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ABSTRACT

Elecrronic Market Place reférs to the field of marketing, selling, buping and
distributing different products or services over the internet but still lacks fexibility
and convenience. This fype of Marker Place is limited according to convenience,
diversity of accessibility, as well as in the personalization where the personal
competer (PC) is often shared across multi-user. However, the huge increase in
wireless rechnology increases the number of mobile device users and provides an
cpportupity for the rapid development of Mobile Market Place (MMP) using these
devices. Hence, MMP, defined as the traditiona! Electronic Market Place (EMP)
combined with mobile devices, Internet fechnology and wireless communications.
Somehow, MMP has the capability of allowing vsers to conduct EMP activities on
their mobile devices (such as Mobile phone, smart phone, Personal Digital Assistant,
laprop, ete ) receiving/pathering sales information, selecting, making a purchase
decision, paying for if, obiaining the service or product and delivering the right
information o the right place at the right time without location and time constraints.
These gualities make MMP prevalent in our daily life, and mobile users are more

willing fo do business on their mobile devices more readily.

Meanwhile, the internet technologies contine 1o develop, popularity of mobile
terminals to increase, and the quantity of information on the internet is immense and
increasing each day. Therefore, the mobile users are in need for a recommender
system that can help them in their decision-making while interacting with large of
information space among MMP. Hence, How to recommend the mobile user with the
infarmation that meets user/group neads, based on his‘her/their profile and locartion is

the core of this research. In fact, this thesis aims at presenting such aspects and
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areas. It begins with introducing a general integrated architecture for Mobile Market
Piace (MMP) for efficient transaction and marketing using mobile devices and
related infrastructure. This architecture describes the finctionality of the different

components of MMP in a single framework.

This thesis aims at improving the decision support system fo enhance the
quality and accuracy of the notification among mobile marker place environment.
Thus, this study searches the notion of recommending the usefl] information thar fits
each individual needs, as well a5 satisfiing the group users desire. It is also desived
that the recomumendations that made to mobile user must be justified, in the sense that
an explanation is to be provided as to wity that particular itemyservice is of interest to
the user. However, this recommended infarmation not only helps in gening the itens
having high degree of interest with reasonable justification, but also considers the
combinarion of user preferences, item features, recommendation ressoning and

gengraphic location for both user/group and items.
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Chapter 1

This chapter deals with a brief introduction to the research, and define the term of
improving the decision support system to enhance the quality and accuracy of the
notification ameng MMP environment through recommending the mobile user with
the information of interest and based on location. Then we review the research issues
in this context followed by the scope and the significant of the study, we list

contributions in the summary.

1.1 Introduction

The huge increase in wireless technology increases the number of mobile device users
and provides an opportunity for the rapid development of Mobife Marker Place
(MMP) using these devices. Hence, MMP, defined as the traditional Electromic
Market Place (EMP) combined with mobile devices, Internet technology and wirelass
communications. The Internet technologies continue to develop, popularity of mobile
termingls is also incressing, and the quantity of information on the Internet is
immense and increasing each day. Somehow, MMP has the capability of allowing
users to conduct EMP activities on their mobile devices (such as Mobile phone, smart
phone, Personal Digital Assistant, laptop, ete.): receiving/gathering sales information,
selecting, making 2 purchase decision, paying for it, obtaining the service or product
and delivering the right information at the right place in right time without location
and time constraints. These qualities make MMP prevalent in our daily life, and
mebile users are more willing to do business on their mobile devices. Thus, MMP not

only extends Internet-based EMP, but also provides many ways of information



exchange and purchases methods, and it is likely to become a major business modal in

the near future. In fzct, the essence of MMP revolves arcund the goal of reaching

mobile users and suppliers, and satisfies whatever the users’ demands by fitting the

preferences of the users in combination with time and location whenever they want. In

additien, MMP offers a unique business opportunity characterized by some unique

attributes that eguip it with certain advantages apainst traditional EMP {Ding X., et

al.: 2004). These attributes can be summarized as follows:

L]

L]

Uibiguity and Accessibility: Ubigquity is the main fegmure of MMP. It invalves
the delivery of services in the physical world and allows the mobile user to
avail these services and carry out transactions in real time anywhera This
feature can be uwseful in many situations, viz. to access any interested
information or conducting transactions while standing in a supermarket or
while the move through different access modes of mobile devices whenaver
such a need arises. The immediacy of transaction helps capture mobile users at
the moment of intention so that sales are not lost in the time between the point
of intention and that of actual purchase.

Localizarion: Positiening technelogies such as the Global Positioning Systam
(GPS), helps to achisve great success of providing information about mobile
user’s physical location at a particular moment, which can attract many service
providers in particular time to offer goods and services- those services include
information gbout price and lecation ghout the item of interest, nearest hotels,
restaurants, travel information, etc. - to the user based on his current location.
Thus, lecation-based services add significant value to MMP while EMP
cannot offer such services.

Personalization: It seems clearly that Mobile Devices are configured for a
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single user where PC is often shared across resources and multiple users. This
makes it possible to adjust a mebile device to the user’s needs and inteérest via
MMP  applications. Thase applications can be personalized to obtain
information or provide services in ways appropriate to a specific user rather
than to search for that amoeng huge number of information that ara available on
the internet.

Convenience: the festures of mobile devices and their ubiguity and
accessibility make them a preferable tool for performing personal tasks. Thus,
users are using their mobile devices more often than PCs and that is
considered important clue to extend the way of interacting with peaple from
EMP to more attractive way of conducting business like MMP. Moreover,
MMP extends the current traditional sales channel of EMP into the more
immediate and personalized mobile environment.

Dissemination: MMP offers an efficient means to targeting large number of
mobile wsers by disseminating data to all mobile users within a specific

geographical region.

Accordingly, MMP should bring many benefits to mobile users, service providers,

and telecommunication operators. From the customer point of view, he/she can access

on-demand, at the point of purchase and obtain best prices that are available in the

MMP domain. This can happen via mobile applications. Although MMP provides a

technolegy to increase merchants’ sales, it enhances management efficiency for

service providers, as companies exchange product information with mobile wsers on

time according to their personalized preferences. And that can be dohe via a web page

promotion or a mobile alert to increase their willingness to buy a product. Alse there

is some portion on the part of elecommunication operators; viz. the more the MMPs
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services are used by mobile users through mobile devices; the more revenue can be

achieved by relecommunication operators.

Meanwhile, MMP services are presently under transition with a record of many
“rried and failed™ solutions and a promising future but uncertain possibilities with a
potential new technology innovation. Accordingly, MMP working over mobile agent
technology has attracted a considerable attention, and a relevant body of literature has
been published on the issue. However, there are still quite a lot of issues that have to
be addressed and revalved for different factors, such as, improving the quality of
publishing and advertising, increasing security, enhancing the delivering processes
along with payment transaction, reducing search costs and locational efficiencies, in
order to have an efficient MMP. Moreover, this agent should take into considergtion
the institutional infrastructures such as legal standardization and regulatory

frameworks.

Somehow, the market place agent can be simply defined as an agent that acts on
behalf of & user and moves through a network of heterogeneous machines. Its main
functions (Ibrahim er al, 2001) are: marching the requirement of buyers with
availahle goods or services, then facilitating the exchange of information, and
pavments associated with market transactions. However, such agent needs to
continually collact and integrate data distributad among hupge set of users, sites and
applications. As a result, it would help users in gathering relevant information of
interast and enabling users to decide in timely manner. In additien, within this system,
data would be exchangeable through a wery large number of devices and
heterogeneous type of information resources (Kaasinen 2003}, This may lead to server

resouree contention, network overlead and congestion. Therefore, such apgent has to



select appropriate methods of data delivery and use the most intelligent recommender

system o serve user to meet his'her potential neads.

This thesis focuses on the issue of recommending the mobile user/group with the
information that meets user(s) neads, based on the profile and location of the intended
user{s). Technically speaking, the MMP offers a business model of buying and selling
millions of goods and services. Among so many options, choosing is challenging for
the user. Incregsing choices, however, also incregsed the amount of information that
users must process before they are able to select which items meet their needs. Thus,
browsing and making decisions for buying an item in some MMP environment,
considered as time-consuming and frustrating task. To address thizs information
overload, a notification system integrated with a recommendar system can tackle this
problem and make it easier and more efficient through sugpesting items for users that
are likely to fit their needs, and to provide users with information to help them decide

what to buy, and to decide where to buy from.

The goal of recommender systems is to help wsers in their decision making
while interacting with large information space. They recommend data of interest to
users based on their preferances they have exprassed, either explicitly or implicitly.
The ever-expanding volume and increasing complexity of information on the wired
and wireless networks have therefore made such systems the essential tools for users
in a variery of informartion seeking for MMP acrivities. Based on what kind of
recommendation techniques is used, personalized recommender systems are usually
classified into three categories (1} Collaborative Filrering (CF): recommending items
tor users that other users with similar tastes liked in the past (2) Content Based (CB):

providing recommendations by compating representations of content describing an
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item to representations of content that interests a user (3) Hyvbrid Memhods (HM):

combining the both technigues of CF and CB.

Several recommender systems have been proposed in the literature which makes
use of the above rechniques with different strategies like (Xue G. et al., 2005; George
T. et al., 2005; Michael J. Pazzani, 1999; Schafer er al., 2003; Dietmar ef al, 2010;
Bharat et al, 2010). However, these technigues fall into the category of CF
algorithims and the problem with pure CF is that it treats all users and items as atomic
units, whete predictions are made without regard to the specifics of individual users or

items.

Thera have bean also several hybrid approaches which are proposed to combine
the CB and CF. A general framework for CB/CF is proposed in (Prem et al., 2002;
Abbar et al, 2009; Cantador et al., 2008; Adomavicius et al., 2005) where CB
predictions are applied to convert a sparse user ratings matrix into a full ratings
matrix, and then a CF method is wsed to provide recommendations. In (Salter J. et al,
2006; Jin B. et al., 2006; Chen 2005; Manouselis et al., 2007, George ef al, 2008;
Yoshii eral, 2008), CF is used to compute the predicted rating values and then CB is
applied to generate recommendation list. These techniques are mainly aimed to
improve the quality of recommendations and reduce the effect of the traditional CF
cold-start problem but they have not consider the quality of group recommendation

and the mobility attributes like location was apparently missing,

Likewise, as EMP and MMP communities have increased exponentially, and the
nead for 2 group recommendation system has also become more and more imperative.
So we nead systems for recommending items (hooks, movies, websites etc.) that take

into consideration our own as well as group’s interests. These sysiems are genarally
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divided into two categories namely personal recommender system and  group
recommender systerm wherein the former is effective in filtering useful information
that fits each user’s neads, the latter provides suggestions for group decisions and
satisfy individual user’s needs in group activities. However, most of the previcusly
published studies in recomimender systems focus on the technique of building
personalized recommender systems and hence, are not suiteble for supporting group
decisions making. They assume that the input of the system is comprised of item’s
ratings given by individuals and the group recommendation is obtained by combining
or aggregating the individual recommendations of the members in the proup. The
problem with this approach is that (1) the ratings are combined without considering
the interaction of group members which may lead to incorrect recommendations for a
group. (2} It is difficult to specify the additional information which may be required
from the user to determine the exact combination/aggregation strategy and (3) A lot of
time will be required even if opinions from domain experts are sought after to guide

the combination process.

Moreover, the recommendation techniques as cited above have mainly aimed to
enhance the accuracy of recommendations by fine-tuning the respective algorithms.
At the same time, it is also important to note that the acceptance of a recommender
system is increased when users receive along with a recommendation the reasoming
behind it. Such recommendations are called justifiable recommendations. They help
improve custemer attraction/retention and sales boosting because mobile users can
evaluate the provided recommendations more easily and accept them if satisfactory.
High quality justifications can be provided by combining the content influence of
item’s features along with rating data of user on items. The content and rating data are

able to disclose the information of features influence among user interests. However,

7



it should be kept in mind that though some of the existing recommender systems
combing content with ratings and provide accurate recommendations, they cannot
adequately justify them. This happens because | 1) most of these systems are hybrid in
nature wherein the technigue of collaborative filtering {CF) and content based {CB)
are run separately (I, Salter er al, 2006; Markoval,1997) thersby missing the
dependence between user ratings and item features which in trn can be used for
justifying a recommendation {Adomaviciug G. e al, 2008}, (2) Most existing hybrid
systems cannot detect partial similarity of the user’s preferences because similariy
between two users is measured on the entire set of items they have rated. Therefore,
partial matching cannot be used for justifying their grouping. (3) Most of the current
hivbrid systems focus only on accuracy wherein they have ohjective metrics for
accuracy {Bilgic et al, 2005; lonathan er al,, 2004) but lacks metrics to evaluate the

quality of recommendation.

Another important feature which most of the previous studies in recommender
systems do not address is reparding location profile of an item/user. It is very
important for a good recommender system to help wsers find the closest place that
surely containg his'her items of interest. Nowadays location features are becoming a
fundamental part of different mobile devices. Such features played important roles in
erthancing the mobile location service, thus supplying the recommender system with
an accurate transition towards context-aware and utilizing location based features can
eithance the potential of user satisfaction towards the quality of recomimendation that
raveals user needs. It makes it possible to find and recommend items for user/'group
operating mobile devices based on hisher/their location. However, & user’s
preferences and item’s features are also assumed o be directly related 1o

recommendation guality. Though there has been a lot of work on location sharing
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applications wherein either people explicitly request another person’s current location
or where people broadeast their [ocation to friends through social networks (Tang et
al, 2010), but a combination of useritem/explanation’ location hased

recommendation is still missing.

1.2 Thesis Scope and the Significant of the study

This study relies on introducing an integrated architecture for MMP and defines
such architecture, by focusing on the heterogeneous nature of the components. It is
intended to figure out the different components, their relationship, and importance in
MMPF, which realizes interaction betwean mobile users and merchants. We begin with
proposing an integrated architecture for mobile marketplace for efficient transaction
and marketing using mobile devices and related infrastructure. We have highlighted
the main components that supposed to be addressed all together in single framework
in order to have an efficient mobile market place. It is our belief that this architecture
paves the way for future research in which more general modular approach can be
explored to build mers robust architecture for MMP environments.

The significance of this study lies in investigating a general robust integrated
architecture and to show how decision support system can improve the quality of
recommendation in a mobile market place eavironment. It searches the notion of
recommending the mobile user with the information that mests user/group needs,
based on his'her/their profile and location. In fact, the thesis, aims at presenting such
aspects and areas. To achisve this goal, recommender systems can be applied to the
domain of mobile marketplace. More precisely, in this thesis, a recommender system
wsing  individuals/group  profile and  location-based model for  efficient
recommendation {5 presented. The user/group preferences and  item-features

information provided 25 a series of numeric values. These values provide information
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about the characteristics of the items and give coherent clue about user/group interest.

Such information vsed to make strong recommendation and provide reasonable

justification. This system considers the combination of user preferences, item

features, recommendation reasoning and peographic location for both user/group and

itemns. As a result, the proposed method obtained a significant role in providing

efficient and effective means for recommendation to enhance the quality of

notification in MMP environiment.

1.3

Contributions in Summary

The thesis can be summarized as balow:

1.

This study intends to introduce a general integrated architecture of MMP as
discussed in chapter 3. This architecture integrates the main components of mobile
market place and describes their functionalities through integrated architecture
that facilitates the transaction process among the heterogensous components of
mobile marketplace (MMP). It analyzes a peneral integrated architecture that
supports MMP rather than treating variows technical aspects in isolation. Qut of
this architecture, our aim is to foeus on how to provide mobile user/group with the
information thar meets such user/group needs, based on the profile and location of

the intended user/group.

This work aims to propose an effective recommendar system that can help mobile
individvals /group formulate better decision-making by incorporating user/group
profile preferences as well as the geographicel location. Thus, it should subdivide a
mobile marketplace into distinet subsets of users where any subset may be
selected as group or individual target. This can lead to the creation of distinet

recommendations according to the preferences of a specific users/group. To



achizve this, user profiles have been constructed and processed based on
information related to users’ ratings and item features. Such process reflects
dependencies among items and users, thus disclosing user’s rating behaviour. The
next step is to assign weight on user's profile in order to show the features that are
maote interesting and peculiar to esch user. Thereafter, grouping users and items
into clusters based on the most ceherent rating. A subsaguent siep 15 using
neighbourhood technique- Cosine Similarity- to find the clusters that contain the
partial marching with the target user/group. This is, in fact, carried through
observing ratings/features patterns of users/items for the target user/group vs. the
available clusters. Hence, items are identified based on similarity of their features
that are selected together by a sufficient number of users. Then, a list of

recommended items is generated along with reasonable justification.

In the experimental setp of cur recommender system, 2 bicluster may denore
a group of users that prefer some specific features. Collective features can be
extracted by using groups rather than individoal users. As far as a group
recommendation is concerned, we assume that the input data confain iteém’s
ratings given by both individuals and groups and instead of caleulating similarity
between one test user and each bicluster, we calculate similarity between a group
of test users and each bicluster * considering the duality of content and rating data
. For instance, if we have a group of users G = {u), us, 8} and suppose we have
ratings of a particular item [, by users u,, us o, subgroup {u, s} and subgroup
{uz, wit. To predict what rating group G would give on an item, most of the
pravious researches will make their predictions only basad on the ratings from
users’ wy, 42 and wz while some of the researches would ask users provide

additicnal information énd somea others would ask the help of domain experts. In
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our work, for example, if users u; and u» rate the item I; as | and 5, respectively,
but they as a whole rate the item [ as 4, then we realize that user us seams play
mote  influential role in this group, which somewhat reflects the personalities of
users uy and we Hence, our approach is capable of taking into account the
dependency of features influence among the preferences of the majority of users
50 a3 1o come up with reasoning behind the justification that gives credibility to

the recommendarion.

This system not only recommends items for individual/group of users with
applicable recommendations based on their interest, but is also capable of
providing an explanation for the actual reasons behind the recommendations for
individual and group users alike. Hence, reviewing the features of user profile
apainst the features of recommendations 1ist 15 essential to make the justification
of recommendarion more reasonable and understandable by service provider as
well as by the mobile user. Thus, by exploring the festures of items that
recommended to the target ‘individual user/group” with his/her/their user profile,
the coherent match appears. This similarity i8 much closer among the
recommended items that have highest values of influence. In contrast, the values
revealing poor influsnce are evidence of the poor matching between the features
of both those items and the tested user/ group. Both the high and low values can be
taken to intecpret the significance of the role of influence among the featres and
user/group profile. Thus, the list of recommended items which contains the
highest influence values actually meets the interest of the tested wser/group by
involving the most desirable features that user/group are looking for. Hence, the
system was able to grasp the user/group needs and recommend items accordingly.
Meanwhile, it should emphasize that the items that got poor influence value with
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individual user ars not supposed to be eliminated during building the
recommendation for group. When these values have been eliminated less gocuracy
of recommendations has been observed. Therefore, those values play important
roles to improve the accuracy and the quality of recommendations for the group.
In other words, the influence of content data among users” profiles has strong
effzct on the guality of the group recommendations. The influence values may
changes from case to case for the same user due to items’users influence among
the different groups. However, that chanpe does not affect the accuracy of
recommended items or the justification for the target wser. This can alse be
considered as another aspect of the system ability of filtering useful information
that fits each individual needs, as well as satisfyving the group users activities.
Thereafier, the items that already have been rated by user could be excludad or
kept the same if neaded’ 1o provide a recommendation to the specific user about

the new generation of item that user pot/rated it before.

4. Finally, we have constructed the users/items location profile; the system has been
subjectively designed not only to generate reasonable recommendation in respect
to user/group interest, but also to help users find the closest place that surely
containg their item of interest. However, the location of users may continuously be
updated due te uwser movement but the recommendation has to take place

according to the last updates.

1.4 Thesls utlime
The ourtline of the thesis is as follows:

Chapter 1: Introduction: This chapter desls with a brief inroduction to the
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research, and define the term of improving the decision support system to enhance the
quality and accuracy of the notification among MMP environment through
recominending the mobile user with the information of interest and location-hased.
Then we review the research issues in this context followed by the scope and the

significant of the study, then we list the contributions in summarsy,.

Chapter 2: Related Literature: [n this chapter, we review the important literature
related to our work. The reviews are discussed under the following headings(1) The

different architectures of MMP (2) Notification Service, (3) Recommender Svatems.

Chapter 3: The Main components of MMP: This chapter intends to introduce an
integrated architecture for MMP and defines such architecture, by focusing on the
heterogeneous nature of the components. It is intended to figure out the different
components, their relationship, and importance in MMP, which realizes interaction
between mobile users and merchants. [t beging with proposing an  intégrated
architecture for mobile marketplace for efficient transaction and marketing using
mobile devices and related infrastructure. We have highlighted the main components
that supposed to be addressed all together in single framework in order to have an

adequate mobile market place.

Chapter 4: Recommender for MMP: This chapter deals with the design and
implementation of the recommender system that can help mobile individuals/group
formulate berter decision-making by incorporating vses/group profile as well as the
geographical location. However, this system not only recommends stems for
individual/group of users with applicable recommendations based on their preferences
and closest locarion, but is also capable of providing an explanation for the actual

regsons behind the recommendations for individual and group users alike.
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Chapter 5: Results and Discussions: in this chapter, we outline the proposed method
and the formal underpinnings; thereafter we present the experimental results and

validation of our concept.

Chapter 6: Conclusions and Future works: in this chapter, we conclude our work

and the possible scope for future work.



Chapter 2

Related Literature

[n this chapter, we review the important literature related to our work. The reviews are
discussed under the following headings: (1) The different architectures of MMP (2}

Motification Service, (3) Recommender Systems.

L1 The Different Architectures of MMP

Several studies have proposed different architectures for different components of
MMP to address some particular issue such as{ improving the guality of publishing
and advertising, increasing security, enhancing the delivering processas, improve the

pavment transaction, reducing ssarch costs and locational efficiencies, etc.).

In (Karlena, C. and Upkar, V.; 2001} Karlene and Varshney proposed and
discussed a product location framework for mobile commerce environment. Such
framework serves as a puideline for facilitating interoperability among the diverse
product location schemas. Karlene & Varshney have suggestad that the knowledge
and database engineering domain research should focus on the development of
XML based ontologies which will facilitate an apent based product search and
discovery which can be applied across heterogensous location based systems

adhering to this common ontology.

Another study describes a model for asscciating lecation scopes with services
along with architecture to support the discovery of location-based services on the
[ntarnet (Sheng Hu, et at., 2006). Such model has also associate [ocation-based guide,

the map object handles one or more contact addresses. However, mohbile user may
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choose different type of data results for output according his'her current need. Such
study presented the Global Positioning Svstem (GPS) Location Process, the structure
of Location Based Service (LBS), and the architecture to support the discovery of

location-based services on the Internet.

Chengzhi Lin and et al., in {Chengzhi Liu, et al., 2008) have proposed hybrid

recommendation architecture for mobile commerce system as illustrated in Fig. (2.1).

Flg.|2. 1} Architecture of hybrid recommendation for mobile commerce [Chengzhl Liw, et al., 2008]

:
:
:

This architecture includes products and services database, customer and mobile

device ontology, and cooperating apents. Based on the proposed architecture, a
prototype system for restaurant recommendation has been presented. A test of the

prototype svstam is implemented in the experimental atmosphere, the test shows that



the system has a pood feature of stabilization amd the recommendation performance

could be improved with tima geing by and experience increased.

In light of the resource constraints of mobile devices, security mechanisms for
protecting traditional computer communications need to be revisited so as to ensure
that electronic transactions involving maobile devices can ba secured and implemented
in a practical manner. Lam K., et al {Lam K., et al,, 2003} has described a lightweight
security mechanism for protecting electronic transactions conducted over the mobile
platform. This scheme was designed to meet the security needs of security-sensitive
mobile commerce applications including electronic financial services and electronic
government services initiated over mobile handheld devices. The mobile commerce
security architecture presented in this study provides a secure means for
authenticating end users and transacting with them. The security architectures as
illustrated in Figs{2.2 and 2.3} provide a wireless protocol pateway o execute
complex transaction protocels with the application server and at the same time allows
mobile handheld devices to securely connect to the gateway using lightweight

mechanisms.

Fig.[2. 2): System architecture of secure m-commerce application (Lam K., et al., 2003)
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Fig.(2. 3): WAP-based system architecture of m-commerce application (Lam K, et al,, 2003)
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The classical e-payment model as illustrated in Fig(2.4) shows the relationships
among customers and merchants are established by means of business and banking
domains, as well as, the ransactions flows between entities. However, the security
architectures based on this model are not sufficiently robust when new participants
with their respective functionalities and parricularities engage the e-payment system

(Diego 5., et al., 2007).

Fig.[2. 4): Clessicel e-payment model (Dlego 5., et el., 2007].
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To address such problem, 2 domain-based payment model for emerging mobile

commerce sceénarios has been proposed by Diego S., and et al. 2007, in order to

guarantes security robustness, and extend the payment model that allows more
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effective security solutions. In this work a domain-based e-payment model] for mobile
devices as shown in Fig.(2.5) has been introduced. Additionally, this work providas a
security discussion and a set of requirements associated to their proposed model, with

the goal of defining a robust across-domain security architecture.

Flg.[2. 5}: New domaln-based payment model (Dlego 5, et al, 2007).
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To get the items that a buyer wants in an Internet auction, user must search for
the items through several auction sites. When the bidding starts, the buyver needs to
connect to these auction sites frequently so that user can monitor the bid states and re-
bid. In this regard, Rajkumar et al, (Rajkumar R., et al, 2011} have proposaed
architecture for mobile peer to peer auction using IXTAJTXME in M-Commetce as
illustrated in Fig(2.6). This work presents architecture for moebile auction in consumer
to consumer (C2C) fashion considering INTAJXNME, as an environment which
creates peer to peer applications in mobile constraint devices. Further they have
discussed the pros and cons of using IXTE/JXME and its applicability to pear to peer
(P2P) mobile auction system. Additionally they have concluded that proxy based P2P

mebile auction would be good architecture to practically implament mobile auction



process. Since JXTA and IXME are open source projects, and by considering the
SECUILY aspects in mobile paer to peer communication, they have a plan to implement

a P2P mobile based auction system in nearby future,

Flg.[Z. 6): P28 moblle auctlion using IXTA/IKME In proxled peer (Rajkumar R, et al., 2011).
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For any system based on asymmetric cryptography, using a public key
infrastructure (PKI) can solve the basic problem that is related to signing the root
certificate and maintains the required infrastructure. Performance evaluation on end-
to-end security architecture using PKI for mobile banking system has been proposed
in (MNarendiran, C., et al., 2008) as illustrated in Fig.{2.7). This framework eliminatas
the use of browser by the mobile bank customer by transferring the data format

through 1P Packets in an encrypted format. According to their point of view, the



security framework solution allows to provide strong customer authentication and
non-repudiation by employing public-key cryptography for customer certificates and
digital signaturss. Encrypting messages that constitute mobile banking transactions

provides confidentiality and message integrity.

Flg.[2. 7): Device authentication [certificate valldation) (Marendiran, £, et al., 2008].
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The mobile agent can greatly enhance the functionality of the system. For
instance, agent can be designed o learn and store user preferences. This
enhances the effectiveness of searching function such that user is easier and faster to
find their favorable items and prices. Aucrion and bidding Strategies can be
implemented to increase the wining probability and overcome the limitation of the
mobile devices. In this regards, Calvin & Ronnig in {Calvin W., & Ronnie ¢, 2010}
have proposed an auction agent architecture for mobile commerce as shown in
Fig(2.8). This work investigates the feasibility of using mobile agents from
mebile wireless handheld devices. Calvin and Roennie have developed J-phone

auction agent architecturs for mobile commerce. This approach overcomes low

[
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bandwidth wireless and network disconnaction limitations by using mobile agents and
dispatch agents. This approach also assists users to monitor bidding status and
implements bidding decision at multiple avetion sites. The security part of their

system has not bean implemented.

Fig.[2. B): An auction agent architecture for moblle commerce (Calvin'W., & Ronnle c., 2010).
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In the wirgless Internet environment, communication costs rise in proportion to
a rise in network load. A mobile agent mechanism reduces user operations and
network load by implementing the coordination of bids across multiple auction sites.
[n this regard, an auction apent system using a collaborative mobile agent and a
brokering mechanism called (MoCAAS) Mobile collaborative auction agent systein
has besn propesed in (Kwang Y., et al., 2003) as illustrated in Fig.(2.9). This

collaborative mobile apent mediates between the buyer and the seller and executas
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bidding asynchronously and sutonomeusly in crder to reduce the nerwork load, offer

more intelligent bidding, and increase the clear ratio.

Flg.[2. 9): MoCAAS architecture (Kwang Y., et al, 2003).
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Rapid technological evolution in E-Business leads to exist a competitive markeat
for businesses such as hotels, restaurants, shopping malls and entertainment venues, A
modern marketing system is needed for these kinds of businesses o stand our among
competitors to be able to attract more customers. Cusiomers requiré a sysiem Lo
inform them about points of interests and businesses special promotions. In this
regard, Pantes in (Pantea K., et al, 2012) have illustrated results of a preliminary
study to investigats user interests in location-based advertisement svsteins as shown
in Fig (2.10). This investigation describes how the proposed advertising system can
improve the efficiency, robustness and reliability of E-Business in order to connect
businesses to potential customers. Furthermore, the study describes how the proposed
mobile advertisement application makes it more efficient for businesses a3 to
advertise their products to mobile customers according to their current GPS location.
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The location of the mobile user is tracked through GPS, and then the information of
the guery is sent through GPRS/3.50G based cellular network and Point of Interest
(POI} information is tacked to make the syvstem more efficient and reliable.
Additionally, as illustrated in Fig.(2.11), the study shows how the proposed system
assists businesses (e.g. hotels, restaurants, UNESCO and cultural sites, shopping
mells and entertainment venuwes) to reach their potential custemer. However, not all
of the businesses will use the proposed system as a marketing tool, it can be a
competitive advantage for them to attract more customers and offer their products and

SETVICES.

Flg.[2. 10}z Architacture of proposed location based system [Pantes K, et al,, 2013).
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Web Services using XML are being rapidly adopted as the standard
infrasteucture for large-scale distributed systems. In this regard, Yeo-Chung C., et al,,
in {(Yao-Chung C., et al., 2008) proposed a mobile commerce framework based on
web services architecture technologies and mobile Internet functions as shown in
Figi2.12). This framework concentrates on switching existing e-commerce

applications from the wired Intemet 1o the mobile Interner.

Flg.{2. 12} Web service architecture [Yac-Chung C., et al., 2005).
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Ece K., et al. in their study (Ece K., et al. 2008) describe the efficient
mechanisms, infrastructure, and automation that can engble sellers and buyers to take
advantage of the relationship of the locations of retail offices to the routes of mobile
buyers who may have another primary destination. The methods promote automated
vigilance about opportunities to buy and sell, and to support negotiations on the joint
value to buyers and sellers including buvers' costs of divergence from their original
paths te acquire services and commodities. This study tried to extend the MC
prototype and overall architecture to employ market-centric concepts. 1t presented
methods and models used in the MC Market system and described its key components
and extensions. Five main direction have been suggested by this study for future
works: (1) enhancing means for eliciting preferences from buyers, particularly for

multi-attribute  items, (2) improving the current models t© guarantee buyer
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truthfulness, (3) extending the market design to double actions, (4) achieving a
strategy-proofiness property in repeated transactions of MC market, and {3} applying
mots comprehensive cost-benafit analyses of apportunitias that recognize promotions

and daily pricing patterns.

However, the usages of M-Commerce services in commercial activities are
expected to dominate the world and commercial activities through wireless are
gradually changing the daily practice and future possibilities. This opens many new
possibilities, opportunities and challenges in mobile commerce. Use of software agent
technology by providing intelligence, autonomoeus, customized, adaptable and flexible
services, can enhance M-Commerce activities. In this regard, Manvi and Bhajantri in
their study (Manvi, 5. 5, Bhajantri L. B.; 2009) bring out various issues in M-
Commerce and describe various agent-based product negotiation moedals in mobile
commerce environment. In this study, the negotiztion model has been discussed based

on auctions, trede off and argumentation.

Another study has proposed UGetMobile End-user Mobile Publishing Platform
{Tom P., et al., 2006) as shown in Fig.(2.13). This system has been developed with: a
web portal, a mobile portal and core systems (content management, billing and
pavments) using Java? rechnologies. Moreover, this project contains three major
phases. (1) The core, creating the commercial-grade of UGetMobile Web 2.0 service
for providing mobile web site creation and some value added service such SMS
(Short Message Service), MMS (Multimediz Messape Services), blogs, LBS
(Location Base Services), video and e-mail. UGetMobile enhances these services by
creating deep interconnections with mobile Operator’s mobile portals and Service
Delivery Platforms (SDP) via OSA/Parlay: and UGetMobile will laverage the growth

of key emerging Web 2.0 mobile services such as Google Local, Google Base,
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Google Mobile, MSN maobile and Yahoo mobile. (2) The second phase is a full alpha
trial with the project partners and their user-groups. This includes the core features
required to enable the service getting penerally available in the partner’s countries
including billing, payments and reporting, significantly enhancing the value added
services offering. At the end of phase two a beta trial to be conducted with the project
partners, followed by UGetMaobile being made generally available in Ireland, the UK,
Germany, Spain and Greece. (3) Phase three focus on the global launch of the service,
improving the service based on end-user feedback and creating additional
intercennections with a global M5 and MMS provider (such as mBlox) and also
Google Local and Mobile, Yahoo Mobile and MSN Mobile. At the end of this phase
the service will be launched in North America and handed over to a Campus

Company for operation, support and rale out to other countries.

Flg.[2. 13): UGethloblle Logical Architecture|Tom B, et al., 2006].
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Mobile payment tries to kick-off the existing e- and m-commerce efforts and
unleash the true potential of mobile business. Different approaches come to the
market and try to address existing neads, but up o now no global solution exists. In
this context, (Karnouskes, 5., et al, 2003) proposed a secure mobile payment
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architecture and business model (SEMOPS) in order to develop a global mobile
payvment system as illustrated in Fig.(2.14) . This business model is based on two Key
concepts (a) that of cooperation of Banks and mobile network operators (MNOs) and
{b) that of social trust relationships since each actor transacts only with his trusted
bank or MNO. It is worth noting that SEMOPS features a distributed approach where
banks MMNOs can dynamically join the system with their customer base and users do
not have to register alone, something which will allow SEMOPS to grow fast and
reach a the critical mass that may establish it as a pglobal payment service. The

SEMOPS business model is general and flexible enough to integrate future needs.

Fig.[2. 14): General architecture of SEMOPS [Karnouskes, 5., et el, 2003).
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Zhiyong and Thomas (Zhiyong W, and Thomas T., 2007} have proposed a

B

mebile intelligent agent-based e-business architecture that allows buyers and sellers to
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perform business at remote locations as shown in Fig(2.15). This architecture
proposed with hope that would be useful on 2 smaller scale and lead to new
investigations that may result in new solutions to the problams that are related to
mobile agent. This architecture aims at providing a convenience for traders as
business can be conducted anytime and anywhere. The architecture tries to address
the problem of limited and expensive connection time for mobile devices: A trader
can disconnect a mobile device from its server after penerating and launching a
mobile intelligent agent. Later on, the trader can reconnect and call back the agent for

results, therefore minimizing the connection time.

Flg.[2. 15): A Moblle Intelligent Agent-based Architecture for E-business (Zhiyong 'W., and Themas T,

2007)
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Cynthia in (Cynthia M., 20010} reviews the developments in mobile money
transfers, the emerging ecosystem, and its participants and business models. The
structure of the mobile financial services market illusteated in Fig (2.16). It also
examines the implications of payment systems roaming across peographic borders
with their respective legal and regulatory jurisdictions, as well as the emergence of
mebile airtime as an alternative currency. The risk environment for mobile money is
examined in the context of both developed and emerging countries and in light of the
participation of banks and nonbank telecom firms.

Fig.[2. 18): Structure of the mokille financlal services market [Cynthla M., 2010]
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Some of these architectures have shown more flexibility and incressed the
interoperability between mobile agents and provides high scalability design for
swiftly moving across the network. Howewver, such anchitectures involvad with some
particular problems and there was no architecture so far has covered all the

components of the MMP in single framework.

L1  Notification Service

Muobile notification service 15 becoming a wvery popular topic along with
recommendation systems due to the growing diversity, availability and use of mobile
information service. The challenge existing here is how to make information relevant
to mobile user/group among MMP domain and automatically push interesting

information o such mobile users.
1]



In fact, traditional markets make available on the Internet electronic-catalogue
that support lists of items or services, price information and commercial transactions.
Depending on this, it returns a list of items or filtered services which meet the
requirements specified by the buyer. According to the huge number of agencies, ie.
broker, auction, delivery, payment, supplier, buyer, etc. and overloaded information
interacted and presented berween them, Notification Service (WE) is considered the

backbone of EMP and MMP.

Thus, in MMP paradigm, the notification service is responsible for publishing and
advertising goods and services offered by the existing service providers, provides
channels to communicate with other MMP components which assist to obtain useful
information about location. In fact, there are two advantapes of NS first, effective
personalized notification and efficient presentation of targeted notification to users
that are likely to purchase items/services; thereby dramatically improves sales and
businesses and makes more profit, and second, the more parsenalized the notification
becomes; the more mobile wsers eventually regard this service not as an intrusive

extra but rather as a helpful necessity.

Therefore, this type of service has also an impact factor on enhancing the finance
capability of EMP and MMP. It increases the revenue and reduces the cost and time
consuming, while searching for a particular item. NS designed for particular services
has limited number of models (Engin er al, 2007). Extensibility is not supported by
the most of these models. Previous research has shown criteria that should satisfy the
adaptive NS (Michael eral, 1997, Demet eral, 1999; Jon ef al, 2002; Ibach er al,

2005; Adrian et al, 2010 as:



Take the mobility of users into sccount: manage highly model of users’ interests
{subscription, update, insertion, deletion).

Manage changes in the underlying network topology that may occur in very
dynamic setting like an ad hoc¢ networking.

Support multiple notification channels and multiple content formats: support
heterogeneous notification channel {e-mail, internet protocols, fax, phone, WAP,
etc.).

Support large numbers of subscribers and publishers: continuously collect and
integrate data distributed among a large set of users.

Propagate notifications for thousands of information consumer simultanecusly,
which managing large amount of content sent to the system.

Select the appropriate mode of communication: filtering and delivering relevant
data to interested users and components in a timely manner with the help of
middlewars which gives filtered formation for potentially large set of users, gives
their continuously changing lecation, their changing profiles.

Support security and privacy of information: performing security functions, like
subscriber and publisher authentication, secure content distribution, ie. not all
subscribers may be allowed to receive all publications that march their

subscriptions.

In this regard, Many researchers ascertain thar Notificarion Service (NS) has been

investigated and implemented in different projects, protocols, and architectures for

EMP but not for MMP, ie. web services based event notification systems (Huang et

al, 2008), CORBA notification service (Gore et al, 2001), and the publish/subscribe

communication patadigm (Eugster er al, 2003). However, such notification

mechanisms still need some expansion with intelligent recommender system, in order
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to have adequate NS for MMP domain and anticipating changes, as foreseeable

lecation updates.

Moreover, many studies have been conducted on Notification Service for
providing information services in EMP domain such as personalized informarion to
users {Wang et al, 2010; Woerndl er al, 2009; Abbar er al,, 2009; yap et al., 2007).
However, most of such systems still require users to reveal their preferences and input
the keywords of their interest. This reveals a lot of problems on some mobile devices
according to their limitation of information browsing and data input which are
considered inconvenient. In addition, MMP can keep track of a user’s preference,
actions, location, etc. For this purpose, filtering user profile to deliver relevant
information to mobile user could be a very pleasant and worthwhile solution in MMP

environment.

No doubt that Internet and the wireless communication make an actual MMP all
aver the world without location and time restriction. These distinguished features give
superiotity to MMP to dominate the space of commerce instead of traditional EMP.
Thus, these features play an important role to boost overall sales through targeting a
huge number of mobile users based on their interests and locations. In additicen,
researchers assert that NS is one of the most important units in EMP and it provides
the necessary information to various units of EMP (Minch et ar, 2004; Bazinette ot
al, 2001). Undoubtedly, this unit will enhance the efficiency of MMP if it does

consider the location and preferences for both user and service provider.

Nuotification Service was developed as a bridge between Mobile user and MMP
environment. It can handle users” queries and push the data of intersst to such users.

The intelligent recommender system is built on the top of NS framework that
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incorporates user profile/location and item attributes and automatically pushes real

time information that is considared relevant to mobile users.

The literamure shows that notification models are designed to have high user
interactivity and low user perceived latency. Real-time dynamic web data such as
news headlines, stock tickers, and auction up-dates need to be propagated to the users
as soon as possible. However, these applications still suffer from the limitations of the
Web's requestresponse (pull-based) architecture which prevents servers from pushing
real-time dynamic web data. Such applications usually use a pull style to obtain the
latest updates, where the client actively requests the changes based on a pre-defined
interval. It i3 possible o overcome this limitation by adopting a push style of
interacticn where the server broadcasts data change occurs on the server side. Both
options have their own rrade-offs (Bazinette er al, 2001). Howewver, dara
dissemination mechanisms invalve the delivery of data from one or more sources to a
large set of consumer (Afonso ef al, 2004). Many dissemination oriented applications
have data access characteristics that differ significantly from the traditional notion of
client’server as embodied in navigational web browsing technology (Emilio et al,

2009y, Table (2.1} illustrates the characteristics of dissemination ornented

mechanisms.

Table (2. 1): Data dellvery mechanlsms characteristics
Request data when it is required, when request 1s received at server,

Pull the server locates the information of interest and sends it into the
client.

Push Data delivery involves sending information into & client population
in advance of any specific request.

Periodi [s performed according to some pre-arrenged schedule, this schedule

eriodic .
- may be fixed or may be generated with some degree of randomness.
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Aperiodi [s event driven while data request for pull according to any user
PERAcs action, or transmission for push regarding to date update by server.

Unicast Data items are sent from & data sourcs {e.g., single server) to enother
machine.

Multcast | Data sent to specific subset of clients (recipients is known).

Send information over 8 medivm on unidentified end unbounded set

Broadcast : p
of client can listen.

The client server dissemination application has the following attributas
(Michael F., and Stanley Z. 1997): {1} there is a huge number of users who want to
access the data. (2) There is an enormous degres of overlap among the interasts of the
users. (3) Some users are only interested in new data and changess taking place in the
existing data. Therefore, if each wser sends a request to the server, the large audience
for a popular event can generate hupe load at servers, resulting in long delays and
server crashes. In addition, the use of unicast data delivery likewise causes problems
in opposite direction (from server-to-client) with unicast the server is reguired to
respond individually to each request. By considering these characteristics, it becomes
clear that the -request’ response- unicast method of data delivery may alone lead to

undesirable results.

Scalability is also considerad as an elaborate problem in MINS, which can
occur as a result of mismatch between the data access characteristics of the
application and the technology. Furthermore, some of the mobile devices natures still
suffer from the limitation in kevboard and display and the ability of processing.
Hence, MNS neads to use appropriate mechanism of data dslivery to enhance the
performance of such system. These limitations force researchers to pay special

attention to build a flexible system. Notwithstanding, with data push mechanism, the
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transmission of data to user is initiated without requesting the users to explicitly
raquast it, users do not have to pull servers for new and update, the number of user
requests that must be handled by server can be reduced dramatically. However, the
battle of data push standards is well underway, and the changing from dama-pull to
data-push does not solve all the problems, and there is not yet data delivery approach
that can provide adequate support {Ibach er al, 20035) for the wide variety of data

dissemination.

23 Recommender Svstems

As mentioned earlier, the poal of recommender systams i5 to help users in their
decision making while interacting with large information space. They recommend
data of interest to users based on their preferences they have expressed, either
explicitly or implicitly. The ever-expanding volume and increasing complexity of
information on the wired and wireless networks have therefore made such systems
essential tools for usars in 2 variety of information seeking for MMP activities. Based
on what kind of recommendation techniques is used, personalized recommender
systems are wsually classified into three categories (1) Collaborative Filtering (CF),
(2) Content based Recommending (CB), (3) Hybnd Methods (HM): combining the

both technigues of CF and CB.

However, CF and CB techniques are widsly used and have become the most
preferred  methods.  Memory-based and Model-based algorithms  which are
subdivizsions of CF and CB methods have been extensively studied in this regard. In
memory-based CF technique a subset of users are chosen based on their similarirty to
active user and a weighted combination of their ratings is usad to produce predictions

for this user. Similarity measures like Pearson correlation, cosine similariry,
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Spearman rank correlation, Kendall’s correlation, mean squared differences, entropy
and adjusted cosine similarity have been wsed (Xiaovuan et al, 2009; Herlocker er al,
1999). It was shown that the conventional memory-based CF algorithins do not scale
well when applied to millions of users and items due to the computational complexity
of the search for similar users. To overcome this drawback Linden of s/, (Greg Linden
er al, 2003) proposed item-to-item or Model-based technique where rather than
matching similar users, they match a user’s rated items to similar items. It was shown
thar this approach leads to faster online systems, and often results in improved
recommendations {Badrul et al,, 2001; Greg er al, 2003). In 2006, Wang et al. (Wang
I. et al, 2008) proposed the simularity fision between the vser-based and item-based
methods by treating the individual wser-item ratings g3 predictors of missing ratings
and estimating the fingl rating by fusing predictions. This model shows that a fusion
framework is effective in improving the prediction accuracy of collaborative filtering
and dealing with the data sparsity problem. Other remarkable extensions to similarity-
based Collaborative Filtaring include weighted majority prediction in which both row
similarity and column similarity are used for prediction (Atsuyoshi et al, 1998), and
imputation-boosted CF (Xiaoyuan er al., 2008} here, imputation methods frequently
used to deal with missing data in the tables and fill it up to create a pseudo rating
martrix, then providing predictions based on this imputed data anticipating more
accurate predictions then using traditional Pearson correlation-based CF (Sarwar, B.M.,

et al, 2001 to produce the final recommendations.

As far as model-based CF algorithms are concerned Latent Factor (LF)} and
Matrix Factorization (MF) models (Robert ot al,, 2009) have emerged as the state of
the art methodology in this class. In LF model, similarity between users rating and

items content is assumed to be induced by some lower-dimensional structure in the
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data. For instance, the rating that a user gives to a movie might be assumed to be
dependent on few implicit factors such as the user’s fste across Various Movie genras.
On the other hand, MF techniques are a class of widely successful LF models where
users and items are jointly represented as unknown feature vectors along with K latent
dimensions. These feature vectors are learnt so that inner items approximate the
known preference ratings with respect to some loss measure. For instance, in setfings
where only implicit preferences are available as opposed to explicit like-dislike
ratings as in recommending TV shows based on watching habits of users. Here,
preferences are implicit in what the users choose to see without any source of explicit
ratings. Recently in (Rong ef al, 2009) it has been shown that matrix factorization

tachniques have been advanced to handle such problems.

Xue er al. (Xoe G. et al, 2005) proposed a cluster-based smoothing method
wherein clusters are created and predictions for a target user are made by averaging
the opinions of the other users in the cluster ha'she participates and is weighted by the
depree of participation. Another clustering algorithm put forward in (Jin R, ef al,
2006) uses the decoupled model wherein user preferences from its rating is decoupled
but allows userfitem to be in multiple clusters and performs separate clustering of
users and items. In (George T. er al, 20035) bi-clustering is used in CF to build a
system that incrementally updates the bi-clusters as new users and new ratings are

continuously enterad. The main aim of this model is real-time efficiency.

All the methods discussed above fall into the category of CF algorthms and the
problem with pure collaborative filtering recommenders is that it treats all users and
iterns as atomic units, where predictions are made without regard to the specifics of

individual users or items. Whereas many pure CB svatems have tried to provide
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explanations by knowing more about a user, such as demographic information
(Michael at. ai,1999), or about an item, such as the genre of a movie (Prem ef al,
2002). Billus and Pazzani (D. Billsus et al, 1999) used pure CB to recomimend news
articles to users, and also provided explanations for the reasoning behind their
recommendations. They have also exploited a user’s feedback to improve the
recommendation process. A method for recommending books based on pure CB was
proposed in (Mooney B, et al., 20000 wharein a machine learning algorithm was used
for text categorization and explanations were provided for the recommendarions

made.

In order to leverage the strenpths of content-based and collaborative
racommenders, there have been several hybrid approaches which are proposed to
combine both CF and CB. A peneral framework for content-boosted collaborative
filtering is proposed in (Prem er al, 2002) where content-based predictions are
applied to convert a sparse user ratings matrix into a full ratings matrix, and then a CF
method is used to provide recommendations. In (Salter 1. ef al, 2006), CF is used to
compute the predicted rating values for movies and then CB is applied to generate
recommendation list. A web recommender system is proposed in (Jin X. et al, 2003)
in which collaborative and content features are integrated under the maximum entropy
principle. In fact, hybrid recommendations were extendad to contain knowledge-
based technigues for the purposes of improving the quality of recommendations and
reducing the effect of the traditional CF cold-start problem. Mote recent approaches
{Werner er al, 2008) allow users to create their own profile by crafting a list of their
own questions/topics. Such system differs from the traditional recommender system
ones, since it recommends content for users to create, rather than consume. They

deploy two different algorithms (Network-based and Content-based), with the aim of
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recommending a set of meaningful questions to the user by looking at the behaviour

of the users which are similar to the target one.

As mentioned so far, there are a lot of data available in the internet in the form of
books, articles, movies, music, websites, etc. and therefore selecting particular items
that are of our own interest is very difficult. Likewise, as enline community activitias
have increased exponentially, the need for a group recommendation system has also
become more and more imperative. 5o we need svsiems for recommending items
{books, movias, websitas ete)) thar take inte considesation our own as well as a
group’s interests. These systems are penerally divided into twoe categories namely
personal recommender system and group recommender system wherein the former is
effective in filtering useful information that fits each user’s needs, the latter provides

suggestions for group decisions and satisfy user’s neads in group desires.

In the case of group recommender systems, like (Masthoff er al, 2002; McCarthy
er ai., 1998; O°Connor et af, 2001) assume that the input of the sysiem is comprised
of item’s ratings given by individuals and proup recommendation is obtained by
aggregating or combining the individual recommendations of the members in the
group. Meanwhile, many studies on notifving user through recommender systems
{Abbar e al., 200%; Cantador et al,, 2008; Adomavicius et al., 2003} used item
atrributes  and combined implicitexplicit  user preferences  for  making
recommendations.  (Cantador er al, 2008) has merged content-based filtering and
collaborative filtering by involving semantic context-aware technologies. Chen {Chean
2005) has proposed a context-ware CF system making use of context similarity
tachniques to recommend items. A user with the same interest will consider the

previous user’s interest. Adomavicius in (Adomavicius 6. et al, 2008) has prasented
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a general approach (multidimensional model} to handle the contextual information in
ranking. However, most of these researches targeted on EMP environment and
computed the weights of contexts by simple sum of ranks — SUM {content x weight)
but it does not consider the mobility attributes like location. Furthermore, Multi-
Criteria Decision Analysis (MCDA) method is recently popular (Manouselis et al,
2007; Adomavicius ef al, 2003) for designing and implementing recommendar
systems that take into account multi-criteria rather than single criterion in systems
made use of traditionally. The traditional recommender rating itams are based on user
rating on items, MCDA rating items may invelve user rating on items, contants and
ranks. Besides, Abbar (Abbar ef al,, 2008} in his study intends to implament a service
oriented peer-to-peer environment that makes use of discovery function and nearest-
neighbours algorithm. Ruffo (Ruffo er al, 2009) demonstrated a pure peer-to-peer
racommender the users were self-clustered in the peer network, and intreduced the

tatm proactive recommendation in pear-to-peer recommender.

Correspondingly, many attempts tried to deaw attention to location-based for the
mobile recommender system, such tour guide (Seren ef al, 2004), commercial
recommendation{Yuan er al, 2003) that serviced by using context information
location and time, geographical location represents where mobile device user stays
(Lae er al, 2004), time is information related to system or service request (Hofer af
al, 2003}, mobile phene provides user with more direct recommendation through
‘push’ service using SMS or ather interaction channel (He et al, 2003}, location for
personalized point of intérest recommendations in mobile environments {Horozov et
al, 2006). Though there has been a lot of work on location sharing applications
wherein either people explicitly request another person’s current location or where

pecple broadeast their location to friends through social networks (Tang et al,, 2010),
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a combination of userfitem/explanation’ location based recommendation is still

missing.

In this study, the proposed method takes care of the combination among
user/item/ location and the reasoning behind the recommendations. Moreover, the
duality and dependency that exists between wsers rating and items features have been
considered whereas most of the hybrid algorithms perform separate clustering of users
and items so they cannot detect the item similarity. It provides the actual regson
behind its recommendations and justifias them. It is capable of recommending usaful
information that fits each individual needs, as well as satisfving the group users
activities. This is a big advantage when compared to the existing group recommender
systems wherein recommendations are made by apgregating or combining the
individual recommendations of the members in the group or by aggrepating the
group’s rating of similar items through the item-based collaborative filtering
algorithim without considering the dueality and the combination among users’

prefarences and locations data.

Thus, the proposed method has the potentiality to increase consumer satisfaction,
enhance consumer/company loyalty, and boost overall sales by giving reasoning and
creditability to the products and services that have a higher depree of interest to

mobile users.
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Chapter 3

This chapter intends to introduce an integrated architecture for MMP and defines such
architecturs, by focusing on the heterogeneous nature of the components. [0 is
intended to figure out the different components, their relationship, and importance in
MMP, which realizes intéraction berween mobile users and merchants. It beging with
proposing an integrated architacture for mobile marketplace for efficient transaction
and marketing using mobile devices and related infrastructure. We have highlighted
the main components that supposad to be addressed all together in single framework
in order to have an adequate mobile market place. Out of this architecture, it searches
the notion of recommending the mobile wser with the information that meets

user/group needs, based on his'her'their profile and location.

A1 General Architecture of MMP

The abovementioned architectures in chapter two aimed to provide a pgreat
convenience for mobile users as business can be conducted anytime and anywhere.
Moreover, such architectures aimed to build an intelligent mobile agent in order to
ralease mobile user from time-consuming task while searching and negotiating with
appropriate service provider. Some of these architectures have shown more flexibility
and increased the interoperability between mobile agents and provides high scalability
design for swifily moving across the network. However, such architectures involved
with some particular preblems and there was no architecture so far has covered all the

components of the MMP in single framework.

This chapter intends to intreduce an integrated architecture for MMP rather than

treating various technical aspects in isolation and defines such architecture, by
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focusing on the heterogensous nature of the components. It is intended to figure out
the different components, their relationship, and importance in MMP, which realizes
interaction betwsen maobile users and merchants. [t beging with proposing an
integrated architecture for mobile marketplace for efficient transaction and marketing
using mobile devices and related infrastructure. We have highlighted the main
components that supposed to be addressed all together in single framework in order to
have an efficient mobile market place. It is our belief that this architecture may paves
the way for further research to build more robust architecture for MMP environments.
Out of this architecture, our aim is to focus on how to provide mobile vser/group with
the information that meets such user/group neads, based on the profile and location of

the intended user/group.

MMP should bring many benefits to mobile user, service providers, and
talecommunication operators. From the mobile user point of view, he/she can access
on-demand, at the point of purchase and obtain best prices that are available in the
MMP domain. This can happen via mobile application. Although MMP provides a
technolegy to increase merchants’ sales, it enhances management efficiency for
service providers, as service providers exchange product information with mobile
users on time according to their personalized preferences. And that can be done via a
web page promotion or @ mobile alert to increase their willingness to buy a product.
Also there 15 some portien goes for elecommunication operators: viz. the more the
MMP's services are used by mobile users through mobile devices; the more revenue
can be achieved by telecommunication cperagtors. In addition, the operators can also
achieve revenue via fees charped to service providers for each MMP transaction.
Thus, MMP promises business unprecedented market potential, great productivity and

high profitability in future.
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However, there are still guite 2 lot of issues that have to be addressed and
revolved for different factors, such as, improving the quality of publishing and

advertising, increasing security, enhancing the delivering processes along with
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payvment transaction, reducing search costs and locational efficiencies, in order to

have an adeguata MMP.

As stated so far, the intention was to analyze a general integrated architecture
which covers all the aspects of MMP rather than treating various tachnical aspects in
isolation. The inventad architecture in Fig.(3.1) above illustrates the main components
and the interaction berween them. The components of MMP include wireless network,
contingency  theory, mobile access modes, mobile digital forensic, registration
authority, security gateway, directory services, ssarch engine, broker, auction, gaime
theory, payment gateway, delivery apent and listening for event has been explained in

the coming sactions.

AL Wireless Network

Generally, the network infrastructure for wireless mobile combines diffarent wireless
networks, involving point-to-point wireless bridges, wireless LAN, private and public
radio, satellite services, wireless local area networks, multidirectional wireless callular
systems). As well, there are many tvpes of wirgless mobile devices (e.g. portable
computers, smarts cellular phone, Bluetooth communication device, PDAs, Internat
tarminals, ete.). These devices have the ability of conducting the desired transaction
and preferences of MMP. Nowadays, wireless systems are achieving higher data rates
i support Internet and other data-related applications. Through these natworks,
mobile users and merchants are connected and they are able to manage and

accomplish the transaction preferable by them.

The wireless mobile communication devices associated with the potential
consumer ¢an receive communications from MMP, either directly or via an

intermadiate system, and can transmit & reply back to the MMP indicating & proposed
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offer so that a MMP can revise or improve the offer. However, Mobile wireless
communication devices do not normally always communicate with the network
infrastructure, ie. they are unreachable for many reasons according to the consumer
desire, viz, when the user is in a meefing, sleeping, or even to reduce power
consumption of the mobile or there is no network coverage. In addition, wireless
communications are still facing challenges in transfer capacity when it is compared 1o
wired networks. This is caused by the fact that the modulation vsed and channel
allocation schemes designed for voice taffic have rather modest upper bounds.
Further, the wireless communications are much more error prong than the wired
communications and require much redundancy in the channel coding of the payload.
Althoupgh the redundancy in the channel coding that makes correcting bit érrors in a
wide range possible at the receiving end, in wireless retransmission of the data is

required more often than in the wired natworks.

311 Contingency Theory

As a matter of fact, MMP as any trade has been influenced by some external factors
that have been gathered under the theory of contingency. This theory has been used
for classifying mobile payment resegrch and to capiure the environmental factors
which are characteristic to the mobile payment services markats. Furthermore, it has
emphasized the importance of environmental influences, especially technology, on the
management of organizations. In addition to technology, other tvpical contingency
factors include cultural, social and economic factors. In the comtext of mobile
payment seérvice markets, because financial services and telecommunication gre
among the most regulated industries, it 18 natral to include repulation, jurisdiction
and standardization facters, and the use of standards i3 characteristic 1o

telecommunication { Toti ef al., 2008).
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Contingency theory is described as a midrange theory which falls between
two extreme views (David er al, 2000; Valarie ot al, 1988). According to one
extrems, it is possible to find universally true theories, whereas the other one claims
that each unit of analysis is unique and has to be analyzed based on situational factors.
Further, contingancy theory postulates that environmental factors are only important
but also that the impacts of environmental factors are systematic, rather than entirely
sitnational. The other helpful featura of contingency theory can be manifested via the

environment strategy performance link.

This theory claims that the environment, such as the type of regulation,
impacts the structure of the organization, for example, influencing which entities
have incentives to beécome moebile payment service providers. Another example is
enhanced technology which makes it possible to provide enhanced services which in
turn increase interest toward the services. These contingency factors have significant
impacts on the mobile payment services market but they are outside of the influence

and control of the market.

Changing Commercial Environment

At the outset, changes in the commercial environment embrace the development of
the Internet and mobile networks into commercial channels, as well as increasing
automation and self-service orientation of payment services (Hampe et al, 2000).
Changes of the commercial environment may operate on the development of the new
or the improved mobile payment services (Javawardhena er ai,, 2000). Other aspects
of this factor include the structure and development of financial and
telecommunication infrastructures and markets within the studied environments. The

development of mobile paviment services might be supported or inhibited by the

49



structures of financial services markets within which various countries may support or

inhibit.

Changing Social & Cultural Enviromment

It is widely argued thar a specific part of the overall culture and lifestyle of the sociery
is that of the payment culture. Social and culture environment plays an essential role
in affecting people’s consumption habits, buying behavior, and thus their neads for
new payment services. Changes in these environments (Jayawardhena er al., 2000}
can deal with varieties of needs and thus affecting the supply and demand of new

payment services.

Changing Legal Standardization & Regulatory Environment

Legislation and standardization of mobile payments according to current researches
provide an informative description about the difficulties and the problems surrounding
such topies. Yet, no significant solutions can solve the issues of legislation and
standardization. Cross-border mobile transactions can be complex due to a
complicated web of law and regulations. These contingency items may rigger needs
for new or enhanced payment services and drive or hinder the development of mobile

payments (Jayawardhena er al., 2000; Rawson 2002).

Changing technological emviromment

Technological environment consists of wireless and other related technologies which
are used to develop and produce mobile pavinent services (Karnouskos, et al,, 2004,
Diego 5, et al, 2007). Some of these technologies such as mobile network
taechnolegy or transaction protocols are reparded among the technelogies which
develop slowly. Some other technologies have very short development cyveles, such as

mobile handsets and their components. Constant development of technologies
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facilitates more reliable, user friendly, versatile, and functionally rich mobile payment

SEIVICEes.

313 Mobile Access Mode
The modes of mobile access such as asynchronous, onling web, notification, and
voice mods apparently do not have to be used in isolation but can be combined within

an application design (Song 2006).

Notification Mode

The notification includes other appealing services such as emails, insiant messages on
[nternet, SMES/MMS messages on a GEM/GPRS cellular network. MMP fzatures such
as real-time messapge alerts on a very small portable device enables this mode, but it
requires from the mobile network to be always-on. Moreover, a message pateway
should be installed in MMP domain to deal with different type of messaging
communication, and perform message queue management and notification event

MANAEEtent.

Asvachronous Mode

The asynchronous mods enables users to download content to Mobile Devices (MDD}
and operate the content offline without network requirement, irrespective whether
they have occcasional network connectivity or are only connected to a PC for
synchronization in the office or base lecation. Moreover, it could greatly enhance the
user experience for MMP especially when the wireless network bandwidth is slow or
the guality of the wireless signal is poor. This mode is very populer in current
generation of PDAs. The MD under consideration on this mode can synchronize with
the syne gateway based on IP connectivity to a sync server, or if that gateway is on a
PC, using a serial cable, USB, Bluatooth, or infrared connection. The sync gateway
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can connect the device to a personal productivity data, ie. Calendar, e-mails,
documents, web content, database and application messaping. Regarding Web
content, the syne gateway allows the MD to synchronize personalized Web content.
The personalized selection is determined using the synchronous mode, usually
through a PC. The user selection can be associated with a profile in the Directory

SETVICE.

Onifne Weh Mode

Mobile users can access MMP applications via a web browser on MDs like the PC
users. But different MDs may adopt different display features and communication
protecols. Thus, gateway in the MMP architecture should be deploved to support
various pervasive devices. A well-known example of this topology is called & WAP-
enabled device with a cellular network and a gateway that includes the WAP gateway
softiware. The WAP pateway is responsible for transforming a WAP request into an
HTTP request to the web application. The most common configuration of the pateway
might be through cellular network provider and connected to the internet. This
gateway configuration is important for an 1SP to provide a set of public services to
subscribers. It is also possible for this gateway to be confipured by the mobile
network provides via direct connection to that gateway and does not involve the
public Internet. This gateway configuration is relevant for 2 solution to 2 service

intended only for an enterprise group reguiring mobile access to MMP services.

Viice Mode
With the limited keypad space and screen size of some MMP device, voice
technolegy promises improved input and output functionality for MMP. The voice

mode of interaction with an application requires speech recognition and text-to-speech
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synthesis (TTS) technology. However, unlike personal computers, the current

generation of MDs does not have the processing power to perform these transforms.

314 Mobile digital forensic

Diigital forensics concerns with investipation of cyber-crimes and esmablishing the
identity of intruders and pathering evidence of malicious activity. If this unit has
enough evidence (Giannakis ef al, 2006} to prove that somebody did try to attack the
security transaction of MMP, then it will further investigate for presentation to courts
of law. Digital forensic emphasizes that the rules and the protocols are shared and
must be understood and followed by evervone relying on it It can be puaranteed to
attain the commitments of participants, otherwise it will receive appropriate penalry.
It is necessary for a market institution to be equipped with capabilities that will
prevent the occurrence of cyber-crimes from happening, or if they do happen, they

will keep or log the evidence, and report the crimes.

AL5 Registration Authority

Repistration Authority (RA) deals with registration of buyers, suppliers, service
providers, of MMP. The participants send their request for a registration which brings
along the request, their certificate, and other necessary information to registration
authority. BA performs verification of participants' certificates throwgh the Certificate.
Certificate is a trusted third party to provide validity of the secrets key which are used
for authentication (Narendiran, C., et al., 2008). Those digital cemificates are used ro

proof the identity and authentication of each MMP unit.

L6 Security Gateway
Security gateway becomes the entry and exit points with the process of migrating or

transmitting within the MMP components. However, the sacurity 15 one of the critical
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issues for successful adoption of payment transaction and it needs to be confidential.
Confident transaction in the MMP means that both business and individual mobile
users have to be sure that the risk of fraud is minimized or there is no risk ar all,
providing  higher level of security to protect mobile payment transactions
(Karnouskos, at al., 2004; Diego 5., et al., 2007), taking into account to prevent any
trial of fraud payment transaction from stolen devices. Therefore, to make that
security systam trustworthy, it should involve some security criteria (Norlevza af al,

2002; Norleyza et al., 2008) as follows:

Confidentiality and identification: this means that electronic messages which are sent
with unique identification information for verification must not be wvisible to

eavesdroppers and underlying on the mobile network security.

Autheptication: where service provider should authenticate the transaction from users
viz an identification process o ceyptographic mechanism. In other woeds, MMP units
must identify each other’s identity, reliance on the personal nature of a MMP devices

and relignce on authentication by mobile network operators.

Integrity and Non-repudiation: which means MMP units must know when the data
they send have been obtained and it must be possible o prove that a transaction has

taken place.

Secure Performance, the service provider has the responsibility to ensure thar the
requaested transaction is performed under a sscure environment and ensure a safe

protocol for payment transfer.

Additionally, Security is more difficult to implement on 2 mobile environment
according to the resource limitation of mobile devices. Therefore, the security

mechanisms for electronic transactions engaged with mobile devices must be
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implementad in an effective manner (Peter L., et al, 2002). Morsover, the mobile
apents must be secured and protected against any hostile environment. Some possible
security concerns are listed below (MNeuwenhofen & Thompson, 1998) Malicious
mebile apents can try o access services without suitable permissions. A malicious
agent may assume the identity of another agent to gain access to services, or to cause
mischiel or even seérious damage to the mobile environment. A malicious agent can
snift the conversations between other apents or monitor the behavier of a mobile
agent in order to extract sensitive information from it A malicious host may steal
private information from the agent or modify the agent to compute the wrong result or
to mishehave when it jumps to another site. Howewver, Digital signatures and trust
management approaches are among many mechanisms to protect a host against
malicious agents. Theses mechanisms help identify the agent and evaluate how much

it should be trusted.

Currently HTTPS is the most widely used data sacurity protocol in Personal-
Java and IZMECDC (Java 2 Platform, Micre Edition/ Connected Device
Configuration) applications. MIDP 2.0 makes HTTPS support mandatory. HTTPS can
be employed to secure communication channels and everything that passes through

those channels.

317 Directory service

The Directory service responsible for publishing and advertising goods and services
(Yuan, 5., Tsao, Y.: A, 2003; Pantea K, et al,, 2012) offered by the existing brokers
and provide channels to communicate with other MMP units like Location-Based
Service (LBS) unit. Such unit assist to obtain uwseful information about the exact

position of the product in the market, and gives information about location and cities
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roads. Also user/merchant profile provides useful information about user requirement,
merchant offers or product specification.  All these components gather information to

be supplied for directory service.

Advertising

The technology that engbles communication between MMPs via present typical
message contains product or service information either huge or small is called
advertising. This technology consists of different forms of advertisement. According
te the personal needs or integration, it might be advertising one or list of different
broker, auction, service provider, product or service (Tom P, et al., 2006; Pantza K.,
et al, 2012} ameng different MMP environment. In other words, it helps though
providing service to suppliers who could not find any matching buyer registered under
the same MMP with a product or service that is being offered. [n addition, through
advertising MMP can attract more mobile users and dramatically improve sales and

business makes more profit.

User Profile’ Merchamnt

User Profile means 2 database in which personal data of users or merchants are
stored. These data can include a user name, address, preferances, [P address, merchant
lecation, etc. It containg the user's interest and whar he/'she is searching for. Hence,
this data are used by some units of MMP to establish a connection between users and
merchants. Knowing the content of user profile enable MMP to ignore or send any
advertisement about the available products. It helps prevent receiving undesirable or
disturbing advertising. What is more is that it can sort and categorize users according
tee their profiles {e.g. age, profession, product of interest, selected product, etc.) which

may invent new improvement in MMP, ie. according to selectad product,
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advertisement units can provide suitable advertising for the related products timely or
in future. That may enhance the ability of business interaction between merchant and
customer from one hand, and obtain information and new faatures about available and
related preducts (e.g. accessories, terminal, ete.) with selacted product on the other

hand.

Location-hased services

Location-Based Services (LBS) provide a service to target supplier or buyer basad on
their physical location (Dimitrios et al, 2007, Richard F, et al., 2011; James & et al,,
2010; Shane C., et al, 2010) and presents information about that to the concerned
different units in MMP to improve their services according to what is needed.
Nowadays, most of smarts phones and mobile devices support the GPS system which
is very helpful to gather information about locations. Here, it iz possible that
subscribers could soon be placed with near pinpoint accuracy. In this regard, such
service is still not preferred by some mobile wsers as it does reveal their personal
privacy. However, location information has been the monopoly of the carriers and
network operators themselves. In the future, this may not be the case. For example,

Bluatooth or WiFi can contribute to location determination.

Maps: it is meant the map database stores which draw information of cities and the
exact positien of the product, shopping malls. This information is required to produce

directions to a given product.

JLE  Search engine

No doubt that Internet and the wireless supply an actual MMP all over the world are
without location and tme restriction. Search engine is very helpful unit in MMP. It
provides the necessary information to various units of MMP (Ibach et al, 2005;
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Tilson er al., 2004) with respect to their request. Usually, MMP make available on the
Internet electronic catalogs that support lists of products (such as book, flowers, atc.)
of services (e.g news, ticketing services, financial services, ete.) price information
and commercial transactions. Depending on that, search enging will return a list of
products or filtered services which meet the requirements specified by the buyer.
According to the huge number of agencies i.e., broker, auction, delivery, payment,
suppliar, buver, etc. and overloaded information interactad and presentad berween

them, search engine is considered the backbone of MMP.

319 Broker, Auction and Game theory
This unit contains different components available as separate or combined. Whatever

the forms of their availability are, it has o work with integration.

Broker Agent

Broker agent is considerad a party that mediates buvers and sellers in an MMP.
However, it develops to summarize the results and present it to users via searching
through MMP for differsnt characteristics of the products or service. Therefore, it
performs different tasks such as matching buyers and sellers (Kannan er al,, 2001),
filtering the offer information about poods or services™ specification and prices
(Jailani er al, 2006; Norleyza, et al,, 2002; Timon, er al, 2005), register with a certain
auction type &s the price negotiation mechanism 15 to match suppliers with buyers.
Likewise, it helps buyer agent to search for desired poods or services with specific
criteria, then retrieving specific information (e.g. price) to help user determine what to
buy, and to decide whom to buy from. The main ides of broker is to obtain multiple
searches accomplished by agents working in parallel along with information sources

together in one place,



Auction

The term "auction’ means the process with an explicit set of rules of buying and selling
goods or services, by offering them up for bid, to determining a resource allocation
and prices, taking bids, and then selling the item to the winning bidder (McAfee, R,
ef al, 1987; Klemperer, P. 1999; Kwang Y., et al, 2003;Dimitrios, M., et al, 2007,
Calvin W., et al,, 2010; Rajkumar, R., er al, 2011). In economics theory, an auction
may refer to any mechanism or set of trading rules for exchange. Auctions have been
recognized as an excellent trading mechanism to allocate resources, viz, goods,
services, etc. to individuals and firms (Klemperer 1995). In addition, Auctions can be
distinguished in a number of participants (Jailani er al, 2006): The first is in
supplying (or reversa) auction, where m-seflers offer goods that a buver requests. The
second is in demanding auvction, n-buyers bid for goods being sold; the third is in

doubling auction # buyers bid to buy goods from m-sellers.

To get the itams that a buyer wants in an Internet auction, user must search for
the items through several auction sites. When the bidding starts, the buver needs to
connect to these auction sites frequently so that user can monitor the bid states and re-
bid. A reserve-price auction reduces the number of connections, but this limits the
user's bidding strategy. Therefore, there are many types of auctions, the most well-

known, can be mentioned briefly as follows:

English avetion which is identified as an open ascending price auction. This rype of

auction is arguably the most commaoen form of avction in use today.

Duteh auvction identified as an open descending price auction (Jailani er al, 2006),
while the auctioneer begins with a high price and lowered until some participant is

willing to accept the auctionaet's price.



Sealed first-price auction known as a first-price sealed-bid ancrion: In this type, all
biddars simultaneously submit sealed bids so that no bidder knows the bid of any

other participant. The highest bidder pavs the price they submitted.

Vickrey auction well-known as a sealed-bid-second-price auction: This is identical to
the sealed first-price auction except that the winning bidder pays the second highest

bid rather than their own.

Game Theorv:

Game theory can improve the svstem of negotiation filtering (Manvi and Bhajantri,
2009} and the competition result performance of goods and services in MMP. The
scenario of this theory is (Ligiang Z., ef al, 2007), firstly, each player estimates the
number of competing nodes {ie. game state). Secondly, based on this state, each
player tunes its equilibrivm strategy by changing its local contention parameters.

Finally, the gaine is repeated until getting the optimal results.

LLIO Pavment Gateway

The Payment Gateway (Karnouskos, et al., 2004; Diego 5., et al., 2007) means a trust
third party responsible for processing the payment fransaction from initiation till
completion of payment processes along with authorization. Mobile payment has two
tasks: (1) inside MMP and (2) outside MMP. The first task could occur when the
scenario of MMP reflects the billing and payment for direct rransaction-dependent on
MMP. This includes mobile value-added services and the purchase of non-digital
goods or services viz the mobile channel. Typical examples of this are news, financial
information, and entertainment. There are two well-known offer models for mobile
value-added services; one coffer is by the Mobile Network Operator (MNO), and the

another offer is direct offer by 2 Mobile Content Provider (MCP). The MNO produces
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mobile content or services itself or buys them from a MCP acting as 2 supplier and
thus offering a single face to the customer for network and all other services. Hence,
Mobile payment competes directly against other payment systems such as e-pavinent,

credit or debit card, or cash.

There are three essential charging approaches to the payment gateway:

The sponsoring approach performs a particular task. Services are free of charge for

mebile users because they are provided at the mobile content provider’s expense.

Premium fee charging, here, mobile users pay a data volume fee for transmission and
additionally a so-called premium fee for the value of the content of service. The MNO
as a payee gers the dara volume fee and transfers the premium fee to the MCP after
deducting a compensation for its costs. **Order last poal™, would be a typical example
o provide a certain number to receive a multimedia message back, including a video

clip of the goal.

Fixed price charging, here, mobile users pay a fixed price for their usape of the
service. This revenue as & whoele is shared between MMNQO and MCP according to an

agraed upon formula.

Payvment Service Pravider

Payment service provider provides the payment precedure (Kreyver, N, et al, 2002 to
the customer as well as to the portal provider or to transport service provider. The
authentication sarvice provider, in turn, provides the verified customer identity to the

mebile payment sarvice provider.
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LLIT Delivery Agent and Store Service

The delivery agent is considered a trusted third party responsible for delivering poods
and services. The transpoit service provider provides data transport to the customer
and thereby forwards the product to the customer after getting the details of customer

information contact through supplier agent.

The store service (portal), 2 site bringing together a variety of content and
services in one area and attracts a large number of visitors, delivers the product to the
teansport provider and pays compensation for payviment handling to the payiment

service provider, typically as a transaction fee.

3112 Listening, event log and noetification agent

This unit provides the necessary mechanism on the way, topic, time and place to
record the activities and information related to transactions carried out by the buyer
and supplier agent, based on the agreed privacy policy achieved during the privacy
negotiation process. This information is recorded as a log file to be used for mobile

forensic investigations (Norleyza et al, 2008).

3113 Buyer Agent

Buver agent is a mobile bearing its owner's information, certificate, privacy policy,
product/service request (Timon ef al, 2005). Buyer agent's information includss a
unique identification, the broker’s registration, a contact address, bank account
particulars and bid-related information. To enter the MMP, it has to be authenticated
by the security pateway, negotigting privacy policy to hide its identity and protect
confidential data, then, forwarded by the directory service to its broker bidding for the
requested product/service and refurming to s owner when its reguest has been

fulfilled.



3114 Supplier Agent

The procedure of supplier agent is similar to the buver agent. It returns to its owner
when a trading partner has been found. A supplist agent is called a mobile agent who
sends requests for its products/services to be advertised and seld. It carries its owner's
information, certificate, peivacy policy and information on products/services features,

regarved price and time limit {Timon et al., 2005).

What a broker agent has to do is respond to buver agent's requests, acknowledge
the Buyer Apent of previously requested information, choose a supplier according to
Buyer's specified criteria, and communicate with other brokers. If 2 product/service
requested by a buver is not available on its supplier's list, the broker will send a

message 1o other brokers guerying for the specified product/service.

31 Personalized Notification System for Improving the Efficiency of MMP

The huge increase in wireless technology increases the number of mobile device users
and provides an opportunity for the rapid development of Mobife Marker Place
(MMP) using these devices. Hence, MMP, defined as the traditional Electronic
Market Place (EMP) combined with mobile devices, Internet technology and wirelass
communications, and it is likely to become a major business model in the near future.
The imternet technologies continue to develop, popularity of mobile terminals to
increase, and the quantity of information on the internet is immense and increasing
each day. Somehow, MMP has the capability of allowing users te conduct EMP
activities on their mobile devices (such as Mobile phone, smart phone, Personal
Dugital Assistant, laptop, etc.): receiving/gathering sales information, selecting,
making a purchase decision, paying for i, obtaining the service or product and

delivering the right information to the right place at the right time without location
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and time constraints. These qualities make MMP prevalent in our daily life, and
mebile users are more willing to de business on their mobile devices more readily. In
fact, the essence of MMP revolves around the goal of reaching mobile users and
suppliers, and satisfies whatever the users” demands by fitting the preferences of the
users in combination with time and location whenever they want. In addition, MMP
offers a unigue business opportunity characterized by some unigue atieibutes that

equip it with certain advantages against traditional EMP.

However, the mobile users are still facing some difficulties in searching,
browsing and making decisions for buying an item in some MMP environment, which
are considered a tme-consuming and frustrating task. In this regard, using
recommendation system along with notification system in MMP domain will certainly
help in: (1) incressing consumer satisfaction, through supplying user with the data of
interest when events occur or certain conditions are met via a convenient means
(Nader et al, 2008). The means including instant messaping, e-mail, WAP
applications, etc. (2} Enhancing consumer/company loyalty, and boost overall sales
through targeting a huge number of mobile users based on their interest and location.
By the same token, demands for mobile services become strongsr and more
diversified. However, mobile technology services still need to intagrate with computer
network services. The integration among information services (2g. darabases),
notification  services (e.g. E-mail, alarm systems) and elecommunications
infrastencture (e.g. GSM, Fax, etc.) is one of the steategic issues to satisfy mobility

neads {Messerschmitt 15%6).

The NS is 2 telecommunication method of delivering a message to a set of

recipients. For instance, the NS can send an e-mail or gets notified by another
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gateway when a new topic has been added to the MMP or when a desired good or

service is made available. Moreover, this architecture is important for both mobile

users and services providers to provide the necessary information whean it is needad.
The complexity of the NS is often dependent on the types of messages that must

be sent. However, the NS models should have the following attributes:

O The ability of notifying individuals’ users in real-time interaction, or when the
events ke place.

O Supporting the scheduling and fail-over scenarios.

O The NS can be controlled by mobile user to permit or escalate (spam) the
unwanted notification.

O Supporting customer reviews and item features and accept them as a feedback to
determine what tasks the system should perform.

O Considering users’ location, and notifying them about their interest according to
their profiles and locations.

O Supporting the scalability, without changing the model design when there is a

need to add new notification service by means of a plug-in approach.

3.2.1. Notification Svstem of Mobile Market Place

Fig. {3.2) below depicts the proposed architecture of the Notification System for the
Mobile Market Place (NSMMP). In such an environment, end users (i.e., customer or
service provider) can access the NS and register for their events of intarest and obtain
the expected comtent when matching has occurred. The architecture of NSMMP
system consists of two main components: Customer™s Mobile Devices and Mobile

Merchant Server, in addition to the interfaces among these components.



Flg.|3. 2): The architecture of the notification system of moblle market place (NSMMB]
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A. User Mobile Devices:
The User Mobile Device (UMD) consists of subscription unit, user profile and

authentication unit.

The subscription:
Mobile Marketplace Subscriber {MMPS) is a mobile user that subscribes 1o events of

interest, and the action of this user can be performed at the client’s site or at the
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broker’s site. This unit is responsible for performing the subseription activities and
making the user able to subscribe for the information of interest or action supplied by
Mobile Merchant Server (MMS) or service provider. The subscriber lets the system
know which channel that they like to be informed through, whenever certain events
occur according 1o subscriber location or other conditions.

User profiles:

The user profile is defined as data stores that contain information about user,
including user preferences, locations, credit card details, authorization and password

information and so on.

Authentication:

Authenticetion processes should accomplish when the transaction between service
provider and mobile user has taken place, and that could be done via an identification
pracess o cryptographic mechanism, though certificates which are trustad, to provide
validity of the secrets key which are wsed for authentication. Those digital certificates

used to proof the identity and authentication of each markatplace units.

B. Mobile Merchant Server:
Another main component of NESMMP is the Mobile Merchant Server (MMS). This
component has to monitor and handle all users” requests and figure out the changeable

requirement of users timely. This component consists of?

Notification Unit:

With the help of this unit, the MMS can notify mobile marketplace subscribers via
sending them a text or multimedia message about the available services. Notification
is a form of push data delivery mechanism where informarion is ransferred as a result

of an event {Weichang er al, 2008; Tilson et al,, 2004). However, synchronization
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notifications, common in mobile networked application are designad to provide real-

time access o information sources.

Activation Unit:

If the MMPS is interested in the content of notification, he/she has to reply back to the
activation unit to make him/her 2 member of this content and allow him/her to receive
the data of interest from publication unit in timely manner. In other words, this unit
handles the users’ activation process and informs the publication unit about each
subscriber”s interest and hisher preferable gateway that he/she likes to be informed

through (2.g., SMS, real-time alert notification, e-mail message, etc.).

Fublication Unit:

While the requirements of activation processes have been done, and the conditions
have been met, as well as the events have cccurred, publication unit will immediately
publish the events to all mobile users who have subscribed to that particular event
through the most appropriate gateway te the mobile vser. In addition, this unit will
publish to subscribers all the recommendation events that have been peneratad by

Buver Recommendation Engine (BRE).

Notification Database:

Notification system database can be simply defined as a data store for the
heterogonous type of data resources, which are invalved by interpreting the conditions
of subscribars’ notification, that is associated with the item. This unit can retriave the
conditions of information 2s its availability by their names if the sources of
information are a set of files, or generates 2 logic expression based on table fields in
case of the data sources are datzbase. The notification mechanism operates as triggers

in database, when the event has occurted, the notification action will be fired, if the
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trigger condition is satisfied. In addition, the darabase intended for use in
heterogeneous distributed environments allow for objects to be shared between
different client applications. The goal of the database is to provide highly available
and highly reliable storage for items, while supporting safie sharing of these sources

by applications working in different platforms.

Event Listener Manager:

This unit takes into account filtering and controlling the process of those items
selectad by the subscribars, which are meaningful to their requirement and meat with
the merchant’s rules and conditions. It is also responsible to take input from the user

and converting it into a standard format.

Profile Management Engine:
Profile Management Engine (PME) stands for creating, updating, handling and
providing the storage of saving relevant information that consists of user preference

profile, mobile device profile, user personal information and location.

Buyer Recommendation Engine:

Buver Recommendation Engine {BRE) stands for servicing a mobile user community,
providing each user with a list of items which are the most wanted items by such user
based on his'her profile and location. This can be addressed by analvzing profile
management enging data and generate the recommendation based on that dara. This

cotmponent is elaborated with more details in naxt section.

3.2.2. Recommendation System for Mabile Market Place
In fact, this study focuses on the issue of notifying the mobile wser/group with the

information that meets such user/group needs, based on the profile and location of the
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intended user/group. The significance of this smdy lies in investigating the
notification and decision support system in 2 mobile market place envirenment. To
achieve this poal, recommender systems can be applied to the domain of mobile
marketplace. More precisely, in this thesis, & recommender sysiem using
individuals/geoup profile and location-based model for efficient recommendation is

presented.

The proposed architecture of Recommendation Systemn for Mobile Market
Place (RSMMP) consists of several steps as illustrated in Fig.{3.3) below. There are
five componants: (1) User agent, (2) Buyer services engine, (3) Profile management
engine, {4} Buyer recommendation engine and (5} marketplace. Each component may
have severzl mobile agents. The task of recommendation process is accomplished

through the collaboration of all agents.

Fig.[3. 3): Recommender module as @ part of notiflcation systam |(REMMEP)

i ; o |
Eﬂ : Mobike User | | i : Buyer Service Engine 1
% [ : | I :
x | —— |
= 1| Userinterface | | | . |
- i i | !
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User Agent

This agent consists of a user interface witch is the top component of the
architecture of MMP. This interface provides a GUI that is highly required for
supporting mobile user’s interaction amoeng the different components of MMP
system. This interface has also tackled the requirement of providing a convenient way
of interacting with the system (the amount of information is specific to the anributes
of mobile device), even via some mobile devices that have many constraints such as
small sereen with helps of device’s profile. This interface also provides necessary
services to make the accessibility, and security mechanisms more attractively among

the heterogeneousness componants of MMP.

Buyer Services Engine (BSE)

The main aobjective of this component is collecting user behavior data (i.e., navigating
pages behavior, purchasing behavior, user raring feedback behavior for
recommendation, etc.). This type of data can be obsarved and recorded during the
processes of user interaction with the heteropeneousness components of MMP. User
behavior data are dynamic and do changes while the user interacts with the system.
The user delegates his'her navigation activities carried out by a mobile device o a
maobile merchant agent. It is created at the beginning of an exploration session when a
user visits the MMP site and dsstroyed at the end of the session. This component is

necessary 1o provide accurate input data for different recommendation algorithms.

Profile Management Engine (PME)
Profile management engine stands for creating, updating, handling and providing the
storage of saving relevant information that consists of user preference profile, mohile

device profile, user personal information and location. It is always active. Whenever
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profile management engine receives a request or query from user apent, it generates
the relevant profiles information to buyer recommendation engine.

The user profile describes the interest of the user and provides input data to buyer
racommendation  engine. The uwser profile muost involve comprehensive user
information that includes static user description data (ie., pender, age, occupation,

etc.) which do not change in time,

The mobile device profile describes the characteristic of wser’s mobile device
(i.e., screen size, keyboand lavout, etc). It is the guids of contant pressnted to the
device as illustrated in Fig.(3.4) below. Many mobile device ontology standards, such
as Composite Capabilities/Preferences Profile (CC/PP), User Apent Profile (UAProf)
and FIPA (Device Ontology Specification), have been set to describe the capabilities
of different mobile devices (Foundation for Intelligent Physical Agents FIPA 2009
available ar hapedwvww fipa.org’ Open Mobile Alliance 2009 available at hrrpedwww:
Open mobile alliance.org’). Mobile device profile uses standardized format built from
CC/PP, UAProf or Device Ontology Specification.

Flg.[3. 4): Mokille device profile

Device fecagnition
oblle Devie Prafie VIce recog
(HTTP header, CC/PP, UAPrd, WURFL)
Fequast I
L
3 g Mobile Deviee 3
-k :
Respor: T é_ Contentrequest
! '
| { Cantant sdagtioe |
Adaption Content

The CC/PP specification defines a high-level structured framework for describing

capability of mobile device (Composite Capabilities/Preferences Profile,



hirpedfwwwend. orgd Mobile/CCOPP/) CC/PP provides the rules of how to construct a
vocebulary that describes capabilities and preferences, but does not specify the actual
attribute names and values. The UAProf based on CC/PP, has a base of existing
implementations for many devices (User Apent Profile, herp:/www wapiorum. com’
what'technical ). The UAProf specification is concerned with capturing classes of
device capabilities and preference information that is used only for content formarting

purposes.

The mobile device profile described in RDF consists of three parts: hardware
platform, software platform and WAP characteristics. The hardware platform
describes the hardwars information that s associated with user interface format such
as scresn size, image capability, ete. the software platform describes the available
application style, operation system and Java environment. The WAP characteristics

describe the supported WAP version and the script library.

Buyer Recommendation Engine (BRE):

A Buver Recommendation Engine invekes the weights of all recommendation
algorithms agent. Each recommendation algorithm agent eéncapsulates a specific
recommendation algorithm. It is just to introduce a new agent to encapsulate the new
algorithm when a new recommendation algorithm is required. Each agent makes
recommendations according to its recommendation mechanism. Then, the hybrid
algorithm combines and sorts the results and chooses the first top-N items as the final
recommendation. Thus, BRE transfers the final recommendation list to the user
interface agent. Considering the steps mentioned above, BRE can stand for servicing a
user community and providing each wser with a list of itams which are the most

wanted items by this user and introducing new items for target users. This can be
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addressed by analyzing user behavior data. The formar of the final recommendation
result will be transferred through the mobile interface agent to the mobile user
according to mobile device profile. Interface formar agent reads the mobile device
profile and creztes user interfaces dynamically according to the characteristic of

different devices to present the item and service information.

Marketplace

A marketplace is the space, actual or metaphorical in which a market operates. i.e.,
the “real market™ in which items and services are provided and consumed. In other
words, marketplace is a place that lets the mobile apents of buyer and seller trade with
each other and provides kinds of trading services such as: information guery,

negotiations, and auctions, etc.

WVarious factors and services in mobile marketplace play important roles in
enhancing the suceess of a current marketing fizld. The recommender systems are
considered one of the most important tools that make great significance in the

marketing activities of MMP.
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33 Positioning System and Location based Service

Location based services (LBS) ate defined as the application that utilize the location
of the user to adapr the service accordingly. LBS do not provide the services
themselves, but rather enable location based services. Nowadays location features are
becoming a fundamental part of differemt mobile devices. Such features played
important roles in enhancing the mobile location service, thus supplying the user with
an accurate transition towards context-aware services. Meanwhile, LBS have been
integrated to the current mobile and have been used in different application such as
travel information, shopping, entertainment, event in- formation and different mobile
professions. However, the location information of the user can be measured more or
less accurately depending on the positioning syvstems in use and their service
infrastructure. The technical and service infrastructure may differ or change in the
middle of a usage session (Richard F, et al, 20011;  James 5., et al, 2010; Shane C_, et al,,
20107 eg. the network or the positioning system may change when the user moves
from one place to another. Similarly, the service infeastructure, ie. the available

services and applicétions, may change,

Utilizing location based features can enhance the potential of user satisfaction
toward the quality of recommendation that reveals user neads. It makes it possible to
find and recommend items for users operating mobile devices based on his'her
location. However, a user’s preferences and item’s features are assumed to be directly

related to recommendation guality.

Fig.{3.5) depicts the architecture of the Positioning System of Mobile Market Place

{PSMMP).
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Flg.|3. 5): The Positioning System of Maoblle Market Place [PSMMP)
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This system uses different technigues to return a list of location information for both
user and item as shown in Fig (3.6} to assists the recommender system of MMP with

the necassary information about the current location of items and mobile usars

Flg.(3. 6): (a) User locatlon, [ b) ltam locatian
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PEMMP consists of presentation layer which shows the mobile devices in use,
the network laver which represents the communication madiom between the mobile
devices and MMP domain, and business and information layer which containg two
main components: Hybrid Positioning System (HPS) and Location Manager (LM]), in
additien to the interfaces among these components like Buyer recommendation engine

and profile management engine which have been discussed so far:

Hybrid Positioning Svstem: Current mobile devices (e.g., mobile phone, laptop or
PDyA) are combined with one or more complamentary technologies of positioning
system. The technology uses the location data from GPS, mobile cellular and nearby
Wi-Fi access points to calculate the position of a mobile device. These positioning
systems are complementary, because they balance each other’s strengths and
weaknesses. Accordingly, based on the needs of the applications and the required
accuracy, HPS uses several techniques (Richard F, et al, 2011; James &_, et al, 2011
Shane C., ef al, 2010) to determine which active technology 15 most reliable at any

g'i\"-&ﬂ MOImant.

HPS occasionally estimates the error of ezch of its active technologies and prefer
the one with the highest degree of confidence at that particular moment. And
sometimes, the usage scenario or the confidence histories of each source are
leveragad. (Generally, HPS uses this data to decide which technologies ara more
prefarable or how to combine the various inputs into a superior overall calculation.
e.g., sometimes, Wi-Fi does not work properly according to the poor covering of Wi-
Fi signals, and the Wi-Fi hotspots database must be constantly updated to kesp up
with Wi-Fi hotspot changes. In this regards, HPS may be allow Wi-Fi to works beside

cell phone tower triangulation and GPS to provide reliable and accurate position data



under 2 wide range of conditions, including among tall buildings and indoors, when

GPS signals may be weak or intarmittent.

Location Manager: the location manager function uses to enable the use of various
positioning technologies and convert the positioning information that is obtained by
HPS into wseful location information and make it available for LBS applications.
Thus, this function acts as a gateway or hub for location. In addition, LM provides a
mechanisim for user to obtain the device’s geographical location and 2 facility for user
to be notified when the deviee eaters a specified peographical by using location
providers which are available to HPS. Currently, many location providers are
available for obtaining location information, but three of them have gained a pood
reputation and became more popular:
+ GPS providers use a Global Positioning Syvstem (GPS) that comprises of a
network of twenty-four satellites and ground stations. Each satellite transmits
a signal containing the time and its location back to the earth synchronised by
its internal atomic clock. Using a minimum of three satellite signals a GPS
receiver triangulates its position by calculating its distance from each of the
satzllites using the information contained in each satellite signal. This method
of triangulation is referred to as trilateration. GPS based location tracking
systems are proficient way for tracking the exact co-ordinates of 2 mobile user
to get the information about his’her current location. This mechanism is
widealy used in the M-Commercs based advertisement systems where the point
of interest information about the hotel, restaurant in specific location will be
sent to the mobila user based on the GPS location co-ordinates.
»  Network providers use Wi-Fi networks that utilises existing Wi-Fi equipment

such as those installed in personal computars, and smart moebile phones. The
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technology uses modulated Wi-Fi transmission signals to detect the pressnce
of a device { Wi-Fi card periodically scans its environment to discover
wireless networks. e, the laptop periodically broadeasts an 80211 probe
request frame and listens for probe responses from nearby access points. The
distance between the access point and a receiver compuied according the
signal strength values (when it is closer to zero), which does not necessarily
have to be connected to the network in question, just visible to it, the system is
then able to determine the position of the device based on the signals received
from the various Access Points (AP).

Network providers use cell-phone towers that calculare the location of the
mobile phone by measuring the maobile phone signal strength and the signal
travel time relative to the different towers with in a cell. Table. (3.1) below
depicts the advantages and drawbacks for the abovementioned positioning

system,

Tabla (3. 1} Advantages and drawback of the mast popular positiening system

Technologies

Common principles used
for localization

Advantage

Drawhback

Triangulation methad
using timing  signals

Works extremely well -
accurate and reliable- in

(GPE satellite signals are
weak (when compared o

from 3 satellites out of 2 | open areas (outdoor), | cellular phone signals or
systemn of 24 satellites. sparsely populated | Wi-Fi), so it does not
Arcas. provide any coverage
Time of Arrival (TOA) inside & building or
No new network indoar.
GPs infrastructure required.
Omly determines the
Wumber of GPS location of object within
devices steady growing. | & few hundred meters
Can locate within Very  high  Power
thousands of consumption.
kilometres.
Time  Difference of | Wi-Fi coverage is thin | Its eccuracy depends on
amival {TDoA) or non-existent so it | the density of Wi-Fi
Wi-Fi performs best in | signals or the number of
congested  population | routers. The technology

performs  better in  the
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Time of Armrival {TOA)

Recerved Signal
Strength Indicator
{REEN)

centers and indoors.

It is one of the most

important wireless
networks under
location-based  service

used for determining
positions of an ohject or
PETSOMN.

Can locate within 20 to
30 meters of an ohject
depending on  the
deployment of Wi-Fi

urban areas that have
more Wi-Fi beacons.

It is not popular in rural
arcas  where  access
points are deployed far
trom each other.

Unlike GPS satellites or
cell  towers, during
moving it necds timely
update the  location
database by searching
for mew Wi-Fi access
points I a particular
arca and only then the
application can locate
the precise position.

high Power consumption

Cell tower

Time Difference of
amival {TDoA)

Time of Amrival {TOA)
Recerved Signal
Strength Indicator
(REED)

Angle of Arrival (AQA)
Proximity Cell ID,

others

Triangulates the location
of the subscriber using
timing of signals sent
from the mobile unit to
at least three different

cell  sites. Time
difference  of  arrival
({TDOA) requires
synchronizetion  among

base stations and uses
differences in  arrmival
timne.

HPS can combine cell
I and Wi-Fi o
increase the location
coverage for a wireless
network without adding
or  modifying any
hardware an the
devices or the network.
Mo handset
maoditications

Low cost

TOA does not require
any handset
maoditications

Good Availability

Can locate within tens
of meters to tens of
kilometres

low high Power
consumption

Uses the lecation of the
base station currently
handling a call to
represent the
subscribers location
Accuracy can be
increased by
sectorization (using
directional antennas at
the base station).

lower accuracy,
especially in large rural
cells.

loss of privacy for user
inferior accuracy for
TDA in analogue and
narrow hand digital
EYSLEITIS.

new equipment needed
at rase stations.

TDA requires
madification to handset.
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As mentioned before, the accuracy of exact location depends on the location
providers. The location will be computed based on the latitude and longitude or the
received signal strength to the closer referenced AP or cell-tower. Thereafter, LM will
despatch the location information te the recommender system as required. In a similar
manner, map service uses Geocoder tachnique that rakes an address and retums a
latitude/longitude pair, and then translates a latitude/longitude pair into a list of
addresses. However, the returned address it may be not always an exact address.
Thus, based on the matched location information that retrieved from PSMMP for both

user and item, the recommendation will take place according to user interast.
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Chapter 4

Recommender System for MMP

4.1 Introduction

This chapter deals with the design and implementation of the proposed method that
can help mobile individuals /group formulate batter decision-making by incorporating
user/group profile as well as the geopraphical location. However, this svstam not only
recommends items for individual/group of users with applicable recommendarions
based on their preferences and closest location, but is alse capable of providing an
explanation for the actual reasons behind the recommendations for individual and
group users alike. To achieve this end, it should subdivide a MMP into distinct
subsets of users where any subset may be selected as group or individual targst. This
can lead to the creation of a distinet justifiable recommendation according to the
prefarences of a specific users/group. In order to tackle this problem, users profiles
have been constructed and processed based on information related to users” ratings
and item features. Such process reflects dependencies among items and users, thus
disclosing user’s rating behavicur. The next step is to assign weight on user’s profile
in order to show the festures that are more interesting and peculizr to each user.
Thereafter, grouping users and items into clusters based on the most coherent rating.
A subsequent step is wsing neighbourhood technique- Cosine Similarity- to find the
clusters that contain the partial matching with the arger user/group. This is, in facr,
carried through observing ratings/features patterns of users/items for the target
user/group vs. the available clusters. Hence, items are identified based on similarity of

their features that are selected together by a sufficient number of users. Then, a list of
)



recommended items is generated. Hence, reviewing the features of user profile against
the featurss of recommendations list is essentizl to make the justification of
recominendation more reasonable and understandable for service providers as well as
for mobile users. The results of the recommendation list show how the features of

recommended items are coherent and similar to the features of user profile.

In the experimental setup of our recommender system, a bicluster may denote a
group of users that prefer some specific features. Collective features can be extracted
by using groups rather than individual users. As far as a group recommendation is
concernad, we assume that the input dsta contain item’s ratings given by both
individuals and groups and instead of caleulating similarity between one test user and
each bicluster, we calculate similarity between a group of test users and 2ach bicluster
* considering the duality of content and rating data ™. For instance, if we have a group
of users G = uy, ty, U3 and suppose we have ratings of a particular item I, by users u,,
ti, 3, subgroup {uy, ux} and subgroup {us, uii. To predict what rating group G would
give on an item, most of the previous researches will make their predictions only
based on the ratings from users” uy, o and ug, while some of the researches would ask
users provide additional information and some others would ask the help of domain
experts. In our work, for example, if users u, and us rate the item [, as 1 and 5,
raspectively, but they as a whole rate the item I, as 4, then we realize that user uz
seems play more  influential role in this group, which somewhar reflects the
personalities of users u, and us Hence, our approach is capable of taking into account
the dependency of features influence among the preferences of the majority of users
80 a5 to come up with reasoning behind the justification that gives credibility to the

recommendation.
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By exploring the feaures of items that recommended to the target ‘individual
user/group’ with hisher/their user profile, the coherent match appears. This similarity
is much closer among the recomimended items that have highest values of influsnce.
In contrast, the values revealing poor influence are evidence of the poor matching
between the features of both those items and the tested user/group. Both the high and
low values can be taken to interpret the significance of the role of influence among
the features and uwser'group profile. Thus, the list of recommended items which
containg the highest influence values is actually meets the interest of the tested
user/group by involving the most desirable featuras that user/group are looking for.
Hence, the syvstem was able to grasp the user/group needs and recommend items

accordingly.

Meanwhile, it should emphasize that the items that pot poor influence value with
individual user are not supposad to be eliminated during building the recommendation
for group. When these values have been eliminated less accuracy of recommendations
has been chserved. Therefore, those values play important roles to improve the
accuracy and the quality of recommendations for the group. In other words, the
influence of content data among users’ profiles has strong effect on the quality of the
group recommendations. The influence values may changes from case to case for the
same user due to items/users influsnce among the different proups. Howewer, that
change does not affect the accuracy of recommended items or the justification for the
target user. This can also be considered as another aspect of the system ability of
filtering useful information that fits each individual needs, as well as satisfying the
group users interests. Thereafter, the items that already have been rated by user could
be excluded or kept the same ‘if needed” to provide a recommendation to the specific

user about the new generation of item that user pot/rated it before.
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Finally, we have constructed the users/items location profile; the system has been
subjectively designed not only to génerate accurate recommendation in raspect o user
interest, but also to help users find the closest place that surely contains their item of
interast. However, the location of users may continuously be updated due to user
movement but the recommendation has to take place according to the last updates.
The graphical representation of the proposed method is illustrated by Fig. 4.1 and will

be daetailed in the coming secticns.

The proposed method has achieved significant results by recommending the
user/proup with items that match his'her'their interest according the evaluation
metrics. The evalpation metrics we adopted here and uwsed to calculate the
performance of our recommender systems are recall and precision measures which are
among the popular evaluation metrics in information retrieval systems.  The
quantification of recommendation is subjectivity captured by understanding the
influence of wser/group rating and item’s fagtures among user’s profiles vis-a-vis
his‘her/their location. The framework has been implemented and evaluated using
synthetic and benchmark datasets and has shown significant results. The penerated
recommendations have been categorized as individuals, groups which contain random
users and groups which consist of biclusters that have been built during bi-clustering
processes. Moreover, this approach takes into account the duality and dependency that
exists berween users rating and items features whereas most of the hybrid algorithms
perform separate clustering of users and items so they cannot detect item similarity. It
provides the actual reason behind its recommendations and justifies them. It is
capable of recommending useful information that fits each individual neads, as well
as satisfying the group users activities. Thus, the proposed method has the potentiality

o increase consumer satisfaction, enhance consumer/company loyalty, and boost
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overall sales by giving justification and creditability to the products that have high

degree of interest to mobile users.

Fig.(4. 1): Grephlczl Representation of the Proposed Method

Tustification Recommended Location
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4.2 The Proposed Method

The following steps describe in details the design and the implementation of the

proposed method:

4.2.1 Building user(s) profile

As shown below in Fig. (4.2-c), user profile P (L, £) constructed based on the rating
and content data to show the users and their interested features. Rating data & (L7,0)
as shown in Fig. (4.2-a) represents the rating data given by user U for a specific item
I. In the rating data matrix the rows represent the users and the columns represent the
items. Whereas content data C (T, £) as shown in Fig.(4.2-b), represents the features £
for an item I In the content data matrix the rows represent the items and the columns
represent the features. The values of rating data of [ could easily reflect and disclose
the users’ behavior and show the degree level of their interest in a particular item.
However, such data is still lacking and unable to explain what precisaly a user prefers
most in a specific item. Therefore, it is necessary to use the content data. Considering
values for such features will help to figure out the features that are more important
and preferable by each user. For instance, combining the features of rating items for
each user individvally would vield a clear picture with optimal meaning for user
profile P (L}, ) and would lead to aceurate recommendation. Here, we assign the
minimum value of threshold for rating data as Tiay to bring out the most coherent
dependencies of items features among user profile. In our proposed model, the

equation below is used to build a user profile:

Plu] — Z Clis] where S = S U (i) and R[ix] > T, (1)
ipEX
Where, 5: set of the items which have been rated by user
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To give an example, the Uy (Samuel) has rated for items I, Ip, and Ts {Xperia §
Iphone 45, and Galaxy 2) as (2, 4, 5) respectively, and the content features of those
items ate {Xperia S = 01011, Iphone 45=0] 1011, and Galaxy-2 =1 (01111). Here, it is
possible to observe and understand the user behavior by histher profile, and thereby
getting to know that Samuel is more interested on the features f), fi i, f{Price
Quality, Bamery-Life and Display). However, it is clear that the features £, f, &
(Quality, Battery-Life and Display) are more interesting to Samue! and able to

describe him better than features £, f, 3 {Price, Design, Simplicity) can.

Flg.[4. 2): (2] Rating Data A, (k) Content Data C, (c] User Profile P

Anardung

HAEIYOR

1ETd3-snsy

{a) {h)

£ g
f=] o]
|85 12|58
#1937 2L (&8
- = =
Jahn i o) 2 a 1 1
Ernad 223|123
Nazek 2 1 4 1| 3 3
Alisa 1|2 |o|2|[0]2
Elbert 3l1)a3|z]|2]|3
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EE



4.2.2 Assigning welght

The weighting mechanism on user profile denoted as WP (U, F) and has been used to
find out the dominant features thar better describe and distinguish the particular user
from the remaining users. Fig. (4.3) illustrates the weighted user profile by using
inverse document frequency (IDF) (Salton, G. eral,, 1983; Ho Chung et al., 2008) as

follows:

WP (Uj, fn)= FF (U], fn)* IUF ( fn ). (2)

IUF () =log{ Ju]/UF (fn))
Whare,
u| - the total number of users
IUF - inverse user frequency
UF - users frequency in user profile
FF - feature frequency in user profile

If UFsl] then UF=JF-0.1

Flg.[4. 3): Welghtad user profile WE

] E =
- ¥ g EE|E
i |5 Z
R g 5 E | L |E
= H
lahn 0.007 o 0.158 i 0.079 | 007

Emad 0,014 | 0158 | 0238 | 0.079 | 0.158 | U022
Nazak 0,014 | 0.079 | 0318 | 0079 | 0238 | (i3

Alisa 0.007 | D.158 ] 0158 | 0 |((ols

Elbert 0.021 | 0.079 | 0238 | 0158 | 0.158 | o022
Sermuel | 0014 | 0.079 | 0238 | 0.079 | ).238 | 0022

4.2.3 Grouping users and items into clusters based on the most coherent rating
An attempt 1o organize users into sub-groups according to their rating by using
traditional clustering is not efficient since the traditional clustering algorithms put

each userfitem in exactly one cluster. The shortcoming of this approach is that they
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cannot detect a partial matching of a user’s preferences, because two users may share
similar preferences only for 2 subset of items. Simultzneous using bi-clustering/co-
clustering for clustering users and items can discover the exhibiting highly coreelated
ratings on groups of users and items. Biclusters allow the computation of similarity
between a test user and a bicluster only on the items or features that are included in
the cluster. The biclustering process on the rating daa matrix involves the
determination of a set of clusters taking into account both rows and columns. Each
bicluster is defined on 2 subset of rows and columns. Moreover, two biclusters may
overlap, which means that several rows or columns of the matrix may participate in
multiple biclusters. Another important characteristic of biclusters is that each bicluster
should be maximal, ie., it should not be fully contained in another determined
bicluster. To ensure that a user may exist in more than one cluster, 2 degree of overlap
between bi-clusters is introduced to cover all the different preferences of a user
(Banerjee, A, aral, 2007; Madeira et al, 2004 Dhillon, I, et al, 2003; Cheng, ¥, af

al., 2000; Mirkin 1996).

In order to provide recommendations to a specific user, it is obligatory to find
only the bi-clusters that have subsets of constant values and represent the users who
have similar behavior to that particular user. For this purpose, we use a simple binary
inclusion-maximal bi-clustering algorithm Bi-Max. It is an exact biclustering
algorithm based on a divide-and-conguer strategy capable of finding all maximal
biclusters in a corresponding graph-based martrix representation (Mirkin [996). For
the Bimax algorithm, & bicluster defines a sub-matrix which corresponds to a subset
of users that jointly present positively rating behavior across a subset of items and for
which all elements are satisfied by thresheld condition. For instance, if we consider

Fig.i{4.2-a) and select the positive rating threshold as Ti > 3 then the resulting sub-
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matrix. will be having 17s under columns Ui(fohn)=lyNokia NE), Uz Emady=
I3 Ly(Iphone 45 Nokia N8 Ug(Nazekjsl,  [q Xperia, Galaxy 2),Ug(Alisz)=lg(Asus
EPIZI),Us (Elbert)s]l, [ Xperia, Nokia N& land Us (Samuel)=ly Lilphone 45,
Galaxy Z). Now, if we apply Bimax algorithm to the sub-matrix, it finds clusters with
constant values {i.e., value 1). The main poal of the Bimax algorithm is to find all
biclusters that are inclusion maximal, i.e., that are not entirely contained in any other
bicluster. The run-time complexity of Bi-Max is O (mnb ), where m is the number of
users, # is the number of itams, and b is the number of the resulting biclusters. Thus,
in our example, given a set of m users and n items {ie, an mxn matrix) as
reprasented in rating data B {07, i), the Bi-Max algorithm generates biclusters as a
subset of users that have exhibited similar behavior across a subset of items, The
biclusters of bi-max are shown in Fig. {2.4).

Flg.ia. ): Apglylng Bl-max elgorithm on rating data A

TEE I8 e
L
% : :; ; E -:_, Biciusterse
v = X IJ“ = {lohin, Ern:rll Narek, Elbert], I“I {®peria &, Mokia-N8}
2 .,/{, tu = {Mazek, Ebert, Samuell, | = {Mparia 5, Galawy -2}
Ichn : 38 '.i"'r b: = {Nazek, Elbert], = {xperia 5, Mokia-N8, Galawyz}
Emad NINE I:-. iy, = {Emiad, Hulh_hmuﬂh = {Xperia &, Iphomesas)
- . b rU = {Emad, Mazek], 1= {Mperia§, Iphane=25, Hokia-NE}
| Elbart 151 I:-: ' IJ:: = {Mazek, Samuel), I:l {Xparia 5, Inhoned5, Galasy -2}
Mapek dl2i0 I:\1 H u..r = {Elbsgrt, Emad}, I“- {Xparia 5 Mokia-MB Asus-EP121}
s Appiying bimary imclusiormoximal « 8k aigardthm oe &
Samual

COmnce the biclusters are created, the biclusters of rating data BRib,i} are generated
as the frequency of users in a bicluster Uiy for every item among Jy; to figure out the
items those are matching between the wsers preferences among biclusters and find out
the frequency of users those have shared the same items. The BR matrix as shown

below in Fig.(4.5-a) generated as follows:
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o luge| If I; € Io
BR(i, ) = (3)
.0 otherwise

Where, Uy; arc the subset users of by and [ are the subset items of by
Thereafter, in order to figure out the features those are matching between the users
prefarences among biclusters based on the users fraquency. hiclusters of content data
BCyh, £, ) ara constructed based on the summartion of features f in contant data OfF, )
for particular items included in a specific bicluster of rating data BR(b, i) multiplied
by the common frequency for the same items existing in bicluster of BR Fig.(4.5-b)

shows the BC which constructed as follows:

S« Su iy} when bj[iy] =0
ve ) Cl]
ixEX
bf — v =b;[s[1]] (4)

Where, § is set of the items i, inside the biclusters by of BR, v is the summation of
content features of 8, bf is the distinguish value for cach features among biclusters by of BC.

Finally, to figure out the variety and differences between the features among the
biclusters of BC, inverse document frequency was applied on BR 1o generate a

weighted biclusters WO, f; ) as shown in Fig. (4.5-¢). The WC penerated as follows:

WC(b, f) = FF(b, £} * IUF( f) (3}
IUF( £) = log( |b]/BF())
Where,

|b| - the total number of hiclusters in BC
IUF - inverse user frequency
BF - users frequency in bicluster of BC
FF -feature frequency in bicluster of BC

If UF=|b| then UF=UF-0.1



Flg.{4. 5]: (2] Blcluster of Rating Data BR, [ hb)Bicluster of Content Data BE, (c) ‘Welghted blcluster of
Content Data WC

s
EAIHEL HAELHE
E-EEEEE il |E|E|2|E
“|E|&|8 |5 |E 2|2 |5 (=
& = w
b, |4|0|D|a|0|a b, |4 |0 |8 |0 |44
b, |3|0|0|0|3|0 b, |68 |0 |8 |3 |6 |6
b, |2 |0 02|29 b, |4 [0 |6 |2 |44
b, (3 |0|3|(0]|]0O]| 0 b, [3 | 3|6 |0 |6 |6
b, |2|0|2|2|0]|0 b, |2 |2 |6 |0 |44
by |2|0o|2|0o|2]|0 by |2 |2 |6 |2 |6 |6
b, |2|0 o2 o2 b, |24 |2 |a|2|2]2
fa) (b}
| F
o =
> §|18| 2| 5| 3
"8 |F| E| | &
= | 5 0=

b, (0025 0 0050 O |o0025 0.025
b, [0.037 0 DO370.729) 0037|0037
b, [0.025 0O 0.0370.486|0.025 0.025
b, (0.0190,7290.037 0 |0.037 0.037
b, D.Oiqﬂ.lﬂﬂﬂ.tﬂ? 0 | 0025 0,025
b, (0.0250.4860.037 ; yoc | 0.037 | 0.037
b, [0.0250.4860.025 ; 4ae | 0.012 | 0.025

iel
4.2.4 Finding Similarity
The neighborhood is defined in terims of similarity between users, either by taking a
given number of most similar users (k nearest neighbors) or all users within a given
similarity threshold. Therefore, the predictions for an individual can be made by
averaging the opinions of the other users in thar cluster, the prediction for groups

could similarly be the average across the clusters, weighted by degree of participation,
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that represent each user in several cluster. However, the nearest neighbor algorithms
(Brease et al, 1998) have obtained better results compared to what the clustering
techniques do. Clustering techniques can also be used as a preliminary step for
reducing the candidate set in a nearast neighbor algorithm or for distributing nearest-

neighbor computation across several recommender engines.

Therefore, in order to identify similar users and justify the recommendation, we
measure the similarity between the biclusters by which containg strong partial
similarity with targst user w, considering only the similarity betwesn the set of
itens/features that are included in By and the set of items/features rated by o
Thereafter, the similarity between each test user/group and the penerated biclusters is
calculated, thus creating the test users” neighborhood, which consists of the moest &
nearest  biclusters. Then, each test user/group 13 provided with a Top-N
recommendation list based on the most frequent items in the neighborhood. Thus,

cosine similarity has been used to measure and find similarity in two different ways:

To find the k nearest neighbors, we calculate the similarity betwesn the test
user/group and each bicluster based on their “ratings data™ and then select the k

bicluster with the highest similarity.

The similarity (Sim,) for individual user (Joha) as shown in Fig(4.6-c) is computed

according to his rating behavior on items and the related biclusters as follows:

Sim, « Cosin Similarity (R[U;], BR) (&)

Y R(U, i).BR (b,i)
VER(U, D). (T BR (b, i )?

sim,(u, b) =

64



Fig.(4. 6): (a) Test user from Reting Data R, [b] blclusters of rating data BR [} Similarity between R

and BR for Indiwidual user.

= |z
«’="§§gﬂ§ sim1
g E[R E2(3
I HBEE John
““‘ﬂ'-m%h'z
e
Individual User b |4/0j0jajo]0 b, | 0970
= b, | 3|ojolo|laa b | o3ea
« | 8 ’3’. E g | b |2|o]|o|z2]z2]0 by | D792
Eggg-ga b,|2|0|3|o|0|a0 be | 0264
w |m|&|2|n|8 [mlz2][o]2]2]0]0 by | 0792
g b |2|ofz|o|l2]0 by | D297
john | 3 oo | s oo b |2[oflol2]0]2 b, | D792
{a) (k) icl

The similarity fs:mfjm M_H] for random group users and srmjm for the regular

group that has been created during biclustering processes, as shown in Fig.{4.7-c and

4 8-c ) 15 computed according to their rating behavior on items and the related

biclusters as follows:
RG « z R[U,]
uy € Uy
Sim, — Cosin Similarity (RG, BR)
Y R(U, i).BR (b, 1)
VIR, 02T BR (b, ()2

sim, (u, b) =

7)

Fig.(4. 7): (2) Test user from Rating Date R, [b) blclusters of rating data BR [c) Similarity between R

and BA for random group.
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ml2lo[o[z]o]2 b, | 0900
ia) b} el
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Fig.(4. B]: {a) Test user from Aating Date R, (k] biclusters of rating deta BR [} Simlilarity between &

and BR for blclustered group.
oA
—_ T
|4 ‘_3:; £12|% Siml
e | g R
g |5 T ; = | = it
il TR L
Biclustered Group &
by : Upy = {John, Emad Nazek Elbert) | (B | 2| 0|0 2|00 by | 0.863
b, |3|ofoflo|z]|0 b, | 0625
= g E Eg [b ] 2]lofofl2]z]o by, | 0.910
e |5 |m|[|3][0]|3]0]0]0 by | 0.596
w x| & |&|o |k [m][2[o]2]2]0]0 by | 0.875
& by [ 2| 0| 2| 0] 2|0 by 0.681
b, | 13| 1| 7|16|8|5|[m|2]l0|0l2]o]2 by | 0.827
{a] (b} ie)

ii. To find the k nearest neighbors, we calenlate the similarity between the test

user/group znd each bicluster based on “item features™ and then select the k

bicluster with the highest similariry.

The similarity {Simz) of individual user {John) 2s shown in Fig(4.9<¢) is computed

according to weighted user profile and weighted bicluster of content data as follows:

Sim, + Cosin Similarity (WP[L;], WC)

WP, f.WC (b, f)

simylu, b)) =

VEWP(U, f)*.JEWC (b, f)?

(8)

Fig.(4. 9): (2] Test user fram Welghted User Profile WE, [b) welghted bicluster of Content Data WC
(c) Similarity between WP and W for Individual user.
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The similarity fs:m?_rm M_ﬂ‘,l for random group users and srm.?w for the regular

group that has been created during biclustering processes, as shown in Fig.(4.10 and

4.11 ) is computed according to weighted user profile and weighted bicluster of

content dara as follows:

WPG — Z WP[U,]
up & Upp
Simy «~ Cosin Similarity (WPG, WC)

ZWPU, f)WC (b, f)
VEWP(U, f)2.JIWC (b, f)?

simalu, b) =

(9)

Flg.[4. 10}: (2) Test user from Welghted User Profile WP, (b welghted blcluster of Content Data WC

(] Similarity between WP and WC for random group.
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Flg.[a. 11): (8] Test user from Welghted User Profile WP, (o] welghted blcluster of Content Data WC

(¢} Similarity between WP and W for biclusterad group.
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To insure the duality existence among the rating and content data the similarity
between a target wser/group and the biclusters of both rating and content computed as
fallows:

Sim +~ (1 — @).5imy + o, 5ims (10}

Parameter ‘o " takes values between [0 and 1]. Thus, it has been noticed that the
mote “a’ increases, the more justifiable recommendation the system is required o
give, concentrating on the dominant feamres because user-fearures can give more
precise  recommendations than  what user-items can do. Here, the best result is
obtzined when “a” was equal t1'0.8" as shown in Fig(4.12, 4.13 and 4.14} for
individual, random group and biclustered group respectivaly.

Flg.[4. 12): [2] Similarity between R and BR (k) Similarity between WP and WE [c) similarity between
target Individual user and the similarity of biclusters of both reting and content.

Jahn | Sim1 sim2 | Sim g |
by | 0.970 b, | 0874 | by | 0.893
b, | 0.264 b, | 0072 by | 0.130
b, | 0.792 by | 0094 | bs | 0.234
by | 0364 by | 0071 by | 0.130
by | 0.792 b, | 0093 | | bs | 0.233
by | 0.2497 by | 0.075 be | 0.119
b, | 0792 b, | 0.043 | by | 0.193

(a) (b} iel

Flg.[4. 13): [a] SImllarity between R and BR (b) Similarity between WP and W (2] similarity betwean
target random group and the similarity of blclusters of both rating and content.

SIL v s SIMZ 4y s SIM g onns asa |
by 0.716 by 0,570 by 0,599
b, | 07239 b, | 0598 b, | 0.526
b, | 0585 by | 0611 by | 0.606
by | 0239 by | 0.597 by | 0,525
b, | 0585 b, | 0610 bs | 0.603
by 0,195 by | 0828 by | 0.701
b, 0.909 by 0809 by | 0.829
fa) () c)
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Flg.[4. 14): [a] &imilarity between R and BR (b] Similarity between WP and WE [c) similarity between

target blclustered group and the similarity of biclusters of both rating and content.

4.2.5 Extracting the dominant features and caleulating the influences

Siml g SIm2 g S gy

by | 0.863 b, 0819 [ | 0828
b, | 0,625 b, | 0326 b, | 0.386
by, | 0910 b, | 0345 [ bs] 0.458
b, | 0.596 by | 0.325 by | 0.379
b | 0.875 be | 0.344 | bs | 0.450
by | 0.681 b, | 0.435 by | 0484
by | 0.827 by | 0.403 | by | D.488

a) (b} 1]

The hiclusters of BR and the biclusters of WC have besn sorted based on the

correspondent Sim values in descending order in order to extract the most dominant

features among the nearest biclusters of test user/group. Hence, the dominate features

for the items that are selected by user/group with the same biclusters that contain the

fearures and weight computed as follows:

DF(i,f ) = BRT(b,1) % W{.‘-’hfj

group and biclustered group respectively.

(11)

Figs. (4.15, 4.16 and 4.17) illustrate the dominate faatures for the individual, random

Flg.[4. 15): [a] Blcluster of Rating Data BRT, (b] Welghted bicluster of Content Datal WC,[ (c| The

Dominate features OF for the Individuzl usar.
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Flg.[4. 18] [a) Blcluster of Rating Data BRT, (b) Welghted bicluster of Content Data| WC,J (c) The
Daminate features OF for the randam group.
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Flg.[4. 17): (2] Bicluster of Reting Data BRT, (b)

Daminate features OF for the biclustered group.
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Thus, the extracted features used to find out the most influenced items in order to

create the wop-N recommendation list. The influence of items calculated as follows:

INFli] « Z pFli, ]

=

(

Figs. (4.18, 4.19 and 4.20) illustrate the influence values among items for the

individual, random group and biclustered group respactively.

12)

Flg.[4. 18): [a] Bicluster of Reting Data BRT, (b] Welghted bicluster of Content Datal WC,) (c) The
Dominate features OF for the Individuzl usar.
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¥peria s 0,224 | 1.822 | 0.398 | 2.664 | 0.224| 025 Hperia & 5.582
Sony Tablet-5 (i) [i] o i [i] [i] Sony Tablet-5 [i]
Iphane-4%5 ouoz2a 0872 | 0L0F4 (n] 005 | 005 Iphose-a% 117
Makiz-NY 24 1.822 0398 2664 | 0,224 025 Mokia-ME 5.582
Galaxy -7 0u0s i) 0074 | 0972 | 008 | 008 Galaxy -2 1.198
Asus-EP121 05 0B 005 1692 | o2 00s Ass-EP121 2Te
(a) (b}




Flg.[4. 19): [a} Bicluster of Reting Data BRT, (b] Welghted bicluster of Content Datal WC.[ [} The
Daminate features OF for the randam group user.

w |
john & Alisa | = g g ‘?__- _g g sohn & Alisa | Influence
g ] = | 2

| Xperla s 0174 | 2916 | 0272 | 4356 |0.198 | 0.224 Xperla 5 814
sony Tabdet-5 o o o o [1] o sony Tablet-5 i)

| Iphone-45 0074 | 1944 | D14 | 1692 |0 124 |0.124 Iphone-45 4106
Nokia-Na 0124 | 15944 | 0198 | 2664 |0.124) 015 Mokia-N3 5204

| Galaxy -2 01 0597 | 0.14B | 2664 |0.124|0.124 Galawy -2 4132
Asus-ER121 0.05 | 097 | 005 | 1692 | 0024 | 005 Asus-EP121 2 B3R

fa) ib}

Flg.[4. 20): [a} Bicluster of Rating Data BRT, (b) Welghted bicluster of Content Datal WCJ (c) The
Daominate features OF for the biclustered group.

n iy
Uy, =] B2 % o =) Uy, Influence
| B £ 5|12
7| €| F| z| F| 2
| Kperia 5 0275 | 1.944 | 0413 | 3.402 |0,273|0.299 Kperia 5 6.606
Sony Tabdet-5 0 0 0 0 0 0 Sory Tablet-5 i)
| Iphone-45 0125 | 0972 | 0185 | 243 |0,149)0,149 Iphone-a5 401
Nokia-Na 015 | 0972 | 0228 | 0972 |0.124 015 Mokia-Ng 2 BOE
| Galaxy -2 005 | 097 | 0074 | 0972 (0074 (0.074 Galaxy -2 2216
AsusEP121 | 0.05 | 0972 | 0.048 | 0972 |0.024 [ 0.08 Asus-EP121 2 116
(a} i)

For individual user, we have eliminated those items whose influence have tiny values,
or already has been rated by the test user, and keeps the number of items with highest
agpregated values that contain the most dominate features. In contrast, for group of
users, we kept the tiny influence values and the rated item by some of a group user
because such values have shown significant enhancement improving performance of

the recommendation among the selected group.
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Chapter 5

Experimental Results and Analysis

5l Results and Discussion

5.1.1 Generating the of recommendation list

Based on the procedurss that have been detailed in chapter 4, the items with highest
values of influence have been used to provide the top ranked recommended items for
the target user/group with help of weighted user profile. Figs.(5.1, 5.2, 5.3 and 5.4)
illuscrate the top ranked recommendad items for individual (Jobm) , random group
(John, Alisa) and biclustered group (UbI) respectively and the list penerated as

follows.

RI(w,i) = WP(U,f )= CT{I,f) Wie DF (13)

Flg.[5. 1) : (8] Test user from welghtad user profile WP & User profile P, (k) Content data CT, (c)
Aecommended [tems Rl for Individual user when the Iltems rated before have been excludad.

o
- RE
Bg|F|2
m E(g |2
- | = =
Blul&|F
= de
Price | 12|00
- 2 o 5‘ E o Dresign I‘l o 1|1
g |z g =5 | & Quality of1]1
L ] -ﬁ‘ ‘::-7" = =] | . ]
S| = Stmplicity 1(21]0]1
0.007 | 0| 0.158 | 0 |0.079|0.007 Battery-life ]u 1({1|0
lahn-Up 1 o 2 o1 ! Dhsplay 1(1]1
(a} (k)

103



M.B. The numbers in tables of recommended items show the order of the recommendation

o
{188l
W
0,014 0.251 0.244] 0.007
John-R1 [} @ & @&
{ch

list, and the symbol *£" exposes user interest in the rated items.

Flg.[5. 2): (2) Test user from welghted user profile WP & User profile B, (b) Content data CT, (c)

ARecommended [tems Rl for Individual user when the ltems rated before have been Included.

HHUE
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- Simplicity 0|0|1]|1
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0251 0158 0.014 0.2
Johnl | #2 | + | @ | @
ie)

Flg.[5. 3): {2) Test user from welghted user profile WP & User profile P, (b) Content data CT, (c)

Aecommended [tems Rl for random group.
o'
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Joahn & Aldisa z|& ERE]
- B &
e 2]E s | Price |1/ 0|10
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Flg.{5. 4): (2] Test user from welghted user profile WP & User profile B, (b] Content data T, (c)

Recommended ltems Rl for biclustered groug.
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5.1.2 Experimental Results and Observations
This secticn discusses the results of the shovementioned experiments that have been
carried out and investigated in chapter 4 and 3.

Fig.[5. 5): Lser Profile

4

W Price
£ W Deslgn
2 B Quality

W Simplicity
o M Batrery-life
o B Display

lohn  Emad Mezek  aAllsa Elbert Samuel

In section 4.2.1, User profile used to capture the interaction between users and their
favorite features as illustrated in Fig.(3.5), in order to reveal the real reasons of their
rating behaviour. i.e., here, it is possible to observe and understand the user bahavior
by his‘her profile, and thereby getting to know thar user {Nazek) is more interested on
the features {f, £, 5} Quality, Battery-Life and Display). However, it is clear that the
fagmures {fi fy, f/ are more interesting to user {Nazek! and able to describe her beter
compared to features {f] &, £i} (Price, Design, Simplicity) can.

Fig.(5. 6): Welghted User Profile

0.35

03 + W Price
025 + W Deslgn

0.2 m Quallty
015

W Simplict

0.1 P

0.05 W Battary-life
o H Display
John Emad Mazek  Allsa Eloert Samuel

However, the user profile is still unable to explain what precisely 2 user prefers most
in a specific features. Therefore, the weight assignment is done on user profile in
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order to better describe and distinguish the features’ preferences among user profile as
illustrated in Fig(3.8). ie., after assigning weight for user {Nazek} profile the most
distinguizshed feature appeared were {f; £ It has been observed that {£] obtained a
less walue and does not appear among the distinguished feature of weighted profile,

while it was equivalent to {3} in user profile.

Flg.[5. 7): Bl-clusters of Rating Data (BR)

: B Xperla s
3 W Sony Tablet-5
2 B |phone-45%
W Mokla-ME
. B Galaxy -2
a B Asus-EP121

As stated before in section (4.2.3), to detect the partial matching among user’s
preferences, it is required from users to be grouped into bi-clusters wherein each
bicluster corresponds to group of users with highly correlated ratings on groups of
iterns. This allows the computation of similarity between 2 test user and 2 bicluster
based on the items or features that are included in the cluster. In order to provide
recommendations to a specific user, it is required to find the bi-clusters that have
subsets of rating values and represent the items that have similar rating behavior to
thar particular user. This help vo figure out the partial matching of the uwsers’
preferences among biclusters and find out their frequency as illustrated in Fig.{3.7).
e, hl-{[_'hl-glahn, E.mad_ Wazek, Elbert}, |h| = {Xperia 5, Nokia-N8}}. That means
the bicluster b, contains the users {John, E.mad1KazEk, Elbert} who shared the similar

rating behavior for iteins set {Xperia 5, Nokia-NB}.
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Flg.[5. B): Bil-clusters of Contant Data [BC)

W Frice

W Design

W Quality

W Simplicity
m Batzery-life

L N P L = U

m Display

(=1

Previously biclusters of rating data were able to show the interested items by group of
users among each bicluster but it didn’t show why these items are interested to such
users. i.e., the bicluster b, shows that the users {John, Emﬂ.dl Nazek, Elbart} interested
in {Xperig 5, Nokia-NB} but it didn’t show what features such users like mora in
these items. To figure out the reason behind, it is necessary to know the subsets of the
features content for each bi-cluster. Here, Biclusters of content data as illustrated in
Fig.{5.8) is able to expose the most distinguished features among each bicluster. ie.,
b={lU ={lohn, Emad Nazek, Elbert}, I ={Xperia5, Nokia-N8}, I ={Price,
Quality, Battery-life, Display}}. Thus, it is obvious that users {Iohn, Emax:l1 Mazek,
Elbert} thl are interested in items {Xperia 5, Nokia-NB} that contained the features
{Price, Quality, Bartery-life, Display}.

Fig.(5. 9): Assigning welght to BC
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Thereafter, weighting mechanism has been used to figure our the variety and
differences betwesn the distinguished features among biclusters of the content data.
Here, the results of assigning weight on biclusters content as illustrated in Fig.(5.9)
show that the order of distinguished features of b, remained the same afier assigning

the weight among the biclusters but differed with the hiclusters §'b!, b1= 'I:u_11 hs= bb: 'hﬂ.

Thar’s becanse of the effect of all the biclusters all together on the distinguished
features for ezch independent bicluster of BC. ie., the distinguished features order of
BC was {f £ £ £} and after assigning weight remained the same but the situation
has changed with bicluster{b,} while the distinguished features order of BC was {fj,
fy, £z f £} and changed 1o {£; f; £, f ] This disclose the most distinguished fearres

among each bicluster based of the effect of interaction between all biclusters.

As mentioned above in section (4.2.4), thers are two ways to find out the biclusters
thar have strong partial similarity with the prefersnces of the targer user or group as

follows:

I- Based on Rating Data: To find the nearest neighbors of biclusters, we caleulate
the cosine similarity berween the test user/group and each weighted bicluster
based on their “ratings data™ on items and then select the weighted biclusters with
the highest similarity.

Fig.(5. 10): Similarity betwean rating data of U=lohn and BR

H&iml
U=lohn




The highest similarity for the individual user {John} was found in the biclusters ik,
by, by, by} a3 illustrated in Fig.(5.10).
Flg.[5. 11): Simllarity between rating deta of U= lohn & Allse and BR
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The highest similarity for the random group {John & Alisa} was found in the

biclusters { b, by, by, b} as illustrated in Fig.(3.11).
Fig.[5. 12): Similarity between rating data of U=bl and BR
oa 1

06 1+
a4 7

W Siml
U=hb1

a2 +

b1 b2 b3 ba b5 b& b7

The highest similarity for the set of user in the bicluster group of b, {John, Emad

Nazek, Elbert} was found in the biclusters {hi, by, b, b} as illustrated in Fig.(5.12).

2- Based on Content Data: To find the nearest neighbors of biclusters, we calculate

the cosine similarity between the test wser/proup and each weighted bicluster
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based on “content data™ and then select the weighted biclusters with the highest
similarity.

Flg.{5. 13} Simllarity between WE of Us=lohn and WC

Wsim2
U=lohn

The highest similarity for the individual user {John} was found in the weighted
biclusters {b,, by, b,, b} as illustrated in Fig.(3.13).

Fig.(5. 14): Simllarity between WP of U=lohn & Allsz and WC

M Sim2
Us=lohn & Allsa

b1 b2 b3 bd b5 b6 b7

The highest similarity for the random group {John & Alisa} was found in the
weighted biclusters ;I:\E, I:\,, h5= h!} as illustrated in Fig.(5.14).

Flg.[5. 15): Simllarity between WP of U=bl and WC
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The highest similarity for the set of user in the bicluster group of by {John, Emad
Nazek, Elbert} was found in the weighted biclusters ;hl bﬁ, b., hss as illustrated in

Fig.{5.15). To obtain more reasoning for the required recommendation, it is necessary
to find our the similarity between a target user/group and the most similar biclusters of
rating and weighted biclusters of content. For doing such, we need a parameter that
tzkes values berwean {0,1}. With increasing the value of that parameter, the portion
of the similarity of weighted biclusters of content is increased and the portion of the
similarity of biclusters of rating is decreased. Thus, the system is required to peovide

maore justification for its recommendations.

Flg.(5. 16): Partlal matching between the preferences of tested biclustered users U=bl and each bi-
clustered groug.

HElm
U=lohn

The highest similarity for the individual user {John} was found in the biclusters ib,

ha- b!, b,_,:- as illustrated in Fig.(5.18).

Fig.(5. 17): Partial matching between the preferences of tested random users Uslohn & Allse and
each bl-clustered group.

W Sim
U=lohn & Allsa
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The highest similarity for the random group {John & Alisa} was found in the

biclusters Eh,_ hﬁ, hj, hs} as illustrated in Fig(5.17).

Fig.(5. 18): Partlal matching between the preferencas of tested biclustered users U=b1 and each kbi-
clustered groug.
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The highest similarity for the set of user in the bicluster group of b {John, Emad
MNazek, Elbert} was found in the biclusters § hl_ b? hé, b!:- as illustrated in Fig.(3.18).
Based on the similarity between a targer user/group and the most similar biclusters of
rating and weighted biclusters of content, the distinguished features inside the negrest
biclusters for test user will appear. Thus, items that contain those distinguished
features are favored and used to extract their dominant features in order to produce
the prefer recommendations. As stated before in section (4.2.5) , extracting the
dominant features among the items required knowing the most similar biclusters of

rating and weighted biclusters of content for the target user/group.

Flg.[5. 19): Extracting the dominant features for U=lohn.
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The most similar biclusters of rating and weighted biclusters of content for the tarpet

individual user {John} are | b__, b!, hs, Ij.l,’j and the dominant features ameng the items
for the particular user are illustrated above in Fig(5.19).

Flg.{5. 20): Extracting the dominant features for U=lohn & Alisa.
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The most similar biclusters of rating and weighted biclusters of content for the target

random group {John & Alisa} are { b, b, b, b,}. and the dominant features among
the items for the particular group are illustrated above in Fig.(3.20).

Fig.(5. 21): Extracting the deminant features for U=b1.
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The most similar biclusters of rating and weighted biclusters of content for the target

biclustered group {John, Emad_ Nazek, Elbert} are | b,_ b, bt_, b_, . and the dominant

fegmures among the items for the particular group are illustrated above in Fig.{5.21).
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Hence, after knowing the dominant features among the items, it easy to figure out

which items are the most influential in the recommendead list.

Flg.[5. 22): The most Influenced ters with U=lohn.

minflusnce

The most influential items in the recommended list for individual user {John} are
listed in this sequence {Xperia 5, Nokia-W&, Asus-Epl21, Galaxy 2, Iphone-45, Sony

Tablet-3} as illustrated in Fig.(5.22).

Flg.{5. 23): The most Influenced items with U= John & Allsa_

Hinfluence
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The most influential items in the recommended list for random group {John & Alisa}
are {Xperia 5, Nokia-Wg, | Galaxy 2, Iphone-45, Asus-Epl2] Sony Tablet-5} as

illustrated in Fig(3.23)..



Fig.[5. 24): The most Influenced items with Ui=b1.
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The most influential items in the recommended list for biclustered group {John,
Emad Mazek, Elberi} are {Xperia 5, Iphone-45, Nokia-NB, Galaxy 2, Asus-Epl2]
Sony Tablet-5} as illustrated in Fig.(5.24).

As mentioned above in section (3.1.1), and based on the agpregarion of the influence

of dominant features for each  item, the first forth most influential items was

recommend as list of recommendation for the test user/group.

Flg.(5. 25): Recommended Items for Individual user when the rated itams are excluded.
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By excluding the items that have been rated by the same tested individual wser {Iohn}
the recommendation list was given as {Sony Tabler-5, Asus-Epl2]1, Iphone-48,

Galaxy-2} as illustrated in Fig.(5.23).
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Fig.(5. 26): Recommended Items for Individual user when the reted itemn are Included.

W lohn

By including the items that have been rated by the same tested individoal user {John}
the recommendation list was given as  {Asus-Epl2], Galaxy-2}.  Another
recommended list {Xperia §, Nokia N8} was given as a second option for such user if

he still interested in such itams as illustrated in Fig (5.26).

Flg.[5. 27): Recormmendad Items for random group users.

1 b W Jchn
W Allsa

2

By including the items that have been rated by the same tested random group user
{John & Alisa} the recommendation [15t was given as | Xperia 5, Iphone-45, Galaxy-
2} for {John} and | Iphone-4%8 Galaxy-2} for {Alisa}. Another recommended list
{Xperia S, Nokia N8} for {John} and {Nokia N&} was given as a second option for

such users if they still interested in such items as illustrated in Fig.{5.27).
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Fig.(5. 2B): Aecommended Items for blclustered group U=bl.
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By including the items that have been rated by the same tested biclusterad group user
{John, Emad Nazek, Elbert} the recommendastion list was given as {Iphone-43
Galaxy-2} for {John}, {Galaxy-2} for {Emad}, and {Iphone-d3} for [Elbert}.
Another recommended list {Xperia S, Nokia N8} for {John}, and {Xperia S, Iphone -
45, Nokiz NB} for {Emad}, {Galaxy-2, Xperia 5, Iphone -48, Nokia N&} for
iNazek}, and |{Galaxy-2, Xperia 8, Nokia N8B} for |Elbert} was given as a second

aption for such usars if they still interasted in such items as illustrated in Fig.(3.28).
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5.1.3 The reasoning of recommendations

Reviewing the features of user profile against the features of recommended system is
essential to make the reasoning of recommendation more reasonable  and
understandable by service providers as well as by the users. Here, it is obvious from
the results of the recommendation list how the features of recommended items are
coherent and similar to the features of wser profile. The proposed method has been
implemented to work with different test cases that may have different sizes as will be

discussed below:

I Individual user:
Here, the generated list of recommendartions for individual wser (Joha) containg a set
of items in this sequence {Galaxy 2, Iphone<S, Asus EPI121, and Sony Tablet-S} as
illustrated in Fip(5.29). If we take a look at the user profile that has been created in
the beginning, we will see that John is more concerned about giving more attention to
the sequence features of Quality, Price, Batrery-life and Display. By checking the
content features of the recommended items, we can infer that the proposed method
was able to grasp the user needs and recommend according to user’s intersst. e,
Galaxy-2 was the first ranked recommended item which containg the most desirable
features | Quality, Price, Bartery-iife and Display) that highly accepted by John. The
method was also intelligent enough to suggest Iphone-45 as the second option which
holds the features (Quality, Bartery-1ife and Display without Price) that is considerad
as the more preferable feature by the same user. Then Asus-EP12{ was recommended
as a third item. By discovering the content features of Asus-EPIZ1, it is observed that
the guality which is the most favourite feature by John is not included in such item

but the features of Price and Display are included which are preferable by him. Soay-
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Tablet-s was contains only the feamre Display, that is why was recommended as the

forth option.

Flg.[5. 29): (2] Reting date R of tested user, [b) User profile and content dete, (¢} Recommended items
Al for Individuzl usar when the itams reted before are excluded.
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Fig.(5.30) shows also the well performance of the system when the items that
have besn rated before by target user are included. The system recommended items
{Galaxy-2, Asus-EPI2]} according to the user interest and items { Xperia-s, Nokia-
NElas additional list revealing and expressing though it that those items have been
rated before from the same user but it may be still desirable by him or the items may
have new features, that is way it recommended again. By matching the user profile of
the target user and the content features of the recommended list 2 coherent match

appear.
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i,

Flg.[5. 30): [a) Rating data R of tested user, (b} User profile and content data, (c) Recommended
Items R1 for Individual user when the rated items are Included.
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Random group {users selected randomivi:

We have examined the efficiency of this method from serving under different
circumstances and enabled it o work with group that may contains random users in
case that was required by service providers according to their interest. For that
purpose, we have selected random users as John and Alisa as an example. The results
show the keen ability of the system of doing such with great success. Before giving an
explanation for group recommendation, we should emphasize that the items that got
poor influence value with individual user are not supposed to be eliminated during
building the recommendation for groups. When these values have been eliminated,
less accuracy of recommendations has been observed. Therefore, those values may
play significant roles to improve the accuracy and the quality of recommendations for

the group.
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In other words, the influence on items’ features and users’ profiles has strong
effect on the group recommendations according the partial matching of the items
influence among the group-users profiles. Unlike the recommendation of individual
user which is affected more by the items influence among hisher own profiles rather
than the profiles of others. For instance, the influence value of Somy-Tabler-S was
very small during the recommendation of individual user. Therefore, in this case, such
item can be neglected as it does not have any affect on recommendation accuracy of
individual user. In contrast, the same cannot be eliminated in group recommendation
case, as it may have a different value that could enhance the recommendation
accuracy. This reflacts the needs of involving those items that have tiny influence
values and have been rated by some users of the group during building the

recommendation's processes.

For the random group, the proposed method has recommendad items { Galaxy-2,
Iphone-45} and {Galaxy-2, Iphone-45, Xperia-8} for the John and Aliss respectively
as shown in Fig(5.31). ltems {Galaxy-2, Iphone-45} have been recommended for
John, for the reasons that have been mentioned above in the individual case. The same
items have been recommended for Alisa because Galaxy=-2 is holding the Simplicity,
Display and Price features which are more preferable by her. Iphome-48 was
recommended 25 a second option for Alisa as it is holding the Design and Display
fegrure. However, Xperia-Shas also recommended for her as a third option because it
is holding only the Display feature which is more preferable by her and the price
fegmure which is not that important by her. {Xperia-§, Nokia-N8| and {Galaxy-2,
Iphone-48, Xperia-5; recommended for the John and Alisa respectively as additional
list because those items have been rated before by the same users. Here, it is observed
that how the influence of features among the group users could effect and improve the
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recommendation of group accuracy. Thereafter, we can eliminate the rated items by
the same user from his'her list or leave them in case it may hold the new version of

the same items that have been eated.

Flg.[5. 31): (a) Aating date R of tested usar, [b) User profile and content data, (c) Aecommended ltems
Al for random group.
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ifi.  Biclustered group:
Suppose that we have taken the bicluster (b U= [John, Emad Nazek, Elbert!),
which has been generzted during biclustering processes to check out the accuracy of
recomimendation, the svatem shows a good result for such cases as well. It is obvicus
thar the influence values are changeable from case to case for the same user due o

itemns influence among the group.
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However, that change does not affect the sequence of recommended items or the
justification while the top-n ranked list contging the same items. For this biclusterad
group (L), the recommendad items have been listed as {Galaxy-2, [phone-45),
{Iphone-45},{ Iphone-45) for John, Emad and Elbert respectively. By figuring out
the list of recommendation list for each user, we obsarved thar those entire items have
been recommended based on user interesl. As mentionad above, the items that have
been rated by user could be excluded or kept the same to introduce a recommendation
to the specific user about the new generation of item he/she got before. This can also
be considered as another aspect of the system ability of filtering useful information

thar fits each individual neads, as well as sarisfving the group users desires.

Flg.[5. 32): (a) Reting date R of tested user, [b) User profile and content dete, () Recemmended items
Rl for random group.
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Fig(5.32) has shown the significant results for the biclustered group
recommendations. The results alse show the coherent matching between the featunes
of recommended items and users profiles and it makes an obvious answer to why

those items have bean recommendad.

iv.  Real Data:
[n order to have a proof of concept to demonstrate that the proposed method works,
we have performed experiments with a real data set called (MovieLens) which are
commonly usad as the bench mark data set for movie recommender systeins. These
data sets have been collected by the GroupLens Research Project at the University of
Minnesota. This data set consists oft 100,000 ratings from 943 wsers on 1682 movies.
The range of rating is between | (bad) and 5 (excellent). Ezch wser has rated at [east
20 movies. Movies are classified according to their [9 genres and thesa genres are the
fagmures of the movies in our dama set. The 19 genres are: Unknown, Action,
Adventure, Animation, Children’s, Comedy, Crime, Documentary, Drama, Fantasy,
Film-Noir, Horror, Musical, Mystery, Romance, Sci-Fi, Thriller, War, Westarn. 1’
under a particular genre indicates that movie is of that genre and ()7 indicates it is not;

movies can include several genres at the same time.

For this data, same procedures that discussed in sections (4.2 & 5.1) have bean
applied in order to generate the recommendation for individuals and group of users.
Thus, after knowing the dominant features among the items, it easy to figure out
which items are the most influential in the recommended list. For instance, we have
selected {U0)) as a random user among the 943 users of the data-set as individuoal
target and the most influential items in the recommended list for this user{U,} are

listed as {lsas, [2a6, Lass, Laoa} as illustrated in Fig(5.33).



Flg.[5. 33): Dominant features and thelr Influence on U1- Maovielens Data.
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The items that having the highest values of influence have been used to provide the

top ranked recommended list for the targer user {U} with help of weighted user

profile as illustrated in Fig.(3.34).

Fig.(5. 34): (a) Test user from welghted user profile WE (b) Content data CT, (c) Recommended Items

Al for Individuzl usar {d) User Profila B.
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As mentioned so far in section (3.1.1), and based on the aggregation of the influence
of dominant festures for each item, the first forth most influential items was
recommend as list of recommendation for the test wser/group. Thus, the

recommendation list of {1} was given as {lasa, Dzas, lace, Dses} as illustrated in

Fig.(5.35).
Flg.[5. 35): Recormmendad tems for U1- MovieLens Data.
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The reasoning behind the recommendation can be interprated as saying that item
{lags)miStand by Mef1985)] has been recommended as a first option because it
containg features {{#) Adventwrs, (£) Comedy, (£) Drama} which are more preferable
by the target user{U, laccording to his'her profile. Item (lya)=] True Lies{T994}} has
been recommended 25 a second option because it containg features {(&) Action, (&)

Comedy, (£) Adventure, (fis) Romance! which are more desirable by the target
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user{U:} according to hisher profile.

Accordingly, the most influential items in the recommended list for group

users{lU; 24} are listed as {laas, Dzag, Ligy, Lage} as illustrated in Fig(5.36).

Flg.{5. 36} Recommended Itams for the group user {U1, U2, U7} -Mondelens Data.
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The items that having the highest values of influence have been used to provide the

top ranked recommended list for the target proup users {U, 24} with help of weighted

user profile as illustrated in Fig.(3.37).

Fig.(5. 37): (a) Test user from welghted user profile WP (b) Content deta CT, (c) Recommended Items
Al for bldustered group (d) User Profile P
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Based on the aggregation of the influence of dominant features for each item, the

first forth most influential items was recommend as list of recommendation {Lsgs, Ly,

Lyg, lysg} for the test group users {UJ, -} as illustrated in Fig(5.38).
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Flg.[5. 38): Recormmended Items for group users (U1,2,7 ) - Maovlalens Data.

i - l I 2
o e

1462 1531 1371 1478

[ S P
%

B Recommended Items for group users {U1, U2, U7}

The reasoning behind the recommendation can be interpreted as saying that item
{ligz) has been recommended as 2 first option because it contains features [{£)
Drrama, (fs) Rommance} which are more preferable by the target users{U, 2~} according
to his'her profile. Item (Is5) has been recommended as a second option because it
containg features {{) Comedy, (fis) Romance! which are more desirable by the target
users {U, .-} according to hisher profile. Hence, the desitable features that exist
among the recommendation for the individus]l wser, are also exist among the
recommendation for group users that contain the same individual user. ie. (£)
Drama, was one of the desired feamures that exists in the first recommended item for
the individual user {I7)} and was also one of the desired features that exists in the first
recommended item for the group wsers{L/, s/ that contained the same individual
user{L}. Meanwhile, (£) Comedy was one of the desired features that exists in the
second recommended item for the individual user fU} and was also one of the
desired feztures that exists in the second recommended item for the group
usars (L) 2 #jthat contained the same individual user(L7;}). This reflect the method
capability of recommending wseful information thar fits each individual needs, as well

as satisfying the group users interest.
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514 Generating the recommendation lists based on the location of items and
users

Finally, we have constructed the User Location profile UL (U im) An example of a
user location profile is given in Fig.(5.39-a), where rows are symbolize the mobile
users and columns are represent users’ locations. In Fig.(3.359-b) rows syvmbolize the
items available at MMP and columms represent items’ locations. No exact lecations
are presented with dash. *A° represents the availability of the items and users in that
particular location. "R symbolizes the recommended location for the items of interest

for the specific user. "RC’ represents the closest location of the item of interest.

Flg.(5. 39): (3] User location {u,l), (&) Item lecatien (L1).

L | b L L Ll L[ L
lohn A o = = Aparia s A = = A
Emad A - A - Sony Tablat-5 - A
Nazek - A - A Iphona-45 A . A .
Alisa - - n A Mokia-N8 - A A -
Ebert | A | & | - | - Galawy -2 al - -
Samuel - - h - Asus-EP121 - A

(a} {B)

Hence, the system has been subjectively designed not only to generate the intelligent
recommendation in respect to user interest, but also to help users find the exact or
closast place that surely contains their item of interast. The recommended location has

bean generated as follows:

RICU L) = QL1 Ul (u, 1) (14}
[n our examples, the recommendation location computed as the intersection between
user location and the [ocation for every item that was recommended to the target user.

However, the location of user may changeably and continuously be updated regarding
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user movement, but the recommendation will fire and take place according to the last
updates. Thus, the recommemdation locations for the individual wser, random proup

and biclustered group have been listed as shown in Figs.(5.40, 541, 5.41) below.

i.  Recommended location for individual user (fohn)

Flg.[5. 40): {a] User locations, (k) Items locatlons, (c] Recommended items, [d) Recommended
locations based onthe avallabllity of user and lzems.
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ii.  Recommended location for random group (John & Alisa )

Flg.(5. 41): {a] User locations, (k) Items locatlons, (c] Recommended items, [d) ARecommended
locations based on the avallzbllity of user and ltems.
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ifi.  Recommended Location for the biclustered growp (John, Emad, Nazek & Elbert)

Flg.|5. 42): (2] User locations, (B Items locations, (c) Recommended items, [d] Recommended
locations based onthe avallabllity of user and lzems.
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515 Evaluation Metrics

The data has been divided into two disjoint sets, viz. the training set and the test ser.
The algorithms employed by the system work only on the training set and generare a
ranked list of recommendad items. The main goal is to scan through the test ser,
representing the portion of the initial dara set which was not used by the
recommender system, and matched items in the test set with items included in the
gengrated list of recommendation. [tems that appear in both sets will become
members of a special set, called the hit set. The existing studies of recommendation
systems use several measures to evaluate the quality of recommendation produced
(Jonathan et al, 2004). The evaluation metrics we adopted and used to examing the
performance of the proposed method are recall and precision measures which are
among the popular evalugtion metrics in information retrieval syvstems. We can now

define recall and precision for the recommended list in the following staps:

. Recall describes the idea of all items which are relevant to the query that are
successfully retrieved. Here, it can be defined as the ratio of relevant retrieved
items over the relevant items.

|{relevant items} n {retrieved items}|
|{relevant items}|

Recall =

(1)

2. Precision describes the idea of only those itams which are relevant 1o the user's
information need. Therefore, we have used the precision for measuring the
correctness of recommendation as the ratio of the relevant retrieved items to the
number of retrieved recommended items.

|{relevant items] N {retrieved irems}|

Precision =
|{retrieved items}|

(18]
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Figs (5.43) illustrates the values of recall and precision of the recommendation in
our running examples

Fig.{5. 43): Preclzion and reczll for the recommendation ltems.
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The result for the MovieLens data ser of different values of *2” which was used in
Equation {10} is shown in Fig. (5.44).

Flg.[5. g4): Precision and Recall for Mavielens.
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This is so0 to say, precision represents the probability of recommendations that
chosen for each user. The difference among the different groups is rather small, and
the proposed method consistently results in better recommendations for all group
sizes that have been taken in our examples. However, the proposed method obtains

good precision because the similarity measure s based on the nearest bicluster and
thus, being able to detect partizl matching of users preferences and can provide

accurate recommendations.
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52 The Procedures and Algorithms
This section surmmarizes the work done so far and discussed in chapters 4 and 3.
Hence, the required proposed proceduras and algorithms have listed below in order to
addrass the issue of notifying the mobile user/group with the information of interest.
These procedures meant to build an effective recommender system that can help
mobile individouals ‘group formulate better decision-making by considering the
combination and dependencies among user/ group preferences along with geographic
location. This recommender system can tackle the following issues as needed:
O Generate an accurate recommendation list along with justification for
individual user of MMP domain based on items/ features and user profile.
O Generate a recommendation list for individual user based on user preferences
and the closest location of items and user,
O Generate an accurate recommendation list along with justification for group
users of MMP domain based on items/features and user profile.
O Generate a recommendation list for group wsers based on their preferences and

the closest location of items and users.

Algorithm 5.1 Recommendotion Bosed User Preferance For Individual User[RBIUPFI)

input:
Reint[ [T T £/ R is the Rating_Data_Matrix
Ceintf I ] /¢ € is the Content_Dwota_Matrix

Intermediate variables :
Peintf I 1 4P is the User_Profile Matrix
beintf Jf | £/, is the biclusters of Bi-Max
Ceime] If ] £# Uy, is the subset users af by
Ceimt] If ] /1y is the suhset items of by
BR:intf Jf ] //BR is the Bicluster_ Rating_Data_Motrix
B:inef Jf | £fBC is the Biclustar_ Content_ Data_Matrix
WP:reail JT 1 /WP is the Weighted_ User_Profile_Matrix
Wiraal[ Jf 1 #/WC iz the Weighted_Bicluster_ Content_Data_Matriy
DFrealf [[ ] //DF is the Domingni_Feature Matrix
INFerenlf Jf 1 #/INF is the influence of the DF

Output:
Risreaif J[ ] £/RI s the Recommendation ftems List

begin




P Canstructing fn, m, t, R, C. P]
Aszigning_Weight _to_ P (n, m, F, WP}
Creata_BR (n, m, R, b, BR}
Create_BC {cn, m, €, BR, BEC)
Aszigning _weight_ to_ BC {en, mBC, WC)
Finding, similarity(i, R, BR, WP, WC, Sim ]
Extracting_ DF(BR, WC, DF}
Generating_RIfi, R, C.RI)

end

Algorithm 5.2 Recommendation Based User Preference and Locotion For Individuzl user (REUPLFI)

Input:
Reintf ][] /¢ Risthe Rating_Dots_Matrix
Ceinel Jf ] 4/ € is the Content_Data_Matrix

Intermediate variahles :
Peintf I[ ] //P is the User_Prafile Matrix
beintf Jf ] /by is the biclusters of Bi-Max
Ceingl I ] /f Uy, is the subsst users of by
Crintf Ji ] £41x, i5 the subset itams af b,
BRunt[ ][] //BR is the Bicluster_ Rating Dote_Matrix
BCrintf Jf ] £/BC is the Bicluster_ Content_Data_Matrix
WPrealf | ] /#WP is the Weighted_User_Prafile Matrix
Wrealf Jf ] /#¥WC is the Weighted,_ Bicluster_Content_Data_Matrix
DFeraaif J] 1 ##/DF is the Dominant_Feature Matrix
INFrraalf I | //INF is the influence of the DF
Rirrealf [[ ] //RI iz the Recommendation itams List
RL:charf | /¢ RL is the recommendation location
UL:charf | /f iz the wsers, locotions_matrix

Output:
IL:char] | £/ items_ locations, matrix

begin

P Canstructing fn, m, ¢, R, C. P]
Aszigning_Weight_ta_ P (n, m, P, WP}
Create_BR (n, m, R, b, BR}
Creata_BC {cn, m, C, BR, BC)
Aszigning _weight_ to_ BC {en, m,BC, WC)
Finding, similarity(i, R, BR, WP, WC Sim ]
Extracting_ DF(ER, WC, DF}
Generating_RIfT, R, C.RI)
Generating _RL{, UL, TL RL }

end

Algorithm 53 Recommendotion Bosed Users Preferences for Group Users (RBIUP)

Algorithm RBGUP
S recammendation based group users preferences

Input:
Reintf If ] £/ R is the Rating_Data_Matrix
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Crintf I 1.4 Cis the Content_Datg_Matrix

Intermediate variahles :
Peintf If ] /P is the User_Profile Motrix
beintf Jf ] /by is the biclusters of Bi-Max
Cringf [ ] /Uy, is the subsst users of by
Crintf Ji ] £/1x, i5 the subset itams af b,
BR:nt[ J[ | /#BR iz the Bicluster, Roting_Dote_Matrix
BCrintf Jf ] //BC is the Bicluster, Content_Data_Matriy
WPrealf [ ] /#WP is the Weighted_User_Profile_Matrix
Wrealf Jf ] /#¥WC is the Weighted_ Bicluster_Content_Data_Matrix
DF:reaif J[ | #/DF is the Dominant_Feature_ Matrix
INFrraaif I | ##INF is the influence of the DF

Output:
Ri:realf [ ] /#/RI is the Recommendation ftems List

begin

P Canstructing fn, m, &, R, C, P]
Assigning_Weight _to_ P {n, m, P, WP}
Creata_BR (n, m, R, b, BR}
Creata_BC {cn, m, C, BR, BC)
Assigning _welght_ to, BC (en, m,BC, WE)
Finding_ similarity_group(i, R, BR, WP, WL, Sim )
Extracting_ DF{ER, WC, DF}
Generating_RI_group(T, R, C, RI}

end

Algorithm 5.4 Recommendotion Bosed User Preference and Location For Group user [RBUPLFG)

Input:
Rintf ][] /¢ Risthe Rating_Dota_Matrix
Cintf [T 147 C is the Content_Daota_Matrix

Intermediate variahles :
Peintf If ] /P is the User_Profile Maotrix
bednef I ] £by [s the biclusters of Bi-Mox
Cringf [ ] £/ Uy, is the subsst users of by
Crintf [ ] £/1x, i5 the subsat itams af b,
BR:int[ J | /#BR isthe Bicluster_ Rating_Dote_Matrix
BCrint{ Jf ] //BC is the Bicluster, Content_Data_Matrix
WPrealfl [ ] /#¥WP is the Weighted_User_Profile Matrix
Wraalf Jf ] /#WC is the Weighted_ Bicluster_Content Data_Matrix
DF:reaif [T 1 #/DF is the Dominant_Feature Matrix
INFrraalf [ | /##INF is the influence of the DF
Ri:realf [[ ] /#/RI is the Recommendation ftems List
RL:char| | £/ RL is the recommendation location
ULscharf | /f is the wsers, locotions_matrix

Cutpuit:
IL:charf | £ items_ locations, matrix

begin
P Canstructing fn,m, t, R, C. P]

Assigning_Weight_to_ P (m, m, P, WR}
Create_BR (n, m, R, b, BR}
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Create_BC {cn, m, €, BR, BEC)
Aszigning _weight_ to_ BC [en, mBC, WC)
Finding_ similarity_group(i, R, BR, WP, WL, Sim )
Extracting_ DF{BR, WC, DF}
Generating_RI_group(l, R, C, RI]
Generating _RL_group{i, UL, ILRL}

end

Procedure 1: P_ Constructing [Tnput n:integer, m:integer,tinteger Reinteger| Jf | Cintager{ Jf I:
Output Pintegerf J{ 1)

S me int S f0s the number af items

S meint £ (s the number of users

S8 e £ is the threshold values of R

S bto construct the User_Prafiie_Matrix P from the Input Roting_Daota_ Matrix R and
Content_Datg_Matrix €4/

begin
szmat of ibems
i integer
kzinteger
fori:l =m
bagin
A 5 set of the items which have been roted by user
E=0
U= Rlw]
fork:l =n
begin
If Uliy] > £ then
5 Suifig}
end
-p[th] L E_‘kcs I':H_g]
end
end

Procedure 2: Assigning_Weight _to_ P [ Input n:integer, meinteger, P! integerf i J: Queput WP: Real |
i

F* o compute the Weighted_User_Profile_Matrix WP for the User_ Profile_ Matrix P* /
begin
A n is the number of users
A m is the number of featuras
sum:rea!
wereal
Jednteger
kinteger
forj:1 =m
hegin
sum +~ 0
fork:1l =n
begin
if Plup. fi] # 0 then
Fum « sum <+ 1;
end
If sum = n then
sum = sum = 0.1
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v+ log(n/sum)
fork:1 =n
begin
Plug.fy] = v= [ue fi]
end
end
end

Procedure 3: Create_BR [Input n:intager, meinteger, Raintager| I{ I, b integery J I: Qutput BR: integer|

irn

begin
F* Converting the Rating Data_Matrix R into biciusters b by using Bi-Max hiclusters algorithm*/
S Converting the Output biclusters af Bi-Max b into Biciuster, Rating_ Data_ Matrix BR =/
S Bi-Max iz the hingry inclusion maximal bi-Clustering algorithm
Uy, s intager // is the subsat users af b,
Iy integer £#is the suhset items af by
irinbager
Juinteger
S n iz the number of items
/# m is the number af biclusters
S/4pply the Bi-Maxon R
b «Bi-Max (R}
S/Canvert the Output af Bi-Max into BR as follow:
fari:l = m
hegin
forj:1l =n
hegin
if iy & fp then
BR(L ) = |uy,
elge
BR(i,) =0
(Il if by € Ty
AFBR{L = '
[IZI otherwise
and if
end
end
end

Procedure 4: Create_BC [Input cniintsger, m:integer, Crinteger{ Jf . BR:integer [ [ I: Queput

BCrintager{ Il 1}

Begin
.-'f creating Bicluster, Content,Datg Matrix BC from Content_Data_Matrix
C and Bicluster_ Raoting_Dabz_Matrix BR*

A 5 set of the items inside bf of BR
A m is the number of items
A cn s the number of clustars
Jr integer
kinteger
wintf]
bfintf]
forj:1 = cm

begin

5«8
fork:1l =m
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hegin
if bjli,) =0
S+ Suiiy]

end )
v Z Cliy]
,es
bf = v by[s[1])

end
end

Procedure 5: Assigning _weight, to_ BC (Tnput cneinseger, meinteger, BC integer| [ [; Ourput
Wtintagar{ I[ 1}

begin
/' assigning weight to Biciuster, Content_Data_Matrix BC to produce the
Weighted_ Bicluster_Cantent_Dats_Matrix WC %/
A m is the number af Features
A cn s the number of clusters
mget of items
[ inbeger
krintager
farjil =m
hegin
s =
fork:1 =¢en
begin
if BC[by, f;] = 0 then
Sum = sum <+ 1;
end
if sum = n then
sum = sum = 0.1
v = lag{n/sum)
fork:1 =

begin
BC[be. fi] = v [by fi]
end
end

end

Procedure & Finding_ similarity( Input i: integer, Reintegerf IJ I, BR:integer T | WPreal[ JT ],
Wreaill If I Output Sim:reail [}

begin

= finding the similarity Siml between the selected user | of Rating_Dat
£ -
Matrix R and Bicluster, Rating Data_Matrix BR =/,

f*finding the similarity Sim2 between the selected user i of Weighted_User,
£ ; g =
Prafila_Matrix WP and Waighted_ Biclustar_Cantant_Data_Matriz WC 7
/= finding the similarity 5im between the biclusters that hove strang partia!
similarity with the selected user %/
M by Is the hiclusters of Bi-Max clustering algorithm
A Uy is the subset users of by
A Ty 15 the subsat items af b,
I: inbeger
Eimy:real
Simy: real

im: real
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o real
/i Finding the similarity between the target wser,/group af R and BR as follow:
Lim, +« Coxzin Similarity (R]{].BR)
/# Finding the similarity between the target wser of WP and W as follow:
imgy +~ Cosin Similarity (WP[L], W)
S *Finding the biclusters that have strong partial similarity with the target
user/graup as follow:*/
Eim +~ (1 = &). Simy + . 5im; where @ value between [0 and 1)
end

Procedure & : Finding, similarity_group{ Input i@ integer[], R:intf [{ |, BR: integer{ J[ ], WiPreall IT I,
Wraalf If I: Output Sim:reall [}

begin
A" finding the similarity 5im1 between the selected group of user { of Reting Date_Matrix R and
Bicluster, Rating_Data_Matrix BR /.
A finding the similarity 5im2 between the selected group of user | of Weighted, User_Profile_Motrix
WP and Welghted_Bicluster_ Cantent_Data_Matrix WC %/
A" finding the similarity 5im hetween the bicfusters that have strong partial similarity with the
safected group of useri %/
/7 by Is the hiclusters of Bi-Max clustaring aigorithm
A Uy Is the subset users of b,
A 1wy 15 the subget items af by
i+ integer
Kz intager
Riz: integer[]
WPG:reaif]
Kim,: real
Eimy: real
Eim:real
o real
F#Finding the similarity between the target group of R and BR as follow:

REC + Z R[U,]

B8 Uiy
Kim, + Cosin Similarity (RE, BR)
F#Finding the similarity between the target group of WP and WT as foliovwe:*/

WPE = Z WP, ]

ug & Uy
Eimy + Cosin Similarity (WPG, W)
F*Finding the biclusters that have strong partial similarity with the torget wser/group as follow: "/

Eim = (1 = ). Sim, 4 = 5imy; where @ value between [0 and 1)
end

Procedure 7: Extracting DF(Tnput BR:integar! [V [, WCreall [f I: Output DF: reall 17 1]

begin
E,r-"" finding the Dominanf_Faature DF hetwaen Bicluster, Rating Data_Matrix BR and
Weighted_Content_Datg_Matrix W=/
BR:intagerf ][] 7/ [s the transpose matrix of the BR Matrix
W reaifl Jf 14/ is the sorted matrix of the WC Matrix
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BRT: integer( ][ ] // is the transpose matrix of the BR: Matrix

Eort the rows af BR based on correspondent Sim values in descending arder.
Let BR « BR [1=4,%]

A1 =4, #]: fix the rows fram 1 to 4 with same values of oil columns #
Eort the WL based on correspondent Sim values in descending ardar,

Let WE = W1 =44
A1 = 4, #): fix the rows from 1 to 4 with same walues af oil columns #

Campute OF ~ BRT x WC

and

Procedure 8: Calculating _INFinput DFreal] Jf I Queput INFrrealfl JI1 1

begin
J# computing the INF influence of the DF based an Dominant_Feature_Matrix DF.
n:integer ff is the number af features
meintegar /f is the number of items
lxinteger
Kzinteger
fori:1 = mdo
hegin

INF[i] +~ ZDF[LJ’]
.-"'I
end
end

Procedure 9: Gfenerating RIfTnput ixnt, Bdntl i [ Crinef I§ [ Output Rivreall 1]

begin
S genarating the recommended items fist BRI based on Rating Dato_Matrix R and
Content_ Data_Matrix C for the selected wser [ %/
A4 the user heing sefectad

Erint[1[ ] // iz the sorted matrix of the € Matrix
WPerealf [ 1 /7 is the Weighted_User_Profiie_Matrix
ET int[ ][] 4/ is the transpase matrix of the © Matrix
RI'[1) :ingf ] ff items rated by the selected user and recommended again for him
RI"[I,): intf ] £/ items don't rated by the selected user and recommended for him
5, :set af items from RI matrix that are recammended to the target user
S5t af ibems fraom R matrix that user has rated for it before
S:intersection for items of §; and 5,
kinteger
[:integer
hegin
Lort the rows af C based on correspandent INF values in descending order.
lat £ =C[1=4.4]
A1 = 4, #): fix the rows from 1 to 4 with same values of ail columns #
Rifw) = WP[w,] = €T
Sort Riw,] in desending arder
Silwy] = Rifiy}
Sa[ug] = By{iy]
5w SI. in 5‘2
fork:1l < 4do
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hegin
Ifuy € 5 then
RI'Tw)[le] =~ {5}
Riuliy] = BRI [ [le]
else
RI"[w)iy] =~ {5, =51
RITu )] = B[ (k]
end if
end
end

Procedure 9: Generating_RI_group({Tnput @inef [, R:inef I1 I Coinef Jf |: Output Ri:realf [}

begin

/S genergting the recammended items list Rl bosed on Rating_Data_Matrix R and

Cantent_Data_Matrix C for the selacted user group i %/

&1 inel )[] /is the transpose matrix of the C Matrix

WP: realf I ] /¢ s the Weighted_ User_Prafile_Matrix

ETring[1[] /¥ is the transpose matrix af the C Matrix

RI'[Iy] : intf | #f items rated by the selected user and recommended again for him

RI"[I]: int[ ] # items don't rated by the selected user and recommended for him
WPEreal]

hizintegear

meintegar /f number of users

X rset af items from R motrix thot are recommended to the torget user

5y :mat of items from R motrix that user has rated for it before

Eintersection ftems af 5, and 5

kinteger

Lsinteger

Eort the rows af C based on correspandent INF valwes in descending order.

Lot € = C[1=4, 4]

SFIL = 4, &) fix the rows from 1 to 4 with same values of all columns #

WPE « Z WP[L)
T
Rl = WPG « CT
forbi:1 = mdo
begin
Lort Ri[Uy; ] in descending arder
8 [Upe ] += R
53[Upe ] = Ry, {lul
S5«5n5
fark:1 = 4da
hegin
Ifliy; €5 then
RIUy )] = {51
Ri[Ugy 1[8] = BRI [Ue T[He]
aiza
RI"[Ug ] (0] &= {5 = 5]
RI[Uy J[Te] &= RI"[Uge J[%]
end
end
end

Procedure 10: Generating RL{Tnput ixing, ULxcharf Jf ], IL:char J{ ' Queput RL:xchar] [ ]

begin
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/™ genergting the recommendation location RL for the selacted user { based on the users_
lacations_matrix UL and ftems, locations, matrix 1L %
WP: realf I ] /¢ is the Weighted_ User_Profile_Matrix
&7 ine[1[] /¥ s the transpose matrix of the © Matrix
n:integer /f iz the locations af the ftem.
m:integer A is the locations of the user
L:intager// iz the number af locations
k:integer
:integer
Jrinteger
Rilw,) = WP « £7
foreach i, in 5; do
begin
farf:1 =L
iIf IL[d, ][!J.] = UL[w][}] then
ILT[f, (] = RI
A Rl iz the recommended place to the user which the recommended itam
elseif IL[i, ][1}.: = UL[w][fje1] them
IL'[j 1] = RC j# RC iz the ciosest place to the user
end
end

Procedure 10: Generating _RL groupinput intf [, ULscharf ]I T, ILschar] [ [; Queput Rlschar] ] ]

begin
/™ genergting the recommendation location RL for the selected user { based on the users_
locations_matrix UL and ftems, locotions, matrix IL;
WP real[ Jf ] /¢ s the Weighted_ User_Profile Matrix
ETrine[1[] /¢ s the transpose matrix of the © Matrix
IL swharf | /¢ the location matrix for the sefected users
WPG:reali]
hizinteger
n:integer ff is the jocations af the item.
meinteger /¢ is the locations of the user
L:integer// is the number of locations
kinteger
L:integer
Jrinteger
WPE =~ WP
up Uy

RI[Uy ] =~ WPE « £7

forbi:l =m
hegin
foreach [, in 5 do
hegin
forjil =L
if IL[i, )IL] = UL[w][L] then
IL'[§. 1) = RI
A4 Rl is the recommended ploce to the wser which the recommended item
elzeif IL[i, ]|L'I] = UL[w][lj,.,] then
IL'[j.1] = RC // RC is the closest place to the user
end
end
end
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Chapter 6

Conclusions and Future works

This study relies on intreducing an integrated architecture for MMP and
highlights the main components that supposed to be addressed all together in single
framework in order to have an efficient mobile market place. Thereafter, the study
searches the notion of improving the decision support system and enhancing the
quality and accuracy of the recommended notification in mobile market place
environment. In fact, such recommendations are important for both mobile users and
services providers to abizin necessary information that helps them make a decision
about purchasing items’ availing services. These recommendations also help for faster
and easier response to the mobile users’ demands and at the same time, mobile users
can obtain relevant information for purchasing goods and services anytime, anywhere,
according to their interests. Thus, this study aims at recommending the useful
information that fits each individual needs, as well as satisfying the group users
interast. It is also impottant that the recommendations that mada to mobile use miust
be justified, in the sense that an explanation is to be provided 2s to why that particular
iterm/service is of interest to the individual wser/group. However, this recommendead
information not only helps in getting the items having high degree of interest, but also
considers the combination of user preferences, item features, recommendation

reasoning and geographic location for both individual user/group and items.

In other words, this study presents & recommender system that can serve for bath
individuals and proups of MMP wsers based on the influence of item’s featuras, user

locations, and user ratings. For this purpese, interesting and relevant items are
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retrieved and recommended to the target wser/group. In our experiments, we have
distinguished between two types of information sources: The first one is rating data,
which represents the past selections and transactions of all users. The second

information source is the content data which describe the features that items contain.

The user/group preferences and item-features information providaed as a series of
numeric values. These values provide information about the characteristics of the
iterns and give coherent clue about user/group interest. The information combination
among user preferencas, item features, reasoning of recommendation and geographic
lecation for both wser/proup and items is considered during the recommendation
processes.  Such information uwsed to make strong recommendation and provide
ragsonable regsoning. Finally, we have constructed the users/items location profile.
Hence, the systermn has been subjectively designed not only to generate accurate
recommendation in respect to user interest, but also to help users find the closest place

that contains their item of interast.

The quantification of recommendation is subjectively captured by understanding
the influence of user/group rating and items’ features among users profile vis-d-vis
his‘her'their location. The framework has been implemented and evaluated using
synthetic and benchmark datasets and has shown significant results. The generated
recommendations have been categorized as individuals, proups confaining random
vsers and groups which consist of biclusters that is built during bi-clustering

PrOCE58Es.

By exploring the features of items that recommended to the target ‘individual
user/group’ with his'her/their user profile, the coherent match appears. This similariry

is much closer among the recomimended items that have highest values of influence.
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[n contrast, the values revealing poor influence are evidence of the poor matching
between the features of both those items and the tested user/group. Thus, the list of
recomimended items which contzing the highest influence values is actually meets the
interest of the tested user/group by invelving the most desirable features that
user/group are looking for. In accordance, it actually meets the requirements of the
interest of the tested user, whose attention is drawn most 1o the same features. Both
the high and low walues can be taken to interpret the significance of the role of
influence among the fearures and user/group profile. Hence, the system was able 1o
grasp the usar/group needs and recommend items accordingly. Moreover, the items
that got poor influence value with individual user are not supposed to be eliminated
during building the recommendation for group. When these values hawve been
eliminated less accuracy of recommendations has been observed. Therefore, those
values play important roles to improve the accuracy and the gquality of
recomimendations for the group. In other words, the influence of content data among
users’ profiles has strong effect on the guality of the group recommendations. The
influence values may changes from case to case for the same user due to items/users

influence among the different groups.

However, that change does not affect the accuracy of recommended items or the
regsoning for the target user/group. This can also be considered as another aspect of
the system ability of filtering useful information that fits each individual needs, as
well as satisfying the group users desires. Thereafter, the items that already have been
rated by user could be excluded or kept the same ‘if needed’ to provide a
recommendation to the specific user about the new generation of item that user

got'rated it hefore. As a result, the proposed method obtained a significant role in
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providing efficient and effective means for recommendation to enhanee the quality of

notification in MMP environment.

Moreover, this approach takes into account the duality and dependency that
exists berween users rating and items fearures whereas most of the hybrid algorithms
perform separate clustering of users and items so they cannot detect item similarity. It
provides the actual reason behind its recommendations and justifies them. It is
capable of recommending useful information that fits each individual needs, as well
as satisfying the group users desires. Thus, the proposed meathod has the potentiality
te increase consumer satisfaction, enhance consumer/company lovalty, and boost
overall sales by giving justification and creditability to the products that have high

degree of interest to mobile users.

The proposed method has achieved significant results by recommending the
user/group with items that match his'her/their interest according to the evaluation
metrics. The evalvation metrics we adopted here and wsed to calculate the
performance of our recommender systems are racall and pracision measures which are
among the popular evaluation metrics in information retrieval systems. Thus, the
proposed method has the potentiality to increase consumer satisfaction, enhance
consumer/company  lovalty, and boost overall sales by giving reasoning and

craditability to the products that have high degree of interest to mobile users.

Moreover, this system has been designed with the goal of providing accurate,
low-cost item recommendations, where searching for & parficular item costs is
prohibitively expensive and takes a lot of time especially in mobile market place
domain. It generates not only reasonable recommendation but also applicable

recommendations for the mobile users of mobile marketplace based on their location.
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As a result, such recommendations can play important role in revenug increase, cost
reduction and enhancing the ability of MMP finance. More effectively the framework
has the potzntial to increase consumer satisfaction, enhance consumer’ coimpany
lovalty, and boest overall sales by targeting huge number of mobile users based on

their interests and locations.

In fact, there are several ways in which our method could be extended. One
aspect which we have not looked into is how requirements (Aditya et al, 201 1) affect
recomimendations. For instance, in a University environment, for a stdent to
graduate, the student needs to satisfy a bunch of requirements like ake two coursas
from {a, b, ¢, d}, but b and ¢ together don't count. Also we have not looked into the
problem  of prerequisites (Aditya er al, 2010) wherein when we make
recommendations we need to make sure that we recommend a package of items such
thar the prerequisites are present in the package itself like the course darabase needs to
be taken before data mining. There is also some recent work on how sequence mining
(Aditya et al, 2010} can be used to form an agpgregated recommendation and

environment which propose to explore in future.
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