4 Comparing the Results of Three Algorithms

After implementing all algorithms and embedding them into
our mobile application, we executed the clustering algorithms and
evaluated the results of this method. Figure four below shows
comparison results between hierarchical algorithm and k-means,
and spectral and k-means. The results below clearly show that k-
means produces better results concerning the data input. We also
observe similarities between the vectors that were in fact users that
had used our system. These vectors tended to aggregate into three
main centers. This shows us that users tend to have three different
behaviors.

These behaviors were more evident in the degrees concerning

the mistakes of a user. They led to us to the conclusion that every
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user grouped phone features into three main categories: style
(company name, size, screen size etc), technical features (camera,
connectivity etc) and autonomy (battery, talk time etc). The users
also tended to make mistakes in three main actions: choosing a

phone company, choosing a specific phone and manage their cart.
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Figure 21 Comparison Diagrams between k-means, spectral and hierarchical

clustering

3.7 Conclusions on the usage of different media and
machine learning in remote shopping

applications
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Our research in three different media and the usage of five
different machine learning algorithms leads us to several
conclusions. At first, we have developed an adaptive e-commerce
application and the recorded behaviour of these 150 users provided
data to the AIN algorithm which in turn provided 22 representative
antibodies. This process leads to the conclusion that Vision.Com
customers exhibit certain patterns of behaviour when shopping and
tend to group themselves into six clusters. The 22 antibodies that
arose via the AIN-based clustering algorithm correspond to
customer behaviour representatives and, thus, can be seen as
important customer profiles, which eventually correspond to
stereotypes in user models.

This process is promising because it can provide
recommendations based on the wusers’ interests and the
characteristics of a movie irrespective of whether this movie has
ever been selected by a user before. Thus, the recommendation
system can recommend new movies or movies newly acquired by
the e-shop as efficiently as previously stored movies. At the second
stage these representative antibodies were classified using a
hierarchical algorithm which produced user clusters. The user
clusters led to the construction of user stereotypes for user
modelling.

At the end we expanded this system further and made these
stereotypes dynamic. Dynamic stereotypes are able to refine
themselves as more users interact with the system. In this way the
stereotypes can become more accurate as the system acquires
more expertise concerning the users’ interests.

As a result, the benefit that we have gained is that our system
can provide recommendation to all kinds of users (even new ones)
on all kinds of movies (even those that have not been seen by any
user yet). Moreover, the construction of a dynamic stereotypes

hierarchy help us to solve a problem that a lot of intelligent e-shop
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systems face which is incremental initialization. In this way
Vision.Com was able to make successful predictions for new users
with little information about.

Our research in the second medium showed that buying a
mobile phone through interactive TV is not an easy task especially
for the elderly users because they often have to face two different
problems. The first is little knowledge about mobile phones, their
features and their technology, and the second problem is the
difficulty of using a computer application to buy these products.
Also many studies show very different tastes between teenagers
and older people (Zaphiris and Sarwar 2006). Many applications
have tried to incorporate recommendation methods in order to
resolve taste differences (Choi et al. 2006; Guan et al. 2005;
Kazienko and Kolodziejski 2005). Alsoc many applications have tried
to help special groups of users (Muller et al., 2002; Zhao and Tyugu
1998). But despite the fact that all the above applications had very
promising results concerning their aims, they didn’t provide a
universal approach to the problem of adaptivity.

Very few applications researched the problem in an integrated
way (Fink and Kobsa 1998) but again on very different domains
from our application. Our novel application researches the problem
of combined adaptivity for both recommendations and adaptive
help. ITVMobi has three major functions, a recommender, a help
system and an on-line community system. All functions work in
parallel to provide customers with the best navigation and product
recommendations. These functions work under the same user
modeling mechanism but take into account different features. The
personalized recommendations take into account features of mobile
phones based to the elderly tastes. On the other hand the adaptive
help measures features concerning navigation mistakes. Despite the
fact that we chose to emphasize in these features due to the fact

that we chose this age group, iTVMobi monitors the whole user

142



behavior throughout the system. In this way, despite the fact that
iTVMobi can monitor a user’'s whole behavior; depending on the
criteria selected the reasoning mechanisms can focus on different
features.

The group of the elderly people we chose as a test bed for our
research is a special group of users with specific tastes and needs.
Thus, the criteria we have chosen to include to our system had a
great deal to do with the age of these people. We chose three
criteria to include to our reasoning mechanism that are commonly
found in the elderly. These criteria where shopping aim of this
group, sight and hearing problems and little computer knowledge.
Based on the above criteria we adapted our user model and chose
to focus on different features in each one of the three functions.

However, our research revealed that if someone changes these
criteria iTVMobi can be easily focused on a different group of
people. In this way iTVMobi can be easily adapted to every group of
people. Changing this criteria with the ones of another group
iTVMobi recommendations, user interface and help system are
personalized to this new group. For example, if someone chooses to
sell phones on professional users, s/he could change take into
account criteria such as extended connectivity features or mobile
office abilities. In this way our system would focus on these features
and change its behaviour entirely. As a result we can say that
iTVMobi is a dynamic application for all people and specific groups
of people co instantaneously

Lastly, our research on the field of mobile-shopping revealed
many problems but also led to many conclusions. Despite, many
interesting approaches in the field by Billsus (Billsus et al 2002),
Miller (Miller et al. 2003), Yang (Yang et al. 2008), Kurkovsky and
Harihar (2006), Setten (Setten et al. 2004), Andronico (Andronico
et al. 2003) and Bell (Bell at al. 2006), all of these applications

aimed at certain domains or products. Our approach was to create a
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novel architecture general enough to be incorporated into any
mobile e-shop application. Our purpose was to support the user
throughout the interaction with the application in a personalised
way. We did not focused o creating successful product
recommendation as this problem has been thoroughly researched
by many successful researchers. In this way we managed to create
a generic user modelling server that provides personalised help for
customer of mobile e-shop applications.

The aim of developing a user modelling server with an adaptive
help function has two enforcements. The result was to create a
generic architecture capable of delivering personalised help to its
users and secondly with ability to be incorporated to a vast number
of mobile commerce applications. Our user modelling architecture
can successfully fulfil both actions. The ability to change every
application’s Ul dynamically based on customers’ mistake behaviour
shows that an e-shop application can change its Ul in order to
create a friendlier environment for every user of every age.
Secondly, we presented a case study that we incorporated this user
modelling server. The case study was on a mobile device e-shop
application. The case study shown here proves that our architecture
can be easily incorporated into any product. This fact gives the
ability to mobile e-shop applications to worry only about their
customers and not about the technical demands of building such
functions.

Summarizing, our conclusions were the following: all
algorithms were incorporated in similar ways in all three
applications, changing the criteria or the purpose of the
recommendation does not affect the basic functions of the
clustering algorithms, clustering algorithms can help in making
successful assumptions about new users or users with little
knowledge about, different media play a big role only to the

interaction with the user and not in the incorporation of the
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algorithms and lastly a generalized architecture is needed if
someone wants to address problems of transferring intelligent and
personalization techniques between different media and using
different machine learning algorithms. These conclusions have led
our research in two different fields. Firstly, the creation of a general
methodology on how a developer can incorporate a clustering
algorithm into a remote shopping application and secondly, the
creation of a generic architecture, that can incorporate different
clustering algorithms and manage different user interfaces based on

different media.
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CHAPTER 4

INCORPORATION OF
MACHINE LEARNING
ALGORITHMS IN ADAPTIVE
E-COMMERCE APPLICATIONS
USING THE RUP
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4 Incorporation of Machine Learning
Algorithms in Adaptive E-Commerce
Applications using the Rational Unified

Process

Adaptive applications on various media have become very popular
in latest years. Many researchers have proposed techniques in
achieving adaptivity in this applications trying to help users interact
with these applications in more direct and effortless ways. These
techniques include many adaptive technologies such as user modelling,
stereotypes and clustering algorithms and have provided these
applications with promising results. However, the drawback of
incorporating these technologies is reusability and mobility. This means
that in order for these adaptive techniques to be used in different
application or be altered in the same application is very difficult due to
large degree of complexity of these technologies.

In this chapter we present an approach called RESCA-RUP that a
researcher or a programmer can use to incorporate such a technology
to a recommending system that can be used every time s/he builds
such a system. This approach is based on the software life cycle
techniques used in software engineering for systems lacking adaptive
technologies but expands its usage to software that incorporates
clustering algorithms. In this approach we use the rational unified
process, with the help of UML language to incorporate a clustering
algorithm to a recommending system regardless the medium and
product used. This approach takes as basis the step of the RUP
process of software life cycle and alters the steps in order to confine
the incorporations of a clustering algorithm and double stereotypes to

the recommending system.
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In this chapter we also present two prototype systems that we used
RUP in order to incorporate two different algorithms and create

appropriate dynamic stereotypes based on these algorithms.

4.1 Related work on software life cycle and rational

unified approaches

The field of recommendation has been researched by many
researchers (Kazienko and Kolodziejski, 2005; Choi et al., 2006; Guan
et al., 2005; Li and Kim, 2004; Castro et al., 2001; Alspector et al.,
1997). Other interesting media have also been researched like
interactive TV (Maybury et al., 2004; O’ Sullivan et al., 2004). On the
field of systems that try to help elderly users or users physically
impaired, there is significant on-going research work too. (Muller and
Wasinger, 2002; Savidis et al., 2005; Zhao and Tyugu, 1998). A very
common technique for achieving adaptivity is clustering. Such a work
based on clustering has been done by many researchers (Lung et al.,
2004 ; Kim and Ahn, 2008).

All of the above researches were very innovative concerning
adaptive help to every specific user. The drawback of all of the above
researches is that none of them addresses software life-cycle issues.
Adaptive applications present a greater difficulty in applying e
traditional software life cycle techniques. A very useful tool in software
life-cycle is the Rational Unified Process (RUP). RUP is an object-
oriented process that advocates multiple iterations of the software
development process. It divides the development cycle in four
consecutive phases: the inception, the elaboration, the construction,
and the transition phase. Each phase is divided into four procedural

steps, namely, requirements capture, analysis and design,
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implementation, and testing. The phases are sequential in time but the
procedural steps are not. Moreover, one important advantage of RUP is
the highly iterative nature of the development process.

For the above reasons, RUP can be selected as the basis for
presenting adaptive systems too. During our research we presented an
RUP based software life cycle on how to incorporate a clustering
algorithm on a prototype e-shopping system. The process has four
major steps.

Firstly, designing and building the prototype system that
does not include any clustering techniques.

Secondly, evaluating the system and through this process
obtaining data for the clustering algorithms.

Thirdly, comparing several clustering algorithms with the
above data as input and choosing the most efficient algorithm.

Fourthly, incorporating the clustering algorithm into the
system and building stereotypes based on this algorithm.

In this chapter we show the generality of the RUP built in our
research. We show that the same steps can be followed as before but
this time the clustering algorithms are different. We will also use an
entirely different medium for our built system witch is interactive TV
and at last our test bed system will not only try to make
recommendations about the product that sells but also, try to
personalize its behaviour in order to help people with special needs use
the system more effectively

Despite the fact that all the above applications of adaptive methods
are very innovative and gave great results concerning the help of their
users, none of them addressed software life-cycle issues. In adaptive
applications like the ones mentioned above it's very difficult to apply a
general life cycle. A very useful tool in software life-cycle is the rational
unified process (RUP). RUP is an object-oriented process that
advocates multiple iterations of the software development process. It

divides the development cycle in four consecutive phases:
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. inception phase
. elaboration phase

. construction phase

A W N P

. transition phase.

Each phase is divided into four procedural steps, namely,
requirements capture, analysis and design, implementation, and
testing. The phases are sequential in time but the procedural steps are
not. Additionally, RUP is an object-oriented process; thus, it is
appropriate for the development of graphical user interfaces such as
the one described in our research. Moreover, one important advantage
of RUP is the highly iterative nature of the development process. For
the above reasons, RUP can be selected as the basis for presenting
adaptive systems too. An implementation of RUP life —cycle into
systems has been researched by Jaferian (Jaferian et al., 2005), which
presented extensions on Business modelling and Requirement
discipline of RUP. RUP has been used to present extensions that
concern possible security threats and attacks.

Significant in the field has also been done by Virvou and Kabbassi.
Their work showed that developing a Graphical User Interface
incorporating intelligence concerning in files and folders managing and
modification like Windows Explorer. The system called IFM (Kabassi
and Virvou 2000) presents an object - oriented approach in knowledge
based software engineering of an intelligent GUI. In their second work
(Virvou and Kabassi 2003) experimental studies were conducted for
the IFM. Lastly, their third work (Kabassi and Virvou 2006) they
extended the knowledge-based software life-cycle framework and they
incorporated a multicriteria analysis. The common use of a modified
RUP life —cycle as a tool for the design and development of IFM proved
to be very efficient enhanced the software life —cycle process of IFM.

In this thesis we will present an RUP based software life cycle on
how to incorporate clustering algorithms on two systems called RESCA-

RUP. As test bed we have used two prototype systems, an adaptive e-
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shop application called Vision.Com and a smart tv-shopping application
called iTVMobi.

4.2 The RESCA-RUP Software Life Cycle

The RESCA-RUP life — cycle framework is presented in the table

below (table 1). RUP is based on iterations but does not specify what

sort of requirements analysis has to be conducted for adaptive systems

and what kind of prototype has to be produced during each phase or

procedural step. This table follows the phases and procedural steps of

RUP but the difference is that we specify what prototype has to be

constructed in each phase and what kind of experiment has to be

conducted. Consequently, here is presented a modified solution to the

problem of clustering incorporation and how this procedure can be

generalized and be applied in an entirely different medium or product.

Table 1 RESCA-RUP Life Cycle Process

Procedural Inception Elaboration Construction Transition

Steps/Phase

s

Requirement | Requirements of The most

s Capture a prototype efficient
adaptive clustering
recommender algorithm.
system  without
clustering.

Analysis & | Analysis and | Computing the | Designing double

Design Design of the | resemblance stereotypes
prototype coefficients for the | resulted from the
adaptive data set and | selected
recommender developing the | clustering
system without | clustering algorithm. (of
clustering. algorithm. users and
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products)

Implementat | Building the | Execute the | Building the user | Dynamically
ion prototype clustering method | modelling improving
adaptive for the prototype. component system
recommender based on the | performance
system  without stereotypes and | while used
clustering. incorporating by real
them into the | users.
system.
Testing Evaluating the | Evaluating the | Comparing the
system and | Results the | results provided
obtaining the | clustering with those of the
data set for the | algorithm used in | prototype
clustering the prototype. system.
techniques.
Iterations Iter #1 Iter | Iter A Iter | Iter #n+1 Iter #n+2
#2 | #3 #n

4.3 RESCA-RUP Inception

4.3.1 Defining Requirements for the prototype system
and Analysis and Design of the prototype adaptive
recommender system

As with our previous research (iTVMobi prototype) we used the UML

technique in order visualize our system initial requirements. UML

helped to understand what where the true requirements of our system.
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L

Recommendation

\

Help Actions

Figure 1 Class diagram of the user model and personalised classes

A class diagram is presented in figure 1 showing the connection
between user models, recommendations and adaptive help actions.
The second class diagram (figure 2) presents the classes that the user
model package is consisted. The user model is consisted of four main
classes. These classes include user behaviour mainly based on
statistics of user’s interaction with the system, interests that include
interest degrees on product features, mistakes done by this user while

interacting with the system.

User Behaviour

Interests

: _ Mistakes
(from Logical View)

Figure 2 Class diagram of user model package
Similarly to the first prototype, our second system (Vision.Com) was

designed according to the initial requirements we used UML technology

in every step of the RUP to help us define classes, objects and
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relationships between them. In this section we present a class diagram
of the prototype system classes. In the diagram below we see the
recommendations class that communicates with the interests class to
acquire interest degrees. The recommendations and stereotype class
give the appropriate information to the animated agent class and user
interface in order to personalise their behaviour to customer’s interests

and needs.

4.3.2 Building and evaluating the prototype adaptive
recommender system

The first prototype system was an interactive tv-shop that sells
mobile phones. The users had their own unique shopping cart that
they could use it in order to buy phones. They could also visit phone
pages and watch live videos of phones being sold by the system. The
prototype system called iTVMobi. The evaluation of iTVMobi included
50 elderly men and women to use our system and then answer a 16-
question questionnaire in order to make comparisons between system
results and real users’ answers. The first results revealed significant
weaknesses in achieving successful recommendations and take
effective help actions.

The second prototype built, Vision.Com, an adaptive e-commerce
video aimed to provide help to customers in movie selection. The rule-
based personalisation built on the system was based on what a
customer usually considers when choosing a movie. The experiment
for evaluating Vision.Com included 150 real users that interacted with
the system. The users divided into three groups conducted the
evaluation into three different time zones. More specifically the
evaluation conducted three different days and hours and consisted of

three sections. In the end of the evaluation every participant was
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asked questions about the systems visual appearance, usage,
effectiveness and adaptivity in his tastes. Again results revealed
several problems concerning the rules used to provide personalised

recommendations.

Recommendation Stereotype
(from Logical View)
7 7
Interests - /
(from Logical View)
/
/
/
r/’
/
r/’
\/
Animated
Agent
NV

User Interface

Figure 3 Class diagram showing main system classes

4.4 RESCA-RUP Elaboration

4.4.1 Computing the resemblance coefficients for the
data set and developing the clustering algorithm

iTVMobi Prototype

In order to address requirements and solve the first prototype’s
problems we decided to incorporate a clustering algorithm. This
incorporation would provide our system with a strengthen user
modelling module. A comparison between several clustering algorithms

was performed in order to select the most appropriate one. The input
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data was the experimental results of the evaluation that we converted
to vectors of measuring degrees in order to be fed as input to all
clustering algorithms. The vector consisted of all the phone features
measured by our system and all the navigational mistakes that users
made throughout the usage of iTVMobi. The input data propagation
revealed that the simple k-means (MacQueen, 1967) clustering
algorithm best suited our purposes. We then developed a modified
version of k-means algorithm from scratch using the visual basic

programming language that was able to run in real time.

Vision.Com Prototype

The problems revealed after a careful study of the evaluation results
were many. More specifically, stereotypes showed lack in
effectiveness concerning users’ categorisation. The main reason was
that stereotypes are based on strict categories of users and cannot
change dynamically as the customer used the system. Furthermore,
the rule-based system of Vision.Com provided customers many times
with inadequate product recommendations, especially when interest
degrees showed small differences. Changes were to be made if we
wanted to tend to these requirements. In this case we decided to
incorporate again a clustering algorithm but we made a comparison
between different four clustering algorithms. The input data for the
algorithms were again taken from experimental results of the
evaluation. In this work, we developed four clustering techniques,
namely

a) agglomerative hierarchical clustering ,

b) fuzzy c-means clustering and

c) spectral clustering

against AlS-based clustering.
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4.4.2 Execute the clustering method for the prototype
and Evaluating the Results of the clustering
algorithm used in the prototype

iTVMobe Prototype

This section presents the clustering algorithm comparison
results. The selection of k-means was made after executing and the
two other mentioned above. The k-means showed many similarities
between vectors from users that had used our system. These vectors
tended to aggregate into three main centres showing that users can be
categorised in three different behaviours. These behaviours were even

clearer in the degrees concerning the mistakes of a user.
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Figure 4 Comparison Diagrams between k-means, spectral and

hierarchical clustering

After further research between the clusters created, their
distances and the intra-cluster distances the conclusion was that every

user could be grouped according to phone features. Three main
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categories were revealed, style (company name, size, screen size
etc), technical features (camera, connectivity etc) and autonomy
(battery, talk time etc). Furthermore, three mistake degrees were
discovered, choosing a phone company, choosing a specific phone and
managing their cart. The UML diagram below shows a state chart
diagram concerning the class of user model. At first the user is
clustered with the help of k-means. Secondly, the user model is
updated with this information. Next, a representative is selected to
represent the wuser. Lastly, two stereotypes are selected one

concerning interests and one for the mistakes.

Updated
User Model

Clustered
IJzer

Representative
Selected

.| Stereotype

Selection

Figure 5 UML state chart diagram of user model class and different

states.

Vision.Com Prototype

For Vision.Com we collected data from the experiment which
consisted of three parts, visits that every user made to specific movies,

movies the users moved into their cart and movies bought by every
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user. This data formed a vector of 80 features of the movies’
characteristics. The features include all the categories, all the sets of
prices, all the actors and all the directors that are known to the
system. These 80 feature vectors were in the representation of users’
interests and movie descriptions. Finally, 80 - dimensional vectors
were inputted to the four different clustering algorithms mentioned.
This was done in order compare the results of the first three with the
last and to prove that AIN excels against the others.

Figure 6 shows dendrograms corresponding to the feature
vectors produced by hierarchical (top left), spectral (top right), and
AIN-based (centre left) clustering. Spectral clustering lacks to provide
a clear revelation of the intrinsic similarities in the dataset over
hierarchical one. Moreover, AIN-based dendrogram leaves are fewer
than the leaves of other dendrograms, which is a result from the fact
that AIN clusters only 22 representative points in the 80-dimensional
feature space, while the other two algorithms clustered the complete
data set. The AIN-based dendrogram demonstrates the intrinsic data
point clusters clearly in contrast to the hierarchical and spectral
dendrograms. Furthermore, the partitioning of the complete dataset
into six clusters by the spectral (centre right), fuzzy c-means (bottom
left), and AIN-based (bottom right) revealed that the spectral
clustering does not result in cluster homogeneity, the fuzzy c-means
clustering results in higher cluster homogeneity, but in only four
clusters rather than six required.

The AIN-based clustering on the other hand returned
significantly higher cluster homogeneity. Moreover, the degree of intra-
cluster consistency is higher in AIN-based rather than the other two.
Figure 6 clearly shows that Vision.Com customers exhibit certain
tendencies when shopping and can be grouped into six clusters. The 22
representatives that arose via the AIN-based clustering algorithm

correspond to customer behaviour representatives and, thus, can be
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seen as important customer profiles, which eventually correspond to

stereotypes in user models.

Higrachical clusterng-based dendrogram for the complete dataset

AlN-based hierachical dendrogram
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4.5 RESCA-RUP Construction

4.5.1 The most efficient algorithm and designing
stereotypes based on this algorithm

iTVMobi Prototype

For iTVMODbi prototype we used the k-means algorithm chosen
through the procedure mentioned before we extracted the three main
vectors for the product recommendation and the three main vectors
for the mistakes made by users. With these vectors as guide a
stereotypes hierarchy was created starting from general stereotypes
till this user concludes to have an individual user model. Below we see
a activity diagram of the “four level” procedure in order for a user to
reach the individual user model. The user starts belong to a general
stereotype and as he uses the system, the user model becomes more

specific and ignores general stereotype information.
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Vision.Com Prototype

The decision of AIN based clustering as best suiting our
system led to the redesign of Vision.Com. The new model works as
follows: At the initial state the system includes all user model data of
all users. This data is peddled to the AIN algorithm that produces
clusters of similar users. Every cluster has a center or more that is the
representative of this cluster. The centers are called antibodies. In
order to connect a user with an antibody the system calculates the
minimum Euclidian distance between the antibodies and the user. Then
with the help of the antibody finds the minimum distances between
movies vectors and antibody vector. The movies with the minimum
distance are rated as very similar and presented to this specific user as
the recommended ones with the help of adaptive hypermedia.

The results of AIN based Vision.Com were good concerning
product recommendations and general recommendations throughout
the navigation of the system for every individual customer. The more a
customer uses the system the better personalised recommendations
are produced. The main problem of Vision.Com in this state was the
lack in recommendation production for new customers and customers
with little knowledge about. This problem was solved by creating
dynamic double stereotypes. Stereotypes for customers and
stereotypes of movies based on the AIN clustering that varied in
complexity and accuracy.

The sequence diagram (figure 8) shows how the system
constructs stereotypes starting with a new user until the system
classifies him as old user. This is the initialization process of
Vision.Com in order to achieve the point of adequate information about
this specific user. Every level of stereotype that the user passes to is
more complex and involves more movie features. This procedure is

continued until level 6 is reached. Six level were selected
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corresponding to the six clusters revealed from the evaluation process

and algorithm comparison process. The last level includes all movie

features and the user is categorized as old.

User Model Representative

Cluster Stereotype
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User classification

1

novie categories inﬁo

level 1 creation
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Figure 8 sequence diagram of the initialization process
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4.5.2 Building the user modeling component based on
the stereotypes and incorporating them into the
system

iTVmobi Case Study

A hierarchy system of double stereotypes for both interest
and mistakes degrees was created through the method described
above. In this way, selling phones in the tv-shop could be performed
more efficiently due to the fact that the system divided interests and
mistakes. This system of double stereotypes provided us with a quick
incremental initialization of the user model meaning that iTVMobi
responded to customer needs directly. The double classification
performed resulted in three levels of user stereotypes and a fourth
level of individual user model. These levels corresponded to clusters of
similar users created be k-means.

The first level of stereotypes is a coarse classification of
three stereotypes. Their complexity is refined several times to
provide users with their specific individual user models. These dynamic
stereotypes are then created and used by iTVMobi to extract users’
interests in movies based on a small set of observed old users’ actions.
More specifically, for a new user, this extraction is based on the first
level of stereotypes classification. Then, incrementally new inferences
are constructed about his/her preferences from more refined user
stereotypes of subsequent levels. The procedure ends when this new
user reaches the level of individual user model.

The users of iTVMobi showed an aptitude to group into three
main sections for both interests and mistakes. This fact has influenced

the stereotypes’ creation and led to three divisions inside every

164



stereotype. Every division concerns a section of interest or mistakes.
For example, the interest stereotype consists of the following three
divisions. The first contains stereotypical information about style
(company name, size etc), the second stereotypical interest degrees
about technical features (camera, connectivity, operating system etc)
and the third interest degrees about autonomy.

So in every subsequent level the system removes a section
from the stereotype and affiliates this section into the information
taken by the individual user model. For example in the first and more
abstract level of classification the user model is mainly based on a
general stereotype that may have all of its three divisions but it is built
with general stereotypical information because the system has little
knowledge about this user. As the user uses continues to use the
system the general stereotypical information is lessened and replaced

with individual personalised information.

Vision.Com Case Study

Similarly in Vision.Com the construction of dynamic
stereotypes led to a double classification of both users and movies.
More specifically, every customer was provided with individual
suggestions that were produced very quickly. Moreover, the quick
incremental initialization achieved led to enhanced responsiveness to
customer needs in the minimum amount of time. The hierarchical
double classification (users’ interests — movies) constructed resulted in
several levels of user stereotypes. Every level corresponded to clusters
of the AIN based clustering.

At first, there was a very general classification of two
stereotypes which was next refined several times to produce a more
complex classification. The final level classification led to six
stereotypes. These stereotypes are then used dynamically by the e-

commerce application to discover interests in movies based on a small
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set of observed users’ actions. A new user is mainly classified from the
first level of stereotypes and then, incrementally, while the user
interacts with the system, inferences about his/her preferences are
discovered and user stereotypes of subsequent levels are redefined.
The actual construction of stereotypes mainly involves
defining the triggering conditions, and the inferences (what can be
assumed for users belonging in the triggered stereotype). Whether a
customer or a movie belongs or not to a stereotype is measured by the
Euclidean distance. If a customer’s distance is high then we proceed to
the above level of stereotypes. This process of moving to above level
and measuring distance again stops when a certain distance is reached
or the first level of complexity is reached. If in this level the distance
is also far we move up to the next. The same process for movies is
followed by Vision.Com in order to extract similar movies of the same
level of stereotypes. This movies stereotype selection stops when the
distance between the user stereotype and movie stereotype reaches a

certain threshold.
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Figure 9 Diagram showing stereotype increasing complexity through

levels
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The diagram above shows how the general idea of stereotypes
increasing complexity is achieved. Also in this diagram every
stereotype is consisted of several sections corresponding to users’
tendency to group in similar behaviour according to their interests. For
example, iTVMobi as mentioned above tend to show three different
behaviours concerning mobile phones, style, technical features and

autonomy.

4.6 RESCA-RUP Transition

4.6.1 Dynamically improving system performance

while used by real users.

iTVMobi with real users

When a new user becomes a member to the system the application
creates a user model, sets all interest values into zero (the system
assumes that at start the user has no interest for any phone) and
starts to monitor his/her actions. After few interactions with the
system (visiting few phones), the e-shop classifies the new user in a
stereotype of the first level of specialization. The first level has very
general information about the three main sections of interest and
mistakes.

For example, if the new user shows a tendency towards big screen
size and phone size then s/he classified in the second stereotype, as
the main difference between the two stereotypes can be seen in this
feature. If the user belongs to the first stereotype the system chooses
to propose phones with smaller sizes. The phones that are most close
to the user’s interest degree are those recommended by the system up
to this point of interaction. As the user continues with moving phones

into his/her cart and buying some of them the system moves to the
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next level of classification that removes a section of stereotypical
information and replaces it by individual user model information. This
means that in this level stereotypes differ in one section but group
users in the other two. For example, if this new user selects phones
with small size but big screen then the system chooses to classify
him/her to the stereotype that has general information about interests
in technical features and autonomy but not fore style that is greatly
influenced by size.

Level three and four of specialization extend the features of
interests and constrain stereotypes in favour of individual information.
In this way, as users show with their actions which more features or
mistakes the system easily classifies them into the according
stereotypes and selects the right interest or mistake stereotypes in
order to make recommendations and help actions. The initialization
process is conducted until the user reaches level four of specialization.
This level represents the leaves in the hierarchical tree of stereotypes
and extends the differences in all features of interests. The level of
complexity here is very high and the smallest difference in user’s

interest or mistake degree can alter his/her user model.

Vision.Com with real users

When a new user becomes a member to the system the e-
commerce application creates a profile, sets all interest values into
zero (the system assumes that at start the user has no interest for any
movie) and starts to monitor his/her actions. After few interactions
with the system (visiting few movies), vision.com classifies the new
user in a stereotype of the first level of specialization. The first level
generally checks interest concerning the four movie categories. For
example, if the new user shows a tendency towards thriller movies
them s/he classified in the second stereotype, as the main difference

between the two stereotypes can be seen in this movie category.
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If the user belongs to the first stereotype the system chooses
to propose movies from any of the three categories except thrillers in a
presentation percentage similar to the interest in every category. The
movies that are most close to this movie stereotypes are those
recommended by the system up to this point of interaction. As the user
continues with moving movies into his/her cart and buying some of
them the system moves to the next level of classification that extends
stereotypical information to the price features. This means that in this
level stereotypes differ greatly in the price ranges along with movie
categories. For example, if the new user selects movies with medium
prices the system chooses to classify him/her to the stereotype that
has the greatest interest in this price range concerning always the
interest in movie categories.

Level four and five of specialization extend the features of
interests into interests in leading actors and directors accordingly. In
this way, as users show with their actions which actor or director
prefer the system easily classifies them into the according stereo-types
and selects the right movie stereotypes in order to make
recommendations. If their differences in interest in the actor and
directors are low the system chooses to group users in same
stereotypes thus emulating the grouping process into the previous
level of specialization. On the other hand if these differences are high
the users are grouped into different stereotypes of these levels.

The initialization process is conducted until the user reaches level
six of specialization. This level represents the leaves in the
hierarchical tree of stereotypes and extends the differences in all
features of interests. The specialization in these level is very high and
even the smallest difference in user’s interest can classify him/her to a

different stereotype of this specific level.
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4.7 Comparing the RESCA-RUP life cycle created for
both prototypes

The resulted systems of this life cycle process were very effective
systems that could help its customers choose the right product. The
confusion of a new customer while navigating through the user
interface of the prototype systems was decreased. This study shows
that RUP life cycle process can also be applied in other domains with
roughly the same steps.

The table below (table 2) shows the differences in the steps of
procedure for the two prototype systems and the general RUP life cycle
presented at the start of this paper. From the table observe it is
observed that the steps have remained the same and those altered
followed similar guides as the previous ones. Consequently, the
RESCA-RUP process was not altered in its basic form and can be easily
applied to different domains. The different media used in the two
prototypes did not compromise the procedure at all. The different
products of two stereotypes also have not influenced the basic
procedure of RUP and only changed the point of view of some steps
without changing that real procedure conducted in the background.

The tendency of helping users in an adaptive way in the iTVMobi
prototype only changed the procedure steps concerning stereotypes on

a technical level as their aim remains the same.
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Table 2 Comparison Table between the two prototype RESCA-RUP was

incorporated.
Procedural | Inceptio | Elaboration Construction Transi
Steps/ n tion
Phases
Requireme | Same as The most efficient
nts before clustering algorithm.
Capture iTVmobi | Vision.Com
k-means | AIN
Analysis & | Same as | Same as before. | Designing double
Design before (conducted twice) stereotypes.
iTVMobi | Vision.Com
Users, mistakes |
Users, products
Implement | Same as | Same as before. | Building the user modelling | Sane
ation before (conducted twice) component. as
iTVMobi | Vision.Com before
Dynamic Stereotypes
Individual User Models |
Dynamic Complexity
Stereotypes
Testing Same as | Same as Dbefore. | Same as before.
before (conducted twice)
Iterations Iter #2 Iter #3..n Iter #n+1 Iter
H#n+2

4.8 Conclusions about the RESCA-RUP process

The two test bed applications used to test the proposed RUP process

revealed very interesting results about the process itself and the

similarities in engineering such intelligent remote shopping systems.

Firstly, the RUP process is very difficult to be incorporated into
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adaptive systems that include many intelligent technologies.
Furthermore, difficulties can also be found in testing such systems
and what kind of evaluations must be conducted in order to extract
useful information about their performance. As it can be seen from
the whole process UML methodology can help in the incorporation
and better presentation of RUP states during the software life cycle
process. With the help of UML a researcher can grasp the concepts of
the processes much easier.

Secondly, the creation of the RUP table can help future researcher
by providing a guide on what steps should be followed in order to
incorporate a clustering algorithm, use this algorithm to provide
successful results and test both built system and results for their
efficiency. Furthermore, the small differences in some steps of the
RUP process reveal significant details that researcher must taking
into account in order to avoid mistakes during the software life cycle.

Lastly, because RUP does not define the algorithms which will be
used or the actual types of stereotypes used in the appropriate steps,
gives the researcher to incorporate any algorithm in the process and
use for any reason. Here, in our approach we have incorporated two
kinds of all algorithms, kmeans and AIN, and used them to provide
both product recommendations and help support through the
appropriate stereotypes. Both algorithms and kinds of stereotypes
were incorporated in different test bed applications without making

any changes to the actual steps of the RUP process.
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CHAPTER 5

GENERIC ARCHITECTURE OF

ADAPTIVE REMOTE SHOPPING

APPLICATIONS
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5 Generic Architecture of Adaptive Remote

Shopping Applications

E-commerce applications have become very popular since
they provide easy access to all kinds of products. However, most of
the e-commerce applications are developed in a generic way that
does not take into account personalised needs and preferences of
individual customers. In conventional shops, human sales assistants
can easily find out customer’s specific needs. On the other hand
product-sale applications do not address this problem and the
customer ends up searching in endless product databases or even
using other search sites. Furthermore, retailers deal with concrete
difficulties in merging available information about customers and
keeping it updated.

In this way many negative efiects follow (Goy et al., 2007):
The lack of data integration and synchronization prevents vendors
from effectively exploiting customer information to promote their
products and services. Furthermore, the lack of tools supporting the
analysis of customers’ browsing behaviour (e.g., shopping cart
abandonment) does not enable vendors to collect feedback useful to
redesign and optimize their Web sites (Hall 2001).

All of the above problems in e-commerce applications may be
addressed by the incorporation of user modelling components that
are based on intelligent techniques. These techniques allow the
system to draw inferences about specific user’'s needs and
preferences based on information collected about these users. A
solution to this situation can be achieved by personalization
techniques that can be extracted from the user modelling theory
(Rich 1983). A system that incorporates user modelling can be

adaptive to every specific customer’s interests and needs and is

174



called product recommendation system. More specifically, in order
to achieve personalization the software agent providing the services
must have the capabilities of maintaining a user model containing
data about this user’s needs, interests and preferences and the
capability of using strategies for adapting its behaviour to each
specific user. The choice of such strategies depends on many
factors such as the application task and domain, the goals of the
system, the target users and the context (Ardissono et al., 2001).

However, these systems are difficult to build and they require
a lot of analysis that involves knowledge engineers and product
sales analysts. Moreover, all of this developing effort is dedicated to
specific e-commerce systems or research prototypes that are built
at a time for a particular kind of e-commerce product (e.g. books,
dvds, etc). This means that each time a new personalised e-
commerce application has to be buiit, knowledge engineers and
researchers have to start from scratch. This is also the case for e-
commerce applications that are developed for different media such
as computers or interactive TV sets. With the recent expansion of
TV content, digital TV networks and broadband, smarter TV is
needed as well (Ardissono et al., 2003).

A lot of research prototypes made are dedicated to desktop e-
commerce applications, or the interactive TV or mobile devices.
However, a large part of the reasoning mechanisms that are needed
for one medium may be the same for another medium. But other
challenges may rise here, concerning the way that these reasoning
mechanisms can be incorporated into different media or products.
For example, a large number of recommending systems use
clustering to create groups of users with similar tastes (Tipnoe et
al., 2005; Lu et al., 2006), but this reasoning mechanism is
dedicated to measure characteristics only related to the specific
domain of the personalised proposals. Furthermore, these proposals

are developed specifically for the medium that the system uses
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without consideration of system’s resources and capabilities.
Consequently, a researcher must consider two different factors here
which are the characteristics that the algorithm should use in order
to create the groups needed and how the personalised proposals
will be developed in order to be medium independent.

A large amount of work has been devoted by researchers and
companies to address, at least partially the challenges that e-
commerce systems pose, with the ultimate goal of improving
customer services. The end result was two types of systems,
research prototypes and commercial systems but both types were
proved to have a major drawback. The former offered advanced
interaction and personalization features, but they are usually
developed as “closed” systems, which embed proprietary customer
and product databases. Thus, they fail to support a seamless
integration with the applications broadly used by vendors to
manage their business activities. The latter are more complete
systems and they offer tools to analyse the customer behaviour.

However, they usually support rather simple personalization
features to assist the users during the navigation of the product
catalogue and to tailor the interaction style to individual needs. In
view of the above a recommendation system must be more
generalised and be able to deal with both problems of the two types
of systems presented above.

Currently, there is need to move towards to more converged
architectures that can correspond to different types of media such
as mobile phones and the internet in order to address the above
problems. These converged architectures may be able to
incorporate  intelligent techniques in order to achieve
personalization, but until now there is not much effort towards
binding generic e-shop architectures and product recommendation
techniques. Product brokering that requires assisting users in

finding information in a complex multidimensional space (Pu and
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Faltings, 2002) also adds to the difficulty of constructing such
frameworks. A very important comment has also been noted by
Aragao (Aragao et al., 2001) that there is no widely available
mechanism to allow users to personalize their interaction with web
data and services. This means that such generic architectures with
adaptive abilities are becoming more and more necessary for this
kind of applications.

In view of the above we have developed an architecture called
PERCOM (PErsonalised Recommendations in e-COMmerce) (figure
1) for remote shopping applications that may be used for all kinds
of products that are being sold through different kinds of media
(iTV, internet applications, mobile phones etc.). In order to address
the two main challenges of e-commerce systems which are product

and medium independent, we developed two intelligent techniques.

TTser Modelling Components

User Model Sermer

Adaptive Uzer Interface
Components

Usars
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Figure 1 General PERCOM Framework Architecture

Firstly, for the reasoning mechanism based on clustering, we
chose an entirely different approach. Instead of choosing product
characteristics to model our users, we chose a set of characteristics
based on user behaviour that were common to all e-commerce
systems. These characteristics were the number of visits in a
product category page, the number of visits in a specific product
page, the number of a product moved to the cart and the number of
a product bought by the user. Every time a customer makes one of
the above actions the appropriate product characteristics rise,
based of course on which product visited, moved to cart or bought.
Furthermore, every one of these four main actions has also a weight
which is used to measure the action significance. More specifically,
the visiting actions have smaller weights than the ones referring to
moving products to cart or buying a product. This is so because a
customer’s visit to a product page does not always mean direct
interest for the product visited.

In this way there is a two step process in order to extract the
level of interest in a product characteristic. Thus, the architecture
can generalise users’ actions into the four main actions mentioned
above and create a first level of customer behaviour observation
that can be used in any e-commerce application. Furthermore, with
this process the resulted level of possible interest is a percentage.
This results in a vector of percentages that can be easily
manipulated by any clustering algorithm.

Secondly, in order to surpass the challenge of different media
we chose to incorporate two different technologies. The first is a
dynamic wuser interface and secondly adaptive hypermedia.
Furthermore, we developed these two technologies as separate
modules giving the architecture the ability to generalise and

manage these modules in an independent way. The dynamic user
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interface module is responsible for changing the user interface
according to the resources of the system used whether this are a
mobile phone, an interactive TV or a desktop computer. This is
achieved by applying the following rule. Every e-commerce system
has five major elements, a shopping cart, a categories product
page, a specific product page, a search page and a recommended
products page.

Our architecture in the user interface module stores the basic
frame for these elements. Then the system can apply its specific
interface add-ons to these frames thus creating the interface
needed. These frames can change dynamically according to the
medium used by the system. Moreover, the adaptive hypermedia
module is responsible for creating the sets of recommended
products. The visualization of the recommended products is
managed by this module in three ways, low resources, medium
resources and high resources. More specifically, low resources offer
fewer ways to propose products and are mainly used in mobile
devices. Medium resources are used on the interactive TV due to
lower specifications, than desktop computers and the simpler
interaction through the remote control. Higher resources are used
to desktop computers and laptops. Higher resources can also use
the animated agent in order to achieve a friendlier human computer
interaction. The above means that the architecture is both domain
and medium independent.

PERCOM incorporates a clustering algorithm which is used to
create groups of similar users in terms of their needs and interests.
The architecture of PERCOM framework consists of two main
modules. The first module consists of components that perform
reasoning about users’ actions and users’ preferences. The second

module consists of user interface components.
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More specifically, the first module consists of the following
components:

Explicit Information User Profiles,

Monitoring Agent,

Clustering Algorithm Process,

Double Stereotypes and

User Model Server

The second module consists of user interface components:

The Incremental Initialization,

Recommendations,

User Interface,

Animated Agent and

Adaptive hypermedia

The PERCOM architecture creates user models based on the k-
means clustering algorithm and then uses these user models to
create personalised recommendations. PERCOM is sufficiently
generalised so that it may be used for any kind of e-commerce
application. In fact we have evaluated the generality by
incorporating it into two different kinds of applications. The first
application is an e-commerce video store where e-shoppers receive
personalised recommendations on what movie to buy, called
Vision.Com. The second application is an interactive TV-commerce
store that sells mobile phones to users called iTVMobi. Again, iTV-
shoppers receive personalised recommendations of what products
to buy. From these case studies and their empirical evaluations
emerges the fact that PERCOM can be incorporated in any e-shop

application making it adaptive to its customers’ needs.

180



5.1 Overview of The Recommendations Architecture

First of all, the definition of the problem, that PERCOM
architecture solves, is required in order to define where PERCOM
architecture applies to. PERCOM framework addresses the problem
of generic e-shop applications and unsatisfied customers due to the
lack of understanding customers’ needs and inferences. These
needs and inferences are usually hidden behind users’ behaviour. In
this way, for an e-shop application to exploit customer data and
extract valuable information from it is imperative.

Exploiting and extracting this information can be done in two
ways, either explicitly or implicitly (Rich 1979). The first way
involves direct contact with customers-users and the second is a
passive observation of customers’ behaviour. Taking in mind all the
above, PERCOM aims to solve the above problem and give the
ability to e-shop applications to be adaptive according to customers’
needs or inferences. PERCOM applies to every e-shop application
regardless of product or medium and to every user group,
regardless age. This fact is also reinforced by the three case studies
presented in the next chapters, which involve two different products
and three different media. In order for PERCOM architecture to be
able to react effectively to the problem mentioned above it
incorporates several functionalities and technologies. This means
the PERCOM is mainly divided into two groups (functionalities and
technologies) concerning the general structure of the architecture.

The functionalities that PERCOM includes are: 1. Adaptive
Presentation, 2. Personal Recommendations and 3. Personal

Shopping Cart.
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Adaptive Presentation functionality helps the system present
recommendations, products, product attributes or user interface
elements in an adaptive way according to the users’ needs. This
functionality can annotate products or attributes with special
symbols, change the fonts of product names or attributes, change
the size and position of user interface and completely hide user
interface elements that are considered of less importance. For
example, if user has great interest in products that have a certain
number of features then the system can propose similar products
with different suggestion degrees. The degrees are visualised in the

form of different annotation symbols (figure 2).

' The Matrix
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Figure 2 Product annotation and recommendation example
On the other hand, if a user faces problems navigating through

different products categories PERCOM can change position and size

of the categories elements (figure 3).
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Figure 3 On the left original size and position of categories button

oy

and on the right changed size and position of the mistaken button.

Personalised Recommendations functionality IS
responsible for creating and modifying personalised
recommendations according to customers’ tastes (figure 1). This
functionality is based on clustering similar groups of users with the
help of kmeans algorithm. There are two types of groups created,
one with the basis of similar tastes and one with the basis of similar
mistakes. These groups of similar users are used by PERCOM as the
basis creating representatives. These representatives are then used
by PERCOM to measure products and how close these products are
from users’ interests.

The main difference between Adaptive Presentation and
Personal Recommendations is that the first functionality controls the
User Interface and gives feedback to second. The User Interface is
also responsible of changing dynamically the presentation of the
application, according to users’ mistakes (figure 2). On the other
hand, Personalised Recommendations provide with interest
information that Adaptive Presentation, in order for the last to be
able to change the user interface in an adaptive way. The procedure

of clustering similar groups and extracting representatives will be
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explained in more detail in the next section. The Shopping Cart
functionality involves a personalised shopping cart for every
customer, which can be used for moving and buying products.

The Shopping Cart communicates with the PERCOM
architecture functionalities and provides data extracted implicitly
from the customer’s behaviour. For example, products that are
inserted into the Shopping Cart rise interest degrees in these
specific attributes that moved products have. Bought products from
the Shopping Cart rise the specific customer interest degrees even
more. If a product is removed from the Shopping Cart the degree is
lowered by PERCOM. The quantity of the product that is moved in
the Shopping Cart by the customer plays a big role in the interest
degree also.

The adaptive technologies used by PERCOM are: 1.User
Modelling, 2.Machine Learning and 3.Stereotypes. The User
Modelling technology is used by PERCOM in order to create user
models based on customer behaviour, both on products and
mistakes. The data considered by PERCOM for this behaviour are
both explicit and implicit, but PERCOM gives emphasis on implicit
data. Explicit information from customers is also considered as
valuable information but mainly for new users. As the customer
interacts more and more with the application PERCOM discards
explicit information given by this specific customer and focuses
more in implicit taking by his/her behaviour. The explicit
information taken by PERCOM includes demographic, educational
and general interest information. The implicit information
considered by PERCOM is all users’ interaction moves with the
application. These moves include visiting pages, clicking on
products or categories, clicking on product attributes, moving
products to cart and removing products from cart, buying products

and searching for products.
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In order for user models and double stereotypes to be create
PERCOM needs to incorporate procedures that can extract and
exploit customer data from the user models and through certain
processes these must result in meaningful information about
customer tastes, mistakes and similarities.

The Machine Learning technology used in PERCOM takes
this role exactly. This functionality takes as input data from the user
models, then processes these data and results in groups of similar
users. The machine learning technology used by PERCOM is
clustering. The clustering algorithms used in PERCOM were five; k-
means, hierarchical, fuzzy c-means, spectral and AIN. The
procedure is created in an abstract way and in this way it can
generalised in order to be used by any clustering algorithm. The
results of the Machine Learning processes can be used for two
reasons. Firstly, in the Recommendations functionality as we
previously mentioned and secondly, in the creation of double
stereotypes.

The third adaptive technology that PERCOM uses is
Stereotypes. In PERCOM Stereotypes concern two application
domains, products and user needs. In this way PERCOM combines
stereotypes from both products and users. The main drawback of
Stereotypes is that they are static, because they contain static
information. In order to surpass this problem, we created a dynamic
hierarchy of stereotypes. This means that Stereotypes and the
stereotype hierarchy in PERCOM are created dynamically when the
user enters the system. The hierarchy of the Stereotypes follows an
increasing complexity philosophy, meaning that top Ilevel
stereotypes are more general then the ones of the lower levels. The
main usage of stereotypes in PERCOM is for new users or users with
little knowledge about their needs and tastes. Double stereotypes
used in PERCOM will be explained more thoroughly in the next

section.
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In the next section we will present in more detail, all the
components used by PERCOM and how these components follow the

main structure presented here.

5.2 The PERCOM architecture

The architecture of PERCOM architecture consists of two main
modules (figure 3). These modules are in fact two separate
categories of modules that are divided by their interaction with the
user. The first module (figure 4) entitled User Modelling
Components interacts in a more passive way with the user. This
does module does not intervene with how the customer sees and
uses the application, instead it mainly focuses on gathering, saving
and processing information about customers in an implicit way.

On the other hand the second module entitled Adaptive User
Interface Components plays the role of interaction with the user.
This module is more aggressive and it can interfere with the
customer interaction in order to suggest or help the customer. The
first module consists of components that perform reasoning about
users’ actions and users’ preferences and mistakes and includes
four components. More specifically the first module consists of the
following components:

1. Explicit Information User Profiles,

2. Monitoring Agent,

3. Clustering Algorithm Process

4. Double Stereotypes.

The second module consists of user interface components and
includes five components, entitled:

1. Incremental Initialization Process,

2. Recommendations,

3. User Interface,
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4. Animated Agent

5. Adaptive Hypermedia.

Both modules can communicate through the User Model Server
component, which is mainly used as a service between these two
modules.

The User Model Server (figure 4) component contains all the
information, implicit and explicit, about a specific user, the
stereotype that s/he belongs to and his/her more similar
representatives and manages all the above components. The User
Model also contains all users’ models and manages them in order to
give the right information to the components of the second module.
The modules can acquire user and product information from the
User Model Server and also give appropriate feedback to the Sever.
For example, the User Modelling Components module can acquire
information containing previous groups’ representatives from the
User Model Server but also give feedback to the User Model Server
if a user has become member to a different stereotype.

The Adaptive User Interface components can acquire
information about tastes in order alter the personalised
recommendations for a specific user but also give feedback about
user’s reaction to the products suggested. The Adaptive User
Interface can also give feedback about user’s mistakes in navigation
or interaction with the system. In this way, the User Model acts as a
manager of both modules and as controller of the information flow.
Users can interact with PERCOM from the Adaptive User Interface
components as figure 1 illustrates. Users can interact using any
medium (mobile phone, pc, tv) as the data flow is controlled by the
User Model Server.

The Adaptive User Interface Components’ behaviour can be
altered by the User Model Server according to the medium being
used. Due to the fact the User Model Server controls the data flow

and all the information about every user’s model, this component
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can modify and distribute information and user model data in a
cross-platform way. For example, a user can use an e-shop
incorporating PERCOM and then ask for product suggestion is
his/her mobile phone. The User Model Server can use the acquired
information from the User Modelling Components of the e-shop and
send the requested feedback the Adaptive User Interface

Components on the mobile phone.
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Figure 4 User Modelling Components module diagram

The User Modelling Components play a very significant role
in the creation and manipulation of user models in PERCOM. As
previously mentioned PERCOM’s User Modelling Components
module includes four components (figure 4). The diagram in figure
4 shows the components that participate in this module, and also
how these components interact with each other. The diagram also
illustrates how that data flows through these components and
where exactly are the inputs and outputs for this module. The input

data in this module come from two separate ways. The explicit input
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data are taken in a form answering questions about demographic
data, educational data, product ratings concerning certain product
attributes and not specific products and user interface preferences
questions. PERCOM architecture includes demographic data to the
explicit information because users’ birth place, living place and
conditions and family condition can play a big role in the user’s
opinion about product purchase (reference) and their interaction
with the application. The implicit input data are taken by observing
user interaction.

The system measures every user’s action while s/he interacts
with the application. The Explicit Information User Profiles
component contains all the information in a database that users
have provided to the system in an explicit way, either, by answering
interview questions or rating products. Every time a new user is
registered in the application that incorporates PERCOM, this
component collects this information from demographic data,
educational data and interest data that the user provides through
the registration process. The user’s answers in the registration
process are combined and take the form of statistical degrees in
order to be processed by the Explicit Information User Profiles. Then
this explicit data is processed in the component and the process
results in valuable information concerning interest and mistake
degrees. For example, users with higher education that live in big
cities, tend to buy expensive products with top technology
functionalities. Furthermore, users with scientific studies tend to
interact more easily with computers than users with literature
studies. In this way this component can exploit this information and
fill this customer profile with degrees concerning certain attributes
concerning high end technology.

The next component is Monitoring Agent. This component
plays a key role in the construction of the User Model and contains

all the information about the user interactions with the system.
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Moreover, monitors users’ actions throughout the usage of the
system. For example, this component contains information about
the categories of products that a user has visited, specific products
that s/he visited, products that s/he moved in or out of his cart,
products that s/he bought, mistakes done and navigation patterns.
In this way this component, is product independent because it
monitors user behaviour and not products characteristics or specific
GUI (graphical user interface) system elements. The Monitoring
Agent component also contains a statistics database of all users’
actions and features collected by the systems.

The Clustering Process Algorithm component contains the
clustering algorithm that the system uses to group similar users and
extract representative users of these groups (figure 5). The
clustering algorithm takes as input the statistical data of all the
explicit and implicit information that the system infers and collects
about users. This data is saved on the statistics database of the
Monitoring Agent. This data include two types of information. Data
concerning the visits in products specific pages, products general
categories, search queries made by the user, products moved to the
shopping cart and products eventually bought. Data concerning
mistakes, repeated clicks, navigational patterns and accidently
made moves.

The Clustering Process in PERCOM follows three major steps:

At first the algorithm takes as input the data from the User
Data Space. This data is converted to vectors of characteristics
based on the behaviour of every customer mentioned above. Every
characteristic in the input vector corresponds to an interest

percentage in a product attribute or to a mistake of a user.
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The next step for the clustering algorithm is to create groups
of similar vectors based on the Euclidian distance. These are
created in real time as the customer navigates through the system.
These groups are saved in the database for later use in the Double
Stereotypes. Inside every group the algorithm creates mean vectors
that are centres of the group (figure 6). These centres do not
represent existing customers but are newly created vectors of
characteristics. The number of group centres on every group is not
static and varies depending on the group’s member number and

scattering.

At the last step of the Clustering Algorithm process
representatives of groups are calculated. The representatives are
vectors extracted from the groups centres created by the clustering
algorithm. In order to extract a group representative the algorithm
combines the group centres, measures their relative distances and
then based on this data calculates an average vector. The three
components mentioned above along with the Double Stereotypes
component contribute to the construction of the User Model Server

component.
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Figure 5 Diagram of the Clustering Process in PERCOM
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Figure 6 Inner cluster example diagram of users and group centres.

5.3 PERCOM Interest Degrees and User Models

Every category and product characteristic is a calculated by the
algorithm. However, this calculation is not based on degrees from
products classification; instead the calculation is based on user
behaviour while s/he interacts with the system. Also, every mistake
and navigation pattern is calculated by the algorithm. The data
input for the algorithm are calculated based on degrees from the
features measured.

An example equation for the interest degrees can be seen
below. This equation measures interest degree in product category.
Weights change, depending on the application that this framework
is incorporated. However, general rules on weights apply on all
applications that use this framework. For example, the weight
concerning visits on a specific product category is always smaller
then the corresponding weight of products moved to the cart. The
first weight is smaller, because visiting a product may not mean

that the user is necessarily interested in this product but that s/he
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is just browsing several products. The second set of the example

equations are referring to mistake degrees.

Interest Degrees Concerning Product Categories

DegreeOfi nter estinCategory, = VisitsinPr _oductBel ongToCategory (
VisitsInAll Pr oducts l)

Pr oductsPlac edlnBasket BelongToCategory (

DegreeOfinterestinCategory, =

9 9oy, All Pr oductsPlac edBasket 2)

DegreeOfinterestinCategory, = Pr oductsBoughtBelongTo Category (
AllBought Pr oducts 3)

DegreeOfinterestinCompany =W, * DegreeOfinterestinCategory , (
+W, * DegreeOfinterestinCategory, +W, * DegreeOfInterestinCategory 4)

Mistake Degrees Concerning Sight Difficulties

i H
Hardto teory = Mistakesl nCatecoeryEl ement )

TimeslnCompaniesPage

HardtoSee Pr oductl cons = V1 takesin Pr oducticon ©

TimeslnPhonePages

* HardToSeeGategoryElement +w, * HardToSeePr oductlcons
AverageHardToSeeFromAllUsers

HardToSee= Wa

)

The equations above can be specialised to every product, or
to different kinds of mistakes with the application that incorporates
PERCOM. In this way PERCOM framework remains product
independent. The clustering algorithm processes these degrees and
provides the system with groups based on similarity. From these
groups representative feature vectors are extracted. The
representative vectors work as group leaders and show the groups
tendency to specific product features. These vectors are then
compared with the vectors of products’ characteristics and the
closest vectors are extracted and saved to the Recommendations

Database component. In this way the Recommendation Database
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component is updated dynamically as users navigate through the
application.

After this procedure the Double Stereotypes component
calculates dynamic double stereotypes from these representatives.
These stereotypes follow a general to specific hierarchy, meaning
that the system constructs a low number of generic stereotypes at
first and then continues to construct more specific stereotypes until
it reaches a certain point of complexity. The construction of Double
Stereotypes refers to both products and users (figure 6). For the
construction of products, product attributes are taken as input data
and converted to vectors. A simple rule in these vectors is applied;
if a products has an attribute then the percentage for this attribute
takes the value of one, otherwise takes the value of zero. In this
way for every product a vector of zeros and ones is created. Then
these vectors are fed into clustering algorithm and groups of similar
products are created.

In this step we have two types of groups, users and
products. Customer groups and product groups are connected
through Euclidian distance measures. In order for the Double
Stereotypes to be created we first choose a small number of
characteristics from the vectors. This number refers to main
categories of the product sold by the application that incorporates
PERCOM. Based in this small number of characteristics and the
groups of similar vectors we create centres of groups. The previous
centres create the first level Double Stereotypes that refer only to
the major product categories or major mistake categories. This
process continues by adding more characteristics to each group
centre creation, thus making the group centre vector larger and
more complex. In this way every stereotypes of next levels are
more complex than the previous level stereotypes.

The process ends when the distance between two centre

groups is lower then a certain value, which is defined by PERCOM.
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Connecting products and customers through distance measures in
the stereotypes process gives PERCOM the ability to directly connect
products with users and perform more general recommendations

quicker.
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Figure 6 Double Stereotypes creation and hierarchy

5.4 Personalising the interaction based on the user

models

The second module (figure 7) of PERCOM is responsible of
personalising the wuser interaction with the application. The
Incremental Initialization Process component acquires information

from the user model and tries to provide the best recommendations
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and help to new users or users that the system has little
information about. This component uses mostly stereotypic
information from the Double Stereotypes component and chooses
where the user should belong according to the moves that s/he has
made so far. The Recommendation component communicates with
the User Model component and provides the users with
recommendation about products and system usage.

The Recommendation component contains all system
recommendations about products, mistakes or other
recommendations in a database. This component can use many
techniques in order to make recommendations such as adaptive
hypermedia, dynamic annotations and animated agent. The
Recommendation component also takes feedback from the users
and provides the User Model with more useful information. The next
component is the Animated Agent. It is a system component that
manages an animated agent that can help users throughout the
navigation of the system. This agent can provide useful information
about the usage of the system and provide recommendations about
products by acquiring information from the user model.

Next, we have the User Interface component. We use a
dynamic user interface that not only adjusts to the medium used
automatically, but also changes according to the users’ interests
and needs. The User Interface component can change the whole
user interface appearance dynamically and personalise the user
interface according to the specific users’ preferences and needs.
These changes are acquired from the User Model Server that
contains all the user models. Because the User Interface is an
entirely separate component it can adapt on any medium thus
making PERCOM medium independent. These two functions of the
User Interface component create a unique personalised experience
for every specific user, resulting in a friendlier and more efficient

user interface. Also, the Recommendation and Incremental
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Initialization component can change the User Interface according to
the User Model of every user. We must note here that despite the
fact that user interface experience is different for every medium, it
contains its basic characteristics in order to avoid user confusion
between media.

Last but not least, we have the Adaptive Hypermedia
component that is used to change user interface elements according
to the users’ needs or preferences. This component has the ability
to change the user interface according to the recommendations
extracted from the user model. This component can annotate
products that are recommended and change the position of these
products in order to be seen first. It can also, change the symbols
of recommended products depending on the degree of the
recommendation. Furthermore, it can change position and size of
products or other interface elements that confuse the user
according to the shown behaviour. For example, if a product is
highly recommended by the framework then this component places
a different symbol next to this product’s name. On the other hand,
if this product is recommended on a low degree then a different
symbol is placed by this component. Moreover, if a user tends to
confuse two neighbouring products the system swap their position
with other products thus creating a clearer user interface.

Adaptive hypermedia can also change the font of product
names or features in order to get user’s attention. For example, if a
user is greatly interest in a specific product feature then in adaptive
hypermedia will change the font of this feature in the product page,
thus making this feature more clearly to the user. On the other
hand, if a user confuses products’ features it will change the font
between these two features resulting in an easier discrimination of
these features. All these components communicate with each other
using the User Model Server as passage from one to another. In this

way these components can be independent and easily changeable.
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Meaning that if a developer wants to change a component of the
architecture can easily do it without changing the whole architecture
from scratch. The only limitation is that the developer must

preserve the input and output forms of the architecture

components.
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Figure 7 Diagram of the second module of PERCOM

5.5 Conclusions about the generic architecture

Over the last decade the market's demand for customer-
individual, configurable products at costs of mass-production has
been constantly increasing and a mass-customization (Pine et
al.,1993; Piller and Schaller, 2002) business strategy has been
adopted in many industrial sectors (Ardissono et al., 2003). User
modelling techniques can be a solution to today’s market demand

but as the complexity of products and the variety of domain and
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media raises research prototype systems and closed commercial
systems can not address all these problems. Moreover, nowadays
an adaptive system must target several factors in order to achieve
successful personalization. These factors can be classified in to
three major sections, information about the user, information
about the device used to interact with the system and
information about the context of use (Goy et al., 2003).

Information about the user involves user’s knowledge about
the domain, user’s interest and needs and of course user’s goals.
Information about the device used involves the actual hardware
used that a user may use to interact with the system, e.g. pda, pc.
The information about the context contains physical context and
social context. Physical context refers to the environment of the
user such as location, noise, temperature and the social refers to
features like social community or groups. Many systems have
integrated user modelling and adaptivity in their reasoning
mechanisms (Kazienko P., Kolodziejski P. 2005; Muller et al., 2002;
Guan et al., 2005; Maybury et al., 2004).

The above systems have shown significant results in achieveing
personalization but failed to address many of the factors mentioned
above. PERCOM’s approach based on different modules can be a
more generalized solution that can address a lot these factors. As
adrissono points out in her work (ardissono et al 2007) a modular
approach has several advantages. First of all, the creation
stereotypes and user modelling can be simplified. Secondly,
modularity allows the re-use of used modelling knowledge bases
through the use of a single user model server. More specifically, in
PERCOM the different generalized modules can be used in different
commerce systems and re-used later in others giving in this way
the ability to the later systems to use knowledge bases from the
previous ones. Furthermore, the information about the user factor

can be easily targeted by PERCOM three different modules, the
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explicit profile, the dynamic stereotypes and the user behaviour
agent.

On the factor of information about the device PERCOM presents
a novel approach of the entirely separate user interface and
adaptive hypermedia modules. In this way PERCOM can adapt its
user interface and interaction to any device used by the user. On
the context factor PERCOM target the social content and not
environment data. On the social context PERCOM intergrates two
ways of receiving information. Firstly, the new user in the
registration process provides social information about education, life
style and demographic data. Through this information a system can
extract information about user’s tendencies towards products.
Secondly, PERCOM specializes its’ user interaction into special
groups like the elderly. In this way the interaction is dynamic and
can be altered in order to help people with special needs. PERCOM’s
module and generalization approach can be a very effective solution
in creating adaptive commerce systems that share user model

knowledge bases but differ in domain and media.
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EVALUATING THE
METHODOLOGIES IN REMOTE
SHOPPING SYSTEMS
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6 Evaluating the Methodologies in Remote
Shopping Systems

The techniques that many intelligent programs use in order to
export information include analysis of protocols, observations,
interviews, case analysis and questionnaires (Bell & Hardiman,
1989). However the result often is a “pile of useless data” that leads
to knowledge poorly structured, inflexible and semifinished
(Thurman, Braun, and Mitchell, 1997). Consequently, conducting
empiric studies and presenting their results can, undeniably,
facilitate and promote the future inquiring efiorts in the field of
human interaction systems. According to Chin (2001), the key to
good empirical evaluation is the proper design and execution of the
experiments so that the independent variables can be easily
separated from other depended ones.

Empirical study is a process that follows the construction of a
system and includes the conduction of an experiment that real
users participate in order to evaluate the results that an e-
commerce system gives to them. The empirical study helps
scientists to find out whether their system gives meaningful and
helpful results about users’ behavior.

Relative studies have been conducted also by Jerrams-Smith
(2000) and Horvitz (Horvitz et al. 1998). Horvitz held studies
“Wizard of Oz” type, at which experts watched real users interacting
with Microsoft Excel and provided them direct help. The users
however did not know were the help was emanated from. This
study revealed certain categories of actions that can be used for
reaching conclusions concerning problems that users face and when
they need help. A lot of empirical studies have been conducted in
the field of adaptive e-commerce systems. One example is the work
of Micarelli and Sciarrone (2004) about the anatomy and empirical

evaluation of an adaptive web-based information filtering system.
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Another work is the exploration/exploitation in adaptive
recommender systems (Ten Hagen et al., 2004) that uses
reinforcement learning for recommender systems and conducts a
simulation experiment in order to prove the need of exploration in
recommended systems. Moreover, Branting (2001) shows that web-
based applications can improve their performance by customizing
their performance to customer preferences.

In view of the above, we have conducted three different
empirical studies in order to study and compare our results with real
users’ behaviour through the use of three different media. We
followed similar experiments in all three media in order to have a

more concrete opinion in the end about the results.

6.1 The Experiment

In accordance to Chin’s suggestions (2001) about the settings
of an empirical study we have conducted the following experiment:
The application was used by approximately 150 users. These users
were divided into three groups and the experiment was conducted
into three different time zones. Every user was isolated at a high
percentage and the computer area was pre prepared for the
experiment. We used a local network and avoided high load times.
The instructions given by the experimenters were uniform and
consisted of simple phrases to help the participant understand
thoroughly what they were going to do. Every user used Vision.Com
for about fifteen minutes. This duration gave them sufficient time to
understand and use the system effectively.

The experimentation for each user was consisted of three
phases. First phase: The subject was asked to visit product-pages
and select the ones to put into his/her cart. Second phase: The

subject was asked to re-evaluate his/her selection. At this phase the
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subject would take products of his/her cart or add new ones. Third
phase: The subject was asked to buy the products s/he wanted.
After having completed the experiment users were asked to share
their opinion about the system, the recommendations that it had
made. Moreover, users were asked to give their suggestions about
improving the system.

Many found the web system very easy to handle with and
about the animated agent that acted as a salesman they had a very
positive opinion. As for the recommendations a significant amount

of users found them satisfactory.

6.2 Evaluation in E-Shopping

In this section we present results of the empirical study in the
field of e-shopping. The results correspond to the three phases of
the experiment. The experiment was conducted twice. The first time
we conducted the experiment without the incorporation of a
clustering algorithm and the second with the clustering algorithm

incorporated.

6.2.1 Results before the Incorporation of a Clustering
Algorithm

Five different bar-diagrams were produced in order show the
differences in customer interest between the five different ranges of
prices. Here we present on one them for economy reasons but we
discuss them all. The bar-diagram (Figure 1) presented shows the
interest of customers in high priced movies.

in the diagram (figure 1) we witness that users tend to have low
statistics in this range of prices. This means that customers tend to

buy cheap movies. In contrast to the above diagram, the very low
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and low prices interest percentage of movies is higher than in

movies with medium and high prices.
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Figure 1. Individual interest of users in movies that belong to high price range.

A high degree of interest can be also witnessed in the very high
priced movies. More specifically the participation of users in the
diagrams of very low, low priced movies is very high instead of high
priced movies. This can be easily seen in the above diagrams as the
number of bars is very small. This leads us to the conclusion that
almost every user bought at least one low priced movie of every
category. Moreover the interest of these users about these movies
iIs mane times close to 70 %. A logical explanation might be that
every time a customer goes to a video store, he prefers to buy a
cheap movie than a medium priced one, regardless the quality
between them. As for the high degree of interest in very high priced
movies we can come to the following conclusions. We chose to price
some movies very high because of their quality and success at
theaters.

In this particular diagram we can monitor that when it comes to a

movie that has made a success or it's a classic one, users tend to
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buy it because of its quality. This result came from the fact, we
earlier reported, that we chose to put high price in the movies that
were classics or had a big success in the cinemas. Moreover, the
participation of the users rises against the high and medium priced
movies and the interest degree many times rises up to 50 %. The
above explanations are also reinforced by the fact that both
medium and high priced movies have low participation numbers by
users and the interest degree is as low as 40%. Furthermore, users
that bought high priced movies are in such a low participation, as
shown in Figure 1, they can be consider as non significant to the
experiment.

We will also present two pie diagrams (Figure 2 and 3) that show
the amount of interest in every category and in every price range.
At the first diagram (Figure 2) we used the statistical equation of
average deviance in order to get our results. We chose this function
because it gave more clear results about users’ behaviour. At the
second diagram (Figure 3) we used the same function for the same

reason.

MOVIE CATEGORIES
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Figure 2. Pie diagram of users’ interest in movie categories
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In Figure 2 we see that users tend have a lot of interest in social
and action movies instead of thriller movies and comedy movies.
The diagram clearly presents that only taking action and social
movies we get more than 55% of the whole interest of the
customers. As shown in Figure 3 users prefer cheaper movies and
movies with success in theaters (explained just above) instead of
movies with a higher price but not so much quality. The percentage
in very low priced movies is the largest one and combined with the
one of low priced movies fills almost the 50% of the users’
interests. If we add the percentage of the highest priced movies
(movies with great success in theaters) we can see that the amount
exceeds 65% of the whole interest.

By the collaboration of these two different results, we come to the
conclusion that a great amount of customers in a video store
chooses to watch cheap action and social movies. As far as it is
concerned about the low amount in interest in comedy movies we
must take in mind that a large amount of these movies targets in a
group of users in smaller age that may not have the amount of

money that users from other groups do.

MOVIE PRICES

@ price 20 to 25 euro M price 26 to 30 euro O price 31 to 35 euro
O price 36 to 40 euro M price over 41 euro
price over 41 euro price 20 to 25 euro
22% 24%

price 36 to 40 euro

16% price 26 to 30 euro
0

23%

price 31 to 35 euro
15%

Figure 3 Pie diagram of users’ interest in movies ranges of prices
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6.2.2 Results After The Clustering Algorithm
Incorporation

A diagram comparing users’ opinion, vision.com original
recommendations and vision.com recommendation with the help of
AIN clustering algorithm can be seen in figure 4. This diagram
(figure 4) clearly shows that Vision.Com recommending ability has
improved after using AIN clustering. The recommendation stats are
closer than those before using AIN. Diagram in figure 5 shows a
comparison between users’ opinion and vision.com’s predictions in
four main categories. Again we witness that vision.com predictions

a similar pattern to those of real customer opinions.

@ AIN Vision.Com m Users Opinions 0O Vision.Com

90% _

80% |_—
70% —
60% N u
50% —+— —
40% -
30% 1| : -
20% 4 -
10% | -

0% ‘
Actors Director Thriller Comedy Social Action

Figure 4 Diagram Shows Comparison between Evaluation Results
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@ Customer Opinions @ Vision.Com Predictions

Director

Price

Figure 5 Diagram Shows Comparison between Evaluation Results in four
mesaured categories

6.3 Evaluation In TV-Shopping

In order to evaluate iTVMobi we asked 50 users, men and women,
to use the system similarly to e-shopping experiment and then
answer a 16-question questionnaire in order to compare the system
results with the answers given to the questionnaire. The group of 50
users consisted of 25 men and 25 women. 20 people of the group
had considerable knowledge in computer use and the rest had very
little or no knowledge on computers. The questionnaire had three
sections of questions. The first section consisted of three questions:

Question 1. Are you familiar with computers?

Question 2. On which technology would you prefer to use an

210



application that will help you buy mobile phones?

Question 3. Did you find easy to use iTVMobi?

The results of the second question showed that 80% of the
participants found it easy to use the system and 10% found it very
easy to use it in a scale of 1 to 5, with 1 to mean “not easy at
all” and 5 “very easy”.

The second section of questions concerned tastes in phones. More
specifically tastes in phone technical features, battery, memory,
display etc. These questions correspond to the phones’ features
measured by the system by observing the users’ navigational
moves. We compared the answers of every user in the
questionnaire with the percentages of interest of the representative
of the group that this user belonged to. The results were
satisfactory as the system was able to reflect 81% of the users’
tastes with the use of their representative of the group that the user
model created.

In Figure 6 we show interest percentages of users of iTVMobi in
some major phone features like connectivity and size. The diagram
in Figure 6 is a comparison diagram between users’ interests
extracted from the questionnaire and those generated automatically
by iTVMobi. This diagram shows that iTVMobi is very successful in
predicting users’ preferences. More specifically in mobile phone
features, display and battery, we can observe that the successful
prediction level is very high.

On the feature of “phone size” there is a higher difference
between user opinions and system predictions. This can be
explained by the fact that users may respond in a different to
questions about the size of a mobile phone without their having
seen the actual mobile phones (as in the case of the questionnaire).
On the other hand, when the user sees the phone through a picture
(as in the case of iTVMobi) then phone size becomes clearer to the

user who responds differently to this phone feature. This is why the
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percentage of interest in size is quite higher than the one extracted
from the questionnaire.

Percentages also differ in connectivity features. This is probably
due to the fact that the average user had little knowledge on
differences of connection abilities of mobile phones. This is
reinforced by the fact that connectivity technologies such as wi-fi,
are hard to comprehend by the average user. These results in users
buying phones without their knowing what connectivity abilities

these phones have.

O Users opinion @ iTVmobi predictions
0,25 . A4S

024

0,151

014

0,05

SIZE DISPLAY MEMORY ~ CONNECT  FEATURES  BATTERY

Figure 6. A diagram showing user’s interest percentages as they are expressed
by users themselves through the questionnaire versus percentages inferred by

the iTVMobi recommendation system.

Figures 7 and 8 illustrate two pie diagrams of the interest
percentages on phone features. At the first diagram (Figure 7)
these percentages are provided by iTVMobi and at the second
(Figure 8) are provided directly from the customers directly. As it
can be seen these two diagrams are very much alike. This means
that iTVMobi had successfully predicted most of customers’ choices.

The next diagrams (Figure 9, 10) show interest percentages on
mobile phone companies according to user opinions and iTVMobi.

The results are also very similar hear. The differences in the
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percentages are due to the fact that the questionnaire answers
where restricted to a scale from 1 to 5, with 1 to mean “not easy at

all” and 5 “very easy”.

|DSIEE mDISPLAY OMEMORY oCONNECT mFEATURES mBATTERY

Figure 7. Pie diagram of interest percentages of phone features according to
iTVMobi.

o5I7E mOSPLAY OMEMORY oCONNECT mFEATURES mBATTERY

Figure 8. Pie diagram of interest percentages of phone features according to

user opinions.

Diagram 9 shows user stats about how the system helped in
navigation and the user interface according to confusion and
mistakes in general. We can observe that all stats are above 70%
which means that the majority of users found the system easy to
use and they were helped by iTVMobi effectively. The last diagram

(figure 10) show mistake percentages made by users recorded by
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iTVMobi. As we can see the majority of mistakes have been done at
the company menu icons. This was expected as these icons were of
similar color and shape. On the other hand phone icons are more

colorful and thus easier to spot and discriminate.

[ ompamy E

Fompany [

Gompan b

[ ompany A

Compamy A

11k ol 0,15 02 025

Figure 9. Diagram showing interest percentages of phone companies according

user opinions.

Company E

Company D

Company C

Company B

Company A

0 0,05 01 0,15 0.2 0,25 03

Figure 10. Diagram showing interest percentages of phone companies according
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to iTVMobi predictions.

We can also compare the results between the last two diagrams.

On the first diagram (figure 11) we see that users tend to give more

positive answers about phone icons and how easy was to

discriminate them. This results on a lower degree of mistakes at

this section recorded by iTVMobi on the second diagram (figure 12).

The opposite, between these two diagrams, can be observed on

company menu icons. Combining these two last diagrams shows us

that iTVMobi really helped people with special needs buy phones

more easily.

0,82

0,8

0,78

0,76

0,74

0,72

0,7

0,68

0,66

0,64

MENU ICONS

PHONE ICONS

NAVIGATION

Figure 11. Diagram showing stats about usefulness and simplicity of menu

icons, phone icons and navigation in general.
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HardtoSeePhone |

HardtoSeeCompany

Figure 12. Statistical results of mistakes in company menu icons, phone icons and

navigation in general.

6.4 Evaluation in Mobile Shopping

In order to evaluate our methodology in mobile shopping we
used our test bed mobile application and conducted a similar
experiment with the other two media. Again here at the end of the
experiment real users were asked to fill an appropriate
questionnaire regarding their opinions about products and
interaction with the application. In this section we will present the
results in both product predictions according to assumptions about
customer tastes and mistake predictions according to assumptions
about users’ mistakes.

The first bar diagram (figure 13) presents a comparison
between the test bed application’s predictions and real users’
opinions. We observe that the application’s predictions are very
close to real users’ tastes. More specifically, thriller, social and
actors categories seem to have predicted most successfully by the
mobile application. Furthermore, we can observe that the three

most significant categories in real users’ opinions are actors, thriller
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and action movies. This fact can be also witnessed in the mobile
shop predictions. Moreover, social movies percentages are low on
both real users’ opinions and mobile shop predictions. This diagram
can also show us a large tendency of the customer pool towards

action movies.

@ MVision m Real Users

80% -
70%

Actors Director Thriller Comedy Social Action

Figure 13 Diagram of comparison results between MVision predictions and real
users interests

The second diagram (figure 14) presents a comparison
diagram on how movie categories and the price of the movies
affected real users’ opinions and mobile shop predictions. These two
categories played a significant role in our mobile shopping
evaluation as they affect a large number of customers’ opinions
about products. The presented predictions of the mobile shop
application are again close to real users’ opinions. More specifically,
the difference between real users’ opinions and application’s
predictions in the price percentages is smaller then 8%.
Furthermore, we observe that these categories affect customer in
more than 45% in their possible product buys. This is also
reinforced by the fact that users think that movie categories affect

their buying behaviour more than 50%.
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60% 1 \

50%

O Real Users
@ MVision Predictions

Movie Category Price

Figure 14 Comparison in two main categories between real users and mvision
predictions

The third diagram presented shows the results from
evaluating the interactivity of the mobile shop application. Mobile
interactivity can be very difficult for a large group of users and its’
evaluation can prove to be even more difficult for researchers to
conduct and produce significant results. This diagram shows a
comparison between mobile shop predictions and real users’
mistakes.

Mistakes for real users were registered by the human experts
observing every user that interacted with the application during the
experiment. Here, we can observe that our methodology has
produced some significant results close to the real mistakes
percentages done by the real users. Especially, the menu links
category was predicted very successfully as the smallest affecting

factor in a user’s interaction with the mobile application.
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NAVIGATION
MISTAKES

ﬁ = Prdicted Witk
MOVIE ICONS

@ Real Users Mistakes
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Figure 15 Comparison in users mistakes through the usage of the system in three
categories

The last diagram shows a comparison between two different
media, TV shopping and mobile shopping. As anyone suspects the
mistake degrees in the mobile field are greater than the ones of the
TV field. Many reasons have affected the mobile results, starting
from smaller screen to mobile phone unfamiliarity. Moreover, the
difference between navigation mistakes in mobile shopping and
navigation mistakes in TV shopping is also very high. The roots of
this great difference can be found in many mobile phones
drawbacks, such us unresponsive touch screens or inadequate
keypads.

Despite their differences in degrees, both media share an
important aspect. This aspect that is also shown by the diagram is
the relative percentages of mistakes in both media are similar. This
means that in both media, menu choices share the smallest mistake
degrees and product icon related mistakes share the largest
degrees. This fact means that users tend to have mistake
tendencies in shopping applications. This information can be very
useful for shopping applications as it can show where developers

can aim their efforts in order a more efficient user interface.
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6.5 Discussion the Results of the Evaluation

The three case studies used to incorporate and test PERCOM
are entirely different. The first case study sells movies and it is built
for web usage, the second sells mobile phones and it is built for TV
usage and the third is built for a mobile phone and it's a movie
shopping application. In this way the three case studies sell entirely
different products meaning that they apply to entirely different
domains. Secondly, the applications are built for entirely different
media meaning that technical solution of the first case study do not
apply to the second and vice versa. These two facts, the different
domain and medium, give a PERCOM the ability to be generic. This
ability allows PERCOM to be incorporated to different applications
applying to various domains.

The numbers of users that evaluated both applications may be
small but the members in both evaluations were from various
backgrounds and ages, resulting in a very representative sample.
Moreover, both applications used to test PERCOM apply to very
large audiences, due to their medium, and in this way can be
evaluated by hundred of users. Despite the small numbers of users
used for evaluation, the evaluation process of the two case studies
led to many conclusions. The usage of a machine learning algorithm
showed significant improvement in product suggestions and
improved applications’ conclusions about new users due to the
creation of dynamic stereotypes based on the clustering algorithm.

Evaluation results also showed that the usage of clustering
users into similar groups can reveal tendencies to specific product
features. From a user modelling point of view, the evaluation of the
two case studies showed that user models based on user behaviour
and not product features where able to describe users’ interests to a

large extend. This leads to the conclusion that these user models
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can be used in many applications selling different products without
changing the features measured. Lastly, adaptivity in applications,
whether this adaptivity is achieved by adaptive hypermedia or
adaptive user interfaces, can result in an easiest way of delivering
competitive products to users. This is fact can be explained by the
comparison diagrams, if we observe the pattern of the interest
percentages. The interest percentages follow similar highs and lows
in both applications predictions and users’ opinions, leading to the
conclusion that PERCOM is in the right road and in the future will
provide significantly better results.

Despite the fact both applications used as case studies were
very different, both used similar technologies. These technologies
led us to the generic architecture of PERCOM. More specifically, the
usage of clustering in both applications proved to be an important
function of both applications. Furthermore both applications used
user models in order to save users preferences. The two adaptive
technologies; stereotypes and adaptive hypermedia, used in both
case studies showed that these technologies can be incorporated
into a single generic architecture aiming at providing product
recommendations.

Having the above facts in mind we developed a generic
application that was based in the technologies used in the two case
studies. The basis of this generic architecture follows the logic of the
personal recommendations used in the two case studies. We
decided that PERCOM should have six major elements; three
functionalities and three adaptive technologies. The three
functionalities for PERCOM to incorporate would be an adaptive
shopping cart, personalised recommendations and adaptive
presentation. These functionalities used in both case studies proved
to be essential to both applications so PERCOM should incorporate
them. We incorporated these functionalities into the second module

of PERCOM. The three technologies used in both case studies were

221



user models, clustering and stereotypes. We incorporated these
technologies in the first module of PERCOM.

Moreover, we used explicit and implicit data for user models
and created an entirely separate component for clustering, the
Clustering Process. By dividing these six PERCOM into direct and
indirect modules concerning the user interaction we achieved a
medium and domain independent behaviour in PERCOM. These two
modules can function separately, thus giving PERCOM the ability to
manage components in different locations. For example, the indirect
components can be incorporated to a server machine and direct
components to application machine.

Furthermore, the creation of indirect components can give the
ability to PERCOM to change the attributes these components. For
example, the k-means clustering can change in the Clustering
Process component and another clustering algorithm can be used
instead. The Double Stereotypes component can change the type of
stereotypes created. For example, stereotypes for user mistakes
during interaction with the application can be created in this
component. With these three advantages in mind, the easily
generalised components, the two modules architecture and the
medium and domain independence, PERCOM is advancement over a

single personalised e-shop application.

6.6 Conclusions on the evaluation

By applying and evaluating this framework into three entirely
different cases, an e-shop application that sells movies and an
interactive tv-shop that sells mobile phones, we showed that our
generic framework responded well in both these cases. The

evaluation results also showed group tendencies towards specific
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product features that could not be extracted with other ways such
as direct questions to customers.

Our work shows that by applying a general recommendations’
framework to a shopping application has two major advantages.
The first is that the framework can be easily transferred through
different mediums such as internet, interactive tv or mobile phones
and the second is that the same mechanisms for a specific medium
and product, can be easily expanded into assumptions about these
users to an entirely different product or medium without any prior
knowledge about the connection of these users and the product

itself.
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CHAPTER 7
CONTRIBUTIONS AND
CONCLUSIONS
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7 Contributions and Conclusions

This chapter presents the contributions made from this
research in the three research fields that relate to this phd thesis.
Moreover this chapter discusses general conclusions from this
research. Future work is also proposed in order to enhance our

methodologies and expand them into new research fields.

7.1 Contributions in the field of remote shopping

The field of remote shopping applications has been greatly
researched during the last decade. Many advances have been
conducted by many researchers (Choi et al. 2006, Guan et al.
2005). However, the main drawback of these works has always
been the medium of the application. The applications created for
research purposes have been targeted to one medium at a time. As
a result trying to transfer the techniques of recommendation used in
this application to another are using a different medium can be a
very difficult task that requires developing the system from scratch.

This problem can seriously affect the difficulty of creating
intelligent applications for shopping and increase the time needed
for their creation. Another serious problem of the applications used
by researchers is the fact that despite significant results in product
recommendations, they do not address issues of user familiarity
with the medium used and comprehension abilities of their users.
For example, a user may be unfamiliar with the medium used by
the application due to age or other demographic features (place of

living). Moreover, elderly users or users with special needs may not
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be able to comprehend fundamental elements of the application’s
user interface due to sight problems, other disabilities or simply to
unfamiliarity with computers.

Many intelligent remote shopping applications lack intelligent
user support. More specifically, many of intelligent applications tend
to target only the part of product recommendations and gathering
automatic collection of user preferences concerning products. In this
way other problems like human computer interaction problems are
left behind as second to the main task that is selling products.
However, these secondary problems may affect a customer’s
behaviour and discourage him/her from buying a product through
this particular application. For example, a customer that finds an
application’s user interface very difficult to use and has no effective
help in order to overcome his/her problems may abandon the
shopping task.

In view of the above problems that relate to remote shopping
applications can be summarized to four major problems:

The first problem relates to the domain of a shopping
application.

The second is dealing with media problems (e.g. the platform
that the application is built on), which means managing
resources and user interface difficulties.

The third is targeting a wider pool of users with different ages,
knowledge and demographic differences.

The fourth is an extended user support that will aid users of all
kinds to use this application.

Some of the researchers in the last years in the field of
remote shopping have dealt with few of these problems but very
few tried to create generic methodologies in order to surpass larger
difficulties. In order to address these problems, one has to deal with
all of these problems in a more generic way. A more general

methodology can provide a wider solution to the above problems

226



thus providing the basis for further research to create more
effective techniques for dealing with these problems.

Our approach to deal with the above problems lies in four
major features. Firstly, we used user modeling for personalising the
human-computer interaction of remote shopping applications. The
field of e-shopping applications has used user models to manage
user behaviour and extract personalised information. However, our
approach differs in many ways from the way that was used by older
researchers. We constructed user models based on two different
kinds of information, users’ needs in products and users’ needs in
interaction. Using the same user model for both product-related
information and interaction information has provided us with the
ability of combining product and interaction information. Combining
these two kinds of information we managed to create more effective
product recommendation and more effective intelligent help for
users.

Many applications that use only one kind of user model are
faced with the problem that many users’ actions may not
necessarily mean interest in a product or on the other hand may not
necessarily mean a wrong interaction. For example, a repeated visit
to a specific product page may not necessarily mean that this
specific user has a specific interest for this product. A different
meaning of these user actions may mean that this user is confused
and does not know what to do next. By combining user models for
product recommendation and wrong interaction we managed to
successfully separate wrong interaction moves from interest
tendencies, thus creating effective product recommendations and
help actions.

The second main feature of our methodology is creating an
entirely separate component for managing the user interface of our
application. The result was an adaptive user interface component

that manages the resources and the presentation of the
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application’s user interface. The adaptive user interface component
has given us the ability to effectively use and transfer applications
through different media, thus resulting into a media independent
methodology. The adaptive user interface component has the ability
to change the presentation of the user interface according to two
centers. The first is changing the presentation according to the
medium used. For example, if an application mobile devices the
user interface creates the appropriate user interface elements
dynamically for the medium used taking into consideration the
screen size, interaction abilities (e.g. touchscreen) and cpu
capabilities. The second problem taken into consideration by the
user interface ability is changing the user interface according to
users’ behaviour concerning the interaction difficulties. For example,
if a user has sight difficulties, then the user interface can extract
information by the monitored user’s behaviour and change the
presentation accordingly (e.g. change size and position of small
user interface elements).

The third main feature of our methodology is the combination
of user models concerning user support, adaptive user interface and
adaptive hypermedia in order to fully support users’ interaction with
the application. The combination of these three components has
given us the ability to have a complete picture of every specific
user’s behaviour. With this picture, our methodology could react to
users’ actions in a very effective way. More specifically, our
methodology could support users in three different ways. Firstly, by
providing help suggestions, secondly by changing the user interface
according to specific user’'s needs and thirdly by annotating the
appearance of specific user elements. These three helpful actions
have created a friendlier environment for groups of users with
interaction difficulties as evaluation studies prove.

The fourth and most important novelty of our approach is the

architecture created through our methodology. We managed to
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combine all three of the above features into an architecture that
every researcher can use in order to create intelligent remote
shopping applications. The architecture that we developed was built
in such a general level that any researcher can easily change its
components and satisfy the needs of any remote shopping
application. The whole body of our architecture is built in entirely
separate components that interact through specific input and output
forms of data. In this way if the forms of data for input and output
are kept intact, components can be changed very easily.
Furthermore, because the philosophy of our architecture is based on
separate components, every component used by our architecture
can follow the client-server approach, meaning that our architecture
does not need to know the actual process of the component, but
only for the input and output data provided.

Furthermore, our architecture is built in two different tiers
that are tied through a user modeling server that saves all user
models from all shopping applications that use our architecture.
This user modeling server, can provide researchers data from users’
behaviour through different kinds of shopping applications. In this
way data from different applications can be combined to extract
general behaviour patterns about users in new domains based on
data from previous domains. Moreover, the two tier approach helps
in minimizing the resources used by the application that uses the
architecture, as the user model server and the user modeling
components can be located in a server and in the same machine

that uses the application.
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7.2 Contributions in the field of shopping
applications that use machine learning

algorithms

Many researchers have used machine learning algorithms in
order to create successful recommendation systems in shopping
applications (Schwarzopf 2001, Ardissono and Torasso 2000, Cayzer
and Aickelin). Their aim was to use machine learning algorithms in
order to extract groups of users with similar behaviour and in this
way find interest similarities. Then they used their results to give
personalised recommendations about products sold by the shopping
application.

However, these applications face a variety of problems. First
of all, the actual construction of an intelligent application that bases
its reasoning system on a machine learning algorithm can be a very
difficult task. Furthermore, frequently the algorithm that
researchers choose may be successful for the initial pool of users
but as the application is used by a larger amount of users, the
algorithm may prove inadequate. For example, the algorithm
chosen may provide good results but the amount of time taken may
be affected greatly by the number of users in the applications
database. In this way as the number of users in the database
increases the amount time taken to provide results may increase to
unacceptable limits. These problems may require a change of the
algoritnm used which may require large changes in an application’s
software meaning loss in time and results.

Another of using machine learning algorithms in shopping
recommendations is making assumptions about users that the
system has little knowledge of. This problem has two aspects. The
first is that the majority of machine learning algorithms lack in

providing effective results with a small set of data, thus resulting in
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inefficient recommendations from the applications. Due to this
problem applications have to be used by many users and for a large
amount of time before the algorithm can provide the application
with an effective set of results. This can result in lack in trust
between users and the shopping application due to inadequate and
possibly inaccurate recommendations. The second aspect of this
problem is for new members of an e-shopping application. New
users are users that the system knows very little about thus again
we may have the problem of low quality of recommendations.
However, new users are a special kind of users for shopping
applications because a trust must be built between the e-shop and
them. In this way the shopping application must have a quick and
effective way of providing successful recommendations to them in
order to earn their trust.

The last problem of machine learning-based shopping
applications is the difficulty of combing existing results from the
machine learning reasoning system with other adaptive techniques
related with users’ behaviour such as user stereotypes and other
techniques widely used for managing and learning from user
behaviour.

Many remedies for the above problems have been researched
for the above problems but always targeted to a few of these
problems. A more general approach must be followed in order to
address these problems all together. In our approach, in order to
deal with these problems we incorporated the following features.
First of all we created a set of entirely different components
concerning the observation of user behaviour, creating the groups
of similar users and using these results in order to create successful
recommendations and help new users.

We created an entirely separate component for incorporating
a clustering algorithm into a shopping application. This component

can incorporate any clustering algorithm due to a simple rule: the
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input and output data constitute a vector of numeric values. For this
reason our architecture can provide the researcher with algorithmic
independence.

The process of clustering algorithms has three main steps. At
first the data from the observing behaviour component and the
explicit information profiles are inserted in the component in the
form of vector containing numeric values. The second step is the
calculation of groups with similarities. In our approach two kinds of
similarities where investigated:

similarities concerning products interests and
similarities concerning interaction problems.

The third step is the extraction of a small set of vectors from
every group. This set of vector is not necessarily a set of existing
vectors already inserted as input in the algorithm. The small set of
vectors is recognized by the architecture as a set of representatives
for the corresponding group. With this representative our
architecture manages the recommendations and help actions.

For new users that the system has little knowledge about our
architecture goes even further. The same task is conducted for
products sold by the application and in this way we have two kinds
of groups, users and products. Based on these groups as basis our
architecture creates levels of stereotypes with each level raising the
complexity level until the intra cluster similarity level reaches a
certain threshold. In this way we have more general and more
complex stereotypes that can be used for users with Ilittle
knowledge. Furthermore, we have general and complex stereotypes
for products that can be tagged to corresponding users.

Our methodology for new users goes a step further creating
an incremental initialization process for new users that helps the
application create a successful set of effective recommendations.
The process of incremental initialization has the following steps.

When a new user becomes a member to the system the application
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creates a user model, sets all interest values to zero (the system
assumes that at start the user has no interest for any product) and
starts to monitor his/her actions.

After few interactions with the system, the architecture
classifies the new user in a stereotype of the first level of
specialization. The first level has very general information. As the
user continues interacting with the system moves to the next level
of classification that removes a section of stereotypical information
and replaces it by individual user model information. This means
that in this level stereotypes differ in one section but group users in
the other two levels. Next levels of specialization extend the
features of interests and constrain stereotypes in favor of individual
information. In this way, as users reveal their preferences the
system easily classifies them into the respective stereotypes and
selects the right interest or mistake stereotypes in order to make
recommendations and help actions. The initialization process is
conducted until the user reaches the final level of specialization.
This level represents the leaves in the hierarchical tree of
stereotypes and extends the differences in all features of interests.
The level of complexity here is very high and the smallest difference
in user’s interests or mistakes can alter his/her user model.

Finally, in order to combine all of these processes and thereby
create in this way a robust system that would successfully react to
old and new users’ behaviour we followed the approach of separate
components. We implemented the observing behaviour component
responsible for collecting data implicitly from users’ behaviour. We
also implemented the explicit data profiles component responsible
for collecting all explicit data from users, either from the
registration process or other surveys. These two data are inserted
as mentioned before in the clustering process component.

Furthermore, we constructed a stereotype database

responsible for storing stereotypes from both users and products

233



and taking results from the clustering process. Because these
components belong to the user modeling components tier of our
architecture they interact separately from the actual application and
in this way collect, manage and extract results separately from the
application. As a result, these components can be used by many
applications in the same time as these components are not a part of
the actual application.

Last but not least, the level of generality in our architecture
can provide researchers with a tool of incorporating different kinds
of algorithms by only changing the clustering process component

and not the entire architecture.

7.3 Contributions in the field of software
engineering for intelligent remote shopping

applications

Despite the fact that many researchers have found effective
ways providing successful results through the use of machine
learning algorithms in the field of shopping applications very few of
them addressed software life cycle issues. The creation of an
intelligent  shopping  application that provides  accurate
recommendations and uses a very advanced algorithm for
managing users’ needs and inferences may be a very significant
contribution to the field of shopping applications but another
significant problem may rise.

New researchers in the future may want to reuse these
techniques and maybe enhance them in different ways. The lack of
a process explaining in detail the steps of creating such an
intelligent shopping application based on these adaptive techniques
may result in having the difficulty of constructing the application

again in a similar level to the one of the first construction.
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In adaptive applications it’s very difficult to apply a software
life cycle. A very useful process in software life-cycle is the rational
unified process (RUP). RUP is an object-oriented process that
advocates multiple iterations of the software development process.
It divides the development cycle in four consecutive phases: the
inception, the elaboration, the construction, and the transition
phase. Each phase is divided into four procedural steps, namely,
requirements capture, analysis and design, implementation, and
testing. The phases are sequential in time but the procedural steps
are not. Additionally, RUP is an object-oriented process; thus, it is
appropriate for the development of graphical user interfaces such as
the one described in our research. Moreover, one important
advantage of RUP is the highly iterative nature of the development
process. For the above reasons, RUP can be selected as the basis
for presenting adaptive systems too. An implementation of RUP life
—cycle into systems has been researched by Jaferian (Jaferian et al.,
2005), which presented extensions on Business modelling and
Requirement discipline of RUP. RUP has been used to present
extensions that concern possible security threats and attacks.

In order to overcome software life cycle issues we followed
the approach of rational unified process (RUP) as a basis. Our
approach RESCA-RUP follows the basic rules of RUP but extends it
to incorporate clustering algorithms. RESCA-RUP covers the entire
cycle of a systems development. It describes the steps for
incorporating the clustering algorithm and explains how the
clustering algorithm can be used to create stereotypes and address
issues with new users. The creation of such a process can help a
researcher incorporate a clustering algorithm into a remote
shopping application and effectively test and use the created
application.

The RESCA-RUP process was followed in two different

paradigm applications belonging to different domains, built in
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different media and selling different products. The generality
RESCA-RUP has been tested by the development of these different
paradigm applications. As a result RESCA-RUP has been shown
general and independent of the actual application that is
constructed and thus can be used virtually be any remote shopping
application that is aimed to incorporate a clustering algorithm.

By combining the PERCOM architecture created and the
RESCA-RUP software life cycle a researcher has all the appropriate
tools for creating an intelligent remote shopping application in any

medium and selling any product from scratch.

7.4 Empirical studies and evaluations

We conducted three different empirical evaluations in three
different domains: the domain of e-shopping, the domain of tv-
shopping and the domain of m-shopping.

The first empirical evaluation handles selling movies via the
web, whereas the second attempts to sell mobile phones thought
interactive tv, and finally the last study was concerning an e-shop
that sells movies through our mobile phone. The three case studies
mentioned above try to sell three entirely different products,
different by the fact that these products apply to three variant
domains. Those three applications have been applied to three
different media such as tv, the www and mobile phones. One thing
that should be mentioned at this time is that the technical solution
applied in the first case study does not apply to the second and vice
versa. Consequently, the two features mentioned above, the
different medium and domain provide our methodology a generic
ability.

This ability gives our methodology the freedom to be medium

and domain independent. The incorporation of our methodology into
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an application that attempts to sell a product can be performed very
easily. As a first step, the developer should install the user
modelling component module of our methodology into the server
machine of the shopping application. Secondly, the developer
should install the second module of our methodology to the client
application that is going to be used.

As a next step the developer needs to choose between media
such as a mobile phone, or interactive tv and a computer. According
to the medium, different functionality features are defined,
concerning the adaptive user interface, adaptive hypermedia and
animated agent. For example, the animated agent cannot be used
on mobile phones due to hardware limitations. Furthermore, the
developer must next choose the features that the developer
demands our methodology to measure, by using the observing
behaviour agent. After these features are chosen the developer
should assign the desired weight of importance for every feature
that had chosen previously, so as our methodology to be able to
create the essential stereotypes hierarchy based on the weights
assigned in each feature.

Next, interface elements should be assigned to the features
selected. The user interface elements mentioned above will be
changed and personalized in real time by our methodology
according to user behaviour. At last, a small set of questions
concerning interest in products should be provided by the
developer, to be used through the registration process. our
methodology also requires this set of questions so as to be assigned
to each feature. The questions provided by the developer will be
combined with the questions already stored in our methodology
database in order to be used throughout the registration process so
as interest related data from users to be extracted in an explicit

way.
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The users that evaluated our methodology varied concerning
age groups and social background, providing a really representative
sample. Moreover, all applications used to test our methodology
apply to very large audiences, due to the widespread medium that
they use, and in this way the evaluation sample can be huge.
Despite the small number of users that testes our methodology, the
evaluation process of the case studies mentioned above resulted in
many conclusions. In addition, the usage of a machine learning
algorithm resulted in an improvement in the suggesting mechanism
of our methodology and improved conclusions drawn by the
application concerning new users due to the dynamically created
stereotypes based on the clustering algorithm.

Evaluation results also provide evidence that using a
clustering algorithm so as to group users with similar features
together can provide tendencies to specific product features. From a
user modelling point of view, this empirical evaluation suggested
that user models based on user behaviour and not product features
where able to describe users’ interests in a better way. This leads to
the conclusion that user models can be applied in varying
applications that sell different products, without changing the
features measured by our methodology.

Lastly, adaptivity in applications, no matter how this is
achieved either by adaptive hypermedia or adaptive user interfaces,
can result in an easier way to deliver and finally sell competitive
products to users. This fact can be explained by the comparison
diagrams, if the pattern of the interest percentages is observed. The
interest percentages follow similar highs and lows in both
applications concerning predictions and users’ opinions, leading to
the conclusion that our methodology is in the right direction and in
the future we hope that will provide significantly better results.

Despite the fact that all three applications used as case

studies were very different, they had some common features. The
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technologies used in all applications led us to the development of
generic architecture, our methodology. In addition, all three
applications used user models in order to store user preferences so
as to achieve personalization. Stereotypes and adaptive
hypermedia, the two adaptive technologies used in the case studies
showed can be applied in a single generic architecture that aims at
providing efficient recommendations, of both products and support,
to users taking into account product preferences and past user
actions.

Taking into consideration the facts mentioned above, a
generic architecture has been developed based in adaptive
technologies that applied in both case studies. The basis of this
generic architecture follows the logic and structure of the personal
recommendation component used in both case studies. It was
resolved that our methodology should include six major elements
consisting of three functionalities and three adaptive technologies.
The three functionalities for our methodology were adaptive
shopping cart, a personalised recommendations mechanism and an
adaptive presentation of products, including the dynamic change of
the user interface accordingly in order to cover user preferences.
The case studies showed that these functionalities are essential to
both applications so our methodology should incorporate them.

The above mentioned functionalities were included in the
second module of our methodology. The three technologies that
were used in both case studies were user models, machine learning
and stereotypes. We incorporated these technologies in the first
module of our methodology. Moreover, explicit and implicit data
were user in order to create user models and an entirely separate
component for clustering was implemented called, the clustering
process.

The division of components into direct and indirect concerning

user interaction gave them the ability to function separately and to
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manage them from different locations. Furthermore, the creation of
indirect components can provide our methodology the ability to
change the attributes of these components. For example, the
machine learning algorithm can be modified directly in the
clustering process component and another clustering algorithm can
be used instead. Moreover, the dynamic stereotypes component can
change the type of stereotypes created. For example, stereotypes
concerning user mistakes throughout interaction with the
application can be created with help from this component. The
advantages presented, the easily generalised components, the two
module architecture, the medium and domain independence, give
our methodology an advance over a single personalised e-shop
application.

The evaluation of this framework into three entirely different
cases was evident that the generic framework presented above
responded really well in all cases. The evaluation results also
showed group tendencies towards specific product features that
could not be extracted otherwise, using methods like direct
questions to customers. Our work indicates that through the
application of a general framework to a shopping application have
two major advantages. The framework can be easily transferred
through different mediums such as the internet, interactive TV or
mobile phones and at the same time the same assumptions drawn
by the system concerning a specific medium and product, can be
easily expanded to an entirely different product or medium without
any prior knowledge about the preference of the users relatively

with the product.
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7.5 General Conclusions

Summarizing the research work described in this phd thesis
many novel approaches have been proposed. Firstly we proposed a
more generalized architecture for creating intelligent remote
shopping applications and secondly we supported the creation of
such an application by providing a software life cycle process based
on the Rational Unified Process. The resulted systems that use this
architecture offer an advanced way of making effective suggestions
to users not only based on their preferences and tastes but also
supporting them in the actual use of a remote shopping system.
Moreover, the way that suggestions are displayed to users was also
enhanced by our architecture by incorporating dynamic user
interface and adaptive hypermedia techniques, user modelling
theories such as stereotypes and machine learning algorithms.

Combining the software life and architecture a tool is created
for future researchers to use in future development if such remote
shopping applications. Furthermore, evaluation results helped us
realize the problems in creating such an intelligent remote
application but most importantly extract similarities between all
three remote shopping applications.

The tool created for future researchers is a very useful tool
that covers many aspects of the software engineering process of a
remote shopping application thus making the process of

constructing an intelligent remote application easier.
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7.6 Future Work

The research that was carried out in the context of this thesis
contributes considerably to the related research fields. However, it
leaves certain questions open for further research. More specifically,
the architecture created for three different media (interactive tv,
,mobile devices and desktop computers) and the variety of
clustering algorithms, was combined with a software life cycle
process to create an integrated tool for researchers that want to
create intelligent shopping applications.

The application of the architecture in other recommendation
systems of different domains could lead to useful conclusions on
recommendation systems of electronic services, not just for
products. For example, this architecture combined with the Rational
Unified Process could be applied to an intelligent mobile tourist
guide.

Another extension for our architecture may be the
enhancement of the user models that are saved in the user model
server. Our methodology has used the user models for two reasons.
The first was to extract data about the interests that users show on
products and product features. The second purpose of these user
models was to extract information about user mistakes while users
interacted with the test bed applications. These user models could
be generalized to be used for a variety of domains containing
demographic data, like age and educational background that could
help discover larger group tendencies for domains. For example,
teenagers tend to buy music-targeted mobile phones rather than
business-targeted mobile phones. Another example is that women

tend to watch social programs more often than men that tend to
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watch sports programs and political talk shows. Location data could
also be incorporated to these user models. This kind of data could
help applications propose opinions from users close in locations
about interesting places like shops, restaurants or other places of
entertainment. This could create an intelligent social network of
users based on location and behaviour towards product, lifestyle
and demographic data. Careful statistical analysis of such
generalized user models could lead to more specific knowledge
about groups of users and not only for product selling.

Lastly, a very useful extension for our methodology could be
the incorporation of a decision making theory. For example a multi-
criteria decision making theory (Kabassi and Virvou, 2004) could
incorporated and combined with the results of the machine learning
algorithm in order to enhance the ability of decision making in
recommendations and intelligent user support. The set of actions
affecting could be the actions of the similar users through the
interaction of the system and the set of n attributes could the
measured interest of mistake degrees by the architecture. Of
course, an extensive study of the relative criteria must be
conducted in order to find out what are the effective criteria about
the domain that the architecture will be incorporated. For example,
an intelligent TV-guide recommendation system could be evaluated
by real users and with the support of human experts in order to
extract information about the criteria that real users consider as

important about choosing a TV program.
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