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ABSTRACT

As e-Governments around the world face growing pressures to improve the quality of
service delivery and become more efficient and cost-effective, their initiatives
currently focus on providing users with a seamless service delivery experience. Webbased technologies offer governments more efficient and effective means than
traditional physical channels to provide high quality e-Service delivery to their users,
which include citizens and businesses. Government-to-Business (G2B) e-Services
involve information distribution, transactions, and interactions with businesses m
varying ways via e-Government websites and portals. The G2B e-Services aim to
reduce burdens on businesses and to provide effective and efficient access to
information for business users. One of the most important e-Services of G2B is the
promotion of local businesses goods and services to consumers (i.e., local and
overseas businesses) by providing on line business directories. However, with the
rapid growth of information and unreliable search facilities, busine s users, who are
seeking 'one-to-one' e-Services from government in highly competitive markets,
struggle with online business directories and increasingly find it difficult to locate
business pa1tners according to their needs and interests. How, then, can business users
be provided with inforn1ation and services specific to their needs, rather than an
undifferentiated mass of information? An effective solution proposed in this research
is the development of personalized G2B e-Services using recommender systems. It is
worth mentioning that the adoption of recommender systems in the context of eGovernment to provide personalized services has received very limited attention in
the literature.
Recommender systems aim to suggest the right items (products, services or
information) that best match the needs and interests of particular users based on their
explicit and implicit preferences. In current recommender systems, the Collaborative

xx

Filtering (CF) approaches are the most popular and widely adopted recommendation
approaches. Regardless of the success of CF-based approaches in various
recommendation applications, they still suffer from data uncertainty, data sparsity,
cold-start item and cold-start user problems, resulting in poor recommendation
accuracy and reduced coverage. An effective solution proposed in this research to
alleviate

such

problems

is

the

development

of hybrid

and

fusion-based

recommendation algorithms that exploit and incorporate additional knowledge about
users and items. Such knowledge can be extracted from either the users ' trust social
network or the items' semantic domain knowledge.
This research explores the adoption of recommender systems m an eGovemment context for the provision of personalized G2B e-Services. Accordingly, a
G2B recommendation framework for providing personalized G2B e-Services
(particularly personalized business partner recommendations) for Small-to-Medium
Businesses (SMBs) is proposed. Novel hybrid and fusion-based recommendation
models and algorithms are also proposed and developed to overcome the limitations
of existing CF-based recommendation approaches. Experimental results on real
datasets show that our proposed recommendation algorithms significantly outperfmm
existing recommendation algorithms in terms of recommendation accuracy and
coverage when dealing with data sparsity, cold-start item and cold-start user
limitations inherent in CF-based recommendation approaches.

XXI
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND
Electronic government (e-Govemment) refers to the use of Information and
Communication Technologies (ICTs), and particularly the Internet, to provide
improved information and services to citizens and businesses. As e-Governments
around the world face growing pressures to improve the quality of service delivery and
become more efficient and cost-effective, their initiatives focus on providing users
with a seamless service delivery experience. Web-based technologies offer
governments more effici ent and effective means than traditional physical channels to
provide high quality e-Service delivery to their users, including citizens, businesses,
and other customers of government services. Vari ous forms of government e-Services
(also known as e-Govemment services) have been well-developed in the last few years
(Evans & Yen 2006). For example, in Australia, the use of e-Government services has
seen continuous growth since 2004, with a corresponding decline in personal contact
over the same period. This growth has mainly been driven by the Internet, as Internet
use has doubled in the pe1iod from 2004 to 2008 (AGJMO 2008). Moreover, eGovemment is progressing faster for business services than for citizens; there is
growing evidence that businesses are better positioned to make effective use of eGovernment services than citizens. The European Commission Report states that the
fully-online availability of public services for businesses is considerably higher than
that for citizens and stands at 70% (i.e., 70% of all public services are available online
for businesses) (Wauters, Nijskens & Tiebout 2007).
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Government-to-Business (G2B) e-Services involve information distribution,
transactions, and interactions with businesses in a variety of ways via e-Government
websites and portals. The G2B e-Services aim to reduce burdens on businesses and to
provide effective and efficient access to information for business users. Typical G2B
e-Services include the online information availability of regulations for agencies,
online electronic tax services for businesses, and consolidated trade information for
export/import data to form a "business compliance" information center (Evans & Yen
2006). Examples of web-based G2B portals are the Australian Government's Principal
Business Resource (http://www.business.gov.au/) and the UK Department for
Business, Innovation and Skills (http://www.bis.gov.uk/). Both of these portals
provide a wide range of information and services to help businesses comply more
simply and conveniently with government requirements.
The rapid growth of government web-based applications has caused information
overload whereby businesses and citizens are not able to effectively choose from the
range of information they are exposed to. Increases in this information overload could
hinder the effectiveness of e-Govemment se.rvices. Clearly, djfficulties in locating the
right information for the right users will increasingly impact on the loyalty to
returning to those e-Govemment websites (Guo 2006). For example, one of the most
important e-Services of G2B is the promotion of local businesses' goods and services
to consumers (i .e., local and overseas businesses) by providing online business
directories. Such directories employ a general-purpose keyword search engine, which
is neither a successful nor efficient way to support business users in finding what they
are looking for. In Australia, for instance, the Australian Trade Commission
government agency (Austrade) (http://www.austrade.gov.au) provides an online
suppliers directory (http://www.austrade.gov.au/asd) which is full of information
about Australian businesses that have products and expertise that are renowned
globally for their high quality and innovation. The Australian Suppliers Directory
(ASD) promotes Australian goods and services by assisting overseas buyers to
identify the right Australian supplier to meet their needs. The ASD directory has a

2

Chapter 1: Introduction

search facility that employs a general-purpose keyword search engme to support
overseas companies in the retrieval process of potential Australian business partners;
however, due to its simplicity, low recall and imprecision, keywords query is not
efficient and cannot satisfy users' particular needs (Zhang, Zhu & Huang 2009). A
successful approach to overcoming this problem is the deployment of Web
personalization techniques (Adomavicius & Tuzhilin 2005a; Burke 2007; Manouselis
& Costopoulou 2007; Pazzani & Billsus 2007; Sarwar et al. 2000; Schafer et al. 2007).

Web personalization utilizes information technology to provide content and
services to individuals based on their preferences and behaviors (Adomavicius &
Tuzhilin 2005a). The current solution of government e-Services is mainly a 'one size
fits all' which cannot satisfy the increasing e-Service requirements of individual users.
Thus, the personalization of e-Govemment services can be seen as an evolution of the
intentions-based approach and will be one of the next directions of government eServices (Al-hassan, Lu & Lu 2010; Guo 2006; Schmidt et al. 2010). For example,
until recently, the development progress of Europe e-Govemments has achieved on
average 76% of the Europe-based five-stage sophistication model, approaching the
fourth-stage that is classified as ''transactional", whereas the fifth-stage that is
classified a

"personalization" will be the next stage to be achieved (Wauters,

Nijskens & Tiebout 2007). So far, less evidence of personalization applications in eGovemment services can be found. Although a few governmental agencies have
launched personalized e-Services, they can only offer simple personalized profile
functions and push services (e.g., alerts/reminders via email). Thus, implementation
appears to still be in its infancy. Recommender systems, as the most notable
application of web personalization, have gained considerable attention and undergone
development in recent years (Adomavicius & Tuzhilin 2005b; Manouselis &
Costopoulou 2007). A recommender system is a type of information system that uses
justifications to generate recommended products to customers and to ensure that
customers like these products. These justifications can be obtained either from
preferences directly expressed by customers, or they can be induced, using data
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representing the customer expenence (Yager 2003). Recommender systems are
achieving widespread success and have attracted researchers' attention, particularly in
the field of e-Commerce/e-Business and e-Learning applications (Shishehchi et al.
2011; Wei, Huang & Fu 2007). On the other hand, the adoption of recommender
systems in the context of e-Government to provide personalized services has received
less attention (Guo & Lu 2007; Teran & Meier 2010).
Collaborative Filtering (CF) is probably the best known and commonly-used
recommendation approach in recommender systems. CF-based approaches work by
collecting user ratings for items in a given domain and computing similarities between
users or between items to produce recommendations (Adomavicius & Tuzhilin
2005b ). Despite their success, the CF-based approaches still suffer from major
limitations; these include data uncertainty, data sparsity, cold-start item, cold-start user
and inaccurate recommendations problems (Adomavicius & Tuzhilin 2005b; Anand &
Mobasher 2005 ; He & Chu 2010; Palanivel & Sivakumar 2011). To alleviate such
limitations,

researchers

recommendation

have

approaches.

commonly
Hybrid

decided

recommendation

to

adopt

approaches

hybrid-based
incorporate

additiona] infonnation to the rating information, allowing the recommender system to
make inferences based on an addjtional source of knowledge to generate quality
recommendations (Burke 2007; Gong 2010; Ma, King & Lyu 2007; Salter &
Antonopoulos 2006; Tso-Sutter, Marinho & Schmidt-Thieme 2008; Wang, de Vries &
Reinders 2006; Zhang et al. 2009).
To facilitate the transformation of current G2B e-Services into a new stage
whereby e,-Govemment agencies offer personalized e-Services to business users, and
to address the current limitations of CF-based recommendation approaches, this
research ( 1) explores the adoption of recommender systems in an e-Government
context by proposing a novel G2B recommendation framework to provide
personalized G2B e-Services, particularly for business partner recommendation eServices for Small-to-Medium Businesses (SMBs); and (2) proposes and develops
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hybrid recommendation algorithms to overcome the limitations of existing CF-based
recommendation approaches.

1.2 RESEARCH CHALLENGES
In this section, we will review two important mam issues which significantly
motivated the work presented in this thesis.
1)

Most existing recommendation research efforts place emphasis on e-Commerce

and e-Leaming, and less attention has been paid to the e-Govemment domain. In
general, from the e-Commerce perspective, personalized recommender systems aim
to improve customer relationships, sell more products and eventually make more
profit. From the e-Leaming perspective, personalized recommender systems aim to
support learners' competence development by facilitating the students' learning
process and maximizing their learning outcome. However, these characteristics and
motivators are not important and not relevant in the field of e-Govemment. The main
aims of e-Government recommender systems are to deliver not-for-profit e-Services
that are tailored to meet the specific needs of individual citizens and businesses,
thereby increasing the quality, adoption, usage and satisfaction of the e-Services
offered by the e-Government. This seems to have hindered the adoption of
recommendation technology in the e-Government domain and explains why it still
relatively new. Thus, the first question can be formulated as follows:

RQ-1: How should personalized recommendation approaches be utilized to enhance
G2B e-Services and provide effective personalized e-Services; particularly, in the
context of this study, how should recommendation algorithms be used to help
businesses to find business partners according to their needs and interests?
2)

CF-based recommendation approaches have been wide1y adopted, and most

popular recommendation approaches are used in many practical recommendation
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applications. However, with the development and widespread use of recommender
systems, CF-based approaches face well-known major limitations, as follows:

•

Data Uncertainty problem. The CF-based recommender systems use historical

data consisting of users' numerical ratings to initiate a recommendation. The users'
ratings collected by such systems involve uncertainty and lack of expressiveness
because they are based on users' perceptions, opinions and tastes. Also, the data
uncertainty causes the sharp boundary problem in which two adjacent numbers can be
assigned to two different interval classes. An important obstacle to overcome in the
application

of recommender

systems,

therefore,

is

the

need

to

generate

recommendations to users using incomplete and uncertain data (Li et al. 2009;
Palanivel & Sivakumar 2011 ).

• Inaccurate Recommendations problem. In general, because the ratings data in
pure CF-based recommender systems are not sufficient in most cases, the users/items'
similarity computation is not always accurate, which leads to a severe degradation of
recommendation accuracy. An accurate recommender system should provide relevant
recommendations. with more favorite items and fewer disliked ones, to active users.
ln October 2006, Netflix announced an open competition with the grand prize of
$1,000,000 for the best recommendation algorithm to predict user ratings for films
(http://www.netflixprize.com); such is the importance of this issue. Improvement in
prediction accuracy increases user satisfaction, which in turn leads to higher profits
for e-Commerce websites (He & Chu 20 10).

•

Data Sparsity problem. This is one of the main technical limitations of CF-based

approaches. The effec ts of this limitation are noticeable as the number of available
items increases. It occurs when the number of ratings obtained is very small
compared to the number of ratings that need to be predicted. In this case, a
recommender system is unlikely to locate successful neighbors and generates weak
recommendations (Adomavicius & Tuzhilin 2005b; Anand & Mobasher 2005).
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•

Cold-Start (CS) Item problem. This is also known as the new item problem. It

affects items that have a small number of ratings, or none. With few or no ratings for
CS items, CF-based recommendation approaches cannot appropriately locate similar
item neighbors using rating similarity and would be unlikely to recommend them
(Adomavicius & Tuzhilin 2005b; Anand & Mobasher 2005).

•

Cold-Start (CS) User problem. This is also known as the new user problem. As

the system must learn the user' s preferences from the ratings that the user gives, new
users first have to provide a sufficient number of ratings for items in order to achieve
accurate recommendations. Since there are few or no ratings for CS users, the CFbased recommendation approaches cannot appropriately find user neighbors using
rating similarity, so they fail to generate recommendations for them (Adomavicius &
Tuzhilin 2005b; Anand & Mobasher 2005).
Accordingly, the remaining research questions can be fonnulated as follows :

RQ-2: How should fuzzy logic and fuzzy set techniques be utilized to accommodate
tbe data uncertainty inherent in a user's numerical ratings?

RQ-3: How should the attributes and semantic feahires of items be utilized in order to
improve recommendation accuracy and overcome data sparsity and CS item
limitations?

RQ-4: How should users' trust relations in the social trust network be exploited in
order to improve recommendation accuracy and overcome data sparsity and CS user
limitations?

RQ-5: Can we improve the recommendation accuracy of the recommendation
algorithms by incorporating Multi-Criteria rating information?
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RQ-6: How effective is a recommendation algorithm when is utilizes both the items'
semantic

information

and

users'

trust

information

(i.e.,

combining

the

recommendations generated by semantic-enhanced and trust-enhanced algorithms) to
improve recommendation accuracy and overcome data sparsity, CS item and CS user
limitations?

1.3

RESEARCH OBJECTIVES

In view of the research challenges introduced above, a recommendation framework in
addition to hybrid recommendation models and algorithms should be designed and
developed. The main objectives and significance of this thesis are:
R0-1: To propose a G2B recommendation framework for providing personalized

G2B

e-Services,

particularly

for

providing

personalized

business

partner

recommendations e-Services for SMBs.
This objecti ve corresponds to research question 1. Recommender systems can provide
a solution for the business partners matching problem and meet the needs of
particular business users . To the best of our k110wledge, a commonly accepted
framework for business partner recommendations is not yet available. Consequently,
a G2B recommendation framework, called an Intelligent Business Partner Locator
(IBPL), for business partner recommendations has been proposed. The proposed
IBPL recommendation framework will address the personalized recommendations
issue of the business partner matching e-Service as a G2B e-Service delivered by an
e-Govemment to business users . In addition, the proposed IBPL recommendation
framework includes different novel hybrid recommendation algorithms to deal with
different sources of information (e.g. , items ' semantic, users ' trust, fuzzy linguistic
rating, and multi-criteria rating information) to address the current limitations of CFbased recommendation approaches . Finally, the proposed IBPL recommendation
framework has a flexible structure which can also be applied in other related G2B
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recommendation e-Services, such as recommendations of trade exhibitions and export
market applications.
Because the current solution of government e-Services is essentially a 'one size
fits all' which cannot satisfy the increasing e-Services requirements of individual
users, the proposed IBPL recommendation framework will be of great value in eGovernment personalization research. It will facilitate the transformation of current
G2B e-Services into a new stage, enabling e-Government agencies to offer
personalized e-Services to business users. As more research is needed to advance the
current development state of e-Government, the proposed IBPL recommendation
framework can also be used widely in e-Governments to improve the quality of G2B
e-Services, and therefore improve e-Government developments.
R0-2: To design and develop a fuzzy-based recommendation algorithm.

This objective corresponds to research questions 1, 2 and 3. Fuzzy logic and fuzzy set
techniques are an appropriate paradigm to handle the uncertainty and fuzziness of the
numerical data and to efficiently model the natural complexity of human behavior. To
deal with the uncertainty issues inherent in a user's numerical ratings, we design and
develop a novel fuzzy-based recommendation algorithm that adopts a fuzzy linguistic
approach to efficiently represent user ratings. The proposed fuzzy linguistic approach
applies the fuzzy set technique using fuzzy linguistic terms and membership functions
to accommodate the uncertainty inherent in user ratings by providing an opportunity
for users to express their preferences using fuzzy linguistic terms instead of numerical
ones. To further improve the fuzzy-based recommendation algorithm, we propose and
incorporate a fuzzy product semantic relevance model that takes advantage of the
underlying semantic properties and attributes between any pair of items in an item
taxonomy to identify their fuzzy-based semantic similarity. The fuzzy-based
recommendation algorithm, which named as hybrid fuzzy semantic CF (FSCF)
recommendation algorithm, integrates a fuzzy product semantic relevance model and
an item-based fuzzy CF similarity approach to improve the recommendation
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performance in terms of improving accuracy (i.e. , by addressing the data uncertainty)
and also address data sparsity and CS item problems.
R0-3: To design and develop a semantic-enhanced recommendation algorithm.

This objective corresponds to research questions 1 and 3. To deal with the semantic
features of the items in the recommendation process, which cannot be well handled in
CF-based recommendation approaches, we first propose an item-based semantic
similarity model which is able to define the semantic similarity between any pair of
items by exploiting their underlying semantic relations in the item taxonomy. We
design and develop a semantic-based recommendation algorithm, called a hybrid
semantic-enhanced CF (SeCF) recommendation algorithm, which combines the itembased semantic similarity model and the enhanced item-based CF approach. The
hybrid semantic-enhanced CF algorithm can improve recommendation accuracy, and
address data sparsity and CS item problems.
R0-4: To design and develop a trust-enhanced recommendation algorithm.

This objective corresponds to research questions 1 and 4. Pure CF-based
recommendation algorithms that use only user ratings cannot provide proper
recommendations in case of data sparsity or newly added users. To solve these
problems, we fir t propose a user-based implicit trust model which is able to provide
a trust score between any pair of users by exploiting their implicit trust relations in
the implicit social trust network. We then design and develop a trust-based
recommendation

algorithm,

called

a

hybrid

trust-enhanced

CF

(TeCF)

recommendation algorithm, which integrates the user-based implicit trust model and
the enhanced user-based CF approach. The hybrid trust-enhanced CF algorithm can
improve recommendation accuracy, and address data sparsity and CS user problems.
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R0-5: To design and develop Multi-Criteria based recommendation algorithms.
This objective corresponds to research questions 1 and 5. The single-criteria (SC)
user-item ratings hide the true similarity of users and can lead to inaccurate results.
On the other hand, the multi-criteria (MC) ratings give details about the user's
preferences in multiple aspects, providing insights into why the user likes an item and
helping to provide accurate recommendations . The additional infonnation about each
user's preferences will help to accurately model users' preferences, and thus lead to
more accurate recommendations. As the main application of this study, business
partner recommendation is considered to be a multi-criteria decision making problem
that involves evaluating trade-offs between conflicting tangible and intangible criteria.
For this purpose, two Multi-Criteria versions of the proposed hybrid SeCF and hybrid
TeCF recommendation algorithms are proposed. The hybrid MC-SeCF and hybrid
MC-TeCF recommendation algorithms have been developed and compared against
the original single-criteria versions (hybrid SC-SeCF and hybrid SC-TeCF) to show
that integrating multi-criteria ratings in recommender systems can help to improve the
recommendation accuracy.
R0-6: To design and develop fusion-based recommendation algorithms.
This objective corresponds to research questions 1 and 6. A number of item-based
(i.e., semantic-enhanced) and user-based (i.e., trust-enhanced) recommendation
algorithms that incorporate additional knowledge about users and items beside the
rating information have so far been proposed in this study for improving
recommendation performance. In an attempt to achieve effective recommendations in
terms of accuracy and resolving data sparsity, CS item and CS user problems, we are
keen to fuse both the proposed item-based and user-based recommendation
algorithms. Based on this notion, we propose two fusion-based recommendation
algorithms that fuse the semantic, trust and CF information of items and users in SC
and MC rating schemes: (1) the Fusion SC-STCF recommendation algorithm that
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fuses the hybrid SeCF and hybrid TeCF recommendation algorithms, and (2) the
Fusion MC-STC F recommendation algorithm that fuses the hybrid MC-SeCF and
hybrid MC-TeCF recommendation algorithms. We show that the fusion-based
recommendation algorithms, by considering knowledge extracted from either the
items' semantic domain knowledge or the users' trust network, are able to provide
more accurate and effective recommendations, particularly in very sparse datasets,
and can also generate more and reliable recommendations for CS items and CS users .

1.4 RESEARCH CONTRIBUTIONS
The primary contributions of this thesis can be summarized as fo llows:
•

The proposal of a personalized G2B recommendation framework that provides

personalized

G2B

e-Services,

in

particular,

personalized

business

partner

recommendations e-Services for SMBs. The proposed framework provides a solution
for the business partners matching problem and meets the needs of particular business
users. The proposed framework will also be of great value in e-Govemment
personalization research because it will faci litate the transformation of cun-ent G2B eServices into a new stage, enabling the e-Government agencies to offer personalized
e-Services to business users .
•

The design and development of a fuzzy-based recommendation atgorithm. For

this a]gorithm , we utilize a fuzzy linguistic approach to propose a fuzzy product
semantic relevance model and an item-based fuzzy CF similarity approach . The
proposed model and approach have been combined to form a hybrid fuzzy semantic
CF (FSCF) recommendation algorithm. The proposed FSCF algorithm Improves
recommendation performance by dealing with data uncertainty to Improve
recommendation accuracy, as well as dealing with data sparsity and CS item
problems .
•

The design and development of a semantic-enhanced recommendation algorithm .

For this algorithm, we propose an item-based semantic similarity model that employs
an item taxonomy to recognize semantic similarity between items. We also propose
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an enhanced item-based CF approach. The proposed model and approach have been
combined to form a hybrid semantic-enhanced CF (SeCF) recommendation algorithm
to improve the recommendation performance through grater accuracy, as well as deal
with data sparsity and CS item problems.
•

The design and development of a trust-enhanced recommendation algorithm. For

this algorithm, we propose a user-based implicit trust model to build and exploit an
implicit trust social network to define implicit trust relations between users. We also
propose an enhanced user-based CF approach. The proposed model and approach
have been combined to form a hybrid trust-enhanced CF (TeCF) recommendation
algorithm to enhance the recommendation performance in terms of improving
accuracy, as well as in dealing with data sparsity and CS user problems.
•

The design and development of MC-based recommendation algorithms. The last

two proposed recommendation algorithms have been extended from SC rating
recommendation algorithms to MC ratings recommendation algorithms to show that
integrating

MC

ratings

into

recommender

systems

can

help

to

improve

recommendation accuracy.
•

The design and development of fusion-based recommendation algorithms. To

achieve more effective recommendations in terms of accuracy and resolving data
sparsity, CS item and CS user problems results, we fuse the semantic, trust and CF
infonnation of items and users in SC and MC rating schemes. The proposed fusionbased recommendation algorithms, compared to other proposed algorithms, prove
their ability to provide more accurate recommendations, and to be more robust
against data sparsity, CS item and CS user problems.

1.5 RESEARCH METHODOLOGY. AND PROCESS
Research methodology is the "collections of problem solving methods governed by a
set of princip1es and a common phi1osophy for solving targeted problems" (Gallupe
2007). This research belongs to the Information System (IS) domain. A number of
research methodologies have been proposed and applied in the IS domain such as
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case study, field study, design research, field experiment, laboratory experiment,
survey, and action research (Niu 2009).

1. 5 .1 RESEARCH METHODOLOGY
In this study, we consider design research to be the most appropriate research
methodology to achieve our research objectives. The methodology, illustrated in
Figure 1.1 (Vaishnavi & Kuechler 2004), includes five basic stages.

Knowledge Flows

Process Steps

Outputs

Awareness of
Problem

Proposal

r-

~7

Suggestion
Ci rcumscription

0

Development

Tentative Design

Artifact

~'_,/
Evaluation
Operation and Goal
Knowledge

I

Performance
Measures

11

~7

Conclusion

Results

Figure 1-1 The general methodology of design research
1) Awareness of Problem

This is the first step in which the limitations of existing applications are analyzed and
significant research problems are acknowledged. Research problems can be identified
from different sources: new developments in industry and literature review. The
output of this phase is a research proposal for new research effort (Niu 2009;
Vaishnavi & Kuechler 2004).
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2) Suggestion
This phase immediately follows the identification of research problems and a
tentative design is suggested. The tentative design describes what the prospective
artifacts will be and how they can be developed. Suggestion is a creative process
during which new concepts, models and functions of artifacts are demonstrated. The
resulting tentative design of this step is usually one part of the research proposal; thus,
the output of the suggestion step is fed back to the first step, so that the research
proposal can be revised (Niu 2009; Vaishnavi & Kuechler 2004).

3) Development
This phase considers the implementation of the suggested tentative design artifacts.
The techniques for implementation will be based on the aiiifact to be constructed. An
algorithm may require construction of a formal proof. The implementation itself can
be simple and need not involve novelty; the novelty is primarily in the design not the
construction of the artifact. The development process is often an iterative process in
which an initial model/algorithm is first developed and then evolves as the researcher
gains a deeper comprehension of the research problems. The output of this step is fed
back to the previous two steps, which helps researchers revise the design and the
proposal (Niu 2009; Vaishnavi & Kuechler 2004).

4) Evaluation
This phase considers the evaluation of the implemented artifacts. The performance of
artifacts can be evaluated according to criteria defined in the research proposal and
the suggested design. The evaluation results which may or may not meet expectations
are fed back to the first two steps. Accordingly, the proposal and design might be
revised and the artifacts might be improved (Niu 2009; Vaishnavi & Kuechler 2004).

5) Conclusion
This is the final phase of a design research effort. Typically, it is the result of
satisfaction with the evaluation results of the developed artifacts, even though there
may still be deviations in the behavior between the suggested proposal and the actual
artifacts. However, a design research effort concludes as long as the developed
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artifacts are considered to be 'good enough' and the anomalous behavior may well
serve as the subject of further research (Niu 2009; Vaishnavi & Kuechler 2004).

1. 5 .2 RESEARCH PROCESS
This research was planed according to the methodology of design research. First, a
subject was chosen as a very broad research topic of this research. A literature review
of previous research in the topic area is an essential component of the research
process, so existing literature was retrieved and critically reviewed. The results of the
literature review helped to define specific research questions to be directly addressed
in a research project. As the research questions grew clearer and more definite, more
literature closely related to the research questions was reviewed. Based on existing
work in the literature, a G2B recommendation framework was constructed to handle
personalized G2B recommendation e-Services. The main function of the proposed
framework will be to help government agencies effectively recommend the right local
business partners (e.g., buyers, suppliers, manufacturers, distributors, and retailers) to
other businesses (e.g., exporters, importers) based on their requirements, interests and
business product categories. This framework is constructed at a very abstract
theoretical level, which paints a broad picture of the entire research. Based on the
framework, a set of novel models and hybrid algorithms were designed, developed
and evaluated. The proposed models and algorithms were implemented and evaluated
within the Matlab programming environment. According to the methodology of
design research, this research is an iterative process. As indicated in Figure 1-1 , the
output of each research step might be fed back to its previous step when deviations
between expectations and evaluation results are found. Through the feedback,
research outcomes are progressively improved until satisfying results are drawn from
evaluations . Finally, writing up the PhD thesis is done at the end of the research.
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1.6 FORMAL NOTATIONS
In a recommender system, there exist a set of users and a set of items. Preferences of
users are represented as a user-item ratings matrix, which represents the relationships
between user and items in the system. The user who seeks a recommendation is called
the active user. The item for which a prediction (e.g., predicted rating) is to be made
is known as the target item. Formally, this section summarizes the various symbols
and notations that will be used throughout this thesis:

V={u 1, u2, u3, ... ,um} is a set of users, mis the number of users.
l={i1 ,i2,i3, ... ,in} is a set of items, n is the number of items.

R =V x I is the user-item ratings matrix.
ru.i

is the rating of user u for item i.

~

is the average rating value of user u on a set of rated items.

a E U is an active user seeking recommendations.

b E U is a potential neighbor user for active user a.
x EI is a target item for which predic ion is to be made.

y EI is a potential neighbor item for target item x.

Ia c I is the set of items rated by active user a.

h c I is the set of items rated by neighbor user b.
Ia.b c I is the set of items co-rated by both users a and b.
Ux c U is the set of users who rated target item x.
Uyc U is the set of users who rated neighbor item y.
Ux.yC U is the set of users who co-rated items x and y.
Finally, the terms "users" and "buyers", "items" and "suppliers", also "fuzzy-based"
and "fuzzy logic-based" will be interchangeably used in this thesis.
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1.7 T HESIS STRUCTURE
This thesis contains nine chapters. Chapter 1 presents the research background,
challenges, objectives and significance, contributions, methodology, and the thesis
structure. Chapter 2 presents the literature relevant to this study, including an
introduction to Government e-Services and e-Govemment development stages, web
personalization techniques and applications in e-Govemment, recommender systems
techniques and applications. Chapter 3 introduces a G2B recommendation framework,
called an Intelligent Business Partner Locator (IBPL), to handle personalized G2B eServices, in particular business partner recommendation e-Services for SMBs.
Chapter 4 describes a fuzzy-based recommendation algorithm, called a hybrid fuzzy
semantic CF (FSCF) recommendation algorithm, that integrates a fuzzy product
semantic relevance model and an item-based fuzzy CF similarity approach to improve
the recommendation performance in terms of improving accuracy, as well as in
dealing with data uncertainty, data sparsity and CS item problems. Chapter 5
introduces a semantic-enhanced recommendation algorithm, called a hybrid semanticenhanced CF (SeCF) recommendation algorithm, which combines the item--based
semantic similarity model and the enhanced item-based CF approach to help improve
the recommendation accuracy, and address data sparsity and CS item problems.
Chapter 6 presents a tmst-enhanced recommendation algorithm, called a hybrid trustenhanced CF (TeCF) recommendation algo1ithm, which integrates the user-based
implicit trust model and the enhanced user-based CF approach to help improve
recommendation accuracy, and address data sparsity and CS user problems. Chapter 6
presents two MC-based recommendation algorithms in which two MC-based versions
of the previously proposed hybrid SeCF (Chapter 5) and hybrid TeCF (Chapter 6)
recommendation algorithms are proposed. Chapter 7 describes two fusion-based
recommendation algorithms. The first is the Fusion SC-STCF recommendation
algorithm that fuses the hybrid SeCF (Chapter 5) and hybrid TeCF (Chapter 6)
recommendation algorithms. The second is the Fusion MC-STCF recommendation
algorithm that fuses the hybrid MC-SeCF and hybrid MC-TeCF recommendation
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algorithms (both are proposed in Chapter 7). Chapter 9 presents the conclusions and
future research directions for the work presented in this thesis. The structure of the
thesis is clearly shown in Figure 1-2.
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CHAPTER 2

LITERATURE REVIEW

This chapter presents a discussion of relevant work in connection with our research.
In Section 2.1, we provide an overview of government e-Services, categories of
government e-Services and models of e-Government development stages. In Section
2.2, we introduce the concept, techniques, and government e-Service applications of
Web personalization. Section 2.3 presents the concept, classification and classical
techniques of recommender systems. Section 2.4 reviews the current state-of-the-art
techniques used in recommender systems. Finally, Section 2.5 summarizes the most
popular applications of recommender systems.

2.1 GOVERNMENT E-SERVICES
There is no single generally accepted definition of e-Govemment. The definition most
related to this study is that provided by Brown and Bradney (2001 ). They define eGovernment as the use of technology, especially Web-based applications, that
enhance access to, and efficiently deliver government information and services.
Government e-Services (also known as e-Government services) can be defined as the
information and services provided to the public on government websites. Government
e-Services aim to improve customer satisfaction, develop a strong relationship with
customers and business partners, and reduce service delivery costs (Wang,
Bretschneider & Gant 2005). Government e-Services can be classified into three
broad categories of Government-to-Citizen (G2C) e-Services, Government-to-
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Business (G2B) e-Services and Government-to-Government (G2G) e-Services. This
study will focus on G2B e-Services (Brown & Brudney 2001 ).

2.1. l GOVERNMENT-TO-CITIZEN (G2C) E-SERVICES
Government-to-Citizen G2C e-Services involve interaction and cooperation between
governments and citizens to improve the government-to-citizen relationship by
providing satisfactory services to citizens (Siau & Long 2005). G2C applications
enable citizens to ask questions of government agencies and receive answers; pay
taxes (income, real estate); pay traffic tickets; renew drivers' licenses; change their
address; and make appointments for driving tests. Furthermore, government can
provide one-stop, on-line access to information and services to citizens. Example of
such services are: providing downloadable forms online; helping citizens find
employment; providing tourism and recreation information; and providing advice
about health and safety issues (Palvia & Sharma 2007).

2.1.2 GOVERNMENT-TO-BUSINESS (G2B) E-SERVICES
Government-to-Business G2B e-Service are defined as E-business activities between
government agencies or departments and business organizations, which include a
government entity buying products or services from private sector organizations, or
providing or receiving information to/from them (Li 2007). G2B e-Services focus on
providing better services to businesses such as reducing transaction costs and
eliminating redundant collections of data (Siau & Long 2005). Some G2B e-Services
goals include making available online regulations for agencies, increasing electronic
tax capabilities for business and consolidating trade information for export/import
data (Evans & Yen 2005).
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2 . 1 .3 GOVERNMENT-TO-GOVERNMENT (G2G) ES ERVICES
Government-to- Government G2G e-Services deal with those activities that take place
between different government organizations/agencies to improve the efficiency and
effectiveness of overall government operations (Palvia & Sharma 2007). G2G
involves the internal interaction and cooperation between governments and their
employees, as well as between governments at different levels and distributed
locations. G2G e-Services aim to enhance the cooperation and collaboration between
governments of different levels and various physical locations (Siau & Long 2005).
An example of a G2G e-Service in the United States is the Intelink, an intranet that
carries classified information shared by different US intelligence agencies (Palvia &
Sharma 2007).

2.1.4 MODELS OF E-GOVERNMENT DEVELOPMENT
STAGES
A number of e-Govemment development stage models have been proposed in the
literature that focus on c]assifying functions and features offered by current eGovemments (Siau & Long 2005). These models were either developed by individual
researchers, such as Layne and Lee ' s model (Layne & Lee 2001), and Guo and Lu's
model (Guo 2006), or were proposed by institutions, such as the European
Commission model (Wauters, Nijskens & Tiebout 2007), Gartner Group model
(Baum & Di Maio 2000) and Deloitte and Touche model (Deloitte & Touche 2001).

Gartner's model. The Gartner Group (Baum & Di Maio 2000) propose a four-stage
e-Government model, described below:
Phase 1- Web Presence: Government provides a website to post basic information to
the public;
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Phase 2- Interaction: Government provides users with the ability to download forms,
perform simple searches, and e-mail government officials;
Phase 3- Transaction: Government provides users with the ability to conduct
complete online transaction, such as paying parking fines, filing taxes, renewing
drivers' licenses, and applying for permits; and
Phase 4- Transformation: Government transforms the current operational processes to
provide a more efficient, integrated, unified, and personalized service.

Layne and Lee's model. This model is explained in terms of its complexity and
different levels of integration. Layne and Lee (2001) proposed four stages of a growth
model for e-Government:
Phase 1- Cataloguing: Focuses on cataloguing government information and
presenting it online, such as establishing online presence, presenting catalogues, and
offering down]oadable forms;
Phase 2- Transaction: Focuses on providing functions to citizens for transacting with
government electronically. The functions include offering services and forms online
and working on databases to support online transactions;
Phase 3- Vertical integration: Focuses on integrating government functions at
different levels, such as those of local, state and federal governments; and
Phase 4- Horizontal integration: Focuses on integrating different functions and
services from separate systems to provide users with a unified and seamless service.

Deloitte's model. Considering that the purposes of e-Government are to build a long
term relationship with citizens and to serve citizens as customers, Deloitte and
Touche (2001) introduced a six-stage model as follows:
Phase 1- Information publishing/dissemination: Government provides users with
increased access to information;
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Phase 2- "Official" two-way transaction: Government utilizes information and
communication technologies, such as digital signatures and security keys, to support
two-way interaction between government and users;
Phase 3- Multi-purpose portals: Government operates a single portal to provide
universal service across multiple departments;
Phase 4- Portal personalization: Government enables users to customize portals
according to their own needs;
Phase 5- Clustering of common services: Government improves collaboration and
reduces intermediaries to provide a unified and seamless service; and
Phase 6- Full integration and enterprise transaction:

Government provides

complicated, integrated, and personalized services to every user according to their
own needs and preferences.
Guo and Lu's model. This model extends Layne and Lee's (2001) and Gartner's
(Baum & Di Maio 2000) models to meet the government online service practices in
the context of Australia.
Phase 1- Government information and service online: Focuses on delivering
government informat1011 and services to citizens and businesses through the Internet.
Furthermore, by adding simple groupware functionalit1es such as web forms , emails,
bulletin and chat rooms, two-way communication is supported;
Phase 2- Transaction-based government online services: Focuses on service-oriented
e-Government activi ties, so that users can use government websites to complete
transactions ;
Phase 3- Integrated government online services : Provides users with a ' one-stop
shop' and makes it unnecessary for users to know the structure of government. The
integration may happen vertically and horizontally. In this phase, users will be getting
better services that are streamlined and integrated with other services offered by other
governments or the private sector; and
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Phase 4- Intelligent government online services: Emphasizes the intelligent
presentation of web content, personalized services, intelligent decision support, and
direct citizen participation in government decision-making. Personalization is one of
the most popular techniques in this phase, enabling government online services to
implement a personalized, one-to-one relationship between citizen/business and
government.

European Commission's model. Arguing that the purpose of e-Government is to
provide an efficient web-based public service, the European Commission's model
(Wauters, Nijskens & Tiebout 2007) suggests an e-Govemment model which consists
of five stages, as follows:
Phase 1- Information: Government provides limited and static information through a
limited number of websites;
Phase 2- One way interaction: Government provides users with increased access to
information and downloadable forms ;
Phase 3- Two way interaction: Government enables users to conduct simple online
transactions, such as completing government online forms;
Phase 4·- Transaction: Government enables users to conduct full electronic
transactions, such as renewing visas, obtaining passports, and updating birth and
death records through a single government website; and
Phase 5- Personalization: Government provides one-stop customized portals in which
users can access integrated, automated and personalized services according to their
own needs and preferences.
Table 2.1 summarizes both similarities and differences between the five models.
It can be seen that some of the stages found in one model can share similar meanings

when compared to other models. This type of overlapping occurs among all the five
models. Thus, the stages on one model can be translated into another even if they
have different names (Siau & Long 2005).
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Table 2-1 Summary and comparison of e-government development models
Model
Gartner
Layne and Lee

Web presence; interaction;
transaction; and
transformation
Catalogue; transaction,
vertical integration, and
horizontal inteQration

Strengths

Concise and easy
to follow
Concise and easy
to follow

Information publishing;
"Official" two-way transaction ;
multi-purpose portals; portal
personalization ; clustering of
common services; and full
integration and enterprise
transaction

Essentially a
customer-centric
model

Guo and Lu

Government information and
service online; Transactionbased government online
services; Integrated
government online services ;
Intelligent government online
services

Concise and easy
to follow

European
Commission

Information; One way
interaction; Two way
interaction ; Transaction ; and
Personalization

Focuses on webbased public
service (front
office)

Deloitte

_,

Stages

Weaknesses

Ignores the potential
benefits of political
changes
Ignores the potential
benefits of political
changes
Ignores the rengineering of
government internal
operations such as
internal efficiency and
effectiveness of
government
administration.
Ignores the potential
benefits of political
changes
Ignores the potential
benefits of political
changes
Does not consider the
bui lding of back office
Ignores the potential
benefits of political
changes

2.2 WEB PERSONALIZATION
2.2.1 CONCEPT
The rapid growth of web infomrntion leads to the difficulty of locating relevant
infom1ation, much of which is i1Televant for web users. This difficulty in locating
information is commonly refen-ed to as information overload. Web personalization
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has been an effective tool for assisting users with the information overload problem
on the World Wide Web (Uchyigit 2009).
Web personalization is an interdisciplinary topic that has been discussed in the
literature of information systems and marketing, as well as in other research areas.
Web personalization represents one of the most promising advances in information
technology and is a rapidly developing field ; however there are still several different
points of view among researchers and practitioners as to what it actually is
(Adomavicius & Tuzhilin 2005a). Furthermore, Web personalization is still a new
area of research, so there is little agreement on terminology. In general, web
personalization can be defined as any set of actions that tailors the web experience to
a specific user or a set of users (Anand & Mobasher 2005). Accordingly, web
personalization aims to provide users with what they want or need without requiring
that they ask for it explicitly. Mulvenna, Anand and Buchner (2000) define web
personalization as "the provision to the individual of tailored products, service,
information or information relating to products or services". Eirinaki and
Vazirgiannis (2003) define web personalization as the process of customizing the
content and structure of a website to the specific and individual needs of each user
taking advantage of the u ·er' s navigational behavior. The steps of a web
personalization process include: (l) the collection of web data, (2) the modeling and
categorization of these data (pre-processing phase), (3) the analysis of the collected
data, and (4) the determination of the actions that should be performed. Web
personalization offers customized web content, web presentation and website design
according to a particular user's preference on past visits and/or predicted interests in
the future, thereby presenting the right information to the right people (Guo 2006; Wu,
Aggarwal

&

Yu

2001 ). Adomavicius

and Tuzhilin

(2005a)

defined

web

personalization as "tallors certain offerings (such as content, services, product
recommendations, communications, and e-Commerce interactions) by providers
(such as e-Commerce websites) to consumers (such as customers and visitors) based
on know ledge about them, with certain goal(s) in mind".
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2.2.2 TECHNIQUES
The broad area of web personalization covers personalized web search, adaptive
websites, and recommender systems.

Personalized web search
Although current web search engmes are built to serve all users, they are not
sufficiently adaptive to users' individual needs and interests. This can be illustrated
when the same query is submitted by different users and a typical search engine
returns the same result, regardless of who submitted the query. This makes it difficult
to meet individual users'

information needs (Matthijs & Radlinski 2011).

Personalized web search seeks to tailor search results to individual users by taking
into account their profiles, including their particular interests and preferences (Daoud,
Tamine & Boughanem 2011 ). Existing work on web search personalization is
typically characterized by the data source used to learn about the user (observed user
interactions), and the way in which a user is modeled (user representation). A number
of personalization approaches using previous user interactions with the search engine
to learn and desctibe the user have been proposed. This has the benefit that such
usage data is easily collected by search engines. To represent the user profile, a
var·ety of models that encode the data about users have been used. These include
using a vector of weighted tem1s, a set of concepts, or an instance of a predefined
ontology (Matthijs & Radlinski 2011 ).
A number of research efforts on personalized web search can be found in the
literature. Ma et al. (2007) suggested a personalized mapping framework that
automatically maps a set of known user interests onto a group of categories in the
open directory project, which therefore categorizes and personalizes search results
according to a user's interests. Matthijs and Radlinski (2011) proposed a
personalization approach that builds a user interest profile using users' complete
browsing behavior, then uses this model to re-rank web results. They show that using
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a combination of content and previously visited websites provides effective
personalization. Daoud et al. (2011) present a search personalization approach that
models a semantic user profile and focuses on a personalized document ranking
model based on an extended graph-based distance measure.

Adaptive websites
Also known as website customization, this offers users the ability to build their own
web interface by selecting from channels of information. Perkowitz and Etzioni (2000)
defined adaptive websites as "adapting the site's presentation to the needs of each
individual visitor, based on information about those individuals. Any changes impact
only that single user, effectively creating numerous versions of the site, one per user".
Also, Perkowitz and Etzioni (2000) were the first to define the notion of adaptive
websites as sites that semi-automatically improve their organization and presentation
by learning from visitor access patterns. The system they proposed semi-automatically
modifies a website, allowing only nondestructive transformations. Therefore, nothing
is deleted or altered; instead, new index pages containing collections of links to related
but currently unlinked pages are added to the website. The authors proposed
PageGather, an algorithm that uses a clustering methodology to discover web pages
visited together and to place them in the same group. Zotos et al. (2009) proposed a
novel website customization model that personalizes the site's contents and stmcture
according to a particular user's needs by learning from the user's interests, which are
identified and described through the user's website navigation records. Goyal, Goyal
et al. (2009) proposed an online hotlink assignment algorithm for designing adaptive
websites. The aim of the proposed algorithm is to reach desired pages on a website in
minimum number of clicks, thereby reducing the load on the web server as well as the
traffic on the Internet.
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Recommender systems
Most definitions of web personalization imply a close relationship between web
personalization and the recommender systems (Schubert, Uwe & Risch 2006). A
recommender system is defined as a personalized information filtering technology
used to filter out the uninteresting items (or predict the interesting ones) automatically
on behalf of users according to their personal preferences. A recommender system
therefore can either predict whether a particular user will like a given item, or identify
a set of items that will be of interest to a particular user (Manouselis & Costopoulou
2007). A wider overview of recommender systems is given in Section 2. 3.

2.2.3 GOVERNMENT E-SERVICE PERSONALIZATION
Although e-Govemment models (presented in section 2.1.4) have different ways of
representing the developmental stages of e-Govemment, they share a common final
stage which is the ability of e-Govemments to provide fully integrated and
personalized e-Services for their constituents. Thus, personalization of e-Govemment
services can be seen as an evolution of the intentions-based approach and will be one
of the next directions of e-Government e-Services. Also, due to the fact that many
public services are universal (services should be available to each and every citizen)
and should be presented in a universal way, government e-Services have mainly been
presented in a 'one size fits all' manner (Homburg & Dijkshoom 20 11; Schmidt et al.
2010). The present ' one-size-fi ts-all ' norm of e-Govemment portals and e-Services is
not the optimal way to de1iver such services, because every individual user has
different knowledge, abilities and preferences (Schmidt et al. 2010). Personali zation
in governmental e-Services is therefore highly desirable in order to achieve the
primary goals of e-Govemment initiatives, which are : (1) to increase the usability and
acceptance of government e-Services and consolidate trust; (2) to enable eGovemment to achieve efficiency gains and user satisfaction (Bogerman & Smits
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2009; Schmidt et al. 2010). In the literature, three forms of personalization of
government e-Services have been identified (Bogerman & Smits 2009):
1) Personalization as supplying citizens and businesses with portals that allows them
to access personalized e-Services.
2) Personalization of one specific e-Service for citizens/businesses, such as access to
tax authorities, potential business partners for export businesses, etc. This will be the
focus of this study.
3) Personalization as the integration of e-Services for citizens/businesses in the back
office of government institutions.
Personalized government e-Services can be described as an adaptation of an eGovemment service to a single citizen, based on user-related information of that
particular citizen (Pieterson, Ebbers & van Dijk 2007). Homburg and Dijkshoorn
(2011) defined personalized government e-Services as e-Services which, through
authorization, profiling and customization, establish one-to-one relationships between
e-Service providers and users. Authorization here means that citizens have to identify
themselves, but also that government e-Services should allow citizens to unlock
needs, preferences and aspirations. In addition, it implies that citizens should be
allowed greater opportunities to exercise choice over the mix of ways in which their
needs might be met electronically, a well as have a voice in the sense of eventually
being enabled to further articulate their preferences. An example of personalized
service delivery is a notification sent by e-mail to a citizen when a passport or
driver's license is about to expire. Citizens can also be notified of building permits
that have been issued to specific companies or other changes in the built environment
in the direct vicinity of their homes (Homburg & Dijkshoorn 2011 ).
In practice, a few agencies have launched personalized e-Services; however, they
can only offer simple personalized profile functions and push services (e.g., alerts or
reminders via email).

The implementation of e-Services personalization m

governments appears to still be in its infancy. For example, until recently, eGovernment development progress in Europe had achieved on average 76% of the
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European-based five-stage sophistication model, approaching the fourth level
classified as "transactional", as depicted in Figure 2.1 (Wauters, Nijskens & Tiebout
2007). Slovenia one of the leading European Union countries in e-Service
personalization, only offers simple e-Services such as personalized email notification
service on the expiry of official documents (e.g., passport and driver's license) and a
personalized job search e-Service which automatically notifies applicants of
vacancies according to the profile given by the job seeker (Wauters, Nijskens &
Tiebout 2007). In Belgium, the Ministry of Finance has initiated MyMinFin, a
personalized e-Govemment service provided by the Tax Authority that enables
citizens to not only submit their tax filings electronically, but also to check
information and to indicate how they would like to be informed of current and
upcoming changes in legislation. In various European Union countries, there are
national portals that route citizens' requests to decentralized, personalized websites.
Examples of these kinds of portals are the Danish borger.dk, the Estonian eesti.ee
initiative, the French mon.service-public.fr website, the Norwegian Norway.no portal ,
the British www.direct.gov.uk site and the Dutch mijnoverheid.nl site (Homburg &
Dijkshoom 2011 ).

(down/o;:}cfab le

forms)

EU 2007 SophistiCation ac-c:ordlng
to the modernised methodology

Figure 2-1 EU progress achievement on five-stage sophistication model
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Little attention has been paid in the research towards the adoption of web
personalization in the context of e-Government services (Grandi et al. 2006; Guo &
Lu 2007 ; Pasquale De et al. 2005; Schmidt et al. 2010; Teran & Meier 2010). For
example, Schmidt et al. (2010) designed and presented a user-adaptive e-Government
portal by combining Web 2.0 and semantic technologies. The portal provides public
users with more efficient, flexible and tailored service delivery. Grandi et al. (2006)
developed a personalized system that can efficiently support citizens in personalized
access to multi-version resources in an e-Government scenario. The proposed system
is supported by semantic web techniques and is based on an ontology-based profiling
of citizens. Pasquale et al. (2005) proposed a personalized multi-agent system that
takes into account citizens' exigencies and the capabilities of the devices they are
exploiting to suggest the most interesting government services to them. Guo and Lu
(2007) developed a personalized recommender system prototype, called Smart Trade
Exhibition Finder (STEF), which can handle one-and-only item recommendation
issues in e-Government services. STEF improved e-Govemment service applications
by assisting each particular business in selecting the right trade exhibitions for market
promotion. Al-hassan (2010) proposed an ontology-based personal-ized e-Government
tourism recommender system framework which would enable tourist information
seekers to locate the most interesting destinations and find preferred attractions and
activities with less time and effort. Teran and Meier (2010) proposed an architecture
of a personalized recommender system for elections using fuzzy clustering methods.
The proposed system would be used in e-Govemment to increase the participation of
citizens in elections, thus help improving democratic processes.
Nevertheless, current government e-Services are still missing effective, flexible,
intelligent and efficient personalization facilities, particularly when compared with eCommerce e-Services (Guo & Lu 2007; Homburg & Dijkshoorn 2011; Lu et al. 2010;
Schmidt et al. 2010). Much more research is needed to advance the personalization
stage in the ctment e-Government development process.
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2.3

RECOMMENDER SYSTEMS: CLASSICAL
TECHNIQUES

In this section, we first introduce the concept and classification of recommender
systems. We then describe the four well known classical types of recommender
systems. Finally, we present the evaluation metrics that are currently mostly used to
assess the performance of recommender systems.

2.3.1 CONCEPT AND CLASSIFICATION
The volume of data on the web is increasing at an unprecedented rate . The number of
Internet users is also increasing at a very rapid rate. A report by Forrester Research
Inc. (www.forrester.com/Research/Document/Excerpt/O,7211 ,53355,00.html) shows
that the number of Internet users around the world will grow more than 45% and is
expected to reach 2.2 bill ion by 2013 , compared with 1.5 billion at the end of 2008.
With this exceptional growth in both the volume of data on the web and users of the
Internet, it becomes critical to make the interaction of users with the Internet very
efficient and to enhance web users' ability to distinguish relevant information from
what is irrelevant (Goyal et al. 2009). This has prompted a strong interest m

information retrieval and infonnation flltering research fields that could help to
manage the information overload problem. Information retrieval (IR) systems aim to
automatically match a user's information need with a collection of documents.
Information filtering (IF) systems aim to help users by filtering out unwanted
information, exposing them to only the relevant information in a large flow of
information (Belkin & Croft l 992a; Hanani, Shapira & Shoval 2001 ).
A recent effective solution that has its origin in the field of information filtering
is the development of personalized recommender systems, which are considered to be
the most popular form s of web personalization and have become a promising and
important research topic in the fields of information filtering and decision support
systems (Garfinkel et al. 2008; Jiang, Shang & Liu 2009; Wang, Dai & Yuan 2008 ;
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Zhen, Huang & Jiang 2009). Recommender systems have been extensively studied
since the mid- l 990s (Adomavicius & Tuzhilin 2005b ). More recently, significant
steps have been taken in the direction of providing personalized services for a wide
variety of web-based applications (Biletskiy et al. 2009; Kanellopoulos 2008; Li &
Kao 2009; Naak, Hage & Aimeur 2009; Teran & Meier 2010; Wei, Huang & Fu
2007) as well as in other areas such as recommending news (IJntema et al. 2010),
movies (Good et al. 1999), books (Mooney & Roy 2000), videos (Bollen et al. 2007),
bundle purchases (Garfinkel et al. 2008; Garfinkel et al. 2006), and online research
papers (Middleton, Shadbolt & De Roure 2004). However, there is no "one-size-fitsall" definition which includes all the applications of recommender systems. The most
common and appropriate definition is given by Karypis (2001) who defines a
recommender system as a personalized information filtering technology, used to
either to predict whether a particular user will like a particular item, or to identify a
set of items that will be of interest to a certain user. Based on Karypis 's (2001)
definition, the tasks of recommender systems fall into two categories:

•

Task 1: PredicUon. Recommender systems attempt to predict some items of
ervices or products that a particular user may be interested in.

•

Task 2: Top-K recommendation. Recommender systems identify

J(

items that

will be of interest to a particular user.
Recent popular surveys (Adomavicius & Tuzhi1in 2005b; Manouselis &
Costopoulou 2007) classify the current generation of recommender systems m
multiple ways: by their recommendation approach, by the method that is used, or by
the effects that the algorithms used distinguish from one another. Figure 2.2
(Manouselis &

Costopoulou 2007) shows an example of how many ways

recommender systems can be classified. This study is interested in classification
based on recommendation methods in which the most distinguished four classes of
recommendation methods are content-based, collaborative, knowledge, and hybridbased recommendation techniques.
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Figure 2-2 Framework fo r the analysis and classification of recommender systems

2.3.2 COLLABORATIVE FILTERING-BASED
RECOMMENDATION TECHNIQUE
The Collaborative Filtering (CF) based recommendation technique is the most
popular and most frequently adopted recommendation approach. The CF technique
generates personalized recommendations based on user preferences, which are
subjective evaluations of users (Goldberg et al. 1992; Resnick et al. 1994; Shardanand
& Maes 1995). CF-based techniques can be grouped into two general classes :

memory-based and model-based (Adomavicius & Tuzhilin 2005b; Breese, Heckerman
& Kadie 1998). Memory-based techniques basically are heuristics that make rating

predictions based on the entire collection of previously rated items by the users .
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Examples of memory-based CF techniques are user-based and item-based CF
approaches (Adomavicius & Tuzhilin 2005b; Breese, Heckerman & Kadie 1998;
Resnick et al. 1994). In contrast to memory-based approaches, model-based techniques
use the collection of ratings to learn a model, which is then used to make rating
predictions. To create a model, statistical and learning techniques can been used such
as clustering and probabilistic latent semantic analysis techniques (Barbieri & Manco
2011 ; Breese, Heckerman & Kadie 1998; Pham et al. 2011 ). The CF technique is
mainly useful for recommending taste-based items, such as audio CDs, movies, and
jokes (Goldberg et al. 2001 ; Schafer, Konstan & Riedl 2001 ). It works by collecting
user ratings for items in a given domain and computing the similarities between the
profiles of several users to recommend an item. The first CF-based recommender
system, Tapestry, proposed by Goldberg et al. (1992), allows users to annotate
electronic documents they have read, for example, as "interesting" or "uninteresting".
Such annotations can be viewed by other users to help them decide whether or not to
read the documents. Group Lens (Konstan et al. 1997; Resnick et al. 1994 ), a fully
automated CF-based system of Usenet articles, tracks user preferences through users'
interactions with the system. lt works by gathering ratings on articles from users, then
generating numerical predictions about how much an active user would like an article
that has not read before, based on the ratings given by similar users who have read
that article. Most of the current CF-·based recommender systems work in a similar
way; for example, MovieLens, which gathers user ratings on movies for perfom1ing
CF, and Amazon.com, which generates recommendations based on the purchase
histories of previous customers .

2 .3 .2 . 1 USER-BASED AND ITEM-BASED CF
As mentioned, the memory-based CF recommendation technique can be divided into
user-based and item-based CF approaches.
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User-based CF
The user-based CF approach produces recommendations for interesting items based on
the evaluations of users with similar tastes. First, it analyzes the user-item matrix and
creates a vector containing the user's ratings for each rated item. Then, it computes the
similarity between the active user's vector and the vectors of the remaining users,
using similarity measures such Pearson correlation and Cosine vector. These similarity
measures compute the similarity between two users based only on the overlap items
defined in their respective vectors. Next, the most similar users (Top-n) to the active
user are selected as the user ' s nearest neighbors. Finally, predictions are generated
using a weighted average of the neighbors ' ratings of items that are contained in their
profiles. To summarize, the user-based CF approach recommends those items to an
active user which are most liked by the user's nearest neighbors (Adomavicius &
Tuzhilin 2005b; Schafer et al. 2007).
There are a number of different similarity measures to compute the similarity
between two users, such as Pearson correlation coefficient and constrained Pearson
correlation. These measures are the most common and popular similarity measures
used in the literature to compute user-based similarity (Candillier, Meyer & Fessant
2008; Piao, Zhao & Zheng 2009).
(1)

Pearson Correlation Coefficient. Similarity between two users is measured by

computing the linear correlation between their vectors of ratings (Resnick et al. 1994).
The Pearson correlation similarity between users a and bis given by

Lc~,i - ~)x (r;_j - ~)
Ia b

PCC( a, b) = __i=l_ _ _ _·r = = = = =
Ia

b

Ia

(2.1)

b
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represent the ratings of users a and b on item i respectively, and

where

~ ,i

and

represent the average rating values of users a and b on all of the

~

and

1

I a.b

~

co-rated

items by both users a and b.
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(2)

Constrained Pearson Correlation. Considered as a variation of Pearson

correlation that uses the mid-point of the rating scale instead of the mean rate of the
commonly rated items (Shardanand & Maes 1995). Formally, the CPC similarity
between user a and user bis given by:

L c~.i la.b

rmid)

x C1b,i -

rmid)

CPC( a, b) = ---,:==i=== = = - - - - - ; ; ; ; = = = = =
1
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x
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(2.2)

1

i= I

and lb,i represent the ratings of users a and b on item i respectively, and

r;,-ud represents the mid-point of the rating scale. Ia.b is the set of items co-rated by
both users a and b.
Item-based CF
In principle, the item-based CF approach is the transpose of the user-based CF

approach. While the

t

ser-based CF approach produces predictions based on users'

imilaiity, the item-based CF approach produces predictions based on the similarity of
items. First, the item-based CF approach looks into the user-item matrix and creates a
vector containing the item' s ratings for each item rated by the active user. Then, it
computes the similarity between the rated items and the target item. Subsequently, it
selects the most similar items (Top-n) to the target item as the item's nearest
neighbors. Finally, for a target item, prediction is generated by taking a weighted
average of the active user's ratings on the neighbor items. In summary, the item-based
CF approach recommends items to an active user that are similar to the items the user
liked earlier, and avoids items that are similar to the items the user did not like earlier
(Adomavicius & Tuzhilin 2005b; Sarwar et al. 2001; Schafer et al. 2007).
There are a number of different similarity measures to compute the similarity
between two items, such as cosine and adjusted cosine similarities. These measures
are the most common and popular similarity measures used in the literature to
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compute item-based similarity (Candillier, Meyer & Fessant 2008; Herlocker,
Konstan & Riedl 2002; Piao, Zhao & Zheng 2009).
( 1)

Cosine similarity. The ratings of each user are treated as a vector of ratings. The

default value of an un-rated item is set to zero. The similarity between the two users
is calculated by computing the cosine of the angle formed by the two vectors (Sarwar
et al. 2001). Formally, cosine similarity between items xand y is given by:
ux, y

L ~.x x ~,y

Cos(x, y) = ---;::::=====1 =-----.====
11

ux,y

ux,y

u= I

u= I

L c~.x ) 2 x L c~.y ) 2

where

~, x and ~ .y

(2.3)

represents the ratings of the user u on items x and y respectively,

Ux.yis the total number of users who rated both of items xand y.
(2)

Adjusted Cosine similarity. Computing similarity using basic cosine measure in

an item-based case has one important drawback in that the differences in rating scale
between different users are not taken into account. The adjusted cosine similarity
offsets this drawback by subtracting the corresponding user average from each corated pair (Deshpande & Karypis 2004; Sarwar et al. 2001 ). Fonnally, the adjusted
cosine similarity between items x and y is given by:
ux.v

L

(r;1,x - ~)x (r~,y - ~)
AdjCos( x, y) = --;==u=='===---;:======ux. y

Ux,y

u=l

u=I

L C1u.x - ~ )2 x L C1u.x - ~ )2

(2.4)

where ru.x and ru.y represent the ratings of the user u on items x and y respectively. 1u
is the mean rating value of user u on all items, Ux.y is the total number of users who
rated both of the items x and y.
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The widespread use of CF-based techniques has exposed some major limitations;
these include data uncertainty, data sparsity, CS item, CS user and inaccurate
recommendation problems (refer to Section 1.2 for more details).

2.3.3 CONTENT-BASED RECOMMENDATION TECHNIQUE
Content-based recommender systems have their roots in Information Retrieval (IR)
and Information Filtering (IF) systems (Baeza-Yates & Ribeiro-Neto 1999; Belkin &
Croft l 992b ). The content-based (CB) recommendation technique depends mainly on
a description of the items, such as keywords, and a profile of the user's interests to
generate personalized recommendations. Specifically, in a user profile, each item can
be described by a number of features. The CB technique first analyzes the features of
items that are preferred by the active user and then compares those items' features
with the features of other items that have not been observed by the active user in the
system to determine what to recommend. In this way, the CB approach recommends
items to the user which are similar to those the user has preferred in the past
(Adomavicius & Tuzhilin 2005b; Pazzani & Billsus 2007).
Content-based techniques are more commonly used m textual application
domains, such as books (Mooney & Roy 2000) and research articles (Middleton,
Shadbolt & De Roure 2004; Middleton, Alani & De Roure 2002) in which content
information about domain items is rich and easy-to-obtain. Mooney and Roy (2000)
described a content-based book recommender system, called Libra, that utilizes
information extraction and a machine-learning algorithm for text categorization. Libra
uses a simple Bayesian learning algorithm and information about books extracted
from the web to recommend titles based on training examples supplied by an
individual user. Middleton et al. (2002) proposed a research article recommender
system called Quickstep that uses an ontology that captures the is-a hierarchy of
research article topics to represent domain knowledge and users' interest profiles.
Quickstep monitors the research articles browsed by a certain active user and
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classifies those articles based on the ontology to determine the topics that interest the
user. It then recommends other articles whose topics are related to the user's interests.
However, the content-based recommendation technique has some limitations, such as:
•

Limited Content Analysis: Content-based techniques are limited by the features

that are explicitly associated with the objects that these systems recommend.
Therefore, to provide an adequate set of features, the content must be in a form that
can be reviewed automatically by a computer (e.g., text document) or features should
be manually allocated to each item, such as multimedia data (e.g., graphic images,
audio and video) . Furthermore, it is often not practical to allocate attributes to the
hand because of limited resources (Adomavicius & Tuzhilin 2005b ).
•

Overspecialization: This is the CB technique's major problem. Since only the

items that are highly correlated with the user profile or interest can be recommended,
the user is limited to a pool of items that are similar to the items he already knows.
"For example, a person with no experience in Greek cuisine would never receive a
recommendation for even the best Greek in town" (Adomavicius & Tuzhilin 2005b).

2.3 .4 l(NOWLEDGE-BASED RECOMMENDATION
TECHNIQUE
Knowledge-based (KB) recommendation technique generates recommendations
based on inferences about a user' s needs and preferences, because it has functional
knowledge about how a particular item meets a particular user need and hence can
reason about the relationship between a need and a potential recommendation (Burke
2007; Manouselis & Costopoulou 2007). For example, Entree (Burke 2002), is a
knowledge-based restaurant recommender system that generates recommendations to
users by Case-based Reasoning (CBR). Such systems attempt to solve current
problems by adapting the solutions for previous, similar problems. There is no user
preference elicitation in such systems, because the main task of the recommendation
algorithm is to retrieve the case most similar to the problem to be solved (Burke
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2007). A knowledge-based recommender system avoids some of the rating-based
recommender systems drawbacks in that: ( 1) its recommendations do not depend on a
base of user ratings, and (2) It does not have to gather information about a particular
user because its judgments are independent of individual tastes. These characteristics
make knowledge-based recommenders not only valuable systems on their own, but
also highly complementary to other types of recommender systems (Burke 2000).
There are three types of knowledge involved in such systems (Burke 2002):

•

Catalog knowledge: Knowledge about the objects being recommended and their
features. For example, a restaurant recommender system should know that "Thai"
cuisine is a kind of "Asian" cuisine.

•

Functional knowledge: The system must be able to map between the user's needs
and the object that might satisfy those needs. For example, the system must know
that a need for a romantic dinner spot could be met by a restaurant that is "quiet
with an ocean view".

•

User knowledge: To provide good recommendations, the system must have some
knowledge about the user. This might take the form of general demographic
information or specific information about the need for which a recommendation is
sought.
While content-based and CF-based techniques are popular in textual domains and

taste-based domains respectively, knowledge-based techniques are commonly used in
domains in which the decision making process of users is more complicated and
constrained (Leung 2009). A typical example of such domains is travel and tourism,
where most recommender systems are built with extensive knowledge supplied by
domain experts (Lorenzi & Ricci 2005; Ricci 2002; Ricci et al. 2006). Knowledgebased travel recommender systems such as DieToRecs (F esenmaier et al. 2003) and
NutKing (Ricci & Missier 2004) maintain a knowledge base of travel products,
including tourist spots, activities, events, and accommodations. These products are
recommended by domain experts with respect to different travel settings, such as the
time of travel and duration of a trip . Given the travel needs of an active user, both
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DieToRec and NutKing use the CBR technology to match the specified needs with
the knowledge base they maintain to produce recommendations.

Although

knowledge-based systems do not suffer from cold-start problems, because their
knowledge bases are pre-constructed with the help of domain experts, they still have
some limitations (Burke 2002; Leung 2009):

•

Knowledge-based systems require extensive human effort (i.e., domain experts) to
build knowledge bases. This is the main limitation of knowledge-based systems,
as compared to CF-based systems which can be fully automated.

•

Knowledge-based systems require more feedback and involvement from an active
user than the other two types of recommender systems in order to arrive at an
appropriate solution for the user.

2.3.5 HYBRID-BASED RECOMMENDATION TECHNIQUE
In view of all the aforementioned limitations, a common thread in recommender

system research has been the need to combine recommendation techniques in a hybrid
approach to achieve peak performance. A hybrid recommendation technique is a
combination of two or more recommendation technique to emphasize the strengths of
these approaches and to achieve the peak performance of a recommendation system
(Burke 2002, 2007). Most commonly, hybrid recommendation techniques incorporate
additional info1mation to the rating infonnation, allowing the recommender system to
make inferences based on an additional source of knowledge to make proper
recommendations. Burke (Burke 2002, 2007) proposed a classification of hybrid
recommender systems, listing seven basic hybridization mechanisms for their
construction.

• Mixed: results from different recommendation techniques are presented together,
either in a single presentation or combined in separate lists.

•

Weighted: the score of a recommended item is computed from the scores of each
of the recommendation techniques (e.g., linear combination of recommendation
scores) presented in the system. The benefit of a weighted hybrid is that the
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strength of each technique contributes to the overall capabilities of the
recommendation process and adjustments of weights can follow accordingly. This
study mainly uses the weighted hybridization method to develop the proposed
recommendation approaches.

• Switching: using specific criteria, one of the recommendation techniques is
selected to make the prediction when certain criteria are met.

• Cascade: involves a staged process as one recommendation technique refines the
recommendations given by another.

• Feature Combination: features from different recommendation techniques are
integrated into a single recommendation technique.

• Feature Augmentation: one recommendation technique is used as an input feature
to another.

• Meta-level: the entire model learned by one recommendation technique is used as
input to another.
In the main, CF-based techniques, which are best known for their ability to make
personalized recommendations and which have been widely used in recommendation
systems, are combined with other techniques to overcome some of their mutual
limitations. Researchers have started to incorporate other data sources to improve on
or avoid the limitations of CF-based techniques. For example, CF-based techniques
have been combined with content-based filtering techniques to reduce the sparsity
problem that exists in CF-based techniques (Balabanovic & Shoham 1997; Basilico &
Hofmann 2004; Melville, Mooney & Nagarajan 2002; Pazzani 1999; Salter &
Antonopoulos 2006). Balabanovic et al. ( 1997) were among the first to develop
hybrid recommendation systems. They proposed a hybrid recommender system called
Fab, which combines both collaborative and content-based filtering approaches to
eliminate many of the limitations found in each approach. Pazzani (l 999) investigated
hybrid recommendation approaches that utilize CF-based, content-based and users '
demographic information for improving recommendation accuracy. Melville et al.
(2002) proposed a hybrid content-boosted CF approach that combines CF-based and
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content-based filtering approaches. The proposed hybrid approach performs better
than a pure CF-based and a pure content-based filtering approaches. Basilico &
Hofmann (2004) proposed a unified approach that systematically integrates all
available training information such as past user-item ratings as well as attributes of
items or users to learn a prediction function. Salter & Antonopoulos (2006) proposed
a film recommender agent in which collaborative-filtering results were expanded and
fine-tuned according to filtered content elements - namely, actors, directors, and
genres.

2.3.6 EVALUATING RECOMMENDATION TECHNIQUES
A number of evaluation measures have been used to evaluate the quality of
recommendations in current recommender systems. In this study, we use the most
broadly popular measurement metrics: the standard Mean Absolute Error (MAE) and
the Coverage metrics.
l) The MAE is the most widely used metric in recommendation research (Herlocker,
Konstan & Riedl 2002; Resnick et al. 1994) for measuring the accuracy of
recommendations. MAE measures the accuracy by computing the average absolute
deviation between the system's predicted rating against the actual rating assigned by
the user. Note that a lower MAE value represents higher recommendation accuracy.
Given the set of actual/predicted ratings pair <ai, pi> for all then items available in the
test set, the measurement for MAE can be given by:

MAE

n

(2.5)

2) The Coverage measure evaluates the ability of a given recommender system to
provide recommendations. The coverage is computed as the percentage of items for
which a prediction is requested and for which the recommender system is able to make
a prediction (Herlocker, Konstan & Riedl 2002). If we use n to denote the number of
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available items and Ip to denote the number of items for which a prediction can be
made, the coverage can be given by:

Coverage=

Ip
n

(2.6)

2.4 RECOMMENDER SYSTEMS: STATE-OF-THEART TECHNIQUES
This section presents an overview of the state-of-the-art techniques recently used to
developed and used to enhance the performance of recommender systems. In
paiiicular, this section discuses the use of fuzzy logic, semantic, trust social networks
and multi-criteria techniques in recommender systems.

2.4.1 Fuzzy SET TECHNIQUE IN RECOMMENDER
SYSTEMS
A key advantage of recommender sy terns is the ability to generate recommendations

to web users using incomplete and uncertain information. As the similarity between
items or between users is naturally uncertain, the use of fuzzy logic and fuzzy set
techniques is a proper method to model the natural complexity of human behavior
and to handle the fuzz iness and uncertain issues in recommendation problems. A
handful of research efforts have exami ned the use of fuzzy logic and fuzzy set
techniques in the domain of recommender systems (Cao & Li 2007 ; Chen & Duh
2008 ; Comelis et al. 2007 ; Li et al. 2009; Martinez, Perez & Barranco 2007 ;
Palanivel & Sivakumar 2011 ; Porcel & Herrera-Viedma 2010; Porcel, Lopez-Herrera
& Herrera-Viedma 2009; Serrano-Guerrero et al. 201 1).

Hwang and Chen (2006) proposed a CF algorithm based on fuzzy set theory,
which is designed to better address the sharp boundary problem. The experimental
results show that the proposed method achieves a better performance than the
traditional CF-based approaches. Comelis et al. (2005 ; 2007) developed a hybrid CF-
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CB conceptual framework in which they model user preferences, as well as user and
item similarities, as fuzzy relations; the latter can deal with the graded nature of
preferential information and with the uncertainties inherent in the recommendation
process. The proposed framework is used for recommending one-and-only items
using fuzzy set techniques to overcome the new item limitation of existing CF-based
recommendation

techniques.

Cao

and

Li

(2007)

proposed

a

fuzzy-based

recommender system for consumer electronic products (e.g. , laptops, digital cameras,
etc.). To help consumers easily express their judgments, and to help domain experts
easily evaluate product features , the linguistic terms are used to evaluate the
importance of customer needs and the ratings of product features. This system
showed its feasibility and effectiveness in retrieving optimal products based on a
consumer' s current needs obtained from system-user interactions. Martinez, Perez &
Barranco (2007) presented a multigranular linguistic CB recommender system model
that improved the recommendations by offering customers the ability to express their
preference information using linguistic assessments instead of numerical ones,
linguistic information being most suitable for the assessment of qualitative criteria
(human perceptions, taste, necessities). The authors used a fuzzy linguistic approach
to deal with the multigranular linguistic information in the proposed recommendation
modeL The fuzzy linguistic approach represents qualitative aspects as linguistic
values by means of linguistic va1iables. Chen and Duh (2008) developed a
personalized intelligent tutoring system based on the proposed fuzzy item response
theory, which is capable of recommending courseware with suitable difficulty levels
for learners according to a learner's uncertain responses. Li et al. (2009) proposed a
novel CF approach based on fuzzy set theory, in which they introduced the fuzzy set
and semantic distance metric to improve the sharp boundary problem of rating values.
The experimental results demonstrate that the proposed fuzzy CF approach can solve
the sharp boundary problem of rating items and achieve a much more desirable
performance than traditional CF-based approaches . Peici and Siyao (2009) proposed a
CF recommendation method based on fuzzy fonnal concept analysis. Fuzzy formal
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concept analysis is a means of conceptual clustering in which users with similar
interests are organized in a fuzzy set. The proposed method addresses the high
sparsity and sharp boundary problems in the classical CF user-item rating matrix.
Parcel, Lopez and Herrera-Viedma (2009) first developed a fuzzy linguistic
recommender system called SIRE2IN based on both CB filtering and fuzzy linguistic
modeling techniques. The fuzzy linguistic modeling technique has been applied to
improve the user-system and researcher-system interactions. SIRE2IN can help
university researchers and environment companies find research resources in
university digital libraries that could be of interest. However, the problem with this
system is that the user profiles are provided directly by users and the process for
acquiring user preferences is quite difficult because it requires too much user effort.
Parcel and Herrera-Viedma (2010) enhanced the SIRE2IN and presented a new fuzzy
linguistic recommender system that facilitates the acquisition of user preferences to
characterize user profiles by allowing users to provide their preferences by means of
incomplete fuzzy linguistic preference relation. The new SIRE2IN system improves
th e acquisition of user profiles by using tools to manage incomplete information when
users express their preferences. Serrano-Guerrero et al. (2011) proposed a fuzzy
linguistic recommender system as a tool for researchers interested in common
research lines to communicate with one another, based on GoogJe Wave technology
in university digital libraries . The system facilitates the possible collaborations
between mu lti-disciplined researchers and recommends complementary resources
useful for th eir interaction. It has been implemented in a prototype which was tested
with several research groups with successful results. Palanivel and Sivakumar (2011)
proposed a CF recommendation approach that uses the fuzzy linguistic approach to
(1) represent multi-criteria user-item preference ratings, then (2) find similarities
using fuzzy user-based and fuzzy item-based similarity measures, and (3)
subsequently compute recommendations using a fuzzy aggregation-based approach.
The performance of the proposed collaborative recommendation approach is
evaluated

empirica11y

against

traditional

user-based

and

item-based

CF
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recommendation algorithms using a music recommender system developed for this
research. From the evaluation results, it is observed that the proposed approach shows
improvement in recommendations over traditional CF-based algorithms.
In summary, fuzzy logic and fuzzy set techniques can play a significant role in

resolving the recommendation problem. The main advantages of using fuzzy logic
and fuzzy set techniques in recommender systems can be summarized in three
aspects:
1) Fuzzy-based linguistic terms can resolve the data uncertainty problem in
recommender systems by providing a rich and natural way for users to express the
knowledge and personal judgments in a more comfortable way than numeric
rating values (Cao & Li 2007 ; Martinez, Perez & Barranco 2007; Palanivel &
Sivakumar 2011 ; Porcel & Herrera-Viedma 2010; Poree!, Lopez-Herrera &
Herrera-Viedma 2009; Serrano-Guerrero et al. 2011 ). Specifically, fuzzy
linguistic terms can:
•

Add more flexibility in information processing to improve the information
representations;

•

Be more efficient to use than numerical values to properly mode] and assess
qualitative information, which usually relates to human

perceptions~

opinions

and tastes;
•

Handle the uncertainty of human opinions and allow users to utilize the term
set that best fi ts with their degree of knowledge;

2) Fuzzy set technique can resolve the sharp boundary problem that is caused by the
data uncertainty inherent in a user' s numerical ratings in recommender systems
(Hwang & Chen 2006; Leung, Chan & Chung 2006; Li et al. 2009; Peici & Siyao
2009). The sharp boundary problem caused by using the crisp cut points of
numerical ratings, in which two adjacent numbers are assigned to distinct interval
classes, and the suitable positions of a cut point, is often uncertain with different
application domains. For example, given the Jester dataset where ratings are
recorded as real numbers ranging from -10 to + 10, ratings above a certain value

52

Chapter 2: Uterature Review

are assigned to the categories of "Like" or "Dislike" . Let the like threshold be 3,
the rating 3 is assigned to " Li ke" while the rating 2.9 is assigned to "Dislike" .
Hence, two adjacent numbers are assigned to two different interval classes in
which a 0. 1 difference between the two values cause them to be assigned into two
completely different classes. By using this method, both of the ratings 10 and 3
wi ll be classified as "Like". Clearly, this is not adequate, as we naturally know
that the preference implied by a rating of 10 is much higher than that implied by
rating of 3.
3) The use of fuzzy relations in recommender systems can be considered to be an
effective solution because they have the ability to describe complex and uncertain
relationships and to deal flexibly with the graded nature of preferential
information in the recommendation process. For example, fuzzy relations can be
used to capture and exploit the relationships between users and items existing in
the domain (i.e., modeling user and item similarities as fuzzy relations), and
therefore improve the recommendation quality (Comelis et al. 2005 ; Comelis et al.
2007).
To this end, this research considers the first two aspects in which we apply the
fuzzy set technique using fuzzy linguistic terms and membership functions to resolve
the data uncertainty and sharp boundary problems in CF-based recommender systems
by incorporating fuzziness in nume rical ratings. We propose a hybrid fuzzy semantic
CF recommendation algorithm that uses a fuzzy linguistic approach to handle the
unce1iainty inherent in a user' s numerical ratings. The fuzzy linguistic approach
represents the user's numerical rating of an item as a linguistic tem1 and its
uncertainty is represented by using a fuzzy membership function for measuring the
user 's degree of interest in that item. The proposed algorithm also resolves the data
sparsity and CS item problems by taking into consideration the underlying semantic
properties and attributes between any pair of items, which are implicit in an item
taxonomy.
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2.4.2 SEMANTIC TECHNIQUE IN RECOMMENDER
SYSTEMS
Classical CF-based recommender systems generate recommendations based on
implicit and explicit ratings of items, and do not consider the attributes of an item.
Without taking these attributes into account, the recommendations generated cannot be
guaranteed (Guo & Lu 2007; Ruiz-Montiel & Aldana-Montes 2009; Wang & Kong
2007). Semantic-based recommender systems exploit the underlying semantic
properties and attributes associated with users and items to generate recommendations.
For instance, semantic information about items consists of the attributes of the items,
the relationship between items, and the relationship between items and metainfonnation (Resnik 1995). Product taxonomies as the major source of semantic
information can be taken advantage of in recommender systems, since they provide a
means of discovering and classifying new information about the items to recommend,
about user profiles and even about their context (Albadvi & Shahbazi 2009; Cho &
Kim 2004; Guo & Lu 2007).

2.4.2.1 PRODUC1 TAXONOMY
Product taxonomy is practically represented as a hierarchical tree of categories that
classifies a set of products at a low level into a more general product at a higher level.
The leaves of the tree denote the product instances, and non-leaf nodes denote product
classes or subclasses obtained by combining several nodes at a lower level into one
parent node. Product taxonomy aims to identify similar products and group them
together by specifying the level of aggregation provided by marketers or domain
experts. Product taxonomy is used by most online retailers to give a clear view of
product lines for web users. However, since there is no standard for product
appearance sequencing on the web, most online retail companies show their products
based on web designers' experience (Albadvi & Shahbazi 2009; Cho & Kim 2004;
Guo & Lu 2007). Amazon and Google, for instance, provide comprehensive and
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detailed product taxonomies to describe the products' families. An example of a fourlevel product taxonomy tree is shown in Figure 2.3. Each level of the tree denotes a
different meaning as follows:
Level 0 - presents the root of the hierarchical taxonomy tree;
Level l - shows the product categories (industry classes);
Level 2 - denotes the product subcategories (product subclasses);
Level 3 - denotes the product instances.
In Figure 2.3, specific product instances (located at a lower level, with a bigger
level number) are located under more general product categories and industry classes
(located at a higher level, with a smaller level number). The nodes with leaves of the
taxonomy tree denote the industry class and product subclasses, whereas non-leaf
nodes represent product instances. Nevertheless, some product subclasses can belong
to more than one product class, and some product classes can belong to more than one
industry class. Finally, the root node labeled ' Root category' denotes the most general
product category.

Ltv 10

Category 1

Category2

categO(y 3

L v 11

L vel2

Subcateoory 1

Figure 2-3 An example of a product taxonomy tree
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A number of applications of product taxonomy in recommender systems have
been implemented (Albadvi & Shahbazi 2009; Cho & Kim 2004; Hung 2005;
Lawrence et al. 2001; Leung, Chan & Chung 2006). Lawrence et al. (2001) applied
product taxonomy to capture the affinity between different products, and to develop a
recommender system to suggest new products to supermarket shoppers based upon
shoppers' previous behaviors. Cho and Kim (2004) proposed a web usage mining
driven recommendation method in which product taxonomy (WebCF-PT) was
employed as a dimensionality reduction technique to improve the performance of
searching for nearest neighbors and thus reduce the scalability problem of the CFbased approaches. Hung (2005) utilized the technique of product taxonomy and
classification to implement a personalized recommendation system. A brand
characteristic was added to product taxonomy to attract specific brand-sensitive
customers and to recommend products. Leung et al. (2006) presented a collaborative
filtering framework which approached the data sparseness and the non-transitive
association problems by taking advantage of the multiple-level similarities that are
implicit in taxonomies of products. Albadvi and Shahbazi (2009) introduced a
recommendation technique in the context of an online retail store which extracts user
preferences in each product category

eparately and provides more personalized

recommendations. These research results show that product taxonomy can be
effectively used with collaborative and content-based filtering.
In summary, most of the research studies presented show that taking into account
the underlying semantics in recommender systems has two primary advantages. First,
the semantic attributes for items can provide additional clues and explanations about
why particular items have been recommended or not. Secondly, the additional source
of semantic knowledge can provide better recommendation effectiveness than cmrent
CF-based techniques, in particular, in cases where little or no rating infom1ation is
available, such as in the case of very sparse datasets or newly added items.
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2.4.3 TRUST N ETWORKS TECHNIQUE IN RECOMMENDER
SYSTEMS

2.4 .3.1 THE CONCEPT OF TRUST N ET WORK
Trust-based recommender systems utilize a social network augmented with trust
ratings, known as a trust network, to generate recommendations for users based on
people they trust. A trust network is a directed graph in which the nodes are users and
the edges are weighted according to the degree of trust assigned by one user to
another (Li & Kao 2009), as depicted in Figure 2.4.

Figure 2-4 An example of a trust social network

In this research, trust can be referred as interpersonal trust, which means that
more than two people trust each other in a certain situation. In general, interpersonal
trust is a directional relationship that requires at least the involvement of two parties
called the trustor and trustee. Interpersonal trust states that the tmstor expects the
trustee to behave the way he/she wants (Li & Kao 2009). For example, in Figure 2-4,
trust values are described in the range between 0 and 1. Based on the figure, user A
"trustor" assigns values of 0.2 and 0.9 to users Band C "trustee", respectively. This
means that user C is highly trusted by user A and it would be more convenient to use
user C opinions to generate recommendations for user A. By utilizing trust
information, trust-based recommender systems allow users to be aware that the
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sources of recommendation have been formed from people who are either directly
trusted by the current user or indirectly trusted by another trusting user through a trust
propagation method. Trust propagation is often employed to infer trust and establish
new relations among users who have no direct trust link between them; for example,
in the case of user A and user D in Figure 2-4 (Golbeck 2006; Massa & Avesani
2007). In practice, trust-based recommender systems that exploit trust information
can provide better recommendation effectiveness than conventional CF-based
techniques, alleviating issues concerning data sparsity or cold start user problems in
particular (Golbeck 2006; Hwang & Chen 2007; Massa & Avesani 2007 ; Yuan et al.
2010). Two main trust filtering methods have been adopted in the current literature:
Explicit trust and Implicit trust filtering approaches.

2.4.3.2 EXPLICiT TRUST-BASED FILTERING
In explicit trust filtering techniques, users will be asked to explicitly select or rate

other trustworthy users in order to build an explicit trust network (Golbeck 2006;
Massa & Avesani 2007). For example, Golbeck (2006) proposed an explicit online
recommender system, called FilmTrust, in which users can rate films, write reviews
and also express trust statements to other users they add as friends. The trust
statements are ratings on a scale from 1 to l 0 based on bow much users trust the
movies ratings of their friends. Massa and Avesani (2007) developed an explicit trustaware recommender system in which users were asked to rate items and other users.
The explicit trust-aware recommender system in Massa & Avesani (2007) requires
users to add other users whose ratings they have consistently found valuable in their
web of trust. It also requires users to add those whose ratings they have consistently
found offensive, inaccurate, or not valuable to their block list. The users ' trusts on
those who are in their web of trust are assigned 1, and the users' trusts on other users
in the block list are assigned 0. A vesain et al. (2005) presented an explicit trustenhanced decentralized recommender system, known as Moleskiing, into the ski
mountaineering domain. In Avesani , Massa & Tiella (2005), users can share their
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opinions about the snow conditions of different ski routes and also express their trust
to other users. Moleskiing also exploits trust propagation to infer a personalized trust
value for unknown users. Li and Kao (2009) developed an explicit recommender
system, called TREPPS, based on explicit trust values obtained from the social trust
network to assess the quality and the veracity of peer production services. The
empirical results show that the TREPPS system can significantly improve the quality
of peer production services and overcome the information overload problem.
Nevertheless, the use of explicit trust filtering approaches has exposed two major
limitations : (1) they require additional manual labor and user effort from the end user
(who provides his/her trustworthiness to other users); (2) they suffer from the cold
start user problem because new users have first to build up their web of trust before the
filtering is effective (Hwang & Chen 2007; Yuan et al. 2010). These limitations
prevent the fully automated view of the original proposed CF-based recommender
systems. Such limitations reduce the applicability of explicit trust filtering techniques
in recommender systems and make the implicit trust filtering techniques more feasible
to use (Victor, Cock & Com eJis 2011 ; Yuan et al. 2010). In this study, instead of using
the effort-consuming explicit trust filte1ing approach, we propose an implicit trust
filtering approach that utilizes user-item ratings to produce user-based trust-enhanced
recommendations.

2.4.3 .3 IMPLIC IT TRUS T-BASED FILTERING
In implicit trust filtering techniques, the trust values can be implicitly and directly
inferred from the items' ratings data to build an implicit trust network (Hwang &
Chen 2007 ; O'Donovan & Smyth 2005 ; Yuan et al. 2010). For example, O'Donovan
and Smyth (2005 ) argued that user reliability in delivering accurate recommendations
in the past is an important factor for influencing recommendation and prediction in
the future . In particular, the more accurate predictions a given user has produced in
the past, the more trustworthy he/she is. In O'Donovan & Smyth (2005), the authors
presented two computational implicit trust models, at both the item and profile levels,
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which applied a predefined error threshold to calculate the relative number of correct
recommendations a given user has made. However, the derived trust value represents
a user's global reputation rather than personal trust in that user; also, the authors have
not provided any trust propagation strategy (O'Donovan & Smyth 2005). Pitsilis and
Marshall (2004) observed implicit trust as a form of opinions which are modeled in
subjective logic. Subjective logic was introduced by fosang (2001) to deal with the
absence of both trust and distrust by introducing the uncertainty property in opinions.
Accordingly, each opinion is expressed as a three-dimensional metric model
including belief, disbelief and uncertainty. The uncertainty is modeled from
prediction error, whereas the belief and disbelief levels are derived using the Pearson
correlation coefficient between each pair of users. Pitsilis and Marshall (2004) used
the uncertainty measure with the Pearson correlation coefficient to compute how
much one user should trust another. Hwang and Chen (2007) developed an implicit
trust filtering method in which the trust values were directly derived from the user
rating data. They then proposed an improved technique to the Resnick' s CF
techniques by integrating trust into the CF recommendation process, taking advantage
of both trust propagation and local similarity neighborhoods. PapageJis et al. (2005)
did not differentiate between similarity and trust and viewed the implicit trust
between a pair of users as the correlation degree between the co·-rated items in their
profiles. Yuan et al. (2010) proposed a novel implicit trust aware recommendation
model based on the small-worldness of the implicit trust network, in which the
implicit trust is generated from user similarities.
To sum up, most of the implicit trust filtering techniques we have explored
(Hwang & Chen 2007; O'Donovan & Smyth 2005; Papagelis, Plexousakis &
Kutsuras 2005; Pitsilis & Marshall 2004; Yuan et al. 2010) share common features
such as: ( 1) they use ratings or predictions error between users' profiles as an
indication of trust; (2) they operate on the intersection of users ' profiles; as a result,
they do not consider what has not been rated when computing trust.
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2.4.4 M ULTI-CRITERIA TECHNIQUE IN R ECOMMENDER
SYSTEMS
In the context of recommender systems, assume that there is a set of all users U and a
set of all items I that can possibly be recommended to them. The main concept of the
recommender system is to construct a utility function that can measure the suitability
of recommending item iE I to user uE U. The utility function is often defined as

Ux!-+R, where R is represented by non-negative integers or real numbers within a
certain range. Thus, each user u E Uhas to be able to first estimate the utility function
R(u, i) for item i

E

I for which R{u, i) is not yet known, and then choose one or a set of

items i that will maximize R{u, i) (Adomavicius, ManouseJis & Kwon 201 O;
Adomavicius & Tuzhilin 2005b ). More formally:

V uE U,i= arg

~ax
/E I

R(u,i).

(2.7)

In most current recommender systems, the utility function generally considers a
single-criteria value which is an overaJl rating of an item by a user. Recently, some
researchers (Adomavicius & Kwon 2007; Adomavicius, Manouselis & Kwon 2010;
Adomavicius & Tuzhilin 2005b; Kleanthi, Ste lios & Nikolaos 2008; Manouselis &
Costopoulou 2007; Manouselis & Costopoulou 2008; Naak, Hage & Aimeur 2009)
have acknowledged that the sui tability of the recommended item for a particular user
will probably depend on more than one utility-related criteria that the user takes into
consideration when deciding whether an item is interesting and suitable for him/her.
The additional information that is provided by multi-criteria ratings can represent
more complex preferences of each user and thus help to improve the quality of
recommendations. Figure 2.5 (Adomavicius & Kwon 2007) illustrates the multicriteria approach in contrast to the single-criteria. In this case, the overall rating of an
item (the larger numbers) are broken down into four ratings on each item. Notice that
although the overall ratings (large numbers) of the users u2 and u3 are closer to the
overall ratings of the active user u1, they have rated the different aspects (smaller
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numbers) of the item in a completely opposite manner to u1, thus u2 and u3 actually
have opposite preferences to u1. Accordingly, u4 and u5 have closer preferences when
considering the multi-criteria ratings, and are more suited to performing the
recommendation (Adomavicius & Kwon 2007 ; N aak, Hage & Aimeur 2009).

Target user---...___

Users most
similar to the
target user

Rating to be
predicted
User u'l 58,9,2.2 7U.5.5 58 B.2;2 7U ,o,5

9

User u3 5B.B.2.2. 7U,5.5 58,9.2,2 7g,g,5 5
User u (6______ -5~-----5---·--~:
4 , 3,Uo u.e.e a.a.u 4,4,s,e i
-------- ---------

9

1:.

--5------

~-------

Ratings to
be used in
prediction

-------~

Figure 2-5 CF in a multi-criteria rating setting

1n a traditional single-criteria movie recommender system that allows users to

indicate their preferences on one criteria of a movie (e .g., story), assume that two users
u 1 and u2 have seen three similar movies, and both of them rated each of the three

movies as 3 out of 5. h1 this case, the two users can be considered as neighbors and the
ratings of unseen movies for user u 1 can be predicted using the ratings of user u2. By
contrast, a four-criteria movie recommender system allows users to indicate their
preferences on four attributes of a movie (e.g., story, acting, direction and visual
effects). Assume user u1 gives ratings (1, 1, 5, 5), (1 , 5, 1, 5), (4, 5, 1, 2), and user u2
gives ratings (5, 5, 1, 1), (5, 1, 5, 1), (1, 2, 5, 4) to the same three movies. Although the
overall ratings are stated as 3 for each user, the two users provide completely different
ratings on each criterion of each movie. Since the accuracy of the rating's prediction
relies heavily on how close the neighbors are to the active user, and considering the
multi-criteria ratings,

u2

cannot be considered as a neighbor for

u 1 and

be engaged to properly predict the ratings of unseen movies for user

UJ.

thus

u 2 cannot

Thus, a multi-

criteria recommender system can ensure a more refined understanding of users'
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preferences by taking into account knowledge about the underlying attributes that
make users attracted to select particular items. Also, the additional information on
each user 's preferences helps to accurately model users ' preferences, leading to more
accurate recommendations (Kleanthi, Stelios & Nikolaos 2008).
More recently, in the commercial sector, compames such as Epinions
(http: //wwwl.epinions .com/) and Yahoo Movies (http ://movies .yahoo .com) have
launched review systems that employ multi-criteria ratings for their users, as shown
in Figures 2.6 and 2.7 respectively. In addition, a number of academic research
studies (Adomavicius, Manouselis & Kwon 2010; Kleanthi, Stelios & Nikolaos 2008;
Manouselis & Costopoulou 2008; Naak, Hage & Aimeur 2009) have started
employing multi-criteria ratings in their recommender systems, referring to them as
"multi-criteria recomm ender systems". Kleanthi, Stelios and Nikolaos (2008)
proposed a multi-criteria recommender system, called UTARec, which exploits multicriteria ratings to better model a user' s preference behavior. The system's
perfonnance and ability to address several problems of existing recommender
systems is demonstrated in the case of movie recommendations. N aak, Hage and
Aimeur (2009) developed a hybrid recommender system, Papyres, which combines
both content-based and multi-criteria CF to help researchers locate research material.
The multi-criteria CF approach js used to evaluate the articles, allowing researchers to
in dicate their interest in particular parts of articles such as the contributi on, originality,
literature review, readabili ty and technical quality of an article. Manouselis and
Costopoulou (2008) presented a multi-attribute utility recommender system,
marService, which is based on the Multi-Attribute Utility Theory (MAUT). The
marService system is used to provide wine recommendations for e-market users.
Although recommender systems are already adopting multiple criteria ratings for the
production of recommendations, recent studies indicate that research about the MultiCriteria

Decision-Making

(MCDM)

methodologies

that

can

facilitate

the

recommendation process is sti1l limited (Adomavicius & Kwon 2007; Adomavicius,
Manouselis & Kwon 2010; Adomavicius & Tuzhilin 2005 b; Kleanthi, Stelios &
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Nikolaos 2008; Manouselis & Costopoulou 2007; Manouselis & Costopoulou 2008;
Naak, Hage & Ai'meur 2009). Thus, the lack of research studies in the field of multicriteria recommender systems and the default multi-criteria nature of decision
problems involved in the process of recommender systems have motivated our work
in this thesis to develop hybrid multi-criteria based recommendation algorithms .
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Figure 2-6 An example of multi-criteria ratings in Epinions
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Figure 2-7 An example of multi-criteria ratings in Yahoo! Movies

2.4.5 FUSION TECHNIQUE IN RECOMMENDER SYSTEMS
In this study, we refer to the combination of user-based and item-·based
recommendation algorithms as a fusion-based recommendation algorithm (i .e.,
considered as a special case of a hybrid recommendation algorithm). Fusion-based
recommendation algorithms exploit the info1mation both from users and items to
provide more suitable, precise and effective recommendations (Gong 2010; Ma, King

& Lyu 2007; Tso-Sutter, Marinho & Schmidt-Thieme 2008; Wang, de Vries &
Reinders 2006; Zhang et al. 2009). Wang, Vries and Reinders (2006) proposed a
generative probabilistic framework to exploit more of the data available in the useritem matrix by fusing all ratings with a predictive value for a recommendation to be
made. The final predicted rating is computed by fusing predictions from user-based
CF with item-based CF approaches. Experiments demonstrate that the proposed
fusion framework is effective in improving prediction accuracy and dealing with the
data sparsity problem compared to CF-based techniques. Ma, King and Lyu (2007)
presented an effective missing data prediction algorithm (EMDP), in which
information of both users and items is taken into account. Empirical studies have

65

Chapter 2: Literature Review

shown that the proposed EMDP method outperforms other state-of-the-art CF-based
algorithms in terms of both accuracy and data sparsity. Tso-Sutter, Marinho and
Schmidt-Thieme (2008) propose a generic method that allows tags to be incorporated
to standard CF algorithms such as user- and item-based CF. They develop an
approach that reduces the three-dimensional correlations between the users, items and
tags to three two-dimensional correlations and then apply a fusion method to reassociate these correlations. The empirical analysis has shown that the proposed
fusion method outperforms standard user-based and item-based CF techniques,
especially with the incorporation of tags. Zhang el al. (2009) proposed an efficient CF
approach using smoothing and fusing (CFSF), which formulates the CF problem as a
local prediction problem by mapping it from the entire large-scale user-item matrix to
a locally reduced user-item matrix. The hybrid strategy is introduced in the prediction
process of the CFSF approach to alleviate data sparsity. Empirical evaluations show
that the CFSF outperforms the CF-based techniques in terms of both accuracy and
scalability. Gong (20 L0) introduced a personalized fusion recommendation approach,
which joins the user clustering CF and item clustering CF. Empirical results show that
the proposed fusion approach outperfo1ms the CF-based techniques in tenns of both
accuracy and data sparsity.

2.5 RECOMMENDER SYSTEMS: APPLICATIONS
In general, recommender systems are domain dependent. It is probably not possible to
get a recommender system with a particular recommendation purpose from one
domain and make it operate in different domain. The possible reasons for this include
the diversity of available recommendation approaches, the adjustment of these
approaches to the unique conditions of the domain, and the particular user models and
recommendation goals. However, it is expected that a recommender system can
operate in two different domains if they share similar domain conditions, similar user
models and recommendation goals (Drachsler, Hummel & Koper 2009). In the next
section, we clarify the differences between e-Commerce, e-Leaming and e-
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Government recommender systems by describing their mam characteristics and
motivators.

2.5 .1 E- COMMERCE R ECOMMENDER SYSTEMS
With the rapid growth of e-Commerce, companies are fin ding it harder to survive
whereas consumers are unable to effectively select the items that really meet their
needs. To reduce the items overload of Internet shoppers, personalized recommender
systems are being developed and employed to help users select suitable items that
meet their personal needs . A recent study shows that recommender systems have been
an important part of e-Commerce systems and that websites that make effective use
of personalized recommenders have been reported as seeing up to 35% of their sales
being generated from recommended products (Vengroff 2011 ). In recent years,
various e-Commerce recommender systems have successfully been applied to support
product recommendations (Bahrainian, Salarinasab & Dengel 2010; Cao & Li 2007;
Cho, Kim & Kim 2002; Huang & Huang 2009; Jiang, Shang & Liu 2009; Kim et al.
200 l; Liu & Liou 2011; Liu & Shih 2005 ; Liu, Lai & Lee 2009; Noraswaliza, Yue &
Shlomo 2011 ; Shih & Liu 2008 ; Stolze & Strobel 2003 ; Sun, Luan & Liu 2011;
Wang et al. 2004; Wu et al. 2010; Yang, Cheng & Dia 2008), restaurant
recommendations (Burke 1999; Lee et al. 2006; Mui, Szolovits & Ang 2001 ;
Sanchez-Vilas et al. 2011 ), product bundling recommendations (Garfinkel et al. 2008;
Garfinkel et al. 2006; Liu & Zhang 2006), book recommendations (Kavitha Devi &
Venkatesh 2009; Linden, Smith & York 2003 ; Pera, Condie & Ng 2011 ; Pera & YiuKai 2011 ), news recommendations (Lee & Park 2007 ; Li et al. 2010; Resnick et al.
1994), movie recommendations (Ghosh et al. 1999; Golbeck 2006; Kim et al. 2011 ;
Nessel & Cimpa 2011 ; Sarwar et al. 2000), music recommendations (Chen & Chen
2001 ; De Knij f, Liekens & Goethals 2011 ; Shardanand & Maes 1995) and video
recommendations (Davidson et al. 201 O; Hill et al. 1995).

67

Chapter 2: Literature Review

Characteristics of e-Commerce Recommender Systems
The main characteristics and motivators of e-Commerce recommender systems are:
•

Converting browsers into buyers. Internet users often browse e-Commerce

websites without the intention of purchasing anything. Recommender systems are
used by these websites to help customers by suggesting products they might wish to
purchase (Drachsler, Hummel & Koper 2009; Schafer, Konstan & Riedl 2001 ).
•

Increasing cross-sell. Recommender systems increase cross-sell by suggesting

additional products for customers to purchase based on the products already in their
shopping cart (Drachsler, Hummel & Koper 2009; Schafer, Konstan & Riedl 2001 ).

• Building loyalty. Recommender systems improve customer loyalty, which is an
important business strategy, by building a value-added relationship between the site
and the customer. Sites invest in creating customer profiles and use recommender
systems to employ th ese profiles to offer personalized product recommendations to
customers. Customers repay these sites by returning to the ones that best match their
needs . The more a customer uses the recommender

ystem, the more reliable

recommendations he/she can get and the more loyal the customer becomes to the
website (Drachsler, Hummel & Koper 2009; Schafer, Konstan & Riedl 2001 ).

2.5.2 E-LEARNING R ECOMMENDER SYSTEMS
With the fast progress of e-Leaming in the academic world, the expectations of users
of education systems have risen . In these systems, learning can take place anywhere
and at any time. Traditional education systems, when contrasted with the modern
learning techniques such as e-Leaming and distance learning, are very time
consuming. For example, learners spend too much time finding the desired topic with
little chance of finding appropriate material. Nevertheless e-Learning has some
weaknesses that need to be addressed in order to improve the use of e-Learning for
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learners. Some of these weaknesses are the difficulty of learning resource sharing, the
high redundancy of the learning materials, and the lack of a course brief. However,
most of these problems have been solved through the use of recommender systems
(Shishehchi et al. 2011). In recent years, various e-Learning recommender systems
have been successfully applied to recommend a broad range of items such as learning
resources (Abel et al. 2008; Drachsler et al. 2010; Farzan & Brusilovsky 2005;
Geyer-Schulz, Hahsler & Jahn 2001; Ghauth & Abdullah 2011; Girones & Fernandez
2006; Heraud, France & Mille 2004; Kerkiri, Manitsaris & Mavridou 2007; Khribi,
Jemni & Nasraoui 2008; Lemire et al. 2005; Lichtnow et al. 2010; Liu & Shih 2007;
Lu 2004; Markellou et al. 2005; Nagata et al. 2009; Otair & Hamad 2005; Recker,
Walker & Lawless 2003; Romero et al. 2009; Shen & Shen 2004; Soonthornphisaj,
Rojsattarat & Yim-ngam 2006; Souali et al. 2011; Tang & McCalla 2003; Wan &
Okamoto ; Wang 2008; Zaiane 2002; Zakrzewska 2011), learning courses (Chen,
Duh & Liu 2004; Chen, Lee & Chen 2005; Farzan & Brusilovsky 2006; Garcia et al.
2009; Liang, Weining & Junzhou 2006; Lu et al. 2007; Tai, Wu & Li 2008), learning
plans (Vialardi et al. 2009; Wang, Tseng & Liao 2009; Yang, Lin & Wu 2002; Zheng
et al. 2011 ), and language lessons (Hsu 2008; Ksristofic 2005).

Characteristics of ecLearning Recommender Systems
The main characteristics and motivators of e-Leaming recommender systems are as
follows (DrachsJer, Hummel & Koper 2009; Manouselis et al. 2011; Santos &
Boticario 2011; Shishehchi et al. 2011 ):

• Provide learners with suitable learning activities (LAs) without affecting the
learning sequence, thus helping learners to achieve a specific learning goal.
Accordingly, e-Leaming recommender systems have to consider relevant pedagogical
rules describing pedagogy-oriented relations between learners' characteristics and LA
characteristics to support the development of learners' competence. An e-Learning
recommender system has to follow the pedagogical rule "recommended LAs should
have a level a little bit above learners' current competence level". Thus, e-Learning
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recommender systems have to take into account competence levels in order to suggest
an appropriate LA. For example, learners with no prior knowledge in a specific
domain should be recommended to study basic LAs first, whereas more advanced
learners should be advised to continue with more specific LAs.

•

Recommend suitable learning materials and learning courses, which are

organized in a pedagogical way, to improve the competence development of the
learner. Instead of recommending items based on customer taste, e-Learning
recommender systems would benefit from applying learning strategies derived from
educational, psychological, social, and cognitive research to their recommendation
strategy in order to improve learners' competence development.

•

Support the learning process of learners by suggesting emerging learning

paths. An e-Leaming recommender system may not only focus on recommending a
single product, e.g. a lecture book; it also should support the learner with suitable
learning paths, e.g., recommendation of sequences of learning activities) in order to
reach a specific learning goal. Such learning paths are a valuable resource for
beginning learners.

•

Contribute to a long term learning goal of learners to achieve a specific level

of a competence. Unlike buying products, where e-Cmnmerce recommender systems
typically support one-tum interactions with the customer in a shorter timeframe,
learning is always an effort that takes more time and its support needs more than just
a good commercial argumentation. Learners never achieve a final end state after a
fixed time. Instead of buying a product and then owning it, learners always achieve a
specific level of competence that has various levels below and above.

2.5.3 E-GOVERNMENT RECOMMENDER SYSTEMS
The information overload problem has an effect on e-Government' constituents,
including citizens and businesses, as they become unable to effectively choose from
the information they are exposed to. The use of recommender systems for eGovernment is intended to improve the interaction among public administrations,
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citizens, and the private sector through reducing information overload on eGovemment services (Teran & Meier 2010). As discussed before, much of the
research has focused on the widespread success of recommender systems in the field
of

e-Commerce

and

e-Learning

applications;

however,

the

adoption

of

recommendation technology in the context of e-Government is still relatively new.
According to recent literature and to the best of our knowledge, there are only three
studies that have discussed the adoption of recommender systems in e-Government.
The first was in the context of G2B and was presented by Guo and Lu (2007). The
authors proposed a personalized recommender system prototype, called Smart Trade
Exhibition Finder (STEF), which can handle one-and-only item recommendation
issues and can be applied in G2B online services for recommending suitable
exhibitions to individual business users. The second study was presented by Teran
and Meier (2010), in which they proposed the architecture of a personalized
recommender system for elections using fuzzy clustering methods. The proposed
system could be used in e-Govemment to increase the participation of citizens in
elections, enhancing the democratic process. The final sh1dy was proposed by Alhassan et al. (20 l O) in which an ontology-based personalized e-Govemment tourism
recommender system framework was proposed which wou ld enable tourism
information seekers to locate the most interesting destinations and find the most
preferable attractions and activities with less time and effort.

Characteristics of e-Government Recommender Systems
The main characteristics and motivators of the recommender systems m eGovemment are:
•

Provide value for money. Since there are always pressures on governments to

be efficient and effectiv e in everything they do, the use of recommender systems in eGovemment can achieve a new level of efficiency and effectiveness in government e-

71

Chapter 2: Literature Review

Services quality and delivery by supporting precise and targeted e-Services for both
citizens and businesses (Bogerman & Smits 2009).

•

Reduce administrative burdens. Recommender systems in e-Government can

reduce administrative burdens on citizens and businesses by facilitating the retrieval
of relevant government e-Services and information in an easy and convenient manner.
For example, the use of recommender systems can reduce the time citizens and
businesses spend seeking specific governmental e-Services and resources (Bogerman
& Smits 2009).

•

Enhance citizens and businesses compliance with the law. Government

agencies, whose task it is to enforce the law, can make it easier for citizens and
businesses to comply with the rules of law that apply in their particular case through
the use of recommender systems. For example, establishing a company is a complex
process that requires several public services to be realized in different agencies, and a
recommender system can help a business user looking to establish a company to
comply with the law by ass isting him/her in fin ding relevant agencies, services and
procedures related to his/her own circumstance (Pieterson, Ebbers & van Dijk 2007).
In general, from the e-Commerce perspective, personalized recommender
systems aim to improve customer relationships, sell more products and eventually
make more profit. From the e-Learning perspective, personalized recommender
systems aim to support learners' competence development by facilitating students '
learning process and maximizing their learning outcome. From the e-Government
perspective, personalized recommender systems aim to deliver not-for-profit eServices that are tailored to meet the specific needs of the individual citizens and
businesses, thus increasing the quality, adoption, usage and satisfaction of e-Services
offered by the e-Government. Table 2.2 summarizes the existing applications of
cmTent recommender systems.
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Table 2-2 Summary of recommender systems applications

Domain

Application

Reference

e-Commerce

News recommendations

Resnick et al., 1994

Music recommendations

Shardanand & Maes, 1995

Video recommendations

Hill et al., 1995

Restaurant recommendations

Burke, 1999

Movie recommendations

Ghosh et al. , 1999

Movie recommendations

Sarwar et al. , 2000

Music recommendations

Chen & Chen, 2001

Restaurant recommendations

Mui et al. , 2001

Product recommendations

Kim et al., 2001

Product recommendations

Cho et al. , 2002

Book recommendations

Linden et al., 2003

Product recommendations

Stolze & Strobel, 2003

Product recommendations

Wang et al., 2004

Product recommendations

Liu & Shih, 2005

Movie recommendations

Golbeck, 2006

Product bundling recommendations

Liu & Zhang, 2006

Product bundling recommendations

Garfinkel et al. , 2006

Restaurant recommendations

Lee et al.,2006

Product recommendations

Cao & Li, 2007

News recommendations

Lee & Park, 2007

Product recommendations

Shih and Liu, 2008

Product recommendations

Yang et al., 2008

Product bundling recommendations

Garfinkel et al., 2008

·-

--

--

--

~

-

Book recommendations

Kavitha & Venkatesh, 2009

Product recommendations

Huang & Huang, 2009

Product recommendations

Liu et al., 2009
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e-Leaming

Product recommendations

Jiang et al., 2009

Video recommendations

Davidson et al., 2010

Product recommendations

Bahrainian et al. , 2010

Product recommendations

Wu et al. , 2010

News recommendations

Li et al., 2010

Product recommendations

Liu and Liou, 2011

Product recommendations

Noraswaliza et al. , 2011

Product recommendations

Sun et al. , 2011

Movie recommendations

Kim et al. , 2011

Movie recommendations

Nessel & Cimpa, 2011

Book recommendations

Pera et al., 2011

Book recommendations

Pera & Yiu-Kai, 2011

Music recommendations

De Knijf et al. , 2011

Restaurant recommendations

Sanchez-Vilas et al., 2011

Leaming resources recommendations

Geyer-Schulz et al. , 200 1

Leaming resources recommendations
---Leaming plans recommendations
Learning resources recommendations

I

......

Leaming resources recommendations

1----

'""~earning

resources recommendations

Zaiane , 2002
Yang et al. , 2002
Recker et al. , 2003

-- - - - - - - - - - - - - -

Tang and McCalla, 2003

Lu, 2004

Leaming resources recommendations

Shen and Shen, 2004

Leaming resources recommendations

Heraud et al. , 2004

learning courses recommendations

Chen et al., 2004

Leaming resources recommendations

Farzan and Brusilovsky,

--

2005

Leaming resources recommendations

Markellou et al. , 2005

Leaming resources recommendations

Otair and Hamad, 2005

Learning lessons recommendations

Ksristofic, 2005
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Learning courses recommendations

Chen et al., 2005

Learning resources recommendations

Lemire et al., 2005

Learning resources recommendations

Girones and Fernandez, 2006

Learning resources recommendations

Soonthornphisaj et al., 2006

Learning courses recommendations

Farzan and Brusilovsky,
2006

Learning courses recommendations

Liang et al., 2006

Leaming resources recommendations

Girones and Fernandez, 2006

Learning resources recommendations

Liu and Shih, 2007

Learning resources recommendations

Kerkiri et al. , 2007

Learning courses recommendations

Lu et al. , 2007

Learning lessons recommendations

Hsu, 2008

Leaming courses recommendations

Tai et al. , 2008

Leaming resources recommendations

Abel et al. , 2008

Learning resources recommendations

Khribi et al. , 2008

Learning resources recommendations

Wang,2008

----,__

Wang ct al., 2009

. . . Leaming plans recommendations
Learning plans recommendations

----

Learning resources recommendations

V ialardi et al., 2009

-----------Romero et al., 2009

--

Learning resources recommendations

Nagata et al., 2009

Leaming courses recommendations

Garcia et al. , 2009

Leaming resources recommendations

Drachsler et al. , 2010

Learning resources recommendations

Lichtnow et al. , 2010

Learning resources recommendations

Zakrzewska, 201 1

Learning plans recommendations

Zheng et al. , 2011

Learning resources recommendations

Ghauth and Abdullah, 2011

Learning resources recommendations

Wan and Okamoto, 2011

Leaming resources recommendations

Souali et al., 2011

---
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e-Government

G2B recommendations

Guo and Lu, 2007

e-Elections recommendations

Teran and Meier, 2010

e-Tourism recommendations

Al-hassan et al. , 2010

Over the past decade, considering the literature cited in Table 2.2, it can be seen
that recommender systems have gained much attention and real-world development,
and have been extensively used for a wide variety of e-Commerce and e-Learning
applications. Also, it can be seen that the adoption of recommender systems in the
context of e-Government has received very limited attention and still in its infancy. A
great deal more research is therefore needed to advance the current development state
of e-Govemment recommender systems.
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CHAPTER 3

GOVERNMENT-TO-BUSINESS
RECOMMENDATION FRAMEWORK

3 .1 INTRODUCTION
Most existing recommendation research efforts put emphasis on e-Commerce and eLeaming applications, and less attention has been paid to the e-Govemment domain.
Recommender systems can provide a solution for the business partners matching
problem and meet the needs of particular business users and a G2B recommendation
framework of the business partners matching application has been therefore proposed.
This chapter presents a G2B recommendation framework, called an Intelligent
Business Partner Locator (IBPL), to handle personalized G2B e-Services, in
particular business partner recommendation e-Services for SMBs. The proposed IBPL
recommendation framework aims to assist business users (e.g., exporters, importers)
to effectively select the right business partners (e.g., buyers, suppliers, manufacturers,
distributors, and retailers) who will meet their personal business needs and interests.
In addition, the proposed IBPL recommendation framework has a flexible structure
which can also be applied to other related G2B e-Services, such as recommendation
for trade exhibitions and export markets.
The IBPL recommendation framework is described in Section 3.2 followed by
Section 3 .3 which presents a value assessment of the IBPL recommendation
framework . Finally, a summary of this chapter is given in Section 3.4. The work
presented in this chapter has been reported in two of our publications: 1) in the
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Proceedings of the 4th International Conference on Intelligent Systems and
Knowledge Engineering (Shambour & Lu 2009); and 2) in the Proceedings of the 7th
International Conference on Information Technology (Shambour & Lu 2010).

3.2 AN INTELLIGENT BUSINESS PARTNER
LOCATOR RECOMMENDATION
FRAMEWORK
In this section, we present the IBPL recommendation framework, which is capable of
suggesting relevant potential business partners to business users. The framework, as
depicted in Figure 3 .1 , is designed to have three types of actors (users) playing roles
in the recommendation process. These actors are:

•

£ -government Domain Expert. The role of this actor is to maintain the structure
and the nodes ' weights of the business product taxonomy in order to fac ilitate the
item-based fuzzy semantic similarity computation process (Step 1 in Section
4.2.3).

•

Business Adminjstrator. This actor is responsible for registering a business profile
according to the proposed metadata model with its associated product descriptions
into the system . The product desc1i ptions include the impact weight and the
relevance degrees to the business product taxonomy subcategories. The
registration information of a new business profile will be assessed, validated, and
approved by an e-Government trade advisor before being published on the system.

•

Business User. This actor seeks and searches for potential business partners and
wants to receive a recommendation on their suitability. A business user is a
decision maker who the IB PL framework recommendations aim to support.
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Figure 3-1 The IBPL r ecommendation framewor k

The IBPL recommendation framework, as depicted in Figure 3-1 , contains three main
layers: user interface layer, recommendation layer and data storage layer.
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3.2. l USER INTERFACE LAYER
The user interface is the graphical user interface (GUI) which allows a person and
system to interact with each other. It involves the collection of all the data required,
such as business product taxonomy, business profiles with associated impact and
relevance weights and users' preference ratings, to generate recommendations. The
user interface contains the main functionalities listed below:
1) Browse: this feature concerns browsing potential business partners' profiles by
choosing the appropriate metadata, and viewing the list of matching results.
2) Search: this feature concerns the user ability to find potential business partners
based on keyword-based search engine (simple search), and viewing a list of
matching results .
3) Recommend: this feature concerns the request for a recommendation of potential
business partners' profiles.
4) Upload: This function is divided into two sub-functions :
• Upload a business profile: registered business users can register and upload a
new business profile to the system database simply by completing the required
form metadata fie lds according to the proposed metadata model. The
registration inf01mation of a new business profile will be validated and
approved by an e-Govemment trade specialist before being published on the
system.
• Upload user preferences: when a user completes an interaction with a business
partner, a preference election is taken into account to express user preferences.
User preferences regarding a particular business entity may given as:
I.

A set of five linguistic terms {Strongly Interested (SI), More Interested

(MI), Interested {I), Less Interested {LI), Not Interested {NI)}.
II.

A singl e overall rating on a discrete numerical scale of [ 1, 5] where ' l '
indicates ' bad/not preferred' and ' 5' indicates ' excellent/highly preferred' .
If no value appears, it means that the user has not rated the business entity.
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III.

A multi-criteria rating along with an importance weight of each criterion
for their preferences. Each user's rating must be on a discrete scale of [ 1,
5]

where

'1'

indicates

'bad/unimportant'

and

'5'

indicates

'excellent/extremely important' . If no values appear, it means that the user
has not rated the business entity.
5) Modify: this feature concerns the modification of some elements of a business
profile or user preferences and the submission of the modifications to the database.
6) Delete: this feature concerns the request for deletion of a business profile or a user
preference from the database.
To support the discovery (i.e. , by browsing and searching) of relevant business
profiles with respect to a target request, profile information needs to be described in a
way that is understandable and usable by the business community. For example, when
looking for business partners, users frequently have some knowledge of the desired
goal. This information about the goal can be a general idea, such as any business
partner in and covered the UK, or very specific, such as a business specialized in
health industry and launched with in a certain period of time. Furthennore, there has
been an increasing interest in making resources, such as organization profiles and
learning objects, more readily discoverable by using metadata standards to describe
them . Metadata standards are generally used to describe information resources to
facilitate their categorization, storage, search and retrieval (Biletskiy et al. 2009).
For this purpose, each business entity will provide a metadata description of its
information resources, according to a specific domain metadata model. In this study,
the metadata model used to describe businesses profiles was created based on the
Australian e-Govemment Metadata Standard (AGLS) (AGLS 2002) and elements
specific to the domain of business. There are many attributes of AGLS, but this work
fo cuses on those that are the most useful and related to the needs of our application.
Our metadata model consists of 10 concepts that are summarized in Table 3.1 which
shows the definition and values of each concept.
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Table 3-1 Definition and value of each concept in the metadata model

Proposed Concept

Definition

Controlled Vocabulary

Title

Refers to the name of the business entity.

NO

Description

Language

Availability

Contains

a

brief

statement,

annotation,

comment of the entity content.
Refers to the language(s) in which the entity
is operating.

NO
YES (ISO 639-2) 1

Refers to physical and online locations where
the business entity can be obtained or

NO

accessed.
Type

Describes the category of the entity m

YES

econom1c

Distributor,

terms

that

are

useful

for

classification .
Contains information about the topics of the
Subject

content of the entity such as categories of
products/services offered/exchanged by the
entity.

-·

Coverage

Refers to the spatial location that the entity
operations cover.

or

Retailer

Consumer).
YES (follow the

17 industry

classes proposed by Austrade
(http://www.austrade.gov.au), an
Australian government agency,
d picted in Table 2.1 .)
YES ( ISO 3 166-1) 2

·-

Contains a date of an important event in
Date

Manufacturer,

(Supplier,

during the entity lifecycle. Typically, date

NO (W3CDTF fonnat YYYY-

will be related with the creation or alteration

MM-DD)

of the business entity.

ISO 639-2 is the second part of the ISO 639 standard, which li sts codes for the representation of the names of languages. The
standard lists 464 language codes, available from hlli.1: \\ "' .lo~.oo\ -.landarJ. i. t)639-2 php 'code li~t.phn
ISO 3 166- l is part of the ISO 3166 standard published by the International Organization for Standardization (ISO), and
defines codes for the names of countries and special areas of geograp hi cal interest. The standard li sts 246 official short names
and code elements, available from http://www.iso.org/iso/english_ country_names_ and_ code_ elements

82

Chapter 3: Government to Business Recommendation Framework

YES
Audience

Refers to a target audience of the entity.

(S upp lier,

Manufacturer,

Distributor, Retai ler, Consumer
or All).

Contains a reference to other related business
entities. Different types of relationships can
be
Relation

identified,

according to

whether the

business entity is part of another entity, has

NO

some other entity as its part, has replaced
another entity or has been replaced by another
entity.

Table 3-2 Industry classification listed by Austrade
No

Industry Class

l

Agribusiness

2

Arts & Recreation

3

Building & Construction

4

Business & Other Services

5

Consumer Goods, Non-Food

6

Defence, Security & Safety

7

Education & Training

8

Environment & Energy

9

Finance & Insurance

IO

Food & Beverage

11

Government

12

Health, Biotechnology & Wellbeing

13

JCT

14

Manufacturing (Other)

15

Mining

16

Transport

17

Tourism & Hospitality

·-
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3.2.2 RECOMMENDATION LAYER
The recommendation layer involves the generation of a recommendation list of
potential business partners to business users using different recommendation
algorithms. There are four major components in this layer:

•

CF analyzer: utilizes ratings information from the users' preferences database to
calculate

user-based

and

item-based

CF

similarities.

There

are

three

subcomponents in the CF analyzer:

1) Fuzzy-based CF sub-analyzer: utilizes linguistic terms ratings information
from the users' preferences database to calculate fuzzy item-based CF
similarity (Step 2 in Section 4 .2 .3).

2) Enhanced SC-based CF sub-analyzer: utilizes SC numerical ratings
information from the users' preferences database to calculate enhanced itembased CF (Step 2 in Section 5.2.2) and enhanced user-based CF (Step 2 in
Section 6. 2.2) similarities.

3) Enhanced !VIC-based CF sub-analyzer: utilizes MC ratings information from
the users' preferences database to calculate enhanced MC item-based CF (S tep
2 in Section 7 .2. l) and enhanced MC user-based CF (Step 2 in Section 7 3 .1)
similarities.

•

Semantic analyzer. utilizes semantic information from the businesses profile
catalog database and business product taxonomy to be used by the fuzzy product
semantic relevance (Section 4 .2.2) and item-based semantic sim ilarity (Step 1 in
Section 5.2.1) models .

•

Trust analyzer. utilizes ratings information from the users' preferences database to
infer implicit trust values between business users using the user-based implicit
trust model (Step 1 in Section 6.2.1 ). Implicit trust information is calculated,
updated, and stored in the trust repository.
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•

Recommender engine: uses CF, Semantic and Trust analyzers to generate a set of
personalized Top-k potential business partners as a recommendation list for
business users. The recommender engine produces recommendations using seven
different novel hybrid recommendation algorithms developed in this study, as
follows:

1) Hybrid Fuzzy Semantic CF (FSCF) recommendation algorithm. The hybrid FSCF
recommendation algorithm integrates a fuzzy product semantic relevance model
with

an

item-based

fuzzy

CF

similarity

approach.

The

hybrid

FSCF

recommendation algorithm handles the uncertainty and fuzziness of the user's
preference information to improve recommendation accuracy. It also alleviates
data sparsity and CS item problems (the hybrid FSCF algorithm will be proposed
in Chapter 4).
2) Hybrid

Semantic-enhanced

CF

(SeCF)

algorithm.

The

hybrid

SeCF

recommendation algorithm integrates the item-based semantic similarity model
with the enhanced item-based CF similarity approach. The hybrid SeCF
recommendation algorithm improves recommendation accuracy, as well as
alleviating data sparsity and CS item problems (the hybrid SeCF algorithm will be
proposed in Chapter 5).
3) Hybrid Tmst-enhanced CF (TeCF) algorithm. The hybrid TeCF recommendation
algorithm integrates the user-based implicit trust model with the enhanced userbased CF similarity approach. The hybrid TeCF recommendation algorithm
improves recommendation accuracy, and addresses data sparsity and CS user
problems (the hybrid TeCF algorithm will be proposed in Chapter 6).
4) Hybrid Multi-Criteria Semantic-enhanced CF (MC-SeCF) algorithm. The hybrid
MC-SeCF

recommendation

algorithm

integrates

the

item-based

semantic

similarity model with the enhanced MC item-based CF similarity approach. The
hybrid MC-SeCF recommendation algorithm improves recommendation accuracy

85

Chapter 3: Government to Business Recommendation Framework

compared to the hybrid SeCF algorithm (the hybrid MC-SeCF algorithm will be
proposed in Chapter 7).
5) Hybrid Multi-Criteria Trust-enhanced CF (MC-TeCF) algorithm. The hybrid MCTeCF algorithm integrates the MC user-based implicit trust model with the
enhanced MC user-based CF similarity approach. The hybrid MC-TeCF
recommendation algorithm improves recommendation accuracy compared to the
hybrid TeCF algorithm (the hybrid MC-TeCF algorithm will be proposed in
Chapter 7).
6) Fusion of Single-Criteria Semantic, Trust and CF (SC-STCF) algorithm. The
Fusion SC-STCF recommendation algorithm integrates the hybrid SeCF with the
hybrid TeCF algorithms. The Fusion SC-STCF recommendation algorithm
improves recommendation accuracy, and significantly mitigates data sparsity, CS
item and CS user problems when compared with the hybrid SeCF and the hybrid
TeCF algorithms (the Fusion SC-STCF algorithm will be proposed in Chapter 8).
7) Fusion of Multi-Criteria Semantic, Trust and CF (MC-STCF) algorithm. The
Fusion MC-STCF recommendation algorithm integrates the hybrid MC-SeCF
with the hybrid MC-TeCF algorithms. The Fusion MC-STCF recommendation
algorithm improves recommendation accuracy, and significantly alleviates data
sparsity, CS item and CS user problems when compared with the hybrid MCSeCF and the hybrid MC-TeCF algorithms (the Fusion MC-STCF algorithm will
be proposed in Chapter 8).

3.2.3 DATA STORAGE LAYER
The data storage layer is responsible for storing and accessing the data required by the
recommendation layer. The main components are:
1) Users ' preferences: stores the business users' preferences.
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2) Trust repository maintains the users' trust social network that represents the
interpersonal implicit trust relationships among the business users.
3) Business profile catalog stores all the businesses profiles a recommender engine
can recommend to business users. The business profiles catalog is based on the
proposed metadata model.
4) Business product taxonomy maintains the structure and the nodes' weights of the
business product taxonomy.

3 .3

VALUE ASSESSMENT OF THE

IBPL

RECOMMENDATION FRAMEWORK
To assess the value of the proposed IBPL recommendation framework, we have used
an assessment value grid proposed in Montagana (2005). This grid assesses eGovernment proposals by presenting basic criteria for evaluating specific projects in
the context of an e-Government policy; examples of such projects are the
development of agricultural e-Government services (Ntaliani et al. 2009), and the
development of a common process for creating e-Government metadata application
profiles (Tambouris, Manousehs & Costopoulou 2007). According to Montagana
(2005), the assessment value grid considers the grounds for detennining electronic
government action performance to assess the advantages and benefits that specific
proposals can provide to government and society. The assessment value grid suggests
using four performance criteria over five e-Government dimensions. The performance
criteria include: efficiency, effectiveness, strategic benefits, transparency and
institutional value. The e-Govemment dimensions include: product, time, distance,
interaction and procedures. The assessment value grid can be analyzed from various
perspectives whether in relation to citizens, to the business environment, or to other
government areas (i.e., applying the assessment value grid many times; each time for
each point of view under examination). In our case, the assessment value grid has
been analyzed from an integrated perspective of all involved stakeholders, as shown
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in Table 3.3 . Our assessment provides us with a number of interesting results that
demonstrate why the development of the IBPL recommendation framework is a
beneficial e-Government project.
In the product dimension, efficiency is expected to be increased by facilitating
low-cost access to governmental resources (e.g. , Australian suppliers ' directory).
Also, effectiveness is expected to be increased by adjusting the e-Service to business
users' needs (e.g. , the IBPL framework provides personalized recommendations that
match business users' needs and preferences). The creation of a new and innovative
government e-Service is an important strategic benefit. Ultimately, an improved
institutional image will be created by providing an efficient government e-Service.
In the distance dimension, efficiency is expected to be increased by reducing the
need to visit public agencies. The use of the IBPL recommendation e-Service implies
the ability to locate and access governmental resources (e.g. , Australian supplier
businesses) in a timely manner, thereby reducing communication costs, which
enhances effectiveness. The use of online recommendation e-Services also provides a
tracking fac ili ty, hence increasing transparency and institutional value.
In the time dimension, the use of IBPL recommendation e-Services is expected to
significantly reduce the time users (e.g., potential business partners) spend accessing
and locating governmental resources (e.g., Australian supplier businesses listed in the
suppliers ' directory). This is an impo11ant efficiency improvement. Effectiveness
increase is related to the support provided to enhanced business activities. The
availability of IBPL recommendation e-Services on a 24-hour basis for seven days a
week is a substantial strategic benefit.
In the interaction dimension, the use of IBPL recommendation e-Services is
expected to reduce the communication costs incurred by the many government
agencies and other involved paiiies, thus increasing efficiency. The ability of the
IBPL recommendation e-Services to support businesses' decisions based on several
information sources will increase effectiveness. Important strategic benefits include
the ability to obtain deeper knowledge of the involved parties in public e-Services,
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since they all give feedback for the development and deployment of the e-Service. In
addition, transparency and institutional value will be enhanced because businesses'
participation in all government actions will be increased.
Finally, in the procedures dimension, the use of IBPL recommendation eServices will make better user of e-Government resources (e.g., Australian suppliers'
directory), thus increasing efficiency. Accessing timely and reliable information will
enhance the decision making process and thus increase effectiveness. The significant
strategic benefits include the enhancement of the G2B e-Services usage. Lastly, better
monitoring and coordination of public e-Services will improve both transparency and
institutional value.
Table 3-3 The value assessment of the proposed IBPL recommendation framework

Efficiency

Product

Distance

Time

Interaction

Procedures

Low-c st
access lo
information

There is no need
to access offices

Reduced
time to locate
business
partner

Reduced
comrnun ication
costs

Better use of
resources

Enhanced
support for
business
activities

Decisions based
on several
information
sources

Better deci ion
making based on
reliable
information

E-services
available
24x7

Obtain a deeper
knowledge of
business needs

Increased use of
e-Services

Increase in
businesses'
participation in all
government
actions

Better
monitoring and
coordination of
services and
agencies

Effectiveness

Service
adjusted to
business
users' needs

Strategic
benefits

Creation of
new and
innovative
e-Service

Transparency
and
institutional
value

Updated online
information

Better
conununication

Tracking of
e-Government
services

·-
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3.4 SUMMARY
This chapter proposes a G2B recommendation framework, called IBPL, to handle
personalized G2B e-Services; in particular, business partner recommendation eServices for SMBs. The proposed IBPL recommendation framework aims to assist
business users to effectively select the right business partners that match their
personal business needs and preferences. The proposed IBPL recommendation
framework is a unified framework which includes seven different novel hybrid
recommendation algorithms capable of dealing with different sources of information
(e.g., items ' semantic, users' trust, fuzzy linguistic rating, and multi-criteria rating
information) to handle most of the limitations of CF-based recommendation
approaches. Finally, the value of the proposed IBPL recommendation framework, as a
G2B e-Service, has been assessed using the assessment value grid proposed in
Montagana (2005). The assessment demonstrates that the development of the IBPL
recommendation framework is a beneficial e-Govemment project.
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CHAPTER4

FUZZY-SEMANTIC
RECOMMENDATION ALGORITHM

4.1 INTRODUCTION
In general, most current recommender systems force users to express their
information using just one scale of numerical values to initiate a recommendation.
Such information is usually incomplete, vague and imprecise because it is based on
users' perceptions, tastes and preferences. For example, in a five-scale numerical user
rating ( l--5), a user may give different ratings (3 or 4) to the same item at different
times and situations, due to the difficulty of making a distinction between ratings 3
and 4. In the same way, the same rating value (e.g., 3) given by two users does not
necessarily imply the same degree of interest in an item. An important obstacle in the
application

of recommender

systems,

therefore,

is

the

need

to

generate

recommendations to users using incomplete and uncertain information. Fuzzy logic
and fuzzy set are an appropriate paradigm to handle the uncertainty and fuzziness of
the information and to efficiently model the natural complexity of human behavior
(Cao & Li 2007; Chen & Duh 2008; Comelis et al. 2007; Leung, Chan & Chung
2006; Li et al. 2009; Martinez, Perez & Barranco 2007; Palanivel & Sivakumar 2011;
Porcel & Herrera-Viedma 201 O; Porcel, Lopez-Herrera & Herrera-Viedma 2009;
Serrano-Guerrero et al. 2011 ). Most of the studies reviewed have used fuzzy logic
and fuzzy set techniques in accordance with CF, CB and hybrid CF-CB approaches
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for addressing data uncertainty and sharp boundary problems, thus increasing the
accuracy of recommendations.
In this chapter, we introduce a novel hybrid item-based fuzzy semantic CF
(FSCF) recommendation algorithm to (1) improve recommendation accuracy, and (2)
alleviate data sparsity and CS item problems. The proposed FSCF algorithm applies
the fuzzy set technique using fuzzy linguistic terms and membership functions to
resolve the data uncertainty and sharp boundary problems, thus improving
recommendation accuracy, by incorporating fuzziness in numerical ratings. It also
helps to resolve the data sparsity and CS item problems by taking advantage of the
underlying semantic properties and attributes implicit in an item taxonomy (i .e.,
Business product taxonomy) between any pair of items. The proposed FSCF
algorithm integrates a fuzzy product semantic relevance model and an item-based
fuzzy CF similarity approach. The fuzzy product semantic relevance model is used to
exploit the underlying semantic properties and attributes between any pair of items to
identify their fuzzy-based semantic similarity. The item-based fuzzy CF similarity
approach uses the users' preferences of items, represented by fuzzy linguistic terms,
to identify the fuzzy item-based CF similarity between any pair of items. In summary,
the novel features of the proposed FSCF algorithm are: 1) it aJlows business users and
domain experts to express their rating infmmation using fuzzy linguistic terms, which
is more effective way to handle and represent vague information; 2) it measures fuzzy
set-based CF and semantic similarities between items (i.e., businesses); 3) it computes
fuzzy set-based rating predictions; and 4) it computes fuzzy closeness coefficient
values to determine a Top-k ranked list of items (i.e., potential business partners) that
are most relevant to a business user's needs and preferences.
Section 4.2 introduces necessary definitions of fuzzy techniques as preliminaries
to the proposed hybrid FSCF algorithm. Also in this section, we describe a fuzzy
product semantic relevance model and the recommendation computation process of
the hybrid FSCF algorithm. A case-based example is presented in Section 4.3 to
illustrate the functions of the hybrid FSCF algorithm. Section 4.4 illustrates the
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experimental evaluations and results of the hybrid FSCF algorithm and Section 4.5
summarizes the major insights of the chapter. The result of this chapter has been
reported in two of our publications: (1) in the Proceedings of the 28th North
American Fuzzy Information Processing Society Annual Conference (Lu, Shambour
& Zhang 2009); (2) an accepted paper (in press) in the journal of Computational

Intelligence (Lu et al. 201 2).

4.2 A HYBRID Fuzzy SEMANTIC CF (FSCF)
A LGORITHM
This section introduces necessary definitions of fuzzy techniques as preliminaries of
the hybrid FSCF algorithm and the fuzzy product semantic relevance model is
described. Finally, the recommendation computation process of the hybrid FSCF
algorithm 1s demonstrated in detail.

4.2.1 PRELIMINARIES
We first introduce basic notions of fuzzy sets, fuzzy numbers, linguistic variables etc.
(Zhang & Lu 2003) to describe the hybrid FSCF recommendation algorithm.

Definition 4.1 A fuzzy set

A in

a universe of discourse X is characterized by a

membership func tion µ A(x) which associates with each element x in X a real number
in the interval ac. The function value µ A(x) is tenned the grade of membership of x
in A (Zhang 1998).

Definition 4.2 The A-cut of fuzzy number
a ). == {x ;

a is defined

µ a(x)

~ }l- , x E

R}

(4.1)

where a;. is a nonempty bounded closed interval contained in X and it can be denoted
by a)

= [ a~,

a; },

a~

and a; are the lower and upper bounds of the c1osed interval,

respectively (Sakawa 1993).
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Definition 4.3 A triangular fuzzy number (TFN)
(a~ ,

a, a; ) and the membership fun ction µ -a (x)
0

µ a(x)

=

a - a0
a0+ -x

a0+ - a

- = a+
1

< a~

a~ ~ x ~a

(4.2)

< <
a_x
_ a0+
a0+ <x

0
w here a = a1

be defined by a triplet

is defined as (Chen 2000):

x

x - a0

a can

•

Definition 4.4 For any

a, b F; ( R)

and 0 < aE R (Zhang 1998),

E

LJ

a+b =

u

A-[a~ +b ~ ,al +b;],

A.E (O ,l]

aa =

A,[aa~' aa; ],

(4 .3)

)..E(0,1]

axb =

LJ

A-[a~ xb~, a; xb; ].

A.E (O, I]

Definition 4.5 Let a and h be two fuzzy numbers. Then a=/;' if

a; =b;

and

a; =b;

for any A, E (0 , l] (Zhang 1998).
Definition 4.6 A support of a fuzzy number a is an interval on rea1 -valued R
denoted by

supp

a= {x; µa(x ) > 0, X E

R}

(4.4)

If its membership function µ ;(x ) is continuous on real-valued, and Xis called a mean
1

value of the fuzzy number, if and only if

a=(a~' a, a; ) (a~ s as a; )' supp a is

µ0 (x) = l. For example, a TFN

an open interval (a~ ' a; )' such that, supp

a= (a~, a;) . a is the mean value of this TFN (Gao 1999).
Defi nition 4.7 A linguistic variable is a variab le whose values are linguistic terms
(Sakawa 1993).
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Definition 4.8 Let

a, bE

F; ( R), then the vertex method is defined to calculate the

distance between them as (Chen 2000)
(4.5)

Definition 4.9 Let
d(a,

a,b

E

F* (R), then fuzzy number

a is

closer to b fuzzy number as

b) approaches 0 (Chen 2000).

4.2.2 A

Fuzzy PRODUCT SEMANTIC R ELEVANCE

MODEL
One important obstacle in the application of CF-based recommendation approaches is
the great variety of representations of information (i.e. , data uncertainty) . The users'
ratings collected by such systems involve uncertainty and lack of expressiveness
because they are based on users' perceptions, opinions and tastes . Also, the data
uncertainty causes the sharp boundary problem in which two adjacent numbers can be
assigned to two different interval classes. Users need flexi bility in information
processing, and the use of linguistic tem1s allows the representation and handling of
flexible infom1ation. Accordingly, linguistic terms are m ore suitable than numerical
values for assessing qualitative infomiation, which is usually related to human
perceptions, opinions and tastes (Martinez, Perez & Barranco 2007; Porcel &
Herrera-Viedma 2010 ; Poree!, Lopez-Herrera & Herrera-Viedma 2009).
In addition, although CF-based recommendation approaches have acquired a
wide range of applications, most of them do not understand an item's semantic
features and attributes . In our application, business partner matching, this can result in
there being no guarantee of prediction accuracy. For example, a business entity may
inc1ude many sections of product categories (e.g., food & beverage, manufactured
goods, consumer goods and many more) . Each business user has special preferences
for a specific business section of product categories when he/she provides a rating of
interest to the system. The CF-based recommendation approaches present obstacles to
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providing recommendations according to these sections of business product
categories.
To deal with the above obstacles associated with CF-based recommendation
approaches, we consider: ( 1) the adaptation of the fuzzy set technique using linguistic
terms for use by business users and domain experts to express their preferences,
knowledge and personal judgments, which is a more comfortable way than that
afforded by numeric values rating. From this perspective, we define users' preference
degrees regarding a particular business in a set of five linguistic terms {Strongly
Interested (SI), More Interested (MI), Interested (I), Less Interested (LI), Not
Interested (NI)}, as shown in Table 4-1. Figure 4-1 shows the fuzzy membership
functions of users ' preferences in which numeric ratings of items are fuzzified into
five classes. For the product relevance degree of domain experts and business
administrators, another set is expressed in five linguistic terms - {Strongly Related
(SR), More Related (MR), Related (R), Less Related (LR), Not Related (NR)}, as
shown in Table 4-2. Figure 4-2 shows the fuzzy membership functions of the product
relevance degree of domain experts and business administrators in which numeric
ratings of items are fuzzified into five classes; (2) the use of semantic features of the
product categories in the recommendation process by combining the fuzzy semantic
similarity with the business product taxonomy to develop a fuzzy product semantic
relevance model. Thus, in addition to users' preferences for calculating the itembased fuzzy CF similarity, we also consider the product semantic information for
calcu]ating item-based fuzzy semantic similarity. The fuzzy product semantic
relevance model proposed in this chapter is able to recommend different types of
complex items by using their underlying properties and attributes. The fuzzy product
semantic relevance model can therefore provide more expressive semantics than the
most related CF-based approaches currently used in recommendation systems.
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Table 4-1 Linguistic terms for users' preferences
Lingui stic terms

Triangular fuzzy numbers

Less Interested (LI)

a =(1 , 1,2)
a =(1,2,3)

Interested (IN)

ii3 =(2,3,4)

Not Interested (NI)

1

2

More Interested (MI)

a

4

=(3,4,5)

Strongly Interested (SI)

ii5

=(4,5,5)

Figure 4-1 Fuzzy sets and membership functions for Tab]e 4-1
Table 4-2 Linguistic terms for product relevance degrees
Linguistic terms
Not Related (NR)
Less Related (LR)
Related (R)
More Related (MR)
Strongly Related (SR)

-

Triangular fuzzy numbers

bl =(l,1,2)
h2 =(1 ,2,3)
b3 =(2,3,4)
b 4 =(3 ,4,5)
b5 =(4,5,5)
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Figure 4-2 Fuzzy sets and membership functions for Table 4-2

The fuzzy product semantic relevance model allows domain experts to provide
semantic relevance degrees of products' subcategories with the relevant categories. It
also allows business administrators to define a semantic relevance degree between
their companies' products with the relevant subcategories. To clarify, Figure 4-2
shows an example of the fuzzy product semantic relevance model. First, the model
allow domain experts to define the semantic relevance degrees between product
categories (e.g., Food & Beverage) with their related subcategories (e.g. , Beer &
Wine). For example, from a domain expert perspective, 'Beer' is Related to 'Food &
Beverage' whereas 'Wine' is Less Related to ' Food & Beverage '. Second, business
administrators for Business A and Business B can then define a semantic relevance
degree between their companies' products (e.g., P 1, P2 , P 3 , P 7 and P 8 for business A)
with the relevant subcategories. For example, for Business A, the products P 1 and P2
are Strongly Related to the product subcategory 'Beer'. Finally, every product is
associated with an impact weight by the business administrator to define the
importance of the product to the business company. The impact scale ranges from 1
(Not Important) to 5 (Most Important). It is thus clear that products P 1 and P 2 are the

most important products for Business A.
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Root ca,t egory

Business A

BuSiness B

Figure 4-3 An example of product taxonomy with semantic relevance weights

4.2.3

THE RECOMMENDATION COMPUTATION PROCESS

As depicted in Figure 4-4, the hybrid FSCF algorithm takes as inputs a linguistic
user-item rating matrix with m users and n items and item taxonomy (i.e., Business
product taxonomy), and produces as an output a user-item prediction matrix. In
Figure 4-4, the item-based fuzzy semantic similarity module extracts the items '
semantic information from the item taxonomy and computes the item-based fuzzy
semantic similarity for any pair of items. The item-based fuzzy CF similarity module
computes the item-based CF fuzzy similarity between any pair of items. The total
weighted similarity module uses the item-item fuzzy semantic similarity matrix and
the item-item fuzzy CF similarity matrix, to combine both similarity values to get the
total weighted similarity value for any pair of items. The neighbors' selection module
selects a set of nearest neighbors of items that are most similar to the target items.
The recommendation generation module computes the final fuzzy prediction values
of the all target unrated items, and then produces the final ranked recommendations
list for the active user.
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Figure 4-4 A hybrid FSCF recommendation algorithm diagram
The recommendation process of the hybrid FSCF recommendation algorithm 1s

described as follows:

Step 1: Calculate Item-based Fuzzy Semantic Similarity
The item-ba ed fuzzy semantic similarity module computes the item-based fuzzy
semantic similarity for each pair of items. In this module, the item-based fuzzy
semantic similarity represents the degree of semantic relevance between items based
on their semantic rating. Hence, we compute the item-based fuzzy semantic similarity
between two businesses by measuring the relevance ratings of their product
categories. According to the fuzzy product semantic relevance model, both the
relevance degrees of categories and subcategories of the products of a business are
taken into consideration.
Firstly, this step computes the fuzzy semantic relevance rating between each
business's products and related product subcategories given by the business product
taxonomy. We use the weighted arithmetic mean approach to influence the
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importance of each subcategory in the overall relevance rating of the related
subcategory sub on each item (i.e. , business), as follows:
p

L

FSR sub,x =-

wp,x

x Rlp ,sub

1
=-- - - - -

1

P

(4.6)

Lwp ,x
t=I

where F SRsuh ,x

{Strongly Related, More Related , Related, Less Related, Not

E

Related} represents an overall fuzzy semantic relevance rating of the related
subcategory sub on target (business) item x, P is the number of products associated to
a subcategory sub,

wp ,x E

[1,5] is an impact weight of each product on item x ,and

Rl,,,.rnh E {Strongly Related, More Related , Related, Less Related, Not Related} ts a
relevance degree of each product on an associated product subcategory sub.
Secondly, the overall fuzzy semantic relevance rating between each business's
product subcategories and related product categories given by the business product

taxonomy tree is calculated using the weighted arithmetic mean approach, as shown
by:

s

v
l '

C'R
1.)

L

Cl/f,X

~vs. II,l' ,( . t X FSR ·1 ·b
(I

L

suh ==I

where F SR Clll

r

E

~I

,.

. ..

= ----5-----suh==1

(4.7)

w.rnh.cat

{Strongly Related, More Related ' Related, Less Related, Not

Related} represents an overall fuzzy semantic relevance rating of the related product
category cat on target item x, S is the number of subcategories associated with a
category cat,

W.mb. cut

is a relevance degree of each associated product subcategory to a

product category cat for item x.
Product categories and subcategories, as two levels of the business product
taxonomy, can be taken into account to calculate the final item-based fuzzy semantic
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similarity. In general, the fuzzy semantic relevance ratings of the first-level of the
business product taxonomy (product categories) can semantically relate more
businesses than those of the second-level (product subcategories). However, the fuzzy
semantic relevance rating for the second-level is more accurate than for the first-level
because it narrows down the semantic relationships between businesses. In this study,
the fuzzy semantic relevance rating of the first-level is taken into account to calculate
the final item-based fuzzy semantic similarity, as it has more semantic relation
coverage than the second-level. For any x, yE I, the item-based fuzzy semantic

similarity between target item x and potential neighbor item y, FSSx,y: / x i---+ [O, 1], is
computed using the fuzzy-based vector cosine similarity, as follows:

L of-2 ( FSRwt,rw

1

1

X

FSRrn,,y- + FSRcat ,x+ X FSRcar ,i·+ ) d.A.

cat= I

FSS"·-" =----r=============--;::::::============
fi fl 1 (
_2
+2) A
fi If 1 (
_2
+2 ) A
£.-- - FSRcat ,x + FSRcar,x d
£..- - FSRcut .,,. + FSRcat,y d
cat=1 o 2
cat=I o 2

(4.8)

where FSRcai ,., and FSRrni ,y represent the fuzzy semantic relevance ratings of the
target product category cat on the items x and y under a fuzzy A-cut respectively. Wis
the number of common product categories between item x and y.

5tep 2: Calculate Item·-based Fuzzy CF Similarity
The item-based fuzzy CF similarity module computes the item-based fuzzy CF
similarity between each pair of items. The item-based fuzzy CF approach analyzes
the set of item s the active user has rated based on the user-item rating matrix,
computes how similar they are to the target item, and then selects the Top-k most
similar items for the active user. These items are businesses in our case. Let ru.x
represent the linguistic rating value (interest/preference degree) of a user u on an item
x,

ru.x

E

{Strongly Interested, More Interested, Interested, Less Interested, Not

Interested} . The missing data is represented as 'Null'. A user-item rating matrix form
users and n items is obtained. Based on the user-item rating matrix, this step
computes the item-based fuzzy CF similarity between any pair of items. The fuzzy-
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based PCC measure is adopted as a similarity measure. For any x, y E I, the item-

based f uzzy CF similarity between target item x and potential neighbor item y,
FCFSx,y: I x I~ [- 1, 1], is computed as follows:
u,., l 1

FCFSx,r

l
MC,,;
~
'-'

r;,, xA.

J2

U ,,.
- + r + - -+
d '1 J2~
.
1 r - - -d '1
-1 r - -r- ,,i)
r,,i) +{,,,,,i
r + -r-+
( u,xA rxl) /(, x u~l -2 [C,,,i
,,i) /(,

and

r;1.d

respectively, rx~ and
r;.il.

fI

11-l 0

•Fi

where

-

~f[Cru,xil. - r xii.-)x (r11 ,yil.- -r-)
+(ru,xA.+ -r+)
x (ru,ril.+ -ryA.+)-WA,
~ 2
."A
xii.
_r

J

J

'(4.9)

represent the ratings of user u on items x and y under A. -cut

r";

are the left-end and right-end of A-cut respectively, ~A. and

are the average ratings of items x and y.

U x,y

is the set of users who co-rated both

items x and y .

Step 3: Calculate the Total Weigh ted Similarity
The total weighted similarity module combines the item-based fuzzy semantic
similarity and the item-based fuzzy CF similarity for each pair of items. In this
module we use the weighted hybridization method (Burke 2007) to integrate both
1

similarity values to get the total weighted similarity vaJue between target item x and
potential neighbor item y, as follow :

TSimx,y =
where TSim.,,y

E

[- 1, 1],

COE

fuzzy CF similarity, and

OJX

FSSx,y + (1- w) x FCFSX ,V'

(4.10)

[O, 1] represents the relative importance of the item-based

1-co

is the relative importance for the item-based fuzzy

semantic similarity. The relative weighting is adopted to adjust the importance of itembased fuzzy CF similarity and the item-based fuzzy semantic similarity. When

co = 1

the item-based fuzzy CF similaiity value is used as the final similarity value for
predictions, while if co=O, then only the item-based semantic similarity value is used
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for predictions. We can select a proper value by performing sensitivity analysis for a
particular dataset.

Step 4: Select Neighbors
The neighbors' selection module selects a set of nearest neighbors that contains items
that are most similar to the target items. In this module, the items most similar to the
target item in terms of the total weighted similarity values ( NFic:Y E I) are selected for
generating the prediction. Currently, two methods have been employed in
recommender systems: the Top-n method (e.g., a predefined number of users with
greatest correlation are selected), and the correlation weight threshold (e.g., all users
with similarity correlation exceeding a certain threshold are selected). We use the
Top-n method as recommended by Herlocker et al. (2002).

Step 5: Generate Recommendations
The recommendation generation module has two sub-steps: first, it computes the

fuzzy prediction of all target items an active user has not yet rated, and then it
produces the final ranked recommendations list for the active user.
Step 5.1: Calculate Fuzzy Prediction Values

Since we select the set of most similar neighbors, we can calculate the fuzzy
predicted rating value (FPRVE {Strongly Interested, More Interested, Interested, Less
Interested, Not Interested}) by using the weighted sum of deviations from the mean

item ratings approach (Herlocker, Konstan & Riedl 2002). For any

aE

U,

XE

fuzzy predicted rating value of target item x for the active user a, FPRVa,x: U x f

I, the
~

[O,

5], can be obtained as follows:
NFu z:y

FPRV

a,x

L

TSimx, y x(ra ,y -r;.)

=r + -"==_,_ _ _ _ _ __
x

NFu:r.y

L

(4.11)

TSimx ,y

y==I
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where ru, Y denotes the linguistic rating value of the active user a on neighbor item y,
and

N

F11 ~:r

·

is the set of nearest neighbors of items.

-

rx and ry are the mean rating

values of the target item x and neighbor item y respectively.

Step 5.2: Calculate Closeness Coefficient Values
In this final step, a closeness coefficient is computed to determine the ranking order
of all k items' prediction values (i.e., k is the number of target unrated items). First,
the distance between each FPRVa.x and strongly interested (SI)
not interested (NI)

a,

a5 , and FPRVa.x and

can be calculated as follows:

d*a.x -- d(FPRVa,x' as
- )

x

Then, once the d;,x and d;,x of each FPRVa,x (x

= 1,

= 1, 2, .. ·, k.

(4.12)

2, ... , k) are obtained, the

closeness coefficient CCa.x of each predicted value is calculated based on Zhang and
Lu (2003):

I

CC 1 .x· == -2 ( (as- - d l '

v

ll, .,

)

+d

*, ,. ) ,

( ··'

x

= 1, 2,- ··, k .

(4.13)

The fuzzy predicted value FPRVa.x that corresponds to Min (CCa.x, x=l, 2, .. ., k)
is the top predicted val ue and the top-k items that correspond to the Top-k higher
raking CCu.x are selected as the final list of recommendations for the active user.

Complexity Analysis:
In most recommendation algorithms, computation cost rapidly grows as both the
number of m users and the number of n items grow. The classical item-based CF
computational complexity is O(mxn 2) in the worst case (Kim et al. 2004; Linden,
Smith & York 2003). In the case of hybrid FSCF algorithm, let cat be the number of
product categories, sub be the number of the product subcategories, and p be the
number of products. The upper bound on the complexity required to determine the
nearest items neighbors for target items in terms of (1) item-based fuzzy semantic

105

Chapter 4: Fuzzy-Semantic Recommendation Algorithm

similarity is O(m xn 3 xcat2 xsub xp), and in terms of (2) item-based fuzzy CF similarity
is O(mx n 2) . This process can be accomplished offline. O(n) is required to predict all
unrated items, and finally O(n) is also required to compute the closeness coefficient
values for all unrated items to determine the ranking order of all items ' predictions;
therefore

the

overall

complexity

computational

becomes

0 ( mxn 3 xcat2 xsubxp+m x n 2+n+n ) ;: :-; O(mxn 3 xcat2 xsub xp ).

4.3 A CASE-BASED EXAMPLE
Assume that there are six 'Food & Beverage' Australian supplier businesses (S 1 to S6)
listed in the suppliers' directory. Also, suppose that there are four overseas buyers (B 1
to B4) who have undertaken business with some of the listed suppliers and have rated
them on a set of five linguistic tem1s {Strongly Inte rested (SI), More Interested (MI),
Interested (I), Less Interested (LI), Not Interested (NI). A linguistic 'Supplier-Buyer'

rating matrix can be obtained as depicted in Table 4-3. In the following rating matrix,
we can consider the supplier S5 as a CS item since it has only one rating.
Table 4-3 Supplier-Buyer linguistic rating matrix
Suppliers
Buyers

s,

S2

S3

S4

B1

Null

Null

Interested

B2

More
Interested

Not
Interested

83

Interested

84

Null

----·-- - - - - - --

·-

Ss

86

More
Interested

Null

Less
Interested

More
Interested

Null

Null

Less
Interested

Null

Less
Interested

Strongly
Interested

Null

More
Interested

Strongly
Interested

Null

Interested

Interested

Null

Now, assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. Thereafter, a numerical recommendation example is given to illustrate how
the hybrid FSCF recommendation alg01ithm is used to generate recommendations.
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Step 1: Calculate Item-based Fuzzy Semantic Similarity
We first use the business product taxonomy and the fuzzy product semantic relevance
model to calculate an item-based fuzzy semantic relevance rating using Equations
(4.5) and (4.6). We then calculate item-based fuzzy semantic similarities FSS between
all suppliers based on Equation (4. 7). In this example, we assume that the following
table, Table 4-4, is the item-based fuzzy semantic similarity matrix.
Table 4-4 Supplier-Supplier fuzzy semantic similarity matrix
FSS s·s

S1

S1

S2

S3

S4

Ss

s6

0.54

0. 83

0.35

0.17

0.71

0.63

0.91

0.79

0.54

0.22

0.83

0.11

0.41

0.50

S2
S3
S4
Ss

0.66

s6
Step 2: Calculate Item -based Fuzzy CF Similarity

The item-based fuzzy CF similarity FCFS of each pair of suppliers can be calculated
by Equation (4.8) and therefore we can obtain the supplier-supplier fuzzy CF
similarity matrix, as shown in Table 4-5.
Table 4-5 Supplier-Supplier fuzzy CF simil arity matrix
FCFS s·s

S1
S2
S3
S4
Ss

S1

S2

83

S4

Ss

s6

0.00

1.00

0.00

0.00

-1.00

0.00

0.00

0.00

-0.00

-1.00

0.00

-0.87

1.00

1.00

s6

--

0.00

For example, we can see that S 1 and S 5 are not very similar FCFSs 1, s6 = -1.00,
whil st S1 and S6 are very similar, F CFSs i, s3 = 1.00.
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Step 3: Calculate the Total Weighted Similarity
The total weighted similarity value TSim for each pair of suppliers can be obtained by
combining the values of FSS and FCFS. Let co = 0.5 , we have Table 4-6.
Table 4-6 Supplier-Supplier total weighted similarity matrix

S1

TSim s·s

S1
S2

S2

S3

S4

Ss

s6

0.27

0.92

0.18

0.09

-0.15

0.32

0.46

0.40

0.27

-0.3 9

0.42

-0.38

0.71

0.75

S3
S4
Ss

0.33

s6

Step 4.1: Calculate Fuzzy Prediction Values
Based on Table 4-6 and let a number of nearest neighbors

N

Fll';::.1·

·

= 4, we can use

Equation (4.10) to calculate fuzzy predicted rating value FPRF of each target un-

rated upplier for all buyers, as shown in Table 4- 7. As can be seen, the hybrid FSCF
algorithm produces prediction values for the CS supplier S 5 to all buyers.
Table 4-7 Hybrid FSCF predicted Supplier-Buyer rating matrix

..--·-----·
FPRVB',S '

S1

S2

B1

(2.81, 3.58,
4.34)

(1.83, 2.83,
3.83)

S3

(2.73, 3.03,
3.59)
(2.28, 3.28,
3.93)

83
(3.19, 4.19,
4.68)

Ss

s6

( 1.85, 2.85,
3.85)

B2

84

S4

(1.87, 2.55,
3.55)
(2.45, 3.45 ,
3.99)

(3.61, 3.91,
3.93)

(l.51, 2.51 ,
3.31)
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Step 4.2: Calculate Closeness Coefficient Values
Based on Table 4-7 and using Equations (4.11) and (4.12), we compute the closeness
coefficient values for all unrated suppliers for each buyer, as shown in Table 4-8.
Table 4-8 Closeness Coefficient of FPV
CCs s

S1

S2

81

1.43

2.17

S3

S4

1.89
1.83
0.99

84

s6

2.15

B2
83

Ss

2.34
1.70

1.20

2.53

Finally, let Top-k (k = 3), for active buyer B 1, the top ranked three suppliers are

S 1 ( CCs1, s1

=

1.43), Ss ( CCs1 . ss = 2.15) and S2 ( CCs1 , s2= 2.17).

4.4 EXPERIMENTAL EVALUATIONS AND
A NALYSIS
This section evaluates the performance of the hybrid FSCF recommendation
algori thm by comparison with benchmark item-based CF and fuzzy-based CF
recommendation approaches. Thi section includes the datasets and measures used for
evaluation and the evaluation results.

4.4.l EVALUATION DATASET AND METRICS
Three datasets have been used to verify the perfonnance of the hybrid FSCF
algorithm and draw conclusive results, namely the Movielens, Yahoo! Webscope and
BizSeeker datasets. Each dataset is represented in a taxonomy hierarchical structure
with two levels of nodes. The first level contains the main item categories (i .e. , Movie
genres, Business types/classes) that every item belongs to, and the second level
contains the items as leaf nodes (i.e., Movies, Businesses). The Movielens dataset has
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18 movie genres, the Yahoo! Webscope dataset has 32 movie genres, and the
BizSeeker dataset has 17 categories of business classes (please refer to Appendix-A
for more details on the datasets). Numerical ratings in the three datasets were
fuzzified for performing various experiments. For the purpose of these experiments,
we used triangular fuzzy numbers (shown in Figure 4-1), in which numeric ratings of
items are fuzzified into five classes {Strongly Interested (SI), More Interested (Ml),
Interested (/), Less Interested (LI) and Not Interested (NI)}, respectively. To verify

the validity of the experimental results, a hold-out cross-validation method is applied.
Through cross-validation, each dataset is divided into a training set and a test set, with
the training set consisting of 80% of the data and the test set consisting of 20% of the
data. To evaluate the quality of the proposed hybrid FSCF algorithm, the
recommendations produced were evaluated against the ratings provided by individual
users using the Mean Absolute Error (MAE), and Coverage metrics (refer to Section
2. 3 .6 for more details on the metrics).

4.4.2 BENCHMARK RECOMMENDATION APPROACHES
To compare the performance of the hybrid FSCF algorithm, taking into consideration
that the hybrid FSCF algorithm is an item-based recommendation algori thm, SanN"ar 's
jrem-based CF which employs vector cosine similarity (denoted as SarwarICF)(Sarwar et al. 2001 ), and the Deshpande and Karypis item-based CF which
employs adjusted vector cosine similarity (denoted as Deshpande-ICF)(Deshpande &
Karypis 2004 ), are implemented as benchmarks. These approaches have been widely
exploited

as

benchmarks

for

evaluating

recently

proposed

item-based

recommendation approaches (Candillier, Meyer & Fessant 2008 ; Guo & Lu 2007;
Kim et al. 2010; Palanivel & Sivakumar 2011 ; Rui-Qin & Fan-Sheng 2007; Wang &
Kong 2007). To further validate the performance of the hybrid FSCF algorithm, we
compare it with another benchmark fuzzy-based CF recommendation approach
(denoted as Li-Fuzzy CF) that employs CF recommendation based on fuzzy-based
semantic distance (Li et al. 2009).
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4.4.3 EVALUATION RESULTS
Using the MovieLens dataset, we first conduct two main experiments to determine
the optimum neighborhood size and w value for the hybrid FSCF recommendation
algorithm. We then compare the recommendation performance of the hybrid FSCF
algorithm with the benchmark item-based CF and fuzzy-based CF recommendation
approaches using the three datasets to confirm the improvement of the hybrid FSCF
algorithm, specifically in terms of recommendation accuracy (i.e., by addressing the
data uncertainty and sharp boundary limitations) as well as in terms of resolving data
sparsity and CS item problems.

4.4.3 .1 OPTIMAL

NEIGHBORHOOD SIZE

To determine the optimum neighborhood size, we perform an experiment by varying
the number of neighbors and computing the corresponding MAE. The optimal
neighbor size is obtained by considering the minimum value of MAE. Figure 4-5
shows that recommendation accuracy improves as the number of neighbors increases
and maximum performance is achieved (i.e., the minimum MAE) at around 20
neighbors. Therefore, the neighborhood size 20 is selected as the optimal value for
producing the best performance of the hybrid FSCF recommendation algorithm.
Sel ect 01>tinrnl numbe r of Nei hb ors

0.715
0.710
~
w

0.705

<

:e

0.700
0. 695

rn
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30
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50

70

90

Size of Neighbors

Figure 4-5 Impact of neighborhood size on recommendation accuracy
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4.4.3.2 OPTIMAL

OJ VALUE

To determine the optimum

OJ

value, we perform an experiment by varying the

value from 0 to 1 and computing the corresponding MAE. Then optimal

OJ

OJ

value is

obtained by considering the minimum value of MAE. Figure 4-6 shows that the

OJ

value has an effect on the accuracy and quality of recommendations . As can be seen
in Figure 4-6, the value 0.5 is the optimal value for having the minimum MAE. Thus,
0.5 is selected as the optimal value for

OJ

in order to achieve the best perfom1ance of

the hybrid FSCF recommendation algorithm.
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Figure 4-6 Impact of CO on recommendation accuracy

In the following experiments, we fix the number of neighbors at 20 and the value
of the combination parameter OJ at 0.5.

4.4.3 .3

COMPARING THE RECOMMENDATION ACCURACY OF HYBRID

FSCF

WITH BENCHMARK APPROACHES

Using the three datasets (MovieLens, Yahoo! Webscope and BizSeeker datasets), a
number of experiments have been perfonned to compare the recommendation
accuracy performance of the hybrid FSCF algorithm with respect to the benchmark
item-based CF and fuzzy-based CF recommendation approaches. Figures 4-7, 4-8 and
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4-9 demonstrate that the hybrid FSCF algorithm has the highest recommendation
accuracy (i .e. lowest MAE) in all the cases at each neighborhood size. Accordingly, it
can be concluded that the hybrid FSCF algorithm achieves a significant improvement
on recommendation accuracy compared to the benchmark item-based CF and fuzzybased CF recommendation approaches .
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Figure 4-7 Recommendation accuracy comparison between the hybrid FSCF algor ithm
and other benchmark approaches on different number of neighbors (MovieLens dataset)
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Figure 4-9 Recommendation accuracy comparison between the hybrid FSCF algorithm
and other benchmark approaches on different number of neighbors (BizSeeker dataset)

4.4.3.4

IMPACT OF THE HYBRID

FSCF

ON THE DATA SPARSITY

PROBLEM

In this section, we present the experimental results to verify the effectiveness of the
hybrid FSCF algorithm in alleviating the data sparsity problem. The sparsity level of
any dataset is defined as 1 - density. Density (Dataset) = no. of nonzero ent1ies/total
no. of entries, where the number of total entries is calculated by multiplying the
number of users by the number of items; the number of nonzero entries is the total
number of overall ratings in the dataset. As shown in Appendix-A, the MovieLens
dataset is the densest dataset compared to the other two datasets because it has the
lowest sparsity level (MovieLens sparsity is 93.70%, Yahoo! Webscope sparsity is
99.80% and BizSeeker sparsity is 95.20%). Accordingly, to manipulate different
levels of sparsity, we used the sparsity metric to extract and create six sparse datasets
from the MovieLens dataset. In these sparse datasets, sparsity levels decrease from
the highest of 99.5% to the lowest of 97.0 % (i.e., 99.5%, 99.0%, 98.5%, 98.0%,
97.5%, and 97.0%).
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We subsequently perform two experiments us mg the six sparse datasets to
measure the recommendation accuracy and coverage at different sparsity levels.
Figure 4-10 and Figure 4-11 demonstrate the recommendation accuracy and coverage
results for the hybrid FSCF algorithm against the benchmark item-based CF and
fuzzy-based CF recommendation approaches. As expected, when the sparsity level
decreases, recommendation accuracy and coverage increase gradually. Figures 4-10
and 4-11 confirm that the hybrid FSCF algorithm has the highest recommendation
accuracy and coverage at all levels of sparsity compared to the benchmark item-based
CF and fuzzy-based CF recommendation approaches. Accordingly, it can be
concluded that the hybrid FSCF algorithm is a significant improvement for alleviating
the data sparsity problem compared to the benchmark item-based CF and fuzzy-based
CF recommendation approaches. However, in both cases, the improvement tends to
decrease with low sparsity levels as more ratings are involved for recommendations.
MAE comr>arison at lifferent srmrsty levels
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Figure 4-10 Recommendation accuracy comparison between the hybrid FSCF algorithm
and other benchmark approaches on different Sparsity levels
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Figure 4-11 Recommendation coverage comparison between the hybrid FSCF algorithm
and other benchmark approaches on different Sparsity levels

4.4.3.5

IMPACT OF THE HYBRID

FSCF

ON THE

CS

ITEM PROBLEM

In this section, we present the experimental results to verify the effectiveness of the
hybrid FSCF algorithm in alleviating the CS item problem. First, we extracted seven
datasets from the MovieLens dataset in which each dataset has CS items with a
specified number of ratings per item . The firs t CS item dataset contains CS items that
have only two ratings, whereas the seventh CS item dataset contains CS items that
have only 30 ratings (i.e., 2, 5, 10, 15, 20, 25, 30).
Two experiments are performed on the seven CS items datasets to measure
recommendation accuracy and coverage. Figure 4-12 and Figure 4-13 reveal the
recommendation accuracy and coverage results for the hybrid FSCF algorithm against
the benchmark item-based CF and fuzzy-based CF recommendation approaches.
When new items receive more ratings, the recommendation accuracy and coverage
increase gradually. Figure 4-12 and 4-13 confirm that the hybrid FSCF algorithm has
the highest recommendation accuracy and coverage at any given number of CS user
ratings

compared

to

the

benchmark

item-based

CF

and

fuzzy-based

CF

recommendation approaches. Accordingly, it can be concluded that the hybrid FSCF
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algorithm ts a significant improvement in alleviating the CS item problem in
compared to the benchmark item-based CF and fuzzy-based CF recommendation
approaches. However, the improvement tends to decrease with more ratings assigned
to new items as more items' neighbors are involved for recommendations.
MAE com1>arison at different number of ratings of CS Items
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Figure 4-12 Recommendation accuracy comparison between the hybrid FSCF algorithm
and other benchmark approaches on different number of ratings for CS Items
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Figure 4-13 Recommendation coverage comparison between the hybrid FSCF algorithm
and other benchmark approaches on different number of ratings for CS Items
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4.5 S UMMARY
This

chapter

proposes

a

hybrid

item-based

fuzzy

semantic

CF

(FSCF)

recommendation algorithm which applies fuzzy set technique using fuzzy linguistic
terms and membership functions to improve recommendation accuracy by resolving
the data uncertainty and sharp boundary problems. It also resolves the data sparsity
and CS item problems by taking advantage of the underlying semantic properties and
attributes between items that implicitly exist in an item taxonomy. The proposed
hybrid FSCF recommendation algorithm integrates a fuzzy product semantic
relevance model and an item-based fuzzy CF similarity approach. The fuzzy product
semantic relevance model is used to exploit the underlying semantic properties and
attributes between any pair of items to identify their fuzzy-based semantic similarity.
The item-based fuzzy CF similarity approach uses the users' preferences of items that
are represented as linguistic terms to identify the fuzzy item-based CF similarity
between any pair of items. In addition, in this chapter, a case-based example for
illustrating the computation process of the hybrid FSCF algorithm is presented.
The experimental results demonstrate the advantages of the hybrid FSCF
algorithm compared to the benchmark item-based CF and fuzzy-based CF
recommendation approaches. The hybrid FSCF recommendation algorithm achieves
better recommendation accuracy, and also more effectively alleviates the data sparsity
and CS item problems. However, in regard to computational complexity, the
proposed hybrid FSCF algorithm is computationally expensive for predicting ratings
on all the items for all the users, compared to benchmark item-based CF algorithms.
The impact of this issue can be reduced as item-item fuzzy semantic and fuzzy CFbased similarities can be computed offline.
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CHAPTER 5

SEMANTIC-ENHANCED
RECOMMENDATION ALGORITHM

5.1 INTRODUCTION
The majority of past and current recommender systems are built using different CFbased approaches, which have a long history of research in the information filtering
and personalization communities. Although CF-based recommender systems have
acquired a wide range of applications, most of them generate recommendations based
on implicit and explicit ratings of items and do not understand an item's semantic
features and attributes. For example, in a business partner recommender system,
consider that a Business X has registered into the system under the business type
category "Food and Beverage". If different CF-based approaches are used, the
Business X will most likely not be recommended for user A who is looking for a
"Food and Beverage" business, since there is no rating information for Business X
and the underlying semantics presented between Business X and other businesses (i.e.,
who are in the business type category "Food and Beverage") cannot be properly
understood by CF-based approaches. Thus, we need to deal with the semantic features
of the items that are not handled well in the recommendation process of CF-based
recommendation approaches . To address this issue, we first propose an item-based
semantic similarity model which is able to define the semantic similarity between any
pair of items by exploiting their underlying semantic relations in the item taxonomy.
We then propose an enhanced item-based CF approach that takes into account the
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sizes of the common and uncommon users who rated two items when computing the
item-based similarity. Finally, we propose a hybrid item-based semantic-enhanced CF
recommendation algorithm (SeCF) which combines the item-based semantic
similarity model and the enhanced item-based CF approach. Experimental results
prove that the hybrid SeCF algorithm can help to improve recommendation accuracy
and address both the data sparsity and CS item problems.
The remainder of this chapter is structured as follows. We first introduce the
theoretical background of the item-based semantic similarity model and demonstrate
the recommendation process of the proposed hybrid SeCF algorithm in Section 5 .2. In
Section 5.3, we present a case-based example to exemplify the computation process
of the hybrid SeCF algorithm. Experiments and analysis are carried out in Section 5 .4,
using MovieLens, Yahoo! Webscope and BizSeeker datasets to demonstrate the
effectiveness of the hybrid SeCF algorithm. Finally, a summary of this chapter is
given in Section 5.5. The main work presented in this chapter has been published in
Proceedings of the 2011 International Conference on Electronic Government and the
Information Systems Perspective (Shambour & Lu 201 la).

592 A HY.B RID SEMANTIC-ENHA.NCED CF
(SECF) ALGORITHM
This section describes the hybrid SeCF recommendation algorithm in detail. First, the
proposed item-based semantic similarity model is presented, and the recommendation
computation process of the hybrid SeCF recommendation algorithm is then illustrated.

5.2.1 AN ITEM-BASED SEMANTIC SIMILARITY MODEL
Even if there is no explicit relation (i.e. , rating information) between two items, as in
the case of Businesses X and Yin Table 5-1 , they could still be very similar or close
to each other via some other relationship. For example, Figure 5-1 shows that
Business X and Business Y have shared business categories which indicates that they
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are somehow related to each other and can be similar to some extent. Suppose that
Business Y is a newly registered business in the system. If CF-based recommendation
approaches are used, according to Table 5-1, Business Y will not be recommended to
user A who is looking for a business that is similar to Business X (as Business Xis the
only business rated by user A), since there are no explicit relations between the two
businesses and the underlying relations cannot be properly processed by CF-based
approaches. Thus, the main challenge is to define how close these two businesses are
within the system.
Table 5-1 An example of Supplier-Buyer rating matrix
Suppliers
Buyers

x

y

z

A

4

N ull

Null

B

Null

5

Null

c

2

Null

2

Business Category

lBusin~ s
r

&j '

Ot~er .

_:;~ces_

r

- 1- -

L

- -· -

--

'1

Manufacturing

~

I

-J~~- ~~lerl I~ I~ I-E~ r~

Beverage

rl-

Goods

Business X

-

t i

L overnmen

Business Y

I

& Training

-1-l'

l__J

.L-1
I

I

- -.__J

Business Z

Figure 5-1 An example of business taxonomy
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One of the most obvious relations that can be discovered between items is the
semantic similarity, which is the likeness between items. For example, in textual
information retrieval, semantic similarity of documents can be measured by different
techniques, which are mainly based on the use of external knowledge resources such
as taxonomies and domain ontologies (Rhee, Lee & Park 2008). For a tree-based
hierarchy, such as product taxonomy, several approaches have been introduced to
measure the semantic similarity within a set of structured terms. These approaches
include an edge-based method (Resnik 1995) that measures the similarity from the
number of edges between terms, a node-based method (Lin 1998) that claims to be
more accurate than the edge-based measure, and a hybrid method (Jiang & Conrath
1997) that combines the edge-based approach with the node-based approach (Rhee,
Lee & Park 2008).
In this section, we intend to alleviate the CF-based limitations, namely data
sparsity and CS item problems, by exploiting the semantic relations of items based on
the item taxonomy to develop an item-based semantic similarity model. This model,
by exploiting semantic domain knowledge, is able to recommend different types of
items using their underlying semantic relations. To utilize the semantic information of
items, we first have to create the item taxonomy in a tree hierarchal structure, with the
items located in the leaves. A taxonomy Tis defined by three elements: a finite set of
nodes G; a root; and a parent function to represent the parent-child relati onship
between two nodes. To build such a taxonomy in a given domain, we have to (1)
identify the total number of main categories g that every item belongs to; (2) create
the main item categories; (3) assign each item to the appropriate main category (one
item can be assigned to one or more categories). As shown in Figure 5-1 , the item
taxonomy has two levels of nodes. The first level contains the categories of main
items, and the second level contains the items as leaf nodes, where each item belongs
to one or more categories. Let T={G 1, G

2, . .. ,

Gg} be an item taxonomy given by

experts that contains a set of g categories that items may fall into. Each item is
represented as a binary vector, as shown by:
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(5.1)
is an item vector that represents the item category vector for item x. We

where V q
define

Vx.J

(j=l, ...,g) as a binary variable, as fo llows:

v

-

x,j -

l
{ 0

If Item x belong to category J

}

(5.2)

If Item x does not belong to category j

The similarity between two items is computed based on their semantic
descriptions, as given in the item taxonomy. For this purpose, we use the binary
Jaccard similarity coefficient (Tan, Steinbach & Kumar 2006) to compute the degree
of overlap of categories between any pair of items. For any x, yE I, the item-based
semantic similarity between target item x and potential neighbor item y, SSimx,y: Jx J
~

[O, 1], is based on the ratio of the common categories to their total categories, as

shown by:
SSim x.y =

r C 11

Total number of occurrences where v .x , j is 1 and v y,j is

C01

=

C 10

= Total number of occurrences where' x .j is

!

11

Totalnumberofoccurrcnceswherevx , j isOandvy , j is 1

l and v .v.j rs 0

(5.3)

~

J

For example, in the business taxonomy shown in Figure 5-1 , the item vector of
business Xis V x,g = (1, 0, 1, 1, 0, 0, 0), business Y is Vy,g = (0, 1, 1, 1, 1, 0, 0), and
business Z is V ::,g = (0, 0, 0, 0, 1, 1, 1). To calculate the item-based semantic
similarity between business X and business Y, we have first to obtain C 1 i, C 01 and C01 •
C 11

=

2 (positions 3 and 4 in both vectors have value 1), C 01

=

2 (positions 2 and 5 in

both vectors X and Y are 0 and I respectively), and C 10 = 1 (position 1 is 1 in vector X
and 0 in vector Y). Then according to Equation (5.3), the item-based semantic
similarity value between businesses X and Y, SSimx. y is 0.4 (2 I (2 + 1 + 2) = 0.4).
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Also, the item-based semantic similarity value between businesses Y and Z, SSimY.z is
0.167 (1/ (2 + 3 + 1) = 0.167).

5.2.2 THE RECOMMENDATION COMPUTATION PROCESS
The hybrid SeCF recommendation algorithm takes as inputs a raw user-item rating
matrix with m users and n items and item taxonomy, and produces as an output a
user-item prediction matrix, as depicted in Figure 5-2. The item-based semantic
similarity module extracts the items ' semantic information from the item taxonomy
and computes the item-based semantic similarity for any pair of items. The itembased CF similarity module computes the enhanced item-based CF similarity between
any pair of items. The neighbors' selection module uses the item-item semantic
similarity matrix and the item-item CF similarity matrix to select the items that are
most similar to the target item in terms of item-based semantic and enhanced itembased CF similarities. The recommendation generation module combines the
prediction s of the item-based semantic similarity model and enhanced item-based CF
approach to produce the final prediction value of the target items for the active user.

""' "

"' - · lte~-ba~d
Semantic Similarity )
\
Module
/

1

"--- -- -

[nxn]
Item-Item
Semantic
Similarity
Matrix

Item Taxonomy

-,
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/ Neighbors \
I
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1
\ Module I
I

m:

,_

-

/

/

Hybrid
Prediction
Module

'-..._

_____

"
/

\

I
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[mxn] User·
Item Rating
Matrix
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n: Items

Raw [mxn]

User-Item
Rating
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'
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I

/

[nxn]

Item-Item
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Figure 5-2 A hybrid SeCF recommendation algorithm diagram

The recommendation process of the proposed hybrid SeCF recommendation
algorithm is described as follows:

124

Chapter 5: Semantic-enhanced Recommendation A lgorithm

Step 1: Calculate Item-based Semantic Similarity
The item-based semantic similarity module takes as an input the item taxonomy and
computes the item-based semantic similarity, SSim, for each pair of items. First, each
item is represented as a binary vector as given by Equation (3.1), then Equation (3.3)
is employed to compute the item-based semantic similarity between any pair of items
based on their semantic descriptions as given in the item taxonomy. This step has
been described in the previous section (refer to section 5 .2.1 for more details).

Step 2: Calculate enhanced Item-based CF Similarity
The item-based CF similarity module computes the enhanced item-based CF
similarity between each pair of items. First, the Adjusted Cosine similarity measure,
which takes into account the variances in user ratings, is adopted as a similarity
measure, since the previous research has shown its superiority in performance over
others for calculating the item-based CF similarity value between any pair of items
(Sarwar et al. 2001 ). Formally, for any x, yE I, the item-based CF similarity between
target item x and potential neighbor item y, ICFSimx,r: /xl--* [-1, 1], is given by:

L ('i1

(Jx , 1

,x - "' )

x (r/), Y -

r,: )
(5.4)

where

r u.x

and

r u.y E

respectively. r

11

[1 ,5] represent the ratings of the active user u on items x and y

E [ 1,5]

is the mean rating value of user u on all items, and Ux.y is the

set of users who rated both items x and y .

It is important to note that the adjusted cosine metric considers only users who
have commonly rated both items. This issue can have an impact when items which
have received a very small number of ratings express a high level of similarity with
other items. For example, a similarity value of 0.85 calculated between two items that
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have been rated by only 20 common users is not as reliable as a similarity value of
0.75 calculated with 150 common users. The ratio of proportion between the common
users who rated both items and the total number of users who rated each item
individually is very important and should be taken into account when calculating the
items ' similarity. One way to deal with this issue is to use the item-based Jaccard
similarity metri c (Candi llier, Meyer & Fessant 2008), which computes the ratio of
users who have rated two items in common to the total number of users who have
rated each item individually. For any x, yE I, the item-based Jaccard similarity
between target item x and potential neighbor item y, !Jaccardx,y: I x /

~

[O, l ], is

computed as fo llows :
(5. 5)
where

IUx,yl is

the number of users who have rated both target item x and potential

neighbor item y.

IUxl is

the number of users who have rated a target item x.

IV.vi

is the

number of users who have rated a potential neighbor item y. To further enhance the
adjusted co ine similarity metric, we combine it with the item-based Jaccard
similarity metric, as a weighting scheme, to produce the enhanced item-based CF
similarity approach. Specifically, for any x, yE I, the enhanced item-based CF
similarity between target item x and potential neighbor item y, elCFSimx,y: I x I

~

[-1,

1], is given by:

e/CFSim_r,y = ICFSimx ..,. X /Jaccardx,v ,
where /CFSimx.y

E

(5.6)

[-1, 1] is the item-based adjusted cosine similarity value between

target item x and potential neighbor item y, IJaccardx.yE [O, 1] is the item-based
Jaccard similarity value between target item x and potential neighbor item y.
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Step 3: Select Neighbors
For neighbors selection, two methods have been used in current recommender
systems: the Top-n method in which a predefined number of items with greatest
similarities are selected, and the correlation weight threshold in which all items with
similarity values greater than a certain threshold are selected (Herlocker, Konstan &
Riedl 2002). The neighbors' selection module uses the Top-n method to select two
sets of nearest neighbors of items that are most similar to the target item in terms of
item-based semantic similarity ( N sem
( Ne1cF

E

E

I ) and enhanced item-based CF similarity

I ) from the item-item semantic similarity and the item-item CF similarity

matrices.

Step 4: Calculate Prediction Values
The hybrid prediction module computes the rating predictions of all items an active
user has not yet rated. The prediction process of active user a on target item x is
divided into two steps. First, the weighted sum of deviations from the mean item
ratings approach (Herlocker, Konstan & Riedl 2002) is applied twice to calculate the
rating prediction values, once for the item-based semantic similarity model ( p

5
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1:'

)

I / ,.\

and once for the enhanced item-based CF approach ( p
·

efCF
ll,J.

). For any aE U,

xE

1, two

predicted rating values for active user a on target item x are calculated, p sem , p etcF
a ,x

Ux/

~

:

a,<

[O, 5], as given by Equations (5.7) and (5.8) respectively.
Nsem

Sem

P a,x

I

(ra,y - ~))
=rx + - - - - - - - - (SSimr ,Y

X

y=I

NNSem

I

SSim .\ .

(5.7)

."

Y=l
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N"I CF

,,/CF

P a,x

I

r; ))

(e/CFSimx,y X (~, ,y =r + - - - - - - - - -

y= I

x

Ne /CF

I

(5.8)

e/CFSim .y
1

y= l

where,

rx and ry

E [ 1,5]

are the mean rating values of the target item x and potential

neighbor item y respectively. SSimx.yE [0,1] (as given by Equation 5.3) and

e/CFSimx.yE [-1,1] (as given by Equation 5.6) represent the item-based semantic and
enhanced item-based CF similarity weights between the target item x and potential
neighbor item y respectively.

N sem

and

NeICF

are two sets of nearest neighbors of the

target item x in terms of item-based semantic and enhanced item-based CF
similarities respectively, obtained by the neighbors selection module. ra, y E [1,5] refers
to the rating value of the neighbor item y with respect to the active user a.
The final predicted value (FPVa.xE [0,5]) for active user a on a target item x is
computed as defined by Equation (5.9) where all possible ways to obtain a prediction
value are taken into account. In (5.9), a weighted ha1monic mean aggregation method
is used to combine the prediction values and to ensure that a high total prediction
value is obtained only if pred"ction values of both the item-based semantic similarity
model and the enhanced item-based CF approach are high (0 1Donovan & Smyth
2005).

FPV

ll , X

= Q and

0

jf p

Sem
a,x

p Sem
a,x

if p

Sem t:.
a,x

p elCF
a,x

if

pSem
a,x

if

p Sem -:/:.
a,x

2 X pSem X p
a,x

p Sem
a .x

+

eICF
a ,x

p e!CF
a,x

0 and

p eICF
a,x
p elCF
n,x

== Q

=0

= Q and

p elCF -j:.
a ,x

0

0 and

p eICF ::/:
a,x

Q

(5.9)
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Complexity Analysis:
The computational complexity of the hybrid SeCF recommendation algorithm
depends on the amount of time required for each target item to identify the most
similar items and the amount of time required to compute the predictions. Let g be the
number of item categories for n items, to generate recommendations for m users:
O(m xn 3 xg) and O(mxn

2

)

are the upper bound on the complexity required to

determine the nearest neighbors for target items in terms of item-based semantic
similarity and enhanced item-based CF similarity, respectively. This process can be
accomplished offline. Also, O(n) is required to predict all unrated items; hence the
overall computational complexity becomes O(m x n 3 xg+ mxn 2+n) ~ O(m xn 3 xg).

5.3 A CASE-BASED EXAMPLE
Assume that there are six ' Food & Beverage' Australian supplier businesses (S 1 to S6)
listed in the suppliers' directory. Also, suppose that there are four overseas buyers (B 1
to B4) who have engaged in business with some of the listed suppliers and have rated
them on a numeric five-point scale from 1 (Poor) to 5 (Excellent). A raw SupplierBuyer rating matrix can be obtained, as shown in Table 5-2 and a supplier ' business
taxonomy containing a set of 8 categories is given in Table 5-3, where each supplier
is represented by a binary vector. In the following rating matrix, we can consider the
item S5 as a CS item since it has only one rating.
Table 5-2 Raw Supplier-Buyer rating matrix
Suppliers
Buyers

S1

S2

S3

S4

Ss

s6

81

2

Null

3

4

Null

Null

82

4

5

Null

3

Null

Null

83

3

4

2

5

Null

4

84

Null

Null

Null

Null

3

1
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Table 5-3 Supplier-Supplier category vector matrix
Suppliers
Category

s,

S2
S3
S4
Ss

s6

g1

gz

g3

g4

gs

g6

g7

gg

0

0

0

0

0

1

0

1

1

0

1

1

0

0

0

1

1

1

0

1

1

0

0

0

1

l

0

0

1

0

1

1

0

1

1

0

0

0

1

1

1

0

0

0

1

0

0

1

Assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. Thereafter, a numerical recommendation example is given to illustrate how
the hybrid SeCF recommendation algorithm is used to generate recommendations.

Step 1: Calculate Item-based Semantic Similarity
In this step, based on Table 5-3, we use Equation (5.3) to calculate the item-based
semantic similarity values between the six suppliers as given in Table 5.4.
Table 5-4 Supplier-Supplier semantic similarity matrix
SSim ·s·

Si

s,
S2

S3
4

·-

S2

S3

s-4

Ss

s6

0.20

NIA

0.17

0.20

0.25

0.33

0.29

0.33

-- ------- !'-·- ..---·--·-0.50

Ss

0.14
0.50

..

0.40
0.40

·-

·-

0.60
0.17

s6
Step 2: Calculate enhanced Item-based CF Similarity
Based on the supplier-buyer rating matrix , we can compute the item-based Jaccard
similarity between suppliers by using Equation (5.5). The supplier-supplier Jaccard
similarity matrix in Table 5-5 will then be used in this example by the enhanced itembased CF approach, as shown in Table 5-6.
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Table 5-5 Supplier-Supplier Jaccard similarity matrix

S1

/Jaccardss

S1

S2

S3

S4

Ss

s6

0.67

0.67

1.00

NIA

0.25

0.33

0.67

NIA

0.33

0.67

NIA

0.33

NIA

0.25

S2
S3
S4
Ss

0.50

s6

Table 5-6 Supplier-Supplier enhanced item-based CF similarity matrix
elCFSim ss

S1

S1

S2

S3

S4

Ss

s6

-0.25

0.34

-0.79

NIA

-0.25

-0.33

-0.16

NIA

0.33

-0.54

NIA

-0.33

NIA

0.25

S2
S3
S4
Ss

-0.50

s6

Step 3: Select Neighbors
Let the number of nearest neighbors

Nsem

= 4 and

NeICF=

4, then based on Tables 5-4

and 5-6, we can identify the nearest neighbors to any given buyer in tenns of itembased semantic and enhanced item-based CF similarities, as shown in Table 5-7.
Table 5-7 Neighbors selection

.c

:z

S2

S1

I..

OJ) ~
·~ "O
I..

S4

S3

s6

Ss

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

l

S3

s6

s6

s6

S1

S4

s6

s6

s6

S4

S2

S4

2

S2

Ss

S4

Ss

S2

s6

S2

Ss

NIA

S2

S4

S3

3

s6

S2

s,

S3

s6

S2

S3

S3

NIA

Si

s,

S2

4

S4

S4

S3

S4

S4

Ss

S1

S2

NIA

s6

S3

S1

0
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As shown in Table 5-7, the supplier S 5, who is considered to be a CS item in
terms of the enhanced item-based CF approach, has only one neighbor (supplier S6)
who can be used to produce recommendations. However, supplier S 5 has five
neighbors (suppliers S4, S2, S 1 and S6) in terms of the item-based semantic similarity
model who can be used to produce recommendations. Hence, items' semantic
information can indeed be utilized to mcrease the recommendation accuracy and
coverage in cases of data sparsity and CS items.

Step 4: Calculate Prediction Values
On the basis of Tables 5-5, 5-6 and 5-7, we can use Equations (5 .7), (5.8) and (5.9) to
calculate predicted rating values on each un-rated supplier for all buyers based on the
item-based semantic similarity model, the enhanced item-based CF approach and the
hybrid SeCF algorithm, as shown in Tables 5-8, 5-9 and 5-10.
Table 5-8 Item-based semantic predicted Supplier-Buyer rating matrix
Suppliers

Buyers

S1

S2

83
___

2.87

3.68

l.3 9

s6

- ·- 2.46

2.38

3.49

i
2.17

Ss
2.85

2.10

B2

84

S4

4.46

Bi

...._._

83

3.18

----- --·-

Table 5-9 Enhanced item-based CF predicted Supplier-Buyer rating
matrix
Suppliers
Buyers

S1

S2

S3

84

4.61

81

3.09

B2

s6

0.00

2.60

0.00

2.10

1.50

83
84

Ss

4.50

3.00

4.00

2.50
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Table 5-10 Hybrid SeCF predicted Supplier-Buyer rating matrix
Suppliers
Buyers

S1

S2

S3

S4

4.53

81

2.50

82

s6

2.85

2.53

2.87

2.23

2.10

83
84

Ss

2.93

3.31

2.07

2.80

As can be seen, the hybrid SeCF predicted rating matrix takes into account all
possible ways to obtain a predicted rating value on an unrated item for a target buyer.
For example, if the enhanced item-based CF approach is not able to produce a CFbased predicted rating value (as in the case of S 5 for B 1 and B 2 in Table 5-9), we can
still use the item-based semantic similarity model to produce a semantic-based
predicted rating value, so that we retain the accuracy benefit of using the enhanced
item-based CF approach while at the same time maintaining the coverage by taking
into account the semantic information of items using the item-based semantic
similarity model. Finally, let Top -k (k = 3), hence, the most interested three suppliers
for an active buyer are recommended. According to the hybrid SeCF predicted
supplier-buyer rating matrix, as shown in Table 5--10, the top three recommended
suppliers for the active buyer B t are S2 ( FPVB1. 52 ·= 4.53), S5 (FPVBJ ss = 2.85) and S6

(FPVBI. 56 =-~ 2.53 ).

5 .4 EXPERIMENT AL EVALUATIONS AND
ANALYSIS
This section reports several experiments that were conducted to evaluate the
performance of the proposed hybrid SeCF recommendation algorithm through a
comparison wi th benchmark item-based CF and semantic filtering recommendation
approaches. This section includes the datasets and measures used for evaluation and
the evaluation results.
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5.4.l EVALUATION DATASET AND METRICS
Three datasets have been used to verify the performance of the proposed hybrid SeCF
algorithm and draw conclusive results, namely the Movielens, Yahoo! Webscope and
BizSeeker datasets. For semantic analysis purposes, each dataset is represented in a
taxonomy hierarchical structure with two levels of nodes. The first level contains the
main item categories (i.e., Movie genres, Business types/classes) that every item
belongs to, and the second level contains the items as leaf nodes (i.e., Movies,
Businesses). The Movielens dataset has 18 movie genres, the Yahoo! Webscope
dataset has 32 movie genres, and the BizSeeker dataset has 17 categories of business
classes (refer to Appendix-A for more details on the datasets). To verify the validity of
the experimental results, a hold-out cross-validation method is applied. Through crossvalidation, each dataset is divided into a training set and a test set, with the training set
consisting of 80% of the data and the test set consisting of 20% of the data. To
evaluate the quality of the hybrid SeCF algorithm, the recommendations produced
were evaluated against the ratings provided by individual users using the Mean
Absolute Error (MAE), and Coverage metrics (refer to Section 2.3.6 for more details
on the metrics).

5.4.2

BENCH~1ARK RECOMMENDATION APPROACHES

To compare the performance of the proposed hybrid SeCF algorithm, considering that
the hybrid SeCF algorithm is an item-based recommendation algorithm, Sarwar's
item-based CF (denoted as Sarwar-I CF)( Sarwar et al. 2001 ), and the Deshpande and
Karypis item-based CF (denoted as Deshpande-ICF)(Deshpande & Karypis 2004),
were implemented as benchmarks. These approaches have been widely exploited as
benchmarks for evaluating recently proposed item-based recommendation approaches
(Candillier, Meyer & Fessant 2008; Guo & Lu 2007; Kim et al. 2010; Oku & Hattori
2011; Palanivel & Sivakumar 2011; Rui-Qin & Fan-Sheng 2007; Wang & Kong
2007). To further validate the performance of the hybrid SeCF algorithm, we compare
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it with another benchmark pure semantic filtering recommendation approach (denoted
as Ruiz-Semantic )(Ruiz-Montiel & Aldana-Montes 2009).

5.4.3 EVALUATION RESULTS
This section compares the recommendation performance of the hybrid SeCF
algorithm with the benchmark item-based CF and semantic filtering approaches using
the three datasets to confirm the improvement of hybrid SeCF algorithm, specifically,
in terms of recommendation accuracy as well as in terms of resolving data sparsity
and CS item problems.

5.4.3.1

COMPARING THE RECOMMENDATION ACCURACY OF THE
HYBRID SECF ALGORITHM WITH BENCHMARK APPROACHES

The results of the compara ti ve experiments on the three datasets (MovieLens, Yahoo!
Webscope and BizSeeker datasets) as shown in Figures 5-3, 5-4 and 5-5 reveal that
the hybrid SeCF algorithm outperforms the benchmark item-based CF and semantic
filtering recommendation approaches in tem1s of recommendation accuracy because
it has the highest recommendation accuracy at each neighborhood size. Taking into
consideration the sparsity levels of the item-category matrices in the three datasets
(i.e. , item-category matrix sparsity level in Movie]ens=--=, 90.5%; item-category matrix
sparsity level in Yahoo! Webscope = 98.0%; item-category matrix sparsity level in
BizSeeker = 93 .2%), it can be seen that the pure semantic filtering recommendation
approach (i .e., Ruiz-Semantic) achieves the worst recommendation accuracy on the
Yahoo! Webscope dataset because of the insufficient semantic infonnation about
items (i.e. , Yahoo! Webscope dataset has the most sparse item-category matrix) and
the ignorance of items' rating information. It can be concluded that by combining the
items' semantic information and the items' rating information, the proposed hybrid
SeCF

recommendation

a]gorithm

shows

a

significant

improvement

m

recommendation accuracy compared to the benchmark item-based CF and semantic
filtering recommendation approaches.
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Figure 5-3 Recommendation accuracy comparison between the hybrid SeCF algorithm
and other benchmark item-based CF approaches on different number of neighbors
(MovieLens dataset)
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Figure 5-4 Recommendation accuracy comparison between the hybrid SeCF algorithm
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Figure 5-5 Recommendation accuracy comparison between the hybrid SeCF algorithm
and other benchmark approaches on different number of neighbors (BizSeeker dataset)

5.4 .3.2

IMPACT OF THE HYBRID SECF ON THE DATA SPARSITY
PROBLEM

The aim of this section is to present the experimental results that will verify the
effectiveness of the proposed hybrid SeCF algorithm in alleviating the data sparsity
problem (the sparse datasets used in this section are the same as those used in the
previous Section 4.4.3.4). We perfom1 two experiments using the six sparse datasets
to measure the recommendation accuracy and coverage of the hybrid SeCF algorithm
and other benchmark item-based CF and semantic filtering recommendation
approaches at different sparsity levels. Figure 5-6 and Figure 5-7 confirm the
recommendation accuracy and coverage results of the hybrid SeCF algorithm against
the benchmark item-based CF and semantic filtering recommendation approaches. As
expected, when the sparsity level decreases, recommendation accuracy and coverage
increase gradually. Figures 5-6 and 5-7 demonstrate that the hybrid SeCF algorithm
has the highest recommendation accuracy and coverage at all levels of sparsity
compared with the benchmark item-based CF recommendation approaches. For
example, as shown by Figure 5-7, in the 99.5% sparse dataset, the benchmark item-
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based CF approaches are unable to make any recommendations, whereas the hybrid
SeCF algorithm can produce recommendations for up to 60% of the items available in
the test set. Accordingly, it can be concluded that the hybrid SeCF algorithm is a
significant improvement for alleviating the data sparsity problem compared to the
benchmark item-based CF recommendation approaches.
Figures 5-6 and 5-7 show that the hybrid SeCF algorithm has comparable results
to the semantic filtering approach in terms of recommendation accuracy and coverage.
The percentage improvement of the hybrid SeCF algorithm over the semantic
filtering approach, in terms of recommendation accuracy, is 0.46% at 99.5% sparsity
level and 4% at 97 .0% sparsity level. These results indicate that the recommendation
performance of the hybrid SeCF algorithm is increasingly improved as more ratings
information is involved. Accordingly, it can be concluded that the hybrid SeCF
algorithm offers, to some extent, a reasonable improvement in alleviating the data
sparsity problem compared to the benchmark semantic filtering recommendation
approach.
levels
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Figure 5-6 Recommendation accuracy comparison between the hybrid SeCF algorithm
and other benchmark approaches on different Sparsity levels
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Figure 5-7 Recommendation coverage comparison between the hybrid SeCF algorithm
and other benchmark approaches on different Sparsity levels

5.4 .3.3

IMPACT OF THE HYBRID SECF ON THE CS ITEM PROBLEM

In thi s section, we present the experimental results to validate the effectiveness of the
proposed hybrid SeCF algorithm in alleviating the CS item problem (the CS items
datasets used in this section are the same as those used in the previous Section
4.4.3 .5). Two experiments are perfmmed on the seven CS items dataset · to measure
the recommendation accuracy and coverage of the hybrid SeCF algorithm and other
benchmark jtem-based CF and semantic filtering recommendation approaches, as
shown in Figure 5-8 and Figure 5-9. Clearly, when CS items obtain more ratings, the
recommendation accuracy and coverage increase gradually. Figures 5-8 and 5-9
prove that the hybrid SeCF algorithm has the highest recommendation accuracy and
coverage at any given number of ratings for CS items compared with the benchmark
item-based CF recommendation approaches. For example, in the extreme case of the
CS item dataset as shown in Figure 5-9, the benchmark item-based CF approaches are
unable to make any recommendations when CS items have only two ratings, whereas
our hybrid SeCF algorithm can produce recommendations for up to 24% of these
items. Hence, it can be concluded that the hybrid SeCF algorithm is a significant
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improvement in alleviating the CS item problem compared to the benchmark itembased CF recommendation approaches.
Additionally, Figures 5-8 and 5-9 illustrate that the hybrid SeCF algorithm has
comparable results to the semantic filtering approach, in terms of recommendation
accuracy and coverage. The percentage improvement of the hybrid SeCF algorithm
over the semantic filtering approach, in terms of recommendation accuracy, is 0%
with 2 ratings for CS items and 11 % with 30 ratings for CS items. These results
indicate that the recommendation performance of the hybrid SeCF algorithm is
increasingly improved as more ratings information is involved. As a result, it can be
concluded that the hybrid SeCF algorithm offers a reasonable improvement in
alleviating the CS item problem compared to the benchmark semantic filtering
recommendation approach.
MAE compari~n at different number of ratings of CS Items
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Figure 5-8 Recommendation accuracy comparison between the hybrid SeCF algorithm
and other benchmark approaches on different number of CS Items ratings
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Figure 5-9 Recommendation coverage comparison between the hybrid SeCF algorithm
and other benchmark approaches on different number of CS Items ratings

5.5 SUMMARY
This chapter first proposes an item-based semantic similarity model which is able to

define the semantic similarity between any pair of items by exploiting their
underlying semantic relations that implicitly exist in an item taxonomy. We then
propose an enhanced item-based CF approach that takes into account the ratio
between the common users who rated both items and the total number of users who
rated each item individually when calculating their item-based CF similarity. Finally,
we present a new hybrid SeCF recommendation algorithm that integrates the itembased semantic similarity model with the enhanced item-based CF similarity
approach. A case-based example for illustrating the computation process of the hybrid
SeCF algorithm is also presented.
The experimental results show the advantages of the proposed hybrid SeCF
algorithm in achieving better recommendation accuracy, also in alleviating the data
sparsity and CS item problems compared to the benchmark item-based CF and
semantic filtering recommendation approaches . This improvement is due to the use of
the items' underlying semantic relations, as an external source of knowledge, to
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provide additional information to the rating information, thus allowing the
recommendation algorithm to make inferences based on an additional source of
knowledge. However, in regard to computational complexity, the proposed hybrid
SeCF algorithm is computationally expensive for predicting ratings on all items for
all users compared with benchmark item-based CF algorithms. The impact of this
problem can be reduced as item-item semantic and enhanced CF-based similarities
can be computed offline.
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CHAPTER 6

TRUST-ENHANCED
RECOMMENDATION ALGORITHM

6.1 INTRODUCTION
CF-based recommendation approaches are generally known to be the most promising
and

successful

techniques

in

recommender systems,

providing users

with

recommendations based on those of similar users. Although there has been
considerable research into CF-based approaches, and improvements have been made,
the issues of data sparsity and CS u er problems remain open challenges. Recently,
research has pointed out that users tend to rely more on recommendations from
people

they

trust

than

on

online

recommender

systems,

which

generate

recommendations based on the choices of anonymous people similar to them. This
observation, combined with the increasing popularity of social networks and the
development of recommender systems, has generated a rising interest in tmstenhanced recommender systems (Victor, Cock & Cornelis 2011). Trust-enhanced
recommender systems have recently been proposed for use since they are able to
solve the well-known data sparsity and CS user problems of the CF approaches
(Massa & Avesani 2007, 2009; Victor, Cock & Cornelis 2011 ).
Most existing works on trust-enhanced recommender systems focus on usmg
explicit trust statements in which users express tmst in other users. The limitations of
explicit trust statements are that they are effort-consuming and expensive to obtain
(see Section 2.4.3.2 for more details). Such limitations reduce the applicability of
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explicit trust in recommender systems and make implicit trust more feasible to use
(Victor, Cock & Comelis 2011; Yuan et al. 20 I 0). Implicit trust filtering approaches
use ratings or predictions error between users' profiles as an indication of trust.
However, most existing implicit trust approaches (Hwang & Chen 2007; O'Donovan
& Smyth 2005; Papagelis, Plexousakis & Kutsuras 2005; Pitsilis & Marshall 2004;

Yuan et al. 2010) operate on the intersection of users' profiles; therefore, they do not
consider what has not been rated when computing trust between users.
This chapter presents our work on addressing data sparsity, CS user and
inaccurate recommendation problems in CF-based recommendation approaches. First,
we propose a user-based implicit trust model to build and exploit an implicit trust
social network that contains implicit trust relations between users. The proposed
implicit trust model considers what has not been rated when computing trust between
users. We then propose an enhanced user-based CF approach that takes into account
the sizes of the common and uncommon ratings when computing the similarity
between any pair of users. Finally, we propose a hybrid user-based trust-enhanced CF
(TeCF) recommendation algorithm that integrates the user-based implicit trust model
and the enhanced user-based CF approach. We empirically demonstrate that the
proposed hybrid TeCF recommendation algorithm outperforms benchmark userbased CF and implicit trust filtering approaches in terms of improving accuracy, as
well as in dealing with very sparse datasets and CS users. The rest of this chapter is
organized as follows. Section 6.2 first describes the background of the user-based
implicit trust model and then presents the recommendation process of the proposed
hybrid TeCF algorithm. In Section 6.3, we present a case-based example to
demonstrate the computation process of the hybrid TeCF algorithm. Experimental
evaluation and results on MovieLens, Yahoo! Webscope and BizSeeker datasets are
discussed in Section 6.4. Finally, a summary of this chapter is given in Section 6.5 .
The main work presented in this chapter bas been published in the International
Journal oflntelligent Systems (Shambour & Lu 201 lc).
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6.2 A HYBRID TRUST-ENHANCED CF (TECF)
ALGORITHM
In this section, a hybrid TeCF recommendation algorithm will be described in detail.

'Ne start by presenting the proposed user-based implicit trust model, and then
illustrate

the

recommendation

computation

process

of

the

hybrid

TeCF

recommendation algorithm.

6.2.1 A USER-BASED IMPLICIT TRUST MODEL
Even with significant improvements to CF-based recommendation approaches, some
important problems still remain. Massa and Avesani (2009) discuss some of the
weaknesses of CF-based recommender systems, in particular, data sparsity and CS
user problems. Due to data sparsity, CF-based approaches experience many
difficulties when attempting to identify good neighbors in the system because users
typically rate or experience only a small portion of the available items (a typical
recommender system often deals with mil1ions of items). As a result, the quality and
accuracy of the generated recommendations might suffer from this. Moreover, in the
case of the CS user, it is also very difficult to generate good recommendations for
users that are new to the system as they have not rated a significant number of items
and hence cannot properly be connected with similar users.
A number of trust-enhanced recommender systems have been proposed to solve
the well known data sparsity and CS user problems of the CF approaches (Massa &
Avesani 2007, 2009; Victor, Cock & Comelis 2011). For example, in the CF setting
in Figure 6.1, users a and b will be connected as they have rated item i 1, also users b
and c can be connected as they have rated item i2 . Accordingly, a prediction of a's
interest in i 2 can be made; however, in this scenario there is no link between users a
and c or, in other words, there is no way to find out whether i3 would be a good
recommendation for user a. This situation can be changed if a trust social network has
been established among the users of the recommender system. Assume that the solid
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lines in Figure 6-1 (Victor, Cock & Comelis 2011) denote trust relations between users
a and b, and between users band c. While in a CF scenario, without a trust network, a

CF system is not able to generate a prediction about i3 for user a, this could be solved
in the trust-enhanced situation. Thus, if user a expresses a certain level of trust in user
b, and user b in user c, by exploiting trust propagation, an indication of a's trust in c

can be obtained. If the outcome indicates that user a should highly trust c, then i 3
might become a good recommendation for a, and will be highly ranked among the
other recommended items. This simple example illustrates that enhancing a
recommender

system

by

including

trust

relations

can

help

to

improve

recommendation accuracy and solve the data sparsity and CS user problems (Victor,
Cock & Comelis 2011 ).

~ ...

··...·....

a

c

Figure 6-1 Trust relations in recommender systems

In this section, we intend to improve recommendation accuracy and alleviate the

CF-based limitations, namely data sparsity and CS user problems, by developing a
user-based implicit trust model that will build and exploit implicit trust relations in
the implicit trust social network. The proposed model includes two major
components: trust derivation and trust propagation.

1}

Trust Derivation

This study measures the trustworthiness of a given user based on his/her history of
making reliable recommendations. For example, if user a has delivered highly
accurate recommendations to user b in the past, then user a should acquire a high trust
value from user b (Hwang & Chen 2007; O'Donovan & Smyth 2005). For this
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purpose, we use Resnick's (Resnick et al. 1994) prediction method to compute the
predicted rating of item i for the user a by the only neighborhood user b.

Definition 6.1: For any a, b E U,

iE

I, the predicted rating of item i for the user a by

the only neighborhood user b, Pa/ U x l---+ [O, 5], is given as follows:

Pa ,t· = ra + (r.b ,t· - r.b) '
where IJJ.i

E

(6.1)

[1,5] denotes the rating of item i by user b, and~ and ~ E [1,5] are the

mean ratings of users a and b respectively.
Bearing in mind that prediction accuracy of a user in the past is used to measure
his/her trustworthiness, we use the Mean Squared Differences (MSD) method
(Adomavicius & Tuzhilin 2005b; Shardanand & Maes 1995) to measure the degree of
dissimilarity of user a with respect to user b from predictions error of co-rated items
between them . To ensure that the value of MSDa.b E [0,1], we have first to normalize
the rating ra. i and predicted rating Pa,i values within the range [O, 1] using the Max-Min
Normalization method (Han & Kamber 2006), as given by:

Nra, 1. ·-

ra

I}
o

--max fra . I i E I } - min {ra , L. I i E I a } '
l

N Pa,; =

. --minfr
. JiE
l a ,1

,1

,1

Pa.i -

(6.2)

11

min{Pa,i

Ii E IJ

max{P.
JiE I a }-min{P.
JiE
a ,1
a ,t

I}
a

,

(6 3)

.

where ra. 1 E [1 ,5] refers to the rating value of item i by user a, Pa,;E [1 ,5] is the
predicted rating value of item i for the user a, and la EI is the set of items rated by
user a.
Then, the MSDa.b of user a with respect to user b can be defined as :
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Definition 6.2: For any a, b

U, the degree of dissimilarity of user a with respect to

E

user b, MSDa.bE [O, 1], based on the predictions error of co-rated items between them

la,b, is given by:
I a .b

MSD
where

N~, ,i E

L, (NPa,i - Nra,i)2

a.b

= -'-i=_;;.I_

_ __

_

_

(6.4)

[O, 1] refers to the normalized predicted rating of item i for user a,

Nra,i E [O, 1] denotes the normalized rating of item i by user a, and Ia,bis the set of corated items between users a and b. However, since the MSDa,b tends towards zero
between users a and b as the prediction error value is low (users are very similar) and
tends towards 1 if it is high (users are dissimilar), we employ the following formula
to measure the degree of similarity of user a with respect to user b from the
predictions error of co-rated items between them.

Definition 6.3: For any a, b

E

V , the degree of similarity of user a with respect to

user b, MSDSima ,bE [O, 1], based on the pred1ctions error of co-rated items between
them la.b, is given by:

MSDSirna ,b = 1- MSDa,b ,

(6.5)

where MSDa.b is the degree of dissimilarity between user a and user b.
The MSDSima,b metric still has a major drawback, as in previous research work
(Hwang & Chen 2007; O'Donovan & Smyth 2005 ; Papagelis, Plexousakis & Kutsuras
2005 ; Pitsilis & Marshall 2004 ), since it does not consider what has not been rated
between users a and b when computing the implicit trust between them. The impact of
this issue can be seen when users who have rated a very small number of items express
a high level of trust with almost all other users. For example, an implicit trust value of
0.85 calculated between two users with only 15 common items is not as trustworthy
and reliable as an implicit trust value of 0.75 calculated with 170 common items. The
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proportion between the common ratings and the total rated items should be taken into
consideration when computing the derived implicit trust. One way to alleviate this
issue is to use the user-based Jaccard similarity metric (Candillier, Meyer & Fessant
2008; Hand, Smyth & Manni la 2001 ), which computes the overlap items that two
users have rated in common and the number of items that both users have rated in
total, i.e., the intersection divided by the union of the rated items.

Definition 6.4: For any a, b

E

U, the user-based Jaccard similarity of user a with

respect to user b, UJaccarda,bE [0,1], based on overlap items that two users have
rated in common Ia,b, is given as:
(6.6)
where Ila.bl is the number of items that have been rated by active user a and potential
neighbor user b. I Ia I is the number of items that have been rated by active user a. I h I
is the number of items that have been rated by potential neighbor user b.

We propose to combine the Ulaccarda. b similarity metric as a weighting scheme
with the MSDSima.b similarity metric, to benefit from their complementarities, to
produce the final implicit trust derivation metric.
Definition 6.5: For any a, bE U, the implicit trust derivation met1ic between user a
and user b, DTrusra.b: UX U ~ [O, 1], is defined as:

DTrusta,b = MSDSima ,b XUJaccarda,b,

(6.7)

where MSDSimu.b E [O, 1] is the degree of similarity of user a with respect to user b
based on the predictions error of co-rated items between them, and Ulaccarda.b

E

[O, 1] is the degree of similarity of user a with respect to user b based on overlap items
that two users have rated in common.
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Trust Propagation

2}

Trust derivation computes the direct implicit trust values between users in the trust
social network. Trust propagation (also known as trust inference) is needed when
there is no direct implicit trust relation between users. Thus, from the direct implicit
trust social network, it is possible to infer the implicit trust and establish new relations
between users who have no direct implicit trust links between them.

Definition 6.6: Assuming that user a EU (source user) trusts user hE U (intermediate
user) and user b trusts user

cE

U (target user). In the case that user a has no trust

direct connection with user b, it can be inferred by using trust propagation that user a
can trust user c to some extent. In the case that there is more than one intermediate
user (bs), a trust aggregation method is used to combine the different trust beliefs that
target user a has received from bs about c to infer a unique trust belief about c. In this
study, we use the Mean Aggregation Method (Golbeck 2006) which ensures that the
propagated implicit trust value is most significantly weighted by the most trusted
intermediate users. Henceforth, for any a, b, c

E

U, the propagated implicit trust

value that is a number indicating to what extent user a implicitly trusts user c,
PTrust

0

_

7

L

P L rust
'T'
.

a--K·

:

U x U ~ [O, l], is computed as follows:

L

DTntsta,h x(DTrustb,c xj3d)

C€ adj
=------------(a)

L

DTrusta,b

, where IYI'rust

0

,b

~IL

(6.8)

CtOlij(a)

/3d

= (M axProDist - ProDistc1

where DTrusta.b

E

+ 1) IM axProDist,

M axProDist ;: : : d ;: : : 2

(6.9)

[A., l] is the implicit trust value between user a and user b, user b is

an adjacent neighbor of user a (i.e., inte1mediate trusted neighbor) who implicitly
trusts user c. The parameter A.

E

(0, 1] is a tunable trust filter threshold applied to

ensure that non-trustworthy users, as defined by the trust filter, are not allowed to
participate in the implicit trust propagation process. Users who have an implicit trust
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value below the threshold are considered to be untrustworthy users, and they must not
influence the implicit trust propagation process. The aim of this filter is to minimize
the prediction error and, therefore, improve accuracy. Massa and A vesani (2007)
acknowledged that the trustworthiness of the propagated trust decreases along with
every new trust propagation step. To ensure that the implicit trust decreases along the
propagation path, we use the trust metric MoleTrust (Massa & Avesani 2007), as
shown in Equation (6.9), as a weighting scheme /3d in the proposed implicit trust
propagation metric. The weighting parameter

/3d E

(0, 1] will ensure that the implicit

trust values of the directly trusted neighbors (or those at a close propagation distance)
will have more weights and, therefore, more influence in the implicit trust
propagation process.

fie, will

act as a tradeoff between accuracy and coverage, as it

aims to improve prediction accuracy while maintaining satisfactory prediction
coverage. MaxProDist is a tunable trust propagation limit that is used to control the
maximum distance from the source user to which implicit trust is propagated. For
instance, if the MaxProDist is set to 3, trust is only propagated to users at distance 3;
users at distances greater than 3 are not reached and their propagated implicit trust
values are not calculated. ProDistd is the trust propagation distance from the source
user to other users, d refers to the number of propagation hops (two hops is the
minimum). For example, assume MaxProDist = 3, then fh = (3-2+ 1)/3 = 0.667 and {J3
= (3-3+ l)/3

6.2 .2

= 0.334.

THE RECOMMENDATION COMPUTATION PROCESS

As depicted in Figure 6-2, the hybrid TeCF recommendation algorithm takes as

inputs a raw user-item rating matrix with m users and n items, and produces as an
output a user-item prediction matrix. In Figure 6-2 , the user-based implicit trust
module contains two sub-modules. The trust derivation sub-module derives the
implicit trust value for each pair of users directly from their ratings data to build up
the implicit trust social network. The trust propagation sub-module uses the implicit
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trust social network to compute the propagated implicit trusts for not connected users.
The user-based CF similarity module computes the enhanced user-based CF
similarity between any pair of users using the weighted CPC similarity measure. The
neighbors selection module uses the user-user implicit trust matrix and the user-user
CF similarity matrix to select two sets of nearest users to the active user in terms of
trustworthiness and enhanced user-based CF similarity. The hybrid prediction module
integrates the predictions of the implicit trust model and enhanced user-based CF
approach to generate the final predicted rating values for target items for the active
user.
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Figure 6-2 A hybrid TeCF recommendation algorithm diagram

The detailed recommendation process of the hybrid TeCF recommendation
algorithm is described in the following steps:

Step 1: Calculate Implicit Trust between Users
The user-based implicit trust module has two primary connected sub-modules, trust
derivation and trust propagation. Trust derivation takes as input the raw user-item
rating matrix and calculates the implicit trust value of every connected pair of users
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(i .e. , users who have common ratings and can be directly connected). For each user,
the implicit trust derivation metric, as given by Equation ( 6. 7), is employed to
compute a user's trustworthiness with respect to all other users in order to build up
the implicit trust social network. After computing the direct implicit trust
relationships, the indirect trust relationships among users (i.e., users who have no
common ratings and can not be directly connected) in the implicit trust social network
are exploited through the implicit trust propagation metric as given by Equation (6.8) .
Finally, the user-user implicit trust matrix , which can also be considered as a
complete implicit trust social network, is now available to generate implicit trustbased predi ctions. This step has been described in the previous section (refer to
section 6.2 .1 for more details).

Step 2: Calculate enhanced UseT-based CF Similarity
The user-based CF similarity module calculates the enhanced user-based CF
similarity value of each user against other users. First, we use the Constrained

Pear;;on Correlation (CPC) measure as a similarity measure to calculate the userbased CF similarity value between any pair of users (Shardanand & Maes 1995). Our
constrained version of the CPC uses the mean rate of all rated items by each user
instead of the mid-point of the rating scale. Formally, for any a, bE U, the user-based
CPC similarity between active user a and potential neighbor user b, UCFSim 11 ,b: Ux U
---+

(-1 , 1], is given by:
la ,h

"~ Cr
UCFs

im a, b

=-

' ah i==I

'\~
(ra, t. ~
i==l

where ~i .i and
~

and

"7 E

rh ,i E

[ 1,5]

[

-

w---==

. -r)x(r
. . -~l)
a
0,1
'?

a ,1

r )2 x
l/

1ab

(6. 10)

~ (r.b , I. - ~l7 )2
L-i
i=I

1,5] represent the ratings of users

a

and h on item i respectively,

represent th e average rating values of users a and h on all items
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which are rated by each user separately. Ia.b is the set of co-rated items by both users a
and b.
For the user-based CPC similarity measure, only the common set of items
between two users is taken into account when computing the users' similarity. As we
mentioned, this is a key drawback since two users can be totally similar if they only
share one item with the same rating. For example, in a movie recommender system,
assume that a user is a fan of comedy movies, whereas another user only watches
crime movies. The users' similarity will be nil, as long as they have not rated any
movie in common. Now assume that both users watch and like the movie "The Mask",
a crime fantasy comedy movie, and both users give the same rating for the only
common movie. Both users will now become totally similar according to the userbased CPC similarity measure. In such a case, if one of these users is chosen as the
most similar neighbor for the other, he/she will not able to provide any good
recommendations as both users have completely different preferences. In addition,
when user who share many items are preferred to others that only share a few items,
the number of items in the prediction domain is increased. This will improve the
predictive performance of recommender systems (Bobadilla, Serradilla & Bernal
2010).
In contrast to the user-based CPC similarity measure, the user-based Jaccard
similarity measure (as previou ly given by Equation 6.6) does not suffer from this
limitation because it computes the overlap items that two users have rated in common
and the number of items that both users have rated in total. However, the user-based

J accard similarity measure does not take into account the variation of ratings between
the two ratings vectors. For example, in the case that two users watch 10 similar
movies but make completely opposing judgments on them (i.e. , both users have
different ratings for the same watched movies), then according to user-based Jaccard,
they are considered to be similar regardless of their ratings (Candilher, Meyer &
Fessant 2008).
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To benefit from the complementarities of user-based Jaccard similarity and the
user-based CPC similarity measure and mitigate their limitations, we propose the use
of the user-based Jaccard similarity as a weighting scheme with our version of the
CPC similarity measure so that users who share many items are preferred to others
who share only a few items. Henceforth, we consider the product of the user-based
Jaccard similarity measure with the user-based CPC similarity measure to be the
proposed enhanced user-based CF approach. Formally, for any a, bE U, the enhanced
user-based CF between active user a and potential neighbor user b, eUCFSima,b:
U x U ~ [-1 , l] , is given by:

eUCFSima, l'J = UCFSima ,b xUJaccarda,b ,

(6.11)

where UCFSima.b E [-1 , 1] is the user-based CPC similarity value between active user a
and a potential neighbor user b, and UJaccarda,b E [O, I] is the user-based Jaccard
similarity value between active user a and a potential neighbor user b.

Step 3: Select Neighbors
fn the neighbors selection module, two sets of nearest neighbors to the active user in
terms of trustworthiness (

N Tm .

1

E

U) and enhanced user-based CF (

N

eucF E U)

similarity are chosen based on the user-user implicit trust and user-user CF similarity
matrices, respectively. For the neighbors selection process, we u se the Top-n method
where a predefined number of users with the greatest correlation are selected.

Step 4: Calculate Prediction Values
Once we identify the sets of neighbors, generating predictions is the final important
step in the recommendation process. In the hybrid prediction module, ( 1) the
deviation-from-mean approach (Herlocker, Konstan & Riedl 2002) is used twice to
compute the predicted rating values for the active user a on target item x, once for the
user-based implicit trust model ( p

7

1

rn.

a ,x

' )

and once for the enhanced user-based CF
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approach ( p eucF ) . For any

U, X E I, two predicted rating values for active user a

aE

a.x

.
x are ca 1cu 1ate d , p Trust , p eUCF : U x /
on target item
a,x

a.x

~

[Q , 5] , as given
.
b y E quat10ns
.

(6.12) and (6.13 ) respectively.

NTrust
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(6.1 3)

eUCFSimab
'

represent the average rating values of the active user a and

potential neighbor user b on alJ items which are rated by each user separately, 1/i,x

E

[ 1,5] denotes the rating value of the potential neighbor user b on target item x. Trusta.b
E

[O, 1] and eUCFSima,b

E

[-1, 1] represent the implicit trust and the enhanced user-

based similarity values between the active user a and potential neighbor user b. These
values are obtained from the user-user implicit trust and user-user CF similarity
matrices.

NTrust

and ~ucF are two sets of nearest neighbors of the active user a

obtained from the neighbors selection module. Then, (2) the final predicted value

(FPVa,x

E

[0,5]) is calculated as defined by :
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0

if pTrust = Q and

peUCF

=Q

p Trust

if pTrust i:- Q and

p eUCF

=Q

p eUCF

if pTrust

= Q and
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i:- Q

a,x

a,x
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a,x

a,x

a,x

2 X pTrusl X p
a,x

pTrust
a,x

a,x

a,x

a,x

eUCF

(6.14)

a,x

+ p eUCF
a,x

In this equation, all possible ways to obtain a predicted rating value on an unrated
item for an active user are taken into account. If the enhanced user-based CF approach
is unable to produce a CF-based predicted rating value, we can still use the user-based
implicit trust model to produce an implicit trust-based predicted rating value, so that
we retain the accuracy benefit of using the enhanced user-based CF approach, while at
the same time maintaining the coverage by taking into account the intuitive properties
of trust propagation of the user-based implicit trust model. In Equation (6.14), a
weighted harmonic mean based aggregation function is used to integrate the two
predicted rating values to ensure that a high total predicted rating value is obtained
only if both the user-based implicit trust model and the enhanced user-based CF
predicted rating values are high (O'Donovan & Smyth 2005).

Complexity Analysis:
For m users and n items, the classical user-based CF computational complexity is
O(mxn) in the worst case (Kim et al. 2004; Linden, Smith & York 2003). The

computational complexity of the hybrid TeCF recommendation algorithm depends on
the amount of time required for each active user to identify the most trusted and
similar users and the amount of time required to compute the predictions for unrated
target items. To generate recommendations, the computational complexity of
constructing the implicit trust network is O(mxe1axProDisr

),

in which k is the max

number of edges per node in the implicit trust network, and MaxProDist is the
maximum distance from the source user node to which implicit trust between users is
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propagated. This process can be accomplished offline. Then, for an active user, O(m)
and O(m xn) are the upper bound on the complexity required to determine the most
trusted and nearest neighbors in tenn s of a user-based implicit trust model and
enhanced user-based CF similarity, respectively. Finally, O(n) is required to predict
all unrated items;

therefore the

overall computational complexity becomes

O(mxkMaxProDisr +m+mxn+n):::::: O(m xkMaxProDisr).

6.3 A CASE-BASED EXAMPLE
Assume that there are six 'Food & Beverage' Australian supplier businesses (S 1 to S 6)
listed in the suppliers' directory. Also, suppose that there are four overseas buyers (B 1
to B 4 ) who have engaged in business with some of the listed suppliers and have rated
them on a numeric five-point scale from 1 (Poor) to 5 (Excellent). A raw SupplierBuyer rating matrix can be constructed as depicted in Table 6-1 . In the following
rating matrix, we can consider the buyer B 1 as a CS user since it has only two ratings
(i.e., B 1 has the minimum number ofratings between other buyers).
Table 6-1 Raw Supplier-Buyer rating matrix

-

Suppliers

Buyers

s,

S2

·--·-Null

83

S4

Ss

3

Null

>--·-·Null

1 - - - ~---

86

--~-

Null

-' B2

4
5

2

3

Null

I

Null

83

2

Null

2

5

5

3

84

Null

4

Null

...

3

4

B1

'")

Based on the supplier-buyer rating matrix, we can compute the user-based
Jaccard similarity between buyers. The Buyer-Buyer Jaccard similarity matrix as
given in Table 6-2 will then be used in this example by the proposed user-based
implicit trust model and the enhanced user-based CF approach.
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Table 6-2 Buyer-Buyer Jaccard similarity matrix
U]accard 8 " 8 ·

81

81

82

83

84

0.50

0.40

NIA

0.50

0.33

82

0.50

83
84

Now, assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. Thereafter, a numerical recommendation example is given to illustrate how
the hybrid TeCF recommendation algorithm is used to generate recommendations.

Step 1: Calculate Implicit Trust between Users
The direct implicit trust values of each pair of buyers are calculated using Equation
(6.7) and therefore we have the buyer-buyer direct trust values, as shown in Table 6-3 .
Table 6-3 Buyer-Buyer direct implicit trust matrix

DTrustB.11

B1

81

82

83

0. 50

0.20

B2

0.50

83

0.20

0. 13

84

NIA

0.33

- - - -·- - - - - ··- -

-·

0.13

84

·- - - - · NIA

·-- · - -·0.33

0.13
0.13

In Tab le 6-3 , we observe that for buyer B 1, the most trusted buyer is B2
(Trust s 1

~ s =
2

0.50). There is no direct implicit trust connection between buyer B 1

and buyer B 4 as they do not co-rate any similar suppliers, thus trust propagation is
needed in this situation to infer the indirect implicit trust values in both directions
(Trust 8 1 ~

84

= ? , Trust 8 4 ~

81 =

?). Let /...,= 0.15 and MaxProDist

=2

(i .e. , Pa,c = 0.50),

by using Equation (6. 8) we can calculate the propagated implicit trust values between
buyers

B,

-7

B~

and

B4

-7

s, as shown in Figure 6-3. When inferring the implicit trust

value of buyer B4 as seen by buyer B 1, buyer B 1 considers the implicit trust values of
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buyer 8 2 and buyer 8 3 as both buyers have a trust values greater than the A threshold
about buyer 8 4_ However, when inferring the implicit trust value of buyer 8 1 as seen
by buyer B4, buyer 8 4 considers only the implicit trust value of buyer 8 2 and does not
consider the implicit trust value assigned by buyer 8 3 . The reason for this is that the
implicit trust value of buyer 8 4 to buyer 8 3 is 0.13, which is less than the A threshold.

\* --

~ ~0.33

/

/ " ''-----"

~

0.50

·? · -

0.20

~

.r~

/

0.33

"----./ 'o.so
~

~ <-----?--·~
0.1 3

~ ... ~.

0. 13

~~~

/

..,a.20

~

'-...--'

81-+84= 0.50x (0.33x0.5)+0.20x(0.13x0.5)/
(0.50+0.20)=0.137

~

84.+8 1 = 0.33 x (0.50x0.5)/0.33=0.25

Figure 6-3 Examples of the trust propagation process

Table 6-4 shows the trust matrix of the four buyers after the trust propagation
process.
Table 6-4 Buyer-Buyer propagated implicit trust matrix
PTrust B'JJ.

Step 2: Calculate enhanced User-based CF Similarity
Here, we calculate thee enhanced user-based CF similarity, eUCFSim, values
between the four buyers as given in Table 6-5.
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Table 6-5 Buyer-Buyer enhanced user-based CF similarity matrix
eUCFSim s ·. s

Step 3: Select Neighbors
Let the number of nearest neighbors

N Trusi

= 3 and

NeUCF

= 3, then based on Tables 6-

4 and 6-5 , we can identify the most similar neighbors to any given buyer in terms of
trustworthiness and enhanced user-based CF similarity, as shown in Table 6-6.
Table 6-6 Neighbors selection
Neighbors
order

B2

B1

B4

B3

CF

Trust

CF

Trust

CF

Trust

CF

Trust

1

82

B2

B1

B,

84

B1

B2

B2

2

NIA

83

84

B.i

B2

B2

83

B1

3

NIA

B4

83

83

NIA

B4

NIA

83

'-·

·-

·-

As shown in Table 6-6, the buyer B 1, who is considered to be a CS user, has only
one neighbor (buyer B2) , in terms of the enhanced user-based CF approach who can
be used to produce recommendations. However, buyer B 1 (by exploiting the
advantage of trust propagation) has three trusted neighbors (buyers B 2, B 3, and B 4)
who can be used to produce recommendations. Accordingly, trust propagation can
indeed be utilized to increase the recommendation accuracy and coverage in cases of
data sparsity and CS users.

Step 4: Calculate Prediction Values
On the basis of Tables 6-4, 6-5 and 6-6, we can use Equations (6 .12), (6.13) and
(6 . 14) to calculate predicted rating values on each un-rated supplier for all buyers
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based on the user-based implicit trust model, the enhanced user-based CF approach
and the hybrid TeCF algorithm, as shown in Tables 6-7 , 6-8 and 6-9.
Table 6-7 Implicit trust-based predicted Supplier-Buyer matrix
Buyers

Table 6-8 Enhanced user-based CF-based predicted Supplier-Buyer
matrix
Buyers

Table 6-9 Hybrid TeCF predicted Supplier-Buyer matrix
i----_,..._-

Buyers

- -...-,-

S2

Su E!J.,_er_s..------...--,....,....-- - -

1

S3

S4

As can be seen, the hybrid TeCF predicted rating matrix takes into account all
possible ways to obtain a predicted rating value on an unrated item for an active
buyer. If the enhanced user-based CF approach is not able to produce a CF-based
predicted rating value (as in the case of S4 and S 6 for B 1 in Table 6-8), we can still use
the imp licit trust model to produce an implicit trust-based predicted rating value.
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Finally, let Top -k (k = 3), hence, the most interested three suppliers for an active
buyer are recommended. According to the hybrid TeCF predicted supplier-buyer
rating matrix, for the active buyer B 1, the top three recommended suppliers are S4

(FPVs1 , 54 = 3.94), S6 (FP Vs1, 56 = 3.57) and S2 (FPVBJ , 52 = 2.90), as shown in Table
6-9.

6.4 EXPERIMENTAL EVALUATIONS AND
ANALYSIS
This section evaluates the performance of the proposed hybrid TeCF recommendation
algorithm through a comparison with benchmark user-based CF and implicit trust
recommendation approaches . This section includes the datasets and measures used for
evaluation and the evaluation results.

6.4.l EVALUATION DATASET AND METRICS
W use th e Movi elens, Yahoo! Webscope and BizSeeker datasets (refer to AppendixA for more details on the datasets) to verify the performance of the proposed hybrid
TeCF algorithm and draw conclusive results. A hold-·out cross-validation method is
applied to verify the validity of the experimental results . Through cross-validation,
each dataset is di vided into a training set and a test set, with the training set consisting
of 80% of the data and the test set consisting of 20% of the data. To evaluate the
quality of the hybrid TeCF algorithm , the recommendations produced were evaluated
against the ratings provided by individual users using the Mean Absolute En-or
(MAE), and Coverage metrics (refer to Section 2.3.6 for more details on the metrics).

6.4.2 BENCHMARK R ECOMMENDATION A PPROACHES
Taking into account that the hybrid TeCF algorithm is a user-based recommendation
algorithm, we implement two benchmark user-based CF approaches to compare their
performance with the performance of the proposed hybrid TeCF algorithm. The user-
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based CF benchmark approaches are Resnick' s user-based CF which employs
Pearson correlation similarity (denoted as Resnick-UCF)(Resnick et al. 1994), and
Shardanand's user-based CF which employs constrained Pearson similarity (denoted
as Shardanand-UCF)(Shardanand & Maes 1995). These approaches have been widely
used as benchmarks for evaluating recently proposed user-based recommendation
approaches (Bobadilla et al. 2011; Candillier, Meyer & Fessant 2008; Guo & Lu
2007; Kim et al. 2010; Palanivel & Sivakumar 2011; Rui-Qin & Fan-Sheng 2007;
Wang & Kong 2007). To further validate the performance of the hybrid TeCF
recommendation algorithm, taking into account that the hybrid TeCF algorithm is an
implicit trust recommendation algorithm, we compare its results with another
benchmark implicit trust recommendation approach (denoted as O'DonovanTrust)(O'Donovan & Smyth 2005).

6.4.3 EVALUATION RESULTS
This section compares the recommendation performance of the hybrid TeCF
algorithm with the benchmark user-based CF and implicit trnst recommendation
approaches using the three datasets to confirm the improvement of the hybrid TeCF
algorithm in tenns of recommendation accuracy as well as in terms of resolving
sparsity and CS user problems. In preliminary optimization experiments, it was
observed that the user-based implicit trust model reaches the best performance when
the max imum propagation distance is set to 3. This is because at distance 3, almost all
users can be reached as potential neighbors to be involved in the recommendation
process. A1 so, the user-based implicit trust model achieves the maximum
performance when the trust filter threshold 'A is set to 0.15. In following experiments,
we set the propagation distance to 3 and

'A to 0.15 .
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6.4.3.1

COMPARING THE RECOMMENDATION ACCURACY OF THE
HYBRID TECF WITH BENCHMARK APPROACHES

In this section, we conduct a number of experiments to compare the recommendation
accuracy performance of the proposed hybrid TeCF recommendation algorithm with
respect to the benchmark user-based CF and implicit trust recommendation
approaches. For this purpose, we use the MovieLens, Yahoo! Webscope and
BizSeeker datasets to validate the performance of the hybrid TeCF algorithm. In all
experiments, we varied the number of neighbors and computed the corresponding
MAE for all recommendation approaches. Looking into the results shown in Figures
6-4, 6-5 and 6-6, we can see that the hybrid TeCF algorithm achieves the best
recommendation accuracy (i.e. lowest MAE) at all neighborhood sizes. Therefore, it
can be concluded that the hybrid TeCF algorithm is a significant improvement in
tenns of recommendation accuracy compared to the benchmark user-based CF and
implicit trust recommendation approaches.
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Figure 6-4 Recommendation accuracy comparison between the hybrid TeCF algorithm
and other benchmark recommendation approaches on different number of neighbors
(MovieLens dataset)
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Figure 6-6 Recommendation accuracy comparison between the hybrid TeCF algorithm
and other benchmark recommendation approaches on different number of neighbors
(BizSeeker dataset)

6.4.3.2

IMPACT OF THE HYBRID TECF ON THE SPARSITY PROBLEM

This section verifies the effectiveness of the proposed hybrid TeCF algorithm m
alleviating the sparsity problem (the sparse datasets used in this section are the same
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as those used in the previous Section 4.4.3.4). Thus, two experiments have been
carried out using the six sparse datasets to measure the recommendation accuracy and
coverage on different sparsity levels. Figures 6-7 and 6-8 show the results of the
recommendation accuracy and coverage of the hybrid TeCF algorithm against the
benchmark user-based CF and implicit trust recommendation approaches. In both
experiments, as the sparsity level decreases, the recommendation accuracy and
coverage increase gradually. This is expected since higher sparsity leads to a poor set
of neighbors and hence reduces prediction performance and coverage. Based on the
results shown in Figures 6-7 and 6-8, it can seen that the hybrid TeCF algorithm
significantly outperforms

the

benchmark user-based

CF

and

implicit trust

recommendation approaches in terms of recommendation accuracy and coverage at
all levels of sparsity. For example, in the 99.5 % sparse dataset as shown by Figure 67, the percentage improvements of the hybrid TeCF algorithm over the benchmark
user-based CF and implicit trust recommendation approaches are 29.7 % and 22.4 %
respectively. Also, in the 99.5% sparse dataset, as shown in Figure 6-8, the
benchmark user-based CF recommendation approaches are unable to make any
recommendation

for any item in the test set, and the benchmark implicit trust

recommendation approach is able to make recommendations for 13% of the available
items in the test set, whereas our algorithm can make recommendations of up to 43%
of the available items in the test set.
Therefore, by considering both recommendation accuracy and coverage, it can be
concluded that the hybrid TeCF recommendation algorithm is a significant
improvement compared to the benchmark user-based CF and implicit trust
recommendation approaches.
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Figure 6-8 Recommendation coverage comparison between the hybrid TeCF algorithm
and other benchmark recommendation approaches on different Sparsity levels

6.4.3.3 IMPACT OF THE HYBRID TECF ON THE CS USER PROBLEM
In this section, we present the experimental results to confirm the effectiveness of the
proposed hybrid SeCF algorithm in alleviating the CS user problem. First, we
extracted seven datasets from the MovieLens dataset in which each dataset contains
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CS users with specified number of ratings per user. The first CS user dataset contains
CS users that have only 20 ratings, whereas the seventh CS user dataset contains CS
users that have only 50 ratings (i.e., 20, 25, 30, 35, 40, 45, 50).
In this evaluation scenario, we perform two experiments on the seven CS user
datasets to measure recommendation accuracy and coverage. Figure 6-9 and Figure 610 show the recommendation accuracy and coverage results for the hybrid SeCF
algorithm against the benchmark user-based CF and implicit trust recommendation
approaches. It can be seen that when new users receive more ratings, recommendation
accuracy and coverage increase gradually. This is expected, as a low number of
ratings leads to a poor set of neighbors and hence reduces prediction accuracy and
coverage. Looking into the results shown in Figures 6-9 and 6-10, we can see that the
hybrid TeCF algorithm has the highest recommendation accuracy and coverage at any
given number of CS user ratings compared with the benchmark user-based CF and
implicit trust recommendation approaches. For example, according to Figure 6-9,
with 2 ratings for CS items, the percentage improvements of the hybrid TeCF

algorithm over the benchmark user-based CF and implicit trust recommendation
approaches are 31 % and 22.9% respectively. Also, with 20 ratings for CS users as
hown in Figure 6- J 0, the benchmark user-based CF recommendation approaches are
able to make recommendations for 63% on average of the available items in the test
set, and the benchmark implicit trust recommendation approach is able to make
recommendations for 65.5% of the available items in the test set, whereas the hybrid
TeCF recommendation algorithm can make recommendations for 81.8% of the
available items in the test set.
Hence, by considering both recommendation accuracy and coverage, it can be
concluded that the hybrid TeCF recommendation algorithm is a significant
improvement compared to the benchmark user-based CF and implicit trust
recommendation approaches.
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6.5 SUMMARY
In this chapter, we first propose a user-based implicit trust model which is able to ( 1)
build an implicit trust social network that includes all users, and (2) exploit users '
implicit trust relations in the implicit trust social network. Unlike the existing implicit
trust approaches, the proposed user-based implicit trust model considers what has not
been rated between users when computing the implicit trust between them. We
propose an enhanced user-based CF approach that takes into account the overlap

i terns that two users have rated in common and the number of items that both users
have rated in total when calculating their user-based CF similarity. Finally, we
propose a new hybrid trust-enhanced CF (TeCF) recommendation algorithm, which
integrates the user-based implicit trust model and the enhanced user-based CF
approach. We also present a case-based example to illustrate the computation process
of the hybrid TeCF recommendation algorithm.
Finally, the experimental results prove the feas ibility and advantages of the
proposed hybrid TeCF recommendation algorithm in all eviating the data sparsity and
CS user problems, while also achieving better recommendation accuracy than the
benchmark user-based CF and implicit trust recommendation approaches. This
improvement is due to the use of the intuitive properties of trust and trust propagation
to provide additional info1mation, thus allowing the recommender system to make
inferences based on an additional source of knowledge. However, in regard to
computational complex ity, the proposed hybrid TeCF algorithm is computationa lly
more expensive than benchmark user-based CF algorithms for predicting ratings on
all items for all users. The impact of this problem can be reduced as most of the
requi red cal culations of the hybrid TeCF algorithm, which is the time required to
bui ld the implicit trust network, can be computed offline.
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CHAPTER 7

MULTI-CRITERIA
RECOMMENDATION ALGORITHMS

7.1 INTRODUCTION
Most current recommender systems have been developed based on single-criteria
rating in the user-item ratings matrix. The single-criteria user-item ratings can hide
the trne similarity of users and can lead to inaccurate results. On the other hand, the
multi-criteria ratings give details about the user's preferences in multiple aspects,
providing some insights as to why the user likes an item and helping to provide
accurate recommendations (Adomavicius & Tuzhilin 2005b; Palanivel & Sivakumar
2011). For example, the overall user single-criteria rating for a movie gives the
general user preference of that movie, whereas the multi-criteria ratings for a movie
such as the ratings for story, acting, direction, visual effects, and so on, provide indepth knowledge about user preferences on that movie. A multi-criteria recommender
system can thus ensure a more refined understanding of users' preferences by taking
into account the knowledge about the underlying attributes that make users attracted
to select particular items. Also, the additional information on each user's preferences
would help to accurately model users' preferences, and thus lead to more accurate
recommendations (Kleanthi, Stelios & Nikolaos 2008). Recent studies have declared
that taking into account the complete advantages of the multi-criteria ratings in
personalization applications requires new recommendation techniques (Adomavicius
& Kwon 2007; Palanivel & Sivakumar 2011). Although recommender systems have
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already been adopting multi-criteria ratings for the production of recommendations,
recent studies have indicated that research about the MCDM methodologies that can
facilitate the recommendation process is still limited (Adomavicius & Kwon 2007;
Adomavicius, Manouselis & Kwon 2010; Adomavicius & Tuzhilin 2005b; Kleanthi,
Stelios & Nikolaos 2008; Manouselis &

Costopoulou 2007; Manouselis &

Costopoulou 2008; Naak, Hage & Ai"meur 2009). As the main application of this
study, business partner recommendation is considered to be a multi-criteria decision
making problem that involves evaluating trade-offs between conflicting tangible and
intangible criteria. For above reasons, hybrid Multi-Criteria versions of the previously
proposed hybrid item-based SeCF and hybrid user-based TeCF recommendation
algorithms (refer to Chapter 5 and Chapter 6 for more details) are proposed in this
chapter. The hybrid item-based MC-SeCF and the hybrid user-based MC-TeCF have
therefore been developed and compared against benchmark single-criteria item-based
and user-based CF approaches in terms of improving accuracy, as well as in dealing
with data sparsity, CS item and CS user problems. Each of the hybrid MC-SeCF and
the hybrid MC-TeCF has been compared with its original single-criteria version
(hybrid SC-SeCF and hybrid SC-TeCF) to show the advantages of incorporating
multi-criteria ratings on recommendation performance.
The remainder of this chapter is structured as follows. Section 7 .2 introduces
basic

definitions

as

preliminaries

for

the

description

of the

MC-based

recommendation algorithms. Section 7 .3 describes the recommendation process, a
case-based example, and experimental results of the proposed hybrid MC-SeCF
algorithm. Section 7.4 presents the recommendation process, a case-based example,
and experimental results of the proposed hybrid MC-TeCF algorithm. Finally, a
summary of this chapter is given in Section 7.5 . The work presented in this chapter
has been published in ( 1) Proceedings of the 20 11 IEEE/WIC/ ACM International
Conference on Web Intelligence (Shambour & Lu 2011 b ), and (2) Proceedings of the
2011 IEEE Symposium on Computational Intelligence in Multicriteria DecisionMaking (Shambour & Lu 2011 d).
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7 .2 PRELIMINARIES
For the description of the MC-based recommendation algorithms, we first introduce
some basic definitions. These definitions are mainly used in enhanced MC item-based
and user-based CF similarity calculations in both hybrid MC-SeCF and hybrid MCTeCF recommendation algorithms.

Definition 7.1: In this definition, we formally describe the multi-criteria ratings in
recommender systems. Based on the MAUT principles (Dyer 2005) each item is
described using a different set of criteria. In particular, let {c1, Cz, .. . , c2 } , z > 1 be a
given set of criteria where the item

xE

I is rated upon, and each criteria CJ

corresponds on each dimension of an item that is rated by a user
value r2~

E [

uE

U= 1, ...,z)

U with a rating

1,5]. The multi-criteria ratings of an item x by user u can be then

expressed as a vector of z criteria:
cj

_

~ ,x -

[

c1

c~

Cz ]

(7.1)

~ .x ' ~ ,x ' ••• , ~ ,x

Definition 7.2: In this definition, the total utility of item XE I with respect to user

uE

U,

u,~ E [ 1,5], is defined as an additive value function (Dyer 2005) as foll ows:

and

z

I

)= I

where <~

w?<

E

E [

c·

w.1
== l.
u ,x

(7 .2)

1,5] is the rating value of user u on item x with respect to criterion cJ ,

[O, 1] , is a weight indicating the importance of criterion CJ on an item x for

user u.
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7.3 A HYBRID MULTI-CRITERIA SEMANTICENHANCED CF (MC-SECF) ALGORITHM
This section describes the hybrid MC-SeCF recommendation algorithm in detail. First,
it illustrates the recommendation computation process of the hybrid MC-SeCF
algorithm. Then, it presents a case-based example to further clarify the computation
process of the hybrid MC-SeCF algorithm. Finally, this section discusses the
experimental evaluations and results to demonstrate the effectiveness of the hybrid
MC-SeCF algorithm.

7.3.l THE RECOMMENDATION COMPUTATION PROCESS
The hybrid MC-SeCF algorithm, as depicted in Figure 7 .1, obtains as inputs a raw
user-item MC rating matrix with m users and n items and item taxonomy, and
produces as an output a user-item prediction matrix. In Figure 7 .1, the item-based
semantic similarity module extracts the items' semantic information from the item
taxonomy and computes the item-based semantic similarity for each pair of items.
The MC item-based CF similarity module computes the enhanced item-based CF
similarity between each pair of items. The neighbors' selection module uses the itemitem semantic similarity matrix and the item-item CF similarity matrix to select two
sets of nearest items that are mo'"'t similar to the target item in tem1s of item-based
semantic and enhanced MC item-based CF similarities. The recommendation
generation module combines the predictions of the item-based semantic similarity
model and enhanced MC item-based CF approach to produce the final prediction
value of the target items for the active user.
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Figure 7-1 A hybrid MC-SeCF recommendation algorithm diagram

The recommendation process of the proposed hybri.d MC-SeCF recommendation
algorithm is described as follows:

Step 1: Calculate Item-based Semantic Similarity
The item-based semantic similarity module obtains as an input the item taxonomy and
computes the item-based semantic similarity for each pair of items. First, each item is
represented as a binary vector as given by Equation (5 .1), then Equation (5.3) is
employed to compute the item-based semantic similarity between any pair of items
based on their semantic descriptions as given in the item taxonomy. This step has
been described in Chapter 5 (refer to Section 5.2.1 for more details).

Step 2: Calculate enhanced MC Item-based CF Similarity
The item-based CF similarity module computes the enhanced item-based CF
similarity value of a given target item against other items (potential neighbors) .
Adomavicius and Kwon (2007) demonstrated that modifying only the similarity

176

Chapter 7: Multi-Criteria Recommendation Algorithms

function in the conventional CF-based techniques to incorporate multi-criteria rating
will improve the neighborhood selection process and therefore produce more accurate
recommendation. To compute the enhanced MC item-based CF similarity, we first
compute the partial similarity values between a target item x and a potential neighbor
item y with respect to each of the rating criteria 9 where j=[l,2 ... z]. The Adjusted
Cosine similarity measure (Sarwar et al. 2001) is used here to calculate the partial
similarities. Formally, for any x, yE I, the partial similarity value between the target
item xand potential neighbor item ybased on criteria c, PICFSim,~,y

: Ix !~

[-1 , l], is

given by:
Ux , y

"'"" ( /J - r e) ) x ( /J - r e) )

P ICF Sim xcJ,y =

L...J

u,x

u

t1 ,y

ti

---;::==t1===1 ====---;:::::=======

(7.3)

where / 11,X
J and rt1,yi E [ 1,5 ] represent the ratings of the user u on items x and 'y with
respect to criteria cJ respectively. ~1

c)

E [

1,5] is the mean rating value of user u on

criteria (;_j, U . y is the set of users who rated both of items

x

and y . Then, we use the

weighted average mean method (Herlocker, Konstan & Riedl 2002) to aggregate the
partial

imilarities to determine the total MC item-based similarity, MCICFSimx,y,

between the target item x and potential neighbor item y. For any x, yE I, MCICFSimx,y:

Ix I~ [-1 , 1] is computed as follows:
z

MCICFSimx,y

L w;~ x PICFSim:~y
=

'= ]

_J_ _ _2

L.J

"

j= l

-

---

(7.4)

W C)
a,x

where PICFSim? r E [-1, 1] is the partial similarity value between target item x and
potential neighbor item y based on criteria 9, and ~?){ is a weight indicating the
imp01iance of criterion 9 for active user a, z is the total number of available criteria.
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As mentioned before, the adjusted cosine similarity metric considers only users
who have commonly rated both items. This issue can have an impact when items that
have a very small number of ratings express a high level of similarity with other items
(refer to Step 2 in Section 5.2.2, for more details). To deal with this issue we use the
item-based Jaccard similarity metric (Candillier, Meyer & Fessant 2008), as given by
Equation (5.5), to further enhance the MC item-based similarity, and combine it as a
weighting scheme to obtain the enhanced MC item-based CF approach. Formally, for
any x, yE I, the enhanced MC item-based CF similarity between target item x and
potential neighbor item y, eMCICFSimx,/

eMCICFSimx ,y

==

Ix !~

[-1, 1], is given by:

MCICFSimx,y x I!a::carrix ,y ,

(7.5)

where MCJCFSimx,y E [-1, 1] is the MC item-based CF similarity value between target
item x and potential neighbor item, IJaccardx,yE [O, 1] is the item-based Jaccard
similarity value between target item x and potential neighbor item y.

Step 3: Select Neighbors
The neighbors ' selection module uses the item-item semantic similarity matrix and
the item-item CF similarity matrix to select two sets of nearest items that are most
'imilar to the target item in terms of item-based semantic similarity (

N s rm E

I) and

enhanced MC item-based CF similarity ( NeMCICF EI). This step has been described in
Chapter 5 (refer to Step 3 in Section 5 .2.2 for more details).

Step 4: Calculate Prediction Values
The hybrid prediction module computes the rating predictions of all items an active
user has not yet rated. The prediction process of active user a on target item x is
divided into two steps. First, the weighted sum of deviations from the mean item
ratings approach (Herlocker, Konstan & Riedl 2002) is applied twice to calculate the
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rating prediction values, once for the item-based semantic similarity model ( p

.
b ased CF approach ( p eMCJCF ). For any
and once C:ior the enhance d itema,x

aE

U,

sem )

a,x

xE

J,

two predicted rating values for active user a on target item x are calculated,
p sem , p eMciCF :

a.x

a,x

Ux I~ [O, 5] , as given by Equations (7 .6) and (7. 7) respectively.
NS em

L

(SSim x ,y x (U ; -

r; ))

P a,x = r x + - ' - -NS-em- - - - - - Sem

-

y= I

L

(7.6)

SSim x,y

y=I

NeMCICF
eMCJCF

p a,x

_

==rx +

L

(eMCICFSimx,y x(U; - ~))

y= I

'1
L.J
y== I

where,

rxand ry E [ 1,5]

(7.7)

NeMCICF

eMCICFSimx,y

are the mean rating values of the target item x and neighbor

item y respectively. SSimxyE [0,1] (as given by Equation 5.3) and eMCJCFSimx.yE [1, l] represent the item-based semantic and enhanced MC item-based CF similarity

· h ts between the target item
·
· }1bor item
·
· ly. /Sem an d
we1g
x an d ne1g
y respect1ve

N

eMCICF

are two sets of nearest neighbors of the target item x in te1ms of item-based semantic
and enhanced MC item-based CF similarities respectively, obtained by the neighbors
selection module.

u;

E [

1,5] refers to the total utility of item y with respect to the

active user a (refer to Definition 7 .2).
We use Equation (7.8) to compute the final predicted value (FPVa.xE [0,5]). In the
following Equation, all possible ways to obtain a prediction value for active user a
who has not rated the target item x are taken into account. A weighted harmonic mean
aggregation method is used to combine the prediction values and to ensure that a high
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t otal prediction value is obtained only if prediction values of both the item-based
semanti c similarity model and the enhanced MC item-based CF approach are hi gh.

if P.,;m= 0 and P.,~CICF

=0
if p em i= Q and p MCICF = Q
a,x
a,x
·f nSem = Q d ,-y:MCICF Q
1 1a,x
an .ra,x
r

0
pSem
a,x

FPV

a.x

pMCICF
a,x

-1-

xPMCICF
2 Xpem
a,x
a,x
p em + pMCICF

a,x

a,x

if

p;;mi= 0 and P.~CICF i= 0
'

(7.8)

'

Complexity Analysis:
T he computational complexity of the hybrid MC-SeCF is higher than that of the
hybrid SeCF algorithm because we need to take into account the number of criteria z
w hen computing the enhanced MC item-based CF similarity to identify the nearest
neighbors. Specifi cally, for an active user, O(mxn3 xg) and (zxm x n 2) are required to
determine the nearest neighbors for target items in terms of item-based semantic
imilarity and enhanced MC item-ba ed CF similarity respectively, and O(n) is also
required to predict all items; therefore the overall computational complexity becomes
O(mxn 3 xg + zxmxn2+ n) ;:::, O(mxn3 xg + z xmxn2) .

7.3.2 A C ASE-BASED E XAMPLE
Assume that there are six ' Food & Beverage' Australian supplier businesses (S1 to S 6)
listed in the supp1iers' directory. Also, suppose that there are four overseas buyers (B 1
to B 4 ) who have conducted business with some of the listed suppliers and have rated
them on a four multi-criteria assessment. The ratings on each criterion are on a
numeric five- point scale numeric scale from 1 (Poor) to 5 (Excellent). Accordingly, a
raw Supplier-Buyer M C rating matrix can be constructed as depicted in Tab]e 7- 1.
Each buyer has to set the initial weights on the four criteria in which each weight
reflects the relative importance of the corresponding criteri a, as shown on Table 7-2 .
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In the following MC rating matrix, we can consider the supplier S 5 as a CS item since
it has only one rating. In addition, a suppliers' business taxonomy that contains a set
of 8 categories is given in Table 7-3 , in which each supplier is represented by a binary
vector.
Table 7-1 Raw Supplier-Buyer multi-criteria rating matrix
Suppliers
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Table 7-2 Buyers weights on the four criteria
Criteria
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Table 7-3 Supplier-Supplier category vector matrix
Suppliers
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Now, assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. A numerical recommendation example is given to illustrate how the hybrid
MC-SeCF recommendation algorithm is used to generate recommendations.

Step 1: Calculate Item-based Semantic Similarity
In this step, based on Table 7-3 , we use Equation (5.3) to calculate the item-based
semantic similarity values between the six suppliers as given in Table 7-4.
Table 7-4 Supplier-Supplier semantic similarity matrix
SSim ss

81

82

81

83

84

8s

86

NIA

0.17

0.20

0.25

0.29

0.33

0.40

0.14

0.40

82
83
84

0.60

8s
86

Step 2: Calculate enhanced MC Item-based CF Similarity
Ba . . ed on the supplier-buyer MC rating matrix, we can compute the item-based
Jaccard similarity between suppliers by using Equation (5.5). The Supplier-Supplier
Jaccard similarity matrix as given in Table 7-5 will then be used in this example by
the enhanced MC item-based CF approach, as shown in Table 7-6.
Table 7-5 Supplier-Supplier Jaccard similarity matrix
l]accardss
S1

82
83
84

81

82

83

84

Ss

s6

0.25

1.00

NIA

1.00

0.67

NIA

0.67

0.5 0

0.25
1.00

8s
86
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Table 7-6 Supplier-Supplier enhanced MC item-based CF similarity matrix
(according to Buyer Bl criteria' weights)

S2

eMCICFSim ss

S1

S3

S4

Ss

s6

-0. 20

-0 .79

NIA

-0 .18

-0.28

NIA

-0 .16

-0.45

-0 .25

S2
S3
S4

-0.08

Ss

s6
Step 3: Select Neighbors
Let the number of nearest neighbors

N

sem

4 and

N

eMCJCF

= 4, then based on Tables

71-4 and 7-6, we can identify the neighbors to any given buyer in terms of item-based
s;emantic and enhanced MC item-based CF similarities, as shown in Table 7-7.
·able 7-7 Neighbors selection

.

·-Q.l "t:I
i...

;z

0

S2

S1

~

~Cl.I

---S2
1
CF

84

S3

Ss

Sb

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

s6

Sa

s(,

S4

84

S3

86

S3

S4

84

S4

2

s6

Ss

s6

Ss

Si

s6

s6

Ss

NIA

S2

S2

S3

3

S3

S2

83

S3

S2

S2

S2

S3

NIA

S1

Si

S2

4

S4

S4

S4

S4

s6

Ss

S1

S2

NIA

s6

S3

S1

As shown in Table 7- 7, the supplier S 5, who is considered to be a CS item in
tlerms of the MC item-based CF approach, has only one neighbor (supplier S3) who
c:an be used to produce recommendations. However, supplier S 5 has at least four
rneighbors (suppliers S4, S2, S 1 and S6) in terms of the item-based semantic similarity
nnodel who can be used to produce recommendations. Hence, items' semantic
imformation can indeed be employed to increase the recommendation accuracy and
c.overage in cases of data sparsity and CS items.
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Step 4: Calculating Prediction Values
On the basis of Tables 7-4, 7-6 and 7-7, we can use Equations (7.6), (7.7) and (7.8) to
calculate predicted rating values on each un-rated supplier for all buyers based on the
item-based semantic similarity model, the enhanced MC item-based CF approach,
and the hybrid MC-SeCF algorithm, as shown in Tables 7-8, 7-9 and 7-10.
Table 7-8 Item-based semantic predicted Supplier-Buyer matrix
Buyers

Table 7-9 Enhanced MC item-based CF predicted Supplier-Buyer
matrix
Su

tiers

Buyers

Table 7-10 Hybrid MC-SeCF Predicted Supplier- Buyer matrix
Su

tiers

Buyers

As can be seen, the hybrid MC-SeCF predicted rating matrix takes into account
all possible ways to obtain a predicted rating value on an unrated item for a target
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buyer. For example, if the enhanced MC item-based CF approach is not able to
produce a predicted rating value (as in the case of S5 for B 3 and B4 in Table 7-9), we
can still use the item-based semantic model to produce a semantic-based predicted
rating value, so that we retain the accuracy benefit of using the enhanced MC itembased CF approach, while at the same time maintaining the coverage by taking into
account the semantic information of items using the item-based semantic model.
Finally, let Top-k (k = 3), hence, the most interested three suppliers for an active
buyer are recommended. According to the hybrid MC-SeCF predicted supplier-buyer
rating matrix, as shown in Table 7-10, the top three recommended suppliers for the
active buyer B1 are S6 (FPVBI. 56

=

3.34), S 1 (FPVBI. s1

=

3.32) and S4 (FPVBI. s4

=

2.58).

7.3.3 EXPERIMENTAL EVALUATIONS AND ANALYSIS
This section evaluates the performance of the hybrid MC-SeCF recommendation
algorithm through a comparison with benchmark item-based CF approaches and the
hybrid SeCF algorithm. This section includes the datasets and measures used for
evaluation and the evaluation results .

7.3.3.1

EVALUATION DATASET AND METRICS

Many datasets of user ratings on different topics can be found on the Internet,
including the Movielens movie ratings (http://www.grouplens.org/), the Yahoo!
Webscope (http://webscope.sandbox.yahoo.com), and many others. However, most of
the available real datasets have only a single criterion, i.e., each user can only have
one rating for a specific item. To evaluate and validate the performance of the
proposed MC-based recommendation algorithms, we use the Yahoo! Movies MC
dataset

which

was

collected

from

the

Yahoo!

movies

website

(http ://movies.yahoo.com). On the Yahoo! Movies website users submit movie
ratings for a number of movies, and in addition to the overall rating, they are asked to
provide ratings on four criteria for each movie: story, acting, direction, and visuals.
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The Yahoo! Movies MC dataset is the ideal dataset to validate the proposed MCbased recommendation algorithms since it forms a consistent family of criteria
according to basic principles of MCDM. In addition, for semantic analysis purposes,
the dataset is represented in a taxonomy hierarchical structure with two levels of
nodes . The first level contains the main movie genres categories that every movie
belongs to, and the second level contains the movies as leaf nodes. The Yahoo!
Movies MC dataset has 32 movie genres (refer to Appendix-A for more details on the
dataset). To verify the validity of the experimental results, a hold-out cross-validation
method is applied. Through cross-validation the Yahoo! Movies MC dataset is
divided into a training set and a test set, with the training set consisting of 80% of the
data and the test set consisting of 20% of the data. To evaluate the quality of the
proposed algorithm, the recommendations produced were evaluated against the
overall ratings provided by individual users using the Mean Absolute Error (MAE),
and Coverage metrics (refer to Section 2.3.6 for more details on the metrics).

7 .3.3.2 B ENCHMARK RECOMMENDATION APPROACH ES
Considering that the hybrid MC-SeCF algorithm is an item-based recommendation
algorithm , two item-based CF approaches are used as benchmarks to compare the
performance of the proposed hybrid MC-SeCF recommendation algorithm. The
benchmark approaches are Sarwar's item-based CF (denoted as Sarwar-ICF)(Sarwar
et al. 2001 ), and the Deshpande and Karypis item-based CF (denoted as DeshpandeICF)(Deshpande & Karypis 2004). In addition, we use the single-criteria version of
the proposed MC-SeCF algorithm, which is the hybrid SeCF algorithm (proposed in
Chapter 5, hencefo rth denoted as SC-SeCF) as a benchmark to show the advantages
of utilizing MC ratings to improve recommendation performance.

7.3.3.3 EVALUATION RESULTS
This section compares the recommendation performance of the hybrid MC-SeCF
algorithm with th e benchmark item-based CF recommendation approaches and the
hybrid SC-SeCF recommendation algorithm using the Yahoo! Movies MC dataset.
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The following experiments validate the improvement of the hybrid MC-SeCF
algorithm in terms of recommendation accuracy as well as in resolving data sparsity
and CS item problems.
1)

Comparing the Recommendation Accuracy of the Hybrid MC-SeCF with
Benchmark Approaches

The aim of this experiment is to compare the recommendation accuracy of the hybrid
MC-SeCF algorithm with respect to the benchmark item-based CF approaches and
the hybrid SC-SeCF algorithm. Figure 7-2 shows that the hybrid MC-SeCF algorithm
makes a significant improvement to recommendation accuracy at every neighborhood
size, compared to the benchmark item-based recommendation approaches. Figure 7-3
proves that the hybrid MC-SeCF algorithm has the highest recommendation accuracy
at any given neighborhood size, compared to the hybrid SC-SeCF algorithm.
MAE compari9ln between the Hybrid MC-SeCF again9 other
benchmark item-based CF a1>proad1es
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0.84
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Figure 7-2 Recommendation accuracy comparison between the hybrid MC-SeCF
algorithm and other benchmark item-based CF approaches on different number of
neighbors
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MA E co m1>ari so n betwee n the Hybri d MC-Se CF agaimt Hybri d SC-S eCF
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Figure 7-3 Recommendation accuracy comparison between the hybrid MC-SeCF
algorithm and the hybrid SC-SeCF algorithm on different number of neighbors

2)

Impact of the Hybrid MC-SeCF on the Data Sparsity Problem

In this section, we present the experimental results to verify the effectiveness of the
proposed hybrid MC-SeCF algorithm in addressing the data sparsity problem. As
shown in Appendix-A, the sparsity level of the Yahoo! Movies MC dataset is 97.8%,
which is quite a high level. To manipulate higher different levels of data sparsity, we
used the sparsity metric to extract and create six sparse datasets from Yahoo! Movies
MC dataset. In these sparse datasets, sparsity levels decrease from the highest of
99.8% to the lowest of 98.0% (i.e., 99.8%, 99.5%, 99.0%, 98.8%, 98.5%, and 98.0%).
Two experiments have been performed using the six sparse datasets to measure the
recommendation accuracy and coverage at different sparsity levels. Figures 7-4 and
7-5 show the recommendation accuracy and coverage results of the hybrid MC-SeCF
algorithm against the benchmark item-based recommendation approaches. Figures 76 and 7-7 illustrate the recommendation accuracy and coverage results of the hybrid
MC-SeCF algorithm against the hybrid SC-SeCF recommendation algorithm.
Based on the results shown in Figures 7-4 and 7-5, it can be seen that the hybrid
MC-SeCF algorithm significantly outperforms the benchmark item-based CF
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recommendation approaches in terms of recommendation accuracy and coverage at
all levels of sparsity. For example, in the 99.8% sparse dataset, as shown in Figure 75, the

benchmark

item-based

CF

approaches

are

unable

to

make

any

recommendations, whereas our algorithm can make recommendations for 37% of the
items available in the test set by utilizing the available items' semantic information.
Accordingly, it can be concluded that the hybrid MC-SeCF recommendation
algorithm offers a significant improvement in alleviating the data sparsity problem
compared to the benchmark item-based CF recommendation approaches.
Figures 7-6 and 7-7 demonstrate that the hybrid MC-SeCF algorithm has given
results similar to those produced by the hybrid SC-SeCF recommendation algorithm.
For example, in terms of recommendation accuracy, the percentage improvement of
the hybrid MC-SeCF algorithm over the hybrid SC-SeCF algorithm is 0.5% at 99 .8%
sparsity level and 5% at 98.0% sparsity level. It seems that, in extreme cases of sparse
datasets, the hybrid MC-SeCF algorithm produces its recommendations mostly based
on the available items' semantic infom1ation more than on the MC items ' ratings
information (to further clarify, at 99.8% sparsity level, the MAE of SC-SeCF is
2.99% whereas the MAE of MC-SeCF is 2.84%). On the other hand, when more MC

it ms' ratings are available in a sparse dataset, the hybrid MC-SeCF algorithm can
utilize MC ratings to provide more accurate recommendations than the hybrid SCSeCF algorithm (to more clarify, at 98.0% sparsity level, the MAE of SC-SeCF is
0.756% whereas the MAE of MC-SeCF is 0.7 16%). Therefo re, it can be concluded
that incorporating MC ratings in recommender systems cannot significantly help in
te1m s of recommendation accuracy and coverage in highly sparse datasets (extreme
cases of sparse datasets).
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MAE comparison at different s1rnrsity levels
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Figure 7-4 Recommendation accuracy comparison between the hybrid MC-SeCF
algorithm and other benchmark item-based CF approaches on different Sparsity levels
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Figure 7-5 Recommendation coverage comparison between the hybrid MC-SeCF
algorithm and other benchmark item-based CF approaches on different Sparsity levels
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Figure 7-6 Recommendation accuracy comparison between the hybrid MC-SeCF
algorithm and the hybrid SC-SeCF algorithm on different Sparsity levels
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Figure 7-7 Recommendation coverage comparison between the hybrid MC-SeCF
algorithm and the hybrid SC-SeCF algorithm on different Sparsity levels

3)

Impact of the Hybrid MC-SeCF on the CS Item Problem

This section shows the experimental results to validate the effectiveness of the
proposed hybrid MC-SeCF recommendation algorithm in alleviating the CS item
problem. First, we extracted seven datasets from the Yahoo! Movies MC dataset in
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which each dataset contains CS items with a specified number of ratings per item.
The first CS items dataset contains CS items that have only four ratings, whereas the
seventh CS items dataset contains CS items that have only 20 ratings (i.e., 4, 6, 8, 10,
12, 15, and 20). In our evaluation scenario, two experiments are carried out on the
seven CS items datasets to measure recommendation accuracy and coverage. Figures
7-8 and 7-9 show the recommendation accuracy and coverage results of the hybrid
MC-SeCF algorithm against the benchmark item-based recommendation approaches.
Figures 7-10 and 7-11 highlight the recommendation accuracy and coverage results of
the hybrid MC-SeCF algorithm against the hybrid SC-SeCF algorithm.
The results of Figures 7-8 and 7-9 verify that the hybrid MC-SeCF algorithm has
the highest recommendation accuracy and coverage at any given number of ratings
for CS items compared with the benchmark item-based CF recommendation
approaches. For example, in terms of recommendation coverage in extreme cases of
CS items datasets, as shown by Figure 7-9, where CS items have less than 10 ratings,
the benchmark item-based CF approaches are unable to make any recommendations,
whereas the hybrid MC-SeCF algorithm can produce recommendations for up to 41 %
of the available CS items in the test set by utilizing their semantic information. Hence,
it can be concluded that the hybrid MC-SeCF algorithm is a significant improvement
in alleviating the CS item problem compared to the benchmark item-based CF
recommendation approaches.
Figures 7-10 and 7-11 reveal that the hybrid MC-SeCF algorithm has produced,
to some extent, comparable results to those given by the hybrid SC-SeCF algorithm.
For example, when compared with the hybrid SC-SeCF in terms of recommendation
accuracy, the hybrid MC-SeCF algorithm can provide only a 1% percentage
improvement on most of the CS items datasets. Therefore, it can be concluded that
incorporating MC ratings in recommender systems cannot significantly help in terms
of recommendation accuracy and coverage when a high number of CS items are
involved (extreme cases of CS items).
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MAE co mpari9Jn at different number of ratings for CS Items
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Figure 7-8 Recommendation accuracy comparison between the hybrid MC-SeCF
algorithm and other benchmark item-based CF approaches on different n umber of
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Figure 7-9 Recommendation coverage comparison between the hybrid MC-SeCF
algorithm and other benchmark item-based CF approaches on different number of
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7.4 A HYBRID MULTI-CRITERIA TRUSTENHANCED CF (MC-TECF) ALGORITHM
This section describes the hybrid MC-TeCF recommendation algorithm in detail.
First, the recommendation computation process of the hybrid MC-TeCF algorithm is
illustrated. A case-based example is then presented to better clarify the computation
process of the hybrid MC-TeCF algorithm. Finally, the experimental evaluations and
results are discussed to demonstrate the effectiveness of the hybrid MC-TeCF
algorithm.

7.4.l THE RECOMMENDATION COMPUTATION PROCESS
As shown in Figure 7-12, the hybrid MC-TeCF recommendation algorithm takes as
inputs a raw user-item MC rating matrix with m users and n items, and produces as an
output a user-item prediction matrix. In Figure 7-12, the MC user-based implicit trust
module contains two sub-modules. The trust derivation sub-module derives the
implicit trust value for each pair of users directly from their MC ratings data to build
up the implicit trust network. The trust propagation sub·-module uses the implicit trust
network to compute the propagated imphcit trnsts for indirectly connected users. The
MC user-based CF similarity module computes the enhanced MC user-based CF
similarity between each pair of users. The neighbors selection module uses the useruser implicit trust matrix and the user-user CF similarity matrix to select two sets of
nearest users to the active user in terms of trustworthiness and enhanced MC userbased CF simi larities. The hybrid prediction module integrates the predictions of the
MC user-based implicit trust model and enhanced MC user-based CF approach to
generate the final predicted rating values for unseen items for the active user.
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Figure 7-12 A hybrid MC-TeCF recommendation algorithm diagram

The detailed recommendation process of the hybrid MC-TeCF recommendation
algorithm is described in the following steps:

Step 1: Calculate MC Implicit Trust between Users
The MC user-·based implicit. trust module has two main connected sub-modules, tlust
derivation and trust propagation. Trust derivation takes as input the MC rating matrix
and calculates the direct tru t scores of every pair of users. After computing the direct
trust scores, trust propagation exploits the indirect trust relationships to calculate the
trust scores among users who are not directly connected.

I)

Trust Derivation

As mentioned in Chapter 5, we measure the trustworthiness of a given user by
measuring the prediction accuracy of that user, as a recommender, in the past to the
target user. For trnst derivation, the predicted rating of item iE I for user aE U by the
only neighborhood user bE U, Pa/ UX I----* [O, 5], is given as follows:

P.=r + ( U ~- rb),
a,1

a

1

(7. 9)
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where T3 and

rb

E

[

1,5] are the mean rating values of all rating criteria for all rated

items of the active user a and user b respectively,

U:

E [

1,5] is the total utility of item

i with respect to user b (refer to Definition 7.2). We use the MSD method to measure

the degree of dissimilarity of user a with respect to user b from the predictions error of
co-rated items between them. To ensure that the value of MSDa,b

E

[O, 1], we

normalize the rating total utility of item i with respect to user a and predicted rating
PaJ

values within the range [O, 1] using the Max-Min normalization method, as given

by :

Nu a

u~
1 -min { U~
1 I iE

_

max {U ; I iE

i

NP . =
a.i

where

U/ E

~ ,i

-

max{~) I iE

I}
a

1) - min {Uia I iE IJ

min { ~ J I iE Ia}

IJ- min{~, i I iE IJ

(7 . l 0)

(7.] 1)

(0,5] is the total utility of item i with respect to user a, P,uE (0,5] is the

predicted rating value of item

j

for the user a, and

L EI

is the set of items rated by

user a.
Then, the degree of dissimilarity of user a with respect to user b based on the
predictions error of co-rated items between them, MSDa,b: Ux U-t [-1, 1], is given by:
Ia b

M'-S'D
a,b
where

N~ .i E

L cN~,i - Nun 2

= _i =_I_ _ _ _ _ __

(7.12)

(0, 1] refers to the normalized predicted rating of item i for the user a ,

NUja E (0, l] denotes the normalized utility of item i with respect to user a, and Ia,bis
th e set of co-rated items between users a and b.
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We apply Equation (6 .5) to measure the degree of similarity of user a with respect
to user b based on the predictions error of co-rated items between them, MSDSima,bE

[O, 1]. Finally, we combine the user-based Jaccard metric, U]accarda,bE [O, 1]
(previously given by Equation (6.6) in Section 6.2.1 ), as a weighting scheme with the

MSDSima,b similarity metric, to form the final implicit trust derivation metric between
user a and user b, DTrusta.bE [O, 1] , as given by Equation (6. 7) in section 6.2.1.

2)

Trust Propagation

Trust derivation computes the direct implicit trust values between users in the trust
social network. Trust propagation is needed when there is no direct implicit trust
relation between users. The trust propagation process has been described in details in
Chapter 6 (refer to Step 3 in Section 6.2. 1 for more details).
Step 2: Calculate enhanced MC User-based CF Similarity
The MC user-based CF similarity module calculates the enhanced MC user-based CF
similarity value of each user against other users. To compute the MC enhanced userbased CF similarity, the partial similarity between the active user a and the potential
neighbor user bis first computed for each of the rating criteria 9wherej=[l,2... z], and
then the weighted average of these partial similarities is used to obtain a weighted totaJ
enhanced MC user-based CF similarity. Our version of the CPC similarity measure is
used here to calculate the partial similarities. Formally, for any a, bE. U, the paiiial
similarity value between active user a and potential neighbor user b based on criteria
9, PUCFSim~-~1 : UX U ~ [-1, 1], is given by

(7 .13 )
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(;_j

CJ

where ~i and ~,i

E [ 1,5]

represent the ratings of the active user a and potential

neighbor user b on item i with respect to criteria CJ respectively. ra and rb

E [

1,5] are

the mean rating values of all rating criteria for all rated items of the active user a and
potential neighbor user b respectively, Ia,bis the set of items that commonly rated by
both the active user a and potential neighbor user b. The total MC user-based weighted
similarity between the active user a and potential neighbor user b, MCUCFSima,b:

Ux U-+ [-1, 1], is calculated as follows:
z

MCUCFSim a ,b

L Vt:~~ x PUCFSim;~b

= -1

1
-= - - - - - - -

z

"W
C!
~
a ,1

(7.14)

j=l

where PUCFSim:!b

E

[-1, 1] is the partial similarity value between active user a and

potential neighbor user b based on criteria 9, and Wa~~ is a weight indicating the

importance of criterion CJ for the active user

a on item i. z is the number of available

criteria.
As previously mentioned, the user-based CPC similarity metric considers onJy a
common set of items between two users when computing their user-based similarity.
This issue can have an impact when users who have limited number of ratings,
express a high level of similarity with other users (refer to Step 2 in Section 6.2.2, for
more details) . To mitigate this issue, the user-based Jaccard similarity metric
(Candil1ier, Meyer & Fessant 2008), as given previously by Equation (6 .6), is used to
further enhance the MC user-based CF similarity and combine it as a weighting
scheme to creat the enhanced MC user-based CF approach. Fomrnlly, for any a, bE U,
the enhanced MC user-based CF between active user a and potential neighbor user b,

eMCUCFSima.b: Ux V-+ [-1, 1] , is given by:

eMCUCFSima ,b = MCUCFSim a,b x UJaccarda,b

(7 .15)
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where UMCCFSima,b E [-1, 1] is the MC-based CPC similarity value between active
user a and a potential neighbor user b, and U}accarda,b E [O, 1] is the user-based
Jaccard similarity value between active user a and a potential neighbor user b.
Step 3: Select Neighbors
Two sets of nearest neighbors to the active user m terms of trustworthiness
( N Trust E

U) and enhanced MC user-based CF similarity ( N eMcucF E U) are chosen, in

the neighbors selection module, based on the user-user implicit trust and user-user CF
similarity matrices respectively. This step has been described in details in Chapter 6
(refer to Step 3 in Section 6.2 .2 for more details).
Step 4: Calculate Prediction Values
Computing predictions for target items ts the final important step in the
recommendation process. In the hybrid prediction module, (1) the deviation-frommean approach (Herlocker, Konstan & Riedl 2002) is used twice to compute the
predicted rating values for the active user a on target item x, once for the MC userbased implicit trust model ( prrn~i ) and once for the enhanced MC user-based CF
a,x

approach ( p ,.wuu ). For any
a,x

aE

U,

on target item x are calculated, p
•

XE

Trust
a,x

L two predicted rating values for active user

, p a.x : Ux I
A1r'l 'I '/

--4

a

[O, 5], as given by Equ ations

(7 .16) and (7 .17) respectively.

NTr usc
Trust

p a.x

_

= (,

+

L (Trust

a. b X (

U .~ - T; ))

b=I

NTrust

L

(7.16)

T rusta.b

b=I
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NeMCUCF
eMCUCF

p a.x

L

_
=~+

(eMCUCFSima.b x(U:- ~))

(7.17)

b=I

NeMCUCF

L

eMCUCFSima,b

b=I

where ra and lb

E [

1,5] represent the average rating values of the active user a and

potential neighbor user b on all items which are rated by each user separately,

Trusta,bE [O, 1] and eMCUCFSima,bE [-1 , 1] represent the user-based implicit trust and
the enhanced MC user-based similarity values between the active user a and potential
neighbor user b. These values are obtained from the user-user implicit trust and useruser CF similarity matrices.

}./frust

and

f\fMCVCF

are two sets of nearest neighbors to the

active user a obtained by the neighbors selection module. U~

E [

1,5] refers to the total

utility of item x with respect to neighbor user b.
Then, (2) the final predicted value (FPVa,xE [0,5]) is calculated as defined by
Equation (7. J 8):

.f prrust -- 0 an d .c
neMCUCF - 0
-a,x
a,x

0

I

pTrusr

if prrust :f- Q and

pMCUCF

= Q

pMCUCF

if

_pMCUCF

:-/= Q

a,x

f PV

a,x

a,x

A,)(

l

2 X pTrusc X pMCUCF
a,x
a,x
---pTrust + pMCUCF
a,x

pTrust

a,x

== Q and

if p rru ( :f- 0 and
a,x

a,x

a,x

pMCUCF

a,x

:f-

(7 .1 8)

0

a,x

This Equation takes into account all possible ways to obtain a predicted rating
value on an unrated item for an active user. Also, a weighted harmonic mean-based
aggregation function is used to integrate the two predicted rating values to ensure that
a high total predicted rating value is obtained only if both the MC user-based implicit
trust model and the enhanced MC user-based CF predicted rating values are high.
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Complexity Analysis:
The computational complexity of the hybrid MC-TeCF is higher than that of the
hybrid TeCF algorithm because we need to take into account the number of criteria z
when computing the enhanced MC user-based CF similarity in order to identify the
nearest neighbors. In the hybrid TeCF, the computational complexity of constructing
the implicit trust network is O(mxJt1axProDist), in which k is the max number of edges
per node in the implicit trust network, and MaxProDist is the maximum distance from
the source user to which implicit trust between users is propagated. Then, for an
active user, O(m) and (zxmxn) are required to determine the most trusted and nearest
neighbors in terms of user-based implicit trust model and enhanced MC user-based
CF similarity respectively. O(n) is also required to predict all target items; therefore
the

computational

complexity becomes

O(mxJtlaxProDist+m +zxm xn +n)

::::

O(mxJtiaxProDist + zxm xn ).

7 .4.2 A CASE-BASED EXAMPLE
Assume that there are six 'Food & Beverage' Australian supplier businesses (S 1
to S6) listed in a suppliers directory. Also, suppose that there are four overseas
buyers (B 1 to B 4) who have engaged in business with some of the listed suppliers and
have rated them on a four multi-criteria assessment. The ratings on each criterion are
on a numeric fi ve- point scale numeric scale from l (Poor) to 5 (Excellent).
Accordingly, a raw Supplier-Buyer M C rating matrix can be constructed as depicted
in Table 7- 11. Each buyer has to set the initial weights on the four criteria in which
each weight reflects the relative importance of the corresponding criteria, as shown
on Table 7-12. In the following rating matrix, buyer B 1 is considered to be a CS user
since it has only two ratings (i.e., B 1 has the minimum number of ratings between
other buyers).
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Table 7-11 Raw Supplier-Buyer multi-criteria rating matrix
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~

~~

Suppliers
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?
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?

?
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?
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4

~
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?
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3

4

4
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3

4

2

1

4

4

3

5
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?
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1

2

4

2

5

3

2

4
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(j
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4
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3
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Table 7-12 Buyers weights on the four criteria
Criteria

~

.,

~
~
~

B1
B2
83
84

c.

C2

C3

C4

0.1
0.2

0.3

0.4
0.3

0.2

0.2

0.4
0.2

0.2
0.2

0.1
0.4

0.3
0.2

0.3

Based on the supplier-buyer MC rating matrix, we can compute the user-based
Jaccard similarity between buyers by using Equation (6.6). The buyer-buyer Jaccard
similarity matrix as given in Table 7-13 will then be used in this example by the
proposed the implicit MC user-based trust model and the enhanced MC user-based CF
approach.
Table 7-13 Buyer-Buyer Jaccard similarity matrix
UJaccard s ·. s ·

Now, assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. A numerical recommendation example is given to illustrate how the hybrid
MC-TeCF recommendation algorithm is used to generate recommendations.
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Step 1: Calculate MC Implicit Trust between Users
The direct trust values of each pair of buyers are calculated to have the buyer-buyer
direct trust values, as shown in Table 7- 14.
Table 7-14 Buyer-Buyer direct implicit trust matrix
DTrust 8 ·. 8 ·

In Table 7-14, we observe that, for buyer B 1, the only trusted buyer is 8 3
(Trust B

= 0.50). There is no direct implicit trust connections between buyer B 1

~ B

J

I

and buyers B 2 and 84 because they do not co-rate any similar suppliers, thus implicit
trust propagation is needed in this situation to infer the indirect implicit trust values
(Trusts

I

~

s = ?, Trusts2 ~ sI = ?, Trust sI -~ s4 = ?, Trusts4 ~ sI = ?). Let A.=0.15
~

and MaxProDist =2 (i.e.,
buyers

B1

H

B2

and B.t

H

/Jd=0.50),

B1

the propagated implicit trust values between

in both directions are calculated. Figure 7-13 shows an

example of the trust propagation process between

B1

-7

B2 and B1

-7

B4

•

As shown in

Figure 2, when infening the implicit trust value of buyer B 4 as seen by buyer 8

1,

buyer B 1 considers only the implicit trust value of buyer B 3 and does not consider the
implicit trust value assigned by buyer B 2 . The reason for this is that the implicit trust
value of buyer B 1 to buyer B2 is 0.085, which is less than the A threshold.
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/

~
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~

NIA

/

, ~ (----·?·--~
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8 1 +8 2 = 0.50x (0.17x0.5)/(0.50)=0.085
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~

0.085
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0.50
""'"'

~

/
/"0.33

~

81+8 4 = 0.50 x (0.33x0.5)/(0.50)=0.17

Figure 7-13 Examples of the trust propagation process

Table 7-15 shows the user-user trust matrix of the four buyers after the trust
propagation process.
Table 7-15 Buyer-Buyer propagated implicit trust matrix
PTrust s .s·
81

B.i

Step 2: Calculate enhanced MC User-based CF Similarity
On the basis of Tables 7-11, 7-12 and 7-13, we can compute the enhanced MC itembased CF similarity values between the four buyers as shown in Table 7-16.
Table 7-16 Buyer-Buyer MC user-based CF similarity matrix (according
to each Buyer criteria' weights)
eMCUCFSim s·. s ·
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Step 3: Select Neighbors
Let the number of nearest neighbors

N Trust=

3 and

NeMCUCF

= 3, then based on Tables

7-15 and 7-16, we can identify the neighbors to any given buyer in terms of
trustworthiness and enhanced MC user-based CF similarity, as shown in Table 7-17.
Table 7-17 Neighbors selection
Neighbors
order

B,

B2

B3

B4

CF

Trust

CF

Trust

CF

Trust

CF

Trust

1

83

83

B3

B4

B1

B,

B3

B2

2

NIA

84

84

B1

B4

B4

B2

B3

3

NIA

B2

NIA

B3

B2

B2

NIA

B1

As shown in Table 7-17, the buyer B 1, who is considered to be a CS user, has
only one neighbor (buyer B3) , in terms of the enhanced MC user-based CF approach
who can be used to generate recommendations. However, buyer B 1 (by exploiting the
advantage of trust propagation) has three trusted neighbors (buyers B 3 , B4 , and B 2)
who can be used to generate recommendations. Accordingly, trust propagation can
indeed be utilized to increase the recommendation accuracy and coverage in cases of
data sparsity and CS users.
Step 4: Calculate Prediction Values
On the basis of Tables 7-15, 7-16 and 7-17, the predicted rating values on each unrated supplier for all buyers based on the MC user-based implicit trust model, the
enhanced MC user-based CF approach and the hybrid MC-TeCF algorithm are
calculated, as shown in Tables 7-18, 7-19 and 7-20.
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Table 7-18 Implicit trust-based predicted Supplier-Buyer matrix

Buyers

Table 7-19 Enhanced MC user-based CF predicted Supplier-Buyer
matrix
Su

liers

Buyers

Table 7-20 Hybrid MC-TeCF predicted Supplier-Buyer matrix
Su
Buyers

liers

S1

B1

B2

83

84

As it can be seen, the hybrid MC-TeCF predicted rating matrix takes into account
all possible ways to obtain a predicted rating value on an unrated item for an active
buyer. For example, if the enhanced MC user-based CF approach is unable to produce
a CF-based predicted rating value (as in the case of S 1 and S3 for B 1 in Table 7-19),
we can still use the MC user-based implicit trust model to produce an trust-based
predicted rating value, so that we retain the accuracy benefit of using the enhanced
MC user-based CF approach, while at the same time maintaining the coverage by
taking into account the intuitive properties of trnst propagation of the MC user-based
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implicit trust model. Finally, let Top-k (k

=

3), hence, the most interested three

suppliers for an active buyer are recommended. According to the hybrid MC-TeCF
predicted supplier-buyer rating matrix as shown in Table 7-20, for the active buyer B 1,
the top three recommended suppliers are S 3 (FPVBI, 53 = 4.22), S 6 (FPVBJ, 56 = 4.04)
and S1 (FPVBI, s1 = 3.56).

7.4.3 EXPERIMENTAL EVALUATIONS AND ANALYSIS
In this section, we assess the performance of the hybrid MC-TeCF recommendation
algorithm through a comparison with benchmark user-based CF recommendation
approaches and the hybrid TeCF recommendation algorithm. This section includes
the datasets and measures used for evaluation and the evaluation results.

7.4.3.1 EVALUATION DATASET AND M ETRICS
To validate the performance of the proposed hybrid MC-TeCF recommendation
algorithm, we use the Yahoo! Movies MC dataset (refer to Appendix-A for more
details on the dataset). To evaluate the quality of the hybrid MC-TeCF algorithm, the
recom mendations produced were evaluated against the overall ratings provided by
individual users using the Mean Absolute Error (MAE), and Coverage metrics (refer
to Section 2.3.6 for more detail on the metr ics).
0

7.4.3.2 BENCHMARK RECOMMENDATION APPROACHES
To compare the performance of the proposed hybrid MC-TeCF recommendation
algorithm, considering that the hybrid MC-TeCF algorithm is a user-based
recommendation

algorithm,

we

implement

two

benchmark

user-based

CF

approaches: Resnick ' s user-based CF (denoted as Resnick-UCF)(Resnick et al. 1994),
and Shardanand ' s user-based CF (denoted as Shardanand-UCF)(Shardanand & Maes
1995). Additionally, we use the single-criteria version of the proposed MC-TeCF
algorithm, which is the hybrid TeCF algorithm (proposed in Chapter 6, henceforth
denoted as SC-TeCF) as a benchmark to show the advantages of incorporating MC
ratings to improve the recommendation performance.
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7.4.3.3 EVALUATION RESULTS
This section compares the recommendation performance of the hybrid MC-TeCF
algorithm with the benchmark user-based CF approaches and the hybrid SC-TeCF
algorithm using the Yahoo! Movies MC dataset. In the following experiments, we
validate

the

improvement

of

hybrid

MC-TeCF

algorithm,

m

terms

of

recommendation accuracy as well as resolving data sparsity and CS user problems.
1) Comparing the Recommendation Accuracy of the Hybrid MC-Tecf with
Benchmark Approaches
The aim of this experiment is to compare the recommendation accuracy of the hybrid
MC-TeCF algorithm with respect to the benchmark user-based CF approaches and
the hybrid SC-TeCF algorithm. Figure 7-14 shows that the hybrid MC-TeCF
algorithm makes a significant improvement on the recommendation accuracy at every
neighborhood size, compared to the benchmark user-based CF recommendation
approaches. Figure 7-15 proves that the hybrid MC-TeCF algorithm has the highest
recommendation accuracy at any given neighborhood size, compared to the hybrid
SC-TeCF algorithm.

I

Ic
<(

~

I
--------------=11

M E co 1panson betVi een the Hybrid MC-TeCF against other
ben-cnmart< approaches

1. 75
t~O

-

--1
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......-Hy·brid MC-TeCF

Figure 7-14 Recommendation accuracy comparison between the hybrid MC-TeCF
algorithm and other benchmark user-based CF approaches on different number of
neighbors
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Figure 7-15 Recommendation accuracy comparison between the hybrid MC-TeCF
algorithm and the hybrid SC-TeCF on different number of neighbors

2) Impact of the Hybrid MC-TeCF on the Data Sparsity Problem
This section presents the experimental results to verify the effectiveness of the
proposed hybrid MC-TeCF recommendation algorithm in alleviating the data sparsity
problem (the sparse datasets used in this section are the same as those used in a
previous Section 7.3.6.2). Two experiments have been conducted using the six sparse
datasets to measure the rec mmendation accuracy and coverage on different sparsity
levels. Figures 7-16 and 7-1 7 demonstrate the recommendation accuracy and
coverage results of the hybrid MC-TeCF algorithm against the benchmark user-based
recommendation approaches. Figures 7-18 and 7-19 represent the recommendation
accuracy and coverage results of the hybrid MC-TeCF algorithm against the hybrid
SC-TeCF recommendation algorithm.
Looking into the results shown in Figures 7-16 and 7-17, it can be seen that the
hybrid MC-TeCF algorithm significantly outperforms the benchmark user-based CF
recommendation approaches in terms of recommendation accuracy and coverage
under all levels of sparsity. For example, in the 99.8% sparse dataset as shown by
Figure 7-17, the benchmark user-based CF approaches are unable to make any
recommendations, whereas our algorithm can make recommendations for up to 38%
of the available items in the test set by utilizing the available users' implicit trust
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relations.

Accordingly,

it

can

be

concluded

that

the

hybrid

MC-TeCF

recommendation algorithm is a significant improvement for alleviating the data
sparsity problem compared to the benchmark user-based CF recommendation
approaches.
Figures 7-18 and 7- 19 show that the hybrid MC-TeCF algorithm has provided
similar results in terms of recommendation accuracy and coverage at all levels of
sparsity compared to the hybrid SC-TeCF algorithm. For example, in terms of
recommendation accuracy, the percentage improvement of the hybrid MC-SeCF
algorithm over the hybrid SC-SeCF algorithm is 2% at 99.8% sparsity level and 6%
at 98.0% sparsity level. Thus, the hybrid MC-TeCF algorithm does not provide a
significant improvement over the hybrid SC-TeCF algorithm, suggesting that in cases
of highly

sparse

datasets,

the

hybrid

MC-TeCF

algorithm

produces

its

recommendations mostly based on the available users' implicit trust relations more
than on the MC users' ratings information (to further simplify, at 99.8% sparsity level,
the MAE of SC-TeCF is 2.81% whereas the MAE of MC-TeCF is 2.75%). On the

other hand, when more MC user. ' ratings are available in a sparse dataset, the hybrid
MC-TeCF algorithm can utilize more MC ratings to provide more accurate
recommendations than the hybrid SC-TeCF algorithm (to more simplify, at 98.0%
sparsity le rel, the MAE of SC-TeCF is 0.739% whereas the MAE of MC-TeCF is
0.693%). Therefore, it can be concluded that incorporating MC ratings in
recommender systems cannot significantly help in terms ofrecommendation accuracy
and coverage in highly sparse datasets (extreme cases of sparse datasets).
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Figure 7-16 Recommendation accuracy comparison between the hybrid MC-TeCF
algorithm and other benchmark user-based CF approaches on different Sparsity levels
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Figure 7-17 Recommendation coverage comparison between the hybrid MC-TcCF
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Figure 7-18 Recommendation accuracy comparison between the hybrid MC-TeCF
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algorithm and the hybrid SC-TeCF algorithm on different Sparsity levels

MC~ TeCF

3) Impact of the Hybrid MC-TeCF on the CS User Problem
In this section, we present the experimental results to examine the effectiveness of the

proposed hybrid MC-TeCF algorithm in addressing the CS user problem. First, we
extracted seven datasets from the Yahoo! Movies MC dataset in which each dataset
has CS users with a specified number of ratings for each user. The first CS user
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dataset contains CS users that have only 10 ratings, whereas the seventh CS user
dataset contains CS users that have only 25 ratings (i.e., 10, 12, 14, 16, 18, 20, and
25). In our evaluation scenario, we perform two experiments on the seven CS users'
datasets to measure recommendation accuracy and coverage. Figures 7-20 and 7-21
demonstrate the recommendation accuracy and coverage results of the hybrid MCTeCF algorithm against the benchmark user-based CF recommendation approaches.
Figures 7-22 and 7-23 show the recommendation accuracy and coverage results of the
hybrid MC-TeCF algorithm compared to the hybrid SC-TeCF algorithm.
The results of Figures 7-20 and 7-21 verify that the hybrid MC-SeCF algorithm
has the highest recommendation accuracy and coverage at any given number of
ratings for CS users compared to the benchmark user-based CF recommendation
approaches. For example, in tem1s of recommendation coverage in extreme cases of
CS users datasets, as shown by Figure 7-21 , where CS users have less than or equal to
10

ratings,

the

benchmark

user-based

CF

approaches

are

able

to

make

recommendations for 16% of the items avai lable in the test set for CS users, whereas

the hybrid MC-TeCF algorithm can produce recommendations for up to 93% of the
available items in the test set for CS users by utilizing their implicit trust relations.
Therefore, we can conclude that the hybrid MC-TeCF recommendation algorithm is a
significant improvement in alleviating the CS user problem compared to the
benchmark user-based CF recommendation approaches.
The results shown in Figures 7-22 and 7-23 demonstrate that the hybrid MCTeCF algorithm has approximately comparable percentages of recommendation
accuracy and coverage at any given number of ratings for CS users compared with the
hybrid

SC-TeCF

recommendation

algorithm.

For

example,

m

terms

of

recommendation accuracy as shown in Figure 7-22, the percentage improvements of
the hybrid MC-SeCF algorithm over the hybrid SC-SeCF algorithm are 4% with 10
ratings for CS users and 7% with 25 ratings for CS users respectively. Thus, the
hybrid MC-TeCF algorithm does not seem to provide a significant improvement over
the hybrid SC-TeCF algorithm, suggesting that in cases of extreme CS users datasets,
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the hybrid MC-TeCF produces its recommendations based mostly on the available
users' implicit trust relations rather than on the MC users' ratings information (to
further simplify, the MAE of SC-TeCF on the CS users with 10 ratings dataset is
1.14% whereas the MAE of MC-TeCF is 1.09%). However, when more MC users'
ratings are available in a CS users dataset, the hybrid MC-TeCF can utilize further
MC ratings to provide more accurate recommendations than the hybrid SC-TeCF (to
further simplify, the MAE of SC-TeCF on the CS users with 25 ratings dataset is
0.763% whereas the MAE of MC-TeCF is 0.708%). Therefore, we can conclude that
incorporating MC ratings in recommender systems cannot significantly help in terms
of recommendation accuracy and coverage in extreme cases of CS users.
MAE comparison at dHferent number of rati ngs of CS users
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Figure 7-20 Recommendation accuracy comparison between the hybrid MC-TeCF
algorithm and other benchmark user-based CF approaches on different number of
ratings for CS users
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Figure 7-22 Recommendation accuracy comparison between the hybrid MC-TeCF
algorithm and the hybrid SC-TeCF algorithm on different number of ratings for CS
users
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Figure 7-23 Recommendation coverage comparison between the hybrid MC-TeCF
algorithm and the hybrid SC-TeCF algorithm on different number of ratings for CS
users

7.5 SUMMARY
In this chapter, we propose two hybrid MC-based recommendation algorithms based
on previously proposed hybrid SC-based SeCF and TeCF recommendation
algorithms . The proposed MC-based recommendation algorithms are the hybrid MC·
SeCF and the hybrid MC-TeCF. The hybrid MC-SeCF recommendation algorithm
integrates the item-based semantic model and the enhanced MC item-based CF
approach. The hybrid MC-TeCF recommendation algorithm integrates the MC userbased implicit trnst model and the enhanced MC user-based CF approach. The hybrid
MC-SeCF and the hybrid MC-TeCF recommendation algorithms have been
compared

against benchmark

single-criteria

item-based

and user-·based CF

approaches in tenns of improving accuracy, as well as in dealing with data sparsity,
CS item and CS user problems. Each one of the MC-SeCF and the MC-TeCF
recommendation algorithms has also been compared with its original single-criteria
version (i.e., MC-SeCF compared with SC-SeCF and MC-TeCF compared with SC-
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TeCF) to show the advantages of integrating multi-criteria ratings in recommender
systems.
The experimental results proved the feasibility of the proposed MC-based
recommendation algorithms in alleviating the data sparsity, CS item and CS user
problems, while also achieving improved accuracy over the benchmark item-based
and user-based CF recommendation approaches. The experimental results of the
comparison between the SC and MC versions of the same recommendation
algorithms confirm that incorporating MC ratings in recommender systems ( 1) can
significantly help in terms of recommendation accuracy in dense user-item ratings
datasets and (2) cannot significantly help in terms of recommendation accuracy and
coverage in extreme cases of sparse datasets, CS items and CS users. In terms of
computational

complexity,

the

proposed

MC-SeCF

and

the

MC-TeCF

recommendation algorithms are computationally more expensive than the SC-SeCF
and SC-TeCF recommendation algorithms.
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CHAPTER 8

FUSION-BASED RECOMMENDATION
ALGORITHMS

8.1 INTRODUCTION
In this study, we refer to the combination of userr-based and item-based hybrid

recommendation algorithms as a fusion-based recommendation algorithm. Fusionbased recommendation algorithms exploit the informiation from both users and items
to provide more suitahJe, precise and effective reconnmendations (Gong 201 O; Ma,
King & Lyu 2007; Tso-Sutter, Marinho & Schmidt-Thieme 2008 ; Wang, de Vries &
Reinders 2006; Zhang et al. 2009). A variety ,of item-based and user-based
recommendation algorithms that incorporate additional knowledge about items and
users beside the rating infomrntion have been proposed so far in this study for
improving recommendation performance. We believe that, by considering knowledge
extracted from the users' trust network and the items' semantic domain knowledge, a
fusion-based

recommendation

algorithm

should

offer

more

effective

recommendations in terms of accuracy and reso]ving data sparsity, CS item and CS
user problems. Thus, we are keen to fuse both the proposed item-based and userbased recommendation algorithms in an attempt t:o achieve more accurate and
effective recommendation results. Based on this no ti on, this chapter presents two
fusion-based recommendation algorithms that aim to provide more effective
recommendations in tenns of recommendation accuracy and resolving data sparsity,
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CS item and CS user problems than the previously proposed algorithms (i.e., the
algorithms proposed in Chapters 5, 6 and 7) by integrating semantic, trust and CF
information of items and users in SC and MC rating schemes. The proposed fusionbased recommendation algorithms are ( 1) the Fusion SC-STCF algorithm that fuses
the hybrid item-based SeCF and hybrid user-based TeCF recommendation algorithms
(refer to Chapter 5 and Chapter 6 for more details), and (2) the Fusion MC-STCF
algorithm that fuses the hybrid item-based MC-SeCF and hybrid user-based MCTeCF recommendation algorithms (refer to Chapter 7 for more details). The proposed
fusion-based recommendation algorithms are developed and compared against
benchmark item-based CF, user-based CF, hybrid SeCF, hybrid TeCF, hybrid MCSeCF and hybrid MC-TeCF recommendation algorithms in terms of improving
accuracy, as well as in dealing with data sparsity, CS item and CS user problems.
The rest of this chapter is structured as follows. Section 8.2 describes the fusion
recommendation process, a case-based example, a set of experimental evaluations and
the results of the proposed Fusion SC-STCF algorithm. Section 8.3 presents the
fusion recommendation process, a case-based example, a set of experimental
evaluations and the results of the proposed Fusion MC-·STCF algorithm. Finally,
ummary of this chapter is given in Section 8.4.

8.2 A F lJSION OF HYBRID SECF., AN.D HYBRID
TECF RECOMMENDATION ALGORITHMS
In this section, we propose an effective fusion-based recommendation algorithm that
fus es the semantic, trust and CF information of users and items in the SC rating
scheme

(Fusion

SC-STCF)

with

the

aim

of

providing

more

effective

recommendations in tenns of accuracy and better resolution of data sparsity, CS item
and CS user problems than the algorithms previously proposed in Chapters 5 and 6.
This section first presents the recommendation fusion process of the hybrid SeCF and
hybrid TeCF recommendation algorithms proposed in Chapters 4 and 5 respectively
and henceforth referred to as hybrid SC-SeCF and hybrid SC-TeCF). A case-based
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example is detailed to simplify the fusion process, and finally, a set of experimental
evaluations and results to demonstrate the effectiveness of the Fusion SC-STCF
recommendation algorithm are presented.

8.2. l THE FUSION RECOMMENDATION PROCESS
The proposed Fusion SC-STCF recommendation algorithm, as shown in Figure 8-1 ,
obtains as inputs a raw user-item rating matrix and item taxonomy, and produces as an
output a user-item prediction matrix. The raw user-item rating matrix

Rm *n contains

the

rating values of m users and n items. The item taxonomy is represented in a tree
hierarchy structure with two levels of nodes. The first level contains the main item
categories that every item belongs to, and the second level contains the items as leaf
nodes.
Item-based Semantic-enhanced CF Module

Item Taxonomy
{

-------------------~
[nxn]
Item-Item
Semantic & CF
Similarity
Matrices

m: Users
n : Item s

I

I
I

\

I

J

,.-

Raw [m xn]
User-Item
Rating
Matrix

{ Predict ions \
Fusion
,-L
\
Module
-

_,

Predicted
(mxn]
ser-lt em
Rating
Mat~

j

__________________ 'I
User-based Trust and
enhanced CF Similarity

[mxm]
User-User
Trust & CF
Similarity
Matrices

__... J

User-based Trust-enhanced CF Module

Figure 8-1 A diagram of the Fusion SC-STCF recommendation algorithm

The detailed recommendation process of the Fusion SC-STCF recommendation
algorithm is described in the following three major modules.
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8.2.1.1 THE ITEM-BASED SEMANTIC-ENHANCED CF
MODULE
This module produces item-based semantic-enhanced CF recommendations. The
module integrates the item-based semantic model and enhanced item-based CF
approach to exploit their advantages and to eliminate the known limitations of the
current benchmark item-based CF approaches.

Step 1: Calculate Item-based Semantic and enhanced CF Similarity
This step mainly computes ( 1) item-based semantic similarity, and (2) enhanced itembased CF similarity between each pair of items (refer to Step 1 and Step 2 in Section
5.2.2 for more details on this step).

Step 2: Select Neighbors
Using the item-item semantic and CF similarity matrices, two sets of neighbors that
are the most similar items to the target item in terms of item-based semantic similarity
( N

~·om

I )and enhanced item-based CF ( NeICF E I) similarity are selected (refer to

E

Step 3 in Section 5 .2.2 for more details on this step).

Step 3: Calculate Weighted Predictions
This step computes the rating predictions of all target items an active user has not yet
rated . The predicted rating of active user a EU on a target item x EI,

p

eCF:
a.x

Ux I ~

[O, 5] is calculated using the weighted sum of deviations from the mean item ratings
approach (Herlocker, Konstan & Riedl 2002) as given by :

p a,x =
SeCP

-

~·

NSem

Ne/CF

y==I

;=1

_L (.5SimY.y x(~.y - ~,))+ _L

(eICFSimx,y x(~.y - ~))

+-----------'----------

"°' .5Sim + "°' eICFSim

NSem
~
y=l

Ne/CF

~y

~

(8 .1)

~y

;=I
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where,

rx and ry

E [

1,5] are the mean rating values of the target item x and potential

neighbor item y respectively. SSimx,yE [O, 1] (as given by Equation 5.3) and

eICFSimx,_ yE [-1 , 1] (as given by Equation 5.6) represent the item-based semantic and
enhanced item-based CF similarity weights between the target item x and potential
neighbor item y respectively.

Nsem

and

NeICF

are two sets of nearest neighbors of the

target item x in terms of item-based semantic and enhanced item-based CF
similarities respectively, obtained by the neighbors selection module.

r a,y E [ 1,5]

refers

to the rating value of the neighbor item y with respect to the active user a.

8.2.1.2 THE USER-BASED TRUST-ENHANCED CF MODULE
This module produces user-based trust-enhanced CF recommendations. The module
integrates the user-based trust model and the enhanced user-based CF approach to
exploit their advantages and to eliminate the known limitations of the current
benchmark user-based CF approaches.

Step 1: Calculate

User~based

Implicit Trust and enhanced CF Similarity

This step mainly computes the ( l) user-based implicit trust, and (2) enhanced userbased CF similarity between each pair of users (refer to Step 1 and Step 2 in Section
6.2.2 for more details on this step).

Step 2: Select Neighbors
Using the user-user trust and CF similarity matrices, two sets of neighbors that are the
most similar users to the active user in terms of trustworthiness (
enhanced user-based CF ( NeucF

E

N Tru st E

U) and

U ) similarity are chosen (refer to Step 3 in Section

6.2.2 for more details on this step).
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Step 3: Calculate Weighted Predictions
Computing the ratings predictions is the final imp011ant step in the recommendation
process. The deviation-from-mean approach (Herlocker, Konstan & Riedl 2002) is
used in the weighted predictor sub-module to calculate the predicted rating value for
the active user

TeCF

Pa,x

-

=r+
a

where,

aE

U on item XE I, precF: Ux I~ [O, 5], as given by
a,x

NTnl5t

~UCF

b=I

b=I

L (Trusta,bX(fb,x - ~))+ L
NTmst

~UCF

b=I

b=I

L Trusta,b+ L

~ E [ 1,5]

and

~ E [ 1,5]

(eUCFSima,bX(fb,x - ~))
'

(8.2)

eUCFS~.b

represent the average rating values of the active user

a and potential neighbor user b on all items which are rated by each user separately,
fb.x E [ 1,5]

denotes the rating value of the potential neighbor user b on target item x.

Trusta.b E [O, l] and eUCFSima.h E [- 1, 1] represent the implicit trust and the enhanced
user-based similarity values between the active user a and potential neighbor user b.
These values ar, obtained from the user-user implicit trust and user-user CF similarity
matrices.

N Trusr

and

N 'TF

are two sets of nearest neighbors of the active user a

obtained from the neighbors selection module.

8.2. l .3 T HE PR EDICTIONS FUSION MODULE
The fusion prediction value (FPa,>.

E

[0,5]) is calculated as defined by Equation (8.3).

In this Equation, all possible ways to obtain a rating prediction value for active user a
who has not rated the target item x are taken into account. A weighted harmonic mean
aggregation method is used to combine the prediction rating values of the user-based
trust-enhanced CF and the item-based semantic-enhanced CF algorithms. The
weighted hannonic mean method will ensure that a high total prediction rating value is
obtained only if prediction rating values of both the user-based trust-enhanced CF and
the item-based semantic-enhanced CF algorithms are high.
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pp =
a,x

·r p a,xTeCF = 0 an d

p SeCF
a,x

=0

0 an d

p SeCF
a,x

=0

0

1

p TeCF
a,x

1

·r p a,TeCF
x

-::/-

pSeCF
a, x

if

= Q and

pTeCF
a,x

pSeCF-::/- Q
a,x

2x

pTeCF x p SeCF
a,x
a,x
pTPCF
p SeCF
a,x
a,x

(8.3)

+

Complexity Analysis:
The computational complexity of the Fusion SC-STCF is the combination of the
computational complexities of both the hybrid SeCF and the hybrid TeCF algorithms,
which is O(m x n 3 xg+- m xn 2+ n) + O(m x JtiaxProDist+ m+ m x n+ n) in addition to the
predictions fusion process that is O(n).

8.2.2 A CASE-BASED EXAMPLE
Assume that there are six "Food & Beverage ' Australian supplier businesses (S 1 to S6)

listed in the suppliers ' directory. Also, suppose that there are four overseas buyers (B 1
to B4 ) who have conducted business with some of the listed suppliers and have rated
them on a numeric five-point scale from 1 (Poor) to 5 (Excellent). Accordingly, a raw
Supplier-Buyer rating matnx can be obtained as depicted in Table 8-1. In the
foHowing rating matrix , we con. ider buyer B 1 to be an extreme CS user and, upplier
S5 to be an extreme CS item, since both have only one rating. W e also assume that the
supplier taxonomy has eight categories; each supplier belongs to one or more
categories as shown in Table 8-2 .
Table 8-1 Raw Supplier-Buyer rating matrix
Suppliers

Buyers

s,

82

S3

84

Ss

86

81

Null

Null

3

Null

Null

Null

82

4

3

4

2

Null

Null

83

4

2

Null

4

Null

84

Null

1

Null

Null

4

4
__

,___,

5

225

Chapter 8: Fusion based Recommendation Algorithms

Table 8-2 Supplier-Supplier category vector matrix
Suppliers
Category

gl

gz

g3

g4

gs

g6

g7

gg

81

0

0

0

0

0

1

0

1

82

1

0

l

1

0

0

0

1

83

1

1

0

l

1

0

0

0

84

l

1

0

0

l

0

1

l

8s

0

1

l

0

0

0

1

1

86

l

0

0

0

1

0

0

l

Now, assume that buyer B 1 is looking for 'Food & Beverage ' Australian supplier
businesses. A numerical recommendation example is given to illustrate how the
Fusion SC-STCF recommendation algorithm is used to generate recommendations.

Step 1: Compute Item-based Semantic-enhanced CF Predictions
Sub-step 1.1: Computing item-based semantic similarity
In this step, based on Table 8-2, we calculate the item-based semantic similarity
values between the six suppliers as gi 1en in Table 8-3.
Table 8-3 Supplier-Supplier semantic similarity matrix
SSim ss
S1
S2

83

S4

S2

S3

S4

Ss

s6

0.00

0.17

0. 20

0.25

0.29

0.3 3

0.40

0.14

0.40
0.60

Ss
s6
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Sub-step 1.2: Computing enhanced item-based CF similarity
Based on the supplier-buyer rating matrix, we can compute the enhanced item-based
CF similarities between the six suppliers as given in Table 8-4.
Table 8-4 Supplier-Supplier enhanced item-based CF similarity matrix
eICFSim s·s

S1

81

S2

S3

S4

Ss

86

-0.46

0.33

-0 .57

NIA

0.33

-0.14

-0 .33

-0 .64

NIA

NIA

82
83
84

0.33

Ss
s6

Sub-step 1.3: Select neighbors
Let the number of nearest neighbors

Nsem

= 4 and

NeICF

= 4, then based on Tables 8-3

and 8-4, we can identify the nearest neighbors to any given buyer in terms of itembased semantic and enhanced item-based CF simjlarities, as shown in Table 8-5.
Table 8-5 Neighbors selection

.c ...
z 0

S4

S3

S2

S1

ell <lJ
·(ll "O
...

s6

Ss

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semanti<c

1

S3

s6

S4

s6

S1

S4

s6

86

s6

S4

Ss

S4

2

s6

S2

83

Ss

S2

s6

S2

S3

S2

S2

S1

S2

3

S2

Ss

Ss

S3

S4

S2

S3

Ss

NIA

S1

S4

S3

4

S4

S4

S1

S4

NIA

Ss

S1

S2

NIA

s6

82

S1

Sub-step 2.4: Calculate weighted predictions
On the basis of Tables 8-3, 8-4 and 8-5, we can use Equation (8.1) to calculate
predicted rating values on each un-rated supplier for all buyers, as shown in Table 8-6.
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Table 8-6 SC-SeCF predicted Supplier-Buyer rating matrix
Buyers

Step 2: Compute User-based Trust-enhanced CF Predictions
Sub~step

2.1: Calculate implicit trust between users

The direct implicit trust values of each pair of buyers are calculated, and therefore we
obtain the buyer-buyer direct implicit trust values, as shown in Table 8-7.
Table 8-7 Buyer-Buyer direct implicit trust matrix
DTrust 8 ·.s ·

81

82

83

84

81

NIA

82

0.17

83

0.40

84

NIA

0.17

0.40

ln Table 8-7 ., we observe that for buyer B 1, the only trusted neighbor is buyer B 2
(Tmst a1

~ 82

= 0.25). There is no direct implicit trust connections between buyer B1

and buyers B 3 and B4 because they do not co-rate any similar suppliers, thus implicit
trust propagation is needed in this situation to infer the indirect implicit trust values
between them. Let Iv= 0.15 and MaxProDist = 2 (i. e., (Jd = 0. 50), we can calculate
the propagated implicit trust values between all buyers as shown in Table 8-8 .
Table 8-8 Buyer-Buyer propagated implicit trust matrix
PTrust s ·.s ·
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Sub-step 2.2: Calculate enhanced user-based CF similarity
Based on the suppli er-buyer rating matrix , we can compute the enhanced user-based
CF similarities between the four buyers, as given in Table 8-9.
Table 8-9 Buyer-Buyer enhanced user-based CF similarity matrix
eUCFSim 8 ·. s ·

Sub-step 2.3: Select neighbors
Let the number of nearest neighbors

NTrust

= 3 and

NeUCF

= 3, then based on Tables 8-

8 and 8-9, we can identify the nearest neighbors to any given buyer in terms of
trustworthiness and enhanced user-based CF similarity, as shown in Table 8-10.
Table 8-10 Neighbors selection
Neighbors
order

-·

B2

B1
F

83

84

Trust

CF

Tru t

CF

Trust

CF

Tru ~ t

I

1

NIA

B2

B4

83

B4

B4

U3

2

NIA

83

83

81

82

B2

B2

B2

3

NIA

84

NIA

84

NIA

81

NIA

81

83

As shown in Table 8-10, buyer B 1, who is considered to be a CS user, has no
neighbors in terms of the enhanced user-based CF approach who can be used to
produce recommendations . However, buyer B 1 (by exploiting the advantage of trust
propagation) has three trusted neighbors (buyers B2 , B 3 , and B 4 ) who can be used to
produce recommendations.
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Sub-step 2.4: Calculate weighted predictions
On the basis of Tables 8-8, 8-9 and 8-10, we can use Equation (8.2) to calculate the
predicted rating values on each un-rated supplier for all buyers, as shown in Table 811.
Table 8-11 SC-TeCF predicted Supplier-Buyer matrix
Su

tiers

Buyers

Step 3: Predictions Fusion
On the basis of Tables 8-6 and 8-11, we can use Equations (8.3) to calculate the final
SC-FSTCF predicted rating values on each un-rated supplier for all buyers, as shown
in Table 8-12.
Table 8-12 :F usion SC-FSTCF predicted Supplier-Buyer rating matrix
Su
Buyers

---

liers

S1

B1

B2
B3

B4
Finally, let Top -k (k = 3), hence, the most interested three suppliers for an active
buyer are recommended. According to the final SC-FSTCF predicted supplier-buyer
rating matrix, as shown in Table 8-12, the top three recommended suppliers for active
buyer B1 are

s6 (FPs1. S6 =

4.00), Ss (FPsJ. 55 = 3.58) and S1 (FPBJ , SJ= 3.57).
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8.2.3 EXPERIMENTAL EVALUATIONS AND ANALYSIS
This section evaluates the performance of the proposed Fusion SC-STCF
recommendation algorithm by a comparison with benchmark item-based CF, userbased CF, hybrid SC-SeCF and hybrid SC-TeCF recommendation algorithms. This
section includes the datasets and measures used for evaluation and the evaluation
results.

8.2.3.1 EVALUATION DATASET AND METRICS
Three datasets, namely the Movie lens, Yahoo! Webscope and BizSeeker datasets,
have been used to validate the performance of the proposed Fusion SC-STCF
algorithm and draw conclusive results. For semantic analysis purposes, each dataset is
represented in a taxonomy hierarchical structure with two levels of nodes. The first
level contains the main item categories (i.e., Movie genres, Business types/classes)
that every item belongs to, and the second level contains the items as leaf node (i.e.,
Movies, Businesses). The Mo vi el ens dataset has 18 movie genres, the Yahoo!

Webscope R4 dataset has 32 movie genres, and the BizSeeker dataset has 17
categories of business classes (refer to Appendix-A for more details on the datasets).
To verify the validity of the experimental results, a hold-out cross-validation method
is applied. Through cross-vahdation, each dataset is divided into a tra1ning set and a
test set, with the training set consisting of 80% of the data and the test set consisting
of 20% of the data. To evaluate the quality of the proposed algorithm, the
recommendations produced were evaluated against the ratings provided by individual
users using the Mean Absolute Error (MAE), and Coverage metrics (refer to Section
2.3.6 for more details on the metrics).

8.2.3.2 BENCHMARK RECOMMENDATION APPROACHES
Bearing in mind that the Fusion SC-STCF algorithm is a combination of user-based
and item-based recommendation algorithms, four item-based and user-based CF
algorithms are implemented and used as benchmarks to compare the performance of
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the proposed Fusion SC-STCF recommendation algorithm. The benchmark CF-based
algorithms are Sarwar's item-based CF (denoted as Sarwar-ICF)(Sarwar et al. 2001),
the Deshpande and Karypis item-based CF (denoted as Deshpande-ICF)(Deshpande
& Karypis 2004), Resnick's user-based CF (denoted as Resnick-UCF)(Resnick et al.

1994), and Shardanand's user-based CF (denoted as Shardanand-UCF)(Shardanand &
Maes 1995). In addition, we use the previously proposed hybrid SC-SeCF and hybrid
SC-TeCF algorithms (both algorithms proposed in Chapters 4 and 5 respectively) as
benchmarks to show the advantages of recommendations fus ion in the Fusion SCSTCF algorithm.

8.2.3.3 EVALUATION RESULTS
This section compares the performance of the Fusion SC-STCF recommendation
algorithm, with the benchmark item-based CF, user-based CF, hybrid SC-SeCF and
hybrid SC-TeCF recommendation algorithms using the three datasets. Thus, in this
section,

we

confirm

the

effective

improvement

of the

Fusion

SC-STCF

recommendation algorithm, specifically in terms of recommendation accuracy as well
as in the alleviation of sparsity, CS item and CS user problems.

1)

Comparing The Recommendation Accuracy Of The F'usion SC-STCF
Algorithm \Vith Benchmark Approaches

In this section, we perform a number of experiments to compare the recommendation
accuracy performance of the Fusion SC-STCF recommendation algorithm with
respect to the benchmark recommendation approaches. For this purpose, we use the
MovieLens, Yahoo! Webscope and BizSeeker datasets to validate the performance of
the Fusion SC-STCF recommendation algorithm. In all experiments, we varied the
number of neighbors and computed the corresponding MAE for all recommendation
approaches . Looking into the results shown in Tables 8-13, 8-14 and 8-15 and taking
into consideration the sparsity levels of the item-category matrices in the three
datasets (i.e., movie-category matrix sparsity level in Movielens = 90.5%; moviecategory matrix sparsity level in Yahoo! Webscope

=

98 .0%; business-category
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matrix sparsity level in BizSeeker = 93.2%), it can be seen that the hybrid SC-SeCF
recommendation algorithm outperforms the hybrid SC-TeCF recommendation
algorithm only in the Movielens dataset that has the highest density of semantic
information (i.e., the item-category matrix in the Movielens which has the lowest
sparsity level among other datasets). In addition, the results show that the Fusion SCSTCF recommendation algorithm achieves the best recommendation accuracy under
all neighborhood sizes in all datasets compared to other benchmark recommendation
approaches. It can be concluded that ( 1) the hybrid SC-SeCF recommendation
algorithm performs best only when more semantic information is available (i.e., dense
item-category matrix), and (2) the Fusion SC-STCF recommendation algorithm that
takes advantage of users' trust, items' semantic and user-item SC rating information
is a significant improvement on the recommendation accuracy compared to other
benchmark recommendation approaches.
Table 8-13 Recommendation accuracy (MAE) comparison between the Fusion SC-STCF
algorithm with benchmark CF-based, hybrid SC-SeCF and hybrid SC-TeCF algorithms
on different number of neighbors (MovieLens dataset)
Size
of NB

DeshpandeICF

Sarwar~

ICF

ResnickUCF

Shardanand
-UCF

Hybrid
SC-Se CF

Hybrid
SC-TeCF

Fusion
SC-ST CF

10

0.833

0.787

0.815

0.805

0.727

0.740

0.692

20

0.815

0.770

0.780

0.774

0.727

0.736

0.690

30

0.814

0.766

0.770

0.765

0.729

0.736

0.693

40

0.816

0.765

0.767

0.762

0.732

0.737

0.694

50

0.818

0.765

0.764

0.759

0.734

0.739

0.696

70

0.823

0.766

0.761

0.756

0.736

0.740

0.698

90

0.828

0.766

0.759

0.755

0.738

0.742

0.699
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Table 8-14 Recommendation accuracy (MAE) comparison between the Fusion SC-STCF
algorithm with benchmark CF-based, hybrid SC-SeCF and hybrid SC-TeCF algorithms
on different number of neighbors (Yahoo Webscope dataset)
Size
of NB

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
SC-SeCF

Hybrid
SC-TeCF

Fusion
SC-ST CF

10

0.867

0.876

1.157

0.926

0.761

0.757

0.675

20

0.872

0.871

1.031

0.877

0.759

0.750

0.672

30

0.876

0.870

0.991

0.862

0.759

0.749

0.671

40

0.878

0.869

0.969

0.856

0.761

0.749

0.672

50

0.879

0.869

0.960

0.854

0.762

0.749

0.672

70

0.881

0.869

0.945

0.851

0.764

0.749

0.673

90

0.881

0.869

0.939

0.849

0.765

0.750

0.673

Table 8-15 Recommendation accuracy (MAE) comparison between the Fusion SC-STCF
algorithm with benchmark CF-based, hybrid SC-SeCF and hybrid SC-TcCF algorithms
on different number of neighbors (BizSeeker dataset)

of NB

Size

DeshpandeICF

SarwarICF

ResnickUCF

10

2.257

2.635

2 .028

2.216

2.626

1.886

2 .212

2.625

40

2.210

50

Shardanand
-UCF

sc ..secF

Hybrid

Hybrid
SC-TeCF

Fusion
SC-STCF

1.869

1.877

1.633

1.602

1.807

1.810

1.591

1.535

1.830

1.764

1.787

1.587

1.532

2.625

1.827

1.763

·t .771

1.585

1.532

2.210

2.625

1.818

1.754

1.697

1.583

1.518

70

2 .210

2.625

1.804

1.729

1.697

1.582

1.515

90

2.210

2.625

1.789

1.721

1.697

1.579

1.513

....__

20
30

2)

-

-

·--·

·-

Impact of the Fusion SC-STCF Algorithm on the Data Sparsity problem

This section proves the effectiveness of the Fusion SC-STCF recommendation
algorithm in alleviating the sparsity problem (the sparse datasets used in this section
are the same as those used in Section 4.4.3.4). Two experiments have been carried out
using the six sparse datasets to measure recommendation accuracy and coverage on
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different levels of sparsity. Tables 8-16 and 8-17 illustrate the recommendation
accuracy and coverage results of the Fusion SC-STCF recommendation algorithm
against the benchmark recommendation approaches. Based on the results, it can be
seen that the Fusion SC-STCF algorithm significantly outperforms any algorithm
from the benchmark recommendation approaches in terms of recommendation
accuracy and coverage at all levels of sparsity. Therefore, by considering both
recommendation accuracy and coverage, it can be concluded that the Fusion SCSTCF recommendation algorithm offers a significant improvement in alleviating the
data sparsity problem compared to other benchmark recommendation approaches .
Table 8-16 Recommendation accuracy (MAE) comparison between the Fusion SC-STCF
algorithm with benchmark CF-based, hybrid SC-SeCF and hybrid SC-TeCF algorithms
on different levels of Sparsity

,_

Sparsity
(%)

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
SC-SeCF

sc~TeCF

Fusion
SC-ST CF

99.5

3.493

3.493

3.502

3.490

1.934

2.460

1.817

99 .0

3.336

3.433

3.307

3.080

1.335

1.563

1.157

98.5

2.385

2.769

2.334

2.067

1.105

1.035

0.927

98.0

1.737

2.068

1.757

1.462

0.954

0.858

97.5

1.305

1.582

1.334

0.905

0 .942
·0.887

0.829

97 .0

1.130

1.251

0.864

0 .871

0.787

1.188
·-- · - - - -·1.147
1.047

Hybrid

-·------ - - -·- -·---·-

Table 8-J 7 Recommendation coverage comparison between the Fusion SC-STCF
algorithm with benchmark CF -based, hybrid SC-SeCF and hybrid SC-TeCF algorithms
on different levels of Sparsity
Sparsity
(%)

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
SC-Se CF

Hybrid
SC-TeCF

Fusion
SC-ST CF

99.5

0.67

0.67

1.00

1.33

59.33

43.00

66.33

99 .0

10.17

6.33

11.67

20.67

84.83

76.50

88.83

98 .5

41 .22

27.33

46.33

56 .78

91.44

93.00

95.22

98 .0

65.83

52 .17

68 .33

78 .08

95.00

96.08

96.67

97.5

80 .80

70 .13

83.07

88.07

97.00

97.47

97.67

97.0

88 .67

82 .94

90.33

93.22

97.39

98.17

98.61
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3)

Impact of the Fusion SC-STCF Algorithm on the CS Item Problem

In this section, we present the experimental results to validate the effectiveness of the
Fusion SC-STCF recommendation algorithm in alleviating the CS item problem (the
CS items datasets used in this section are the same as those used in Section 4.4.3.5).
Two experiments are performed on the seven CS items datasets to measure the
recommendation accuracy and coverage. Tables 8-18 and 8-19 demonstrate the
recommendation accuracy and coverage results of the Fusion SC-STCF algorithm
against the benchmark recommendation approaches. Tables 8-18 and 8-19 prove that
the Fusion SC-STCF recommendation algorithm has the highest recommendation
accuracy and coverage at any given number of CS user ratings compared with any
other algorithm

in

the benchmark recommendation approaches.

Hence,

by

considering both recommendation accuracy and coverage, it can be concluded that the
Fusion SC-STCF recommendation algorithm offers a significant improvement in
alleviating the CS item problem compared with other benchmark recommendation
approaches. However, the improvement tends to decrease with more ratings assigned
to CS items as more items' neighbors are involved for recommendations.
Table 8-18 .R ecommendation accuracy (MAE) comparison between the F'usion SC-STCF
algorithm with benchmark item-based CF and hybrid SC- eCF algorithms on different
number of ratings for CS items

__

,,

CS Items

Deshpande-ICF

Sarwar-ICF

Hybrid SCSeCF

Fusion SCSTCF

2

2.778

2.778

2.680

2.574

5

2.733

2.759

2.295

1.980

10

2.456

2.581

1.930

1.411

15

2.064

2.323

1.577

1.126

20

1.700

1.953

1.322

1.038

25

1.452

1.711

1.212

0.978

30

1.307

1.537

1.132

0.939
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Table 8-19 Recommendation coverage comparison between the Fusion SC-STCF
algorithm with benchmark item-based CF and hybrid SC-SeCF algorithms on different
number of ratings for CS items

4)

CS Items

Deshpande-ICF

Sarwar-ICF

Hybrid SCSe CF

Fusion SCSTCF

2

0.00

0.00

24.07

27.78

5

5.1 3

4.10

41.54

52.82

10

19.47

12.47

56 .02

75.49

15

37.97

27 .30

71.49

86.22

20

56.44

45.01

81 .03

89.55

25

68.29

56.65

85.27

91.59

30

76.36

66.34

88.36

93.31

Impact of the Fusion SC-STCF on the CS User Problem

In this section, we show the experimental results to validate the effectiveness of the

Fusion SC-STCF recommendation algorithm in alleviating the CS user problem. In
this e aluation scenario, we perform two experiments on the seven CS user datasets
to measure the recommendation accuracy and coverage (the CS users datasets used in
this section are the same as those used in Section 6.4.3.3). Tab]es 8-20 and 8-21 show
the results of the recommendation accuracy and coverage for the Fusion SC-STCF
recommendation algorithm compared to the benchmark recommendation approaches.
Looking into the results, we can see that the Fu ion SC-STCF recommendation
algorithm has the highest recommendation accuracy and coverage at any given
number of ratings for CS users compared with the benchmark recommendation
approaches. Thus, by considering both recommendation accuracy and coverage, it can
be concluded that the Fusion SC-STCF recommendation algorithm offers a
significant improvement in alleviating the CS user problem compared to the
benchmark recommendation approaches.
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Table 8-20 Recommendation accuracy (MAE) comparison between the Fusion SC-STCF
algorithm with benchmark user-based CF and hybrid SC-TeCF algorithms on different
number of ratings for CS users
CS Users

Resnick-UCF

ShardanandUCF

Hybrid SC-TeCF

Fusion STCF

20

1.960

1.791

1.352

1.309

25

1.640

1.491

1.214

1.117

30

1.334

1.225

1.021

0.952

35

1.258

1.153

0.952

0.882

40

1.181

1.088

0.905

0.828

45

1.126

1.020

0.896

0.820

50

1.077

0.988

0.884

0.817

Table 8-21 Recommendation coverage comparison between the Fusion SC-STCF
algorithm with benchmark user-based CF and hybrid SC-TeCF algorithms on different
number of ratings for CS users
CS Users

Resnick-UCF

ShardanandUCF

Hybrid SC-TeCF

Fusion STCF

20

60.61

66 .06

81.82

85.45

76.51

80.70

88 .26

90.44

84 .59

87.94

93.40

94.74

35

87 .92

90 .89

95.58

96.55

40

89.91

92.69

45

91.92

94.79

50

93.30

95. 66

25
30

·-·

----------·-i.------------- - - - - - - ----------- ---------- - - - - - · -.......
-

97.49
· - - - -·--- 97.78
97.19
96.62

·--· -- --

97.49

97.79

238

Chapter 8: Fusion based Recommendation Algorithms

8.3 A FUSION OF HYBRID MC-SECF AND
HYBRID MC-TECF RECOMMENDATION
ALGORITHMS
This section proposes another effective fusion MC-based recommendation algorithm
that fuses the semantic, trust and CF information of users and items in an MC rating
scheme (Fusion MC-STCF) and aims to provide more effective recommendations in
terms of accuracy and resolving data sparsity, CS item and CS user problems than
algorithms previously proposed in Chapters 7. In this section, we first demonstrate the
recommendation fusion process of the hybrid MC-SeCF and hybrid MC-TeCF
recommendation algorithms (both algorithms are proposed in Chapter 7). We then
present a case-based example to further explain the fusion process, and finally, we
highlight the experimental evaluations and results to demonstrate the effectiveness of
the Fusion MC-STCF recommendation algorithm.

8.3. l THE F USION

R ECOMMENDATION PROCESS

As shown in Figure 8-2, the proposed Fusion MC-STCF algorithm obtains as inputs a
raw user-item MC rating matrix and item taxonomy, and produces as an output a useritem prediction matrix. The raw user-item MC rating matrix

Rn *n

contains the MC

rating values of m users and n items. The item taxonomy is represented in a tree
hierarchy stmcture with two levels of nodes. The first level contains the m ain item
categories that every item belongs to, and the second level contains the items as leaf
nodes.
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--------------------.....
MC Item-based Semantic-enhanced CF Module

Item Taxonomy

MC Item-based
Semantic and
enhanced CF
Similarity

'-

- -

m: Users
n: Items

[nxn]
Item-Item
Semantic & CF
Similarity
Matrices

'
I

)

Predicted
[mxn]
User-Item
Rating
Matrix

Raw [mxn]
User-Item
MC Rating
Matrix

I

I

MC User-based Trust-enhanced CF Mod ule

Figure 8-2 The Fusion MC-STCF recommendation algorithm

The detailed recommendation process of the Fusion MC-STCF recommendation
algorithm is described by the following three major modules .

8.3.1.1

THE

MC

ITEM~BASED SEMANTIC-ENHANCED

CF

MODULE
This module produces MC item-based semantic--enhanced CF recommendations. The
module integrates the item-based semantic model and enhanced MC item-based CF
approach in order to exploit their advantages and eliminate the known limitations of
the current benchmark item-based CF approaches.

Step 1: Calculate MC Item-based Semantic and enhanced CF Similari(y
This step mainly computes ( 1) item-based semantic similarity, and (2) enhanced MC
item-based CF similarity between each pair of items (refer to Step 1 and Step 2 in
Section 7 .3 .1 for more details on this step).
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Step 2: Select Neighbors
Using the item-item semantic and CF similarity matrices, two sets of nearest
neighbors that are the most similar items to the target item in terms of item-based
semantic similarity (
( N eMCICF

5 111
N e

EI ) and enhanced MC item-based CF similarity

EI ) are selected (refer to Step 3 in Section 7 .3 .1 for more details on this

step).

Step 3: Calculate Weighted Predictions
This step computes the rating predictions of all target items an active user has not yet
. d ratmg
· va1ue o f active
· user a
rate d . Th e pre d icte

UxJ

~

E

U on a target item
·
x

E

[,

p MCSeCF :
a,x

[O, 5] , is calculated using the weighted sum of deviations from the mean item

ratings approach (Herlocker, Konstan & Riedl 2002) as given by :
N Sl'm

p

MCSeCF

-

= r\ t-

L
_r=I

(SSim.(._\' x cu:'~ r;.)) +
N

where, r_\ and r

1.

E

L

(eMCICFSimr ,y x cu .~

Y= l

- r;.))

(8.4)

N eMCICF

Se111

L

<1,\

N eMCICF

SSim '- , +

L

eMCICFSim).,\

y=!

[1 ,5] are the mean rating values of the target item x and neighbor

item y respectively. SSim1:,yE [O, 1] (as given by Equation 5.3) and eMC/CFSimx.yE [1, 1] represent the item-based semantic and enhanced MC item-based CF similarity
weights between the target item x and neighbor item y respectively.

Nsem

and

N eMci cF

are two sets of nearest neighbors of the target item x in terms of item-based semantic
and enhanced MC item-based CF similarities respectively, obtained by the neighbors
selection module. u.~

E [

1,5] refers to the total utility of item

y with

respect to the

active user a (refer to Definition 7 .2).
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8.3.1.2 THE MC USER-BASED TRUST-ENHANCED CF
MODULE
This module produces MC user-based trust-enhanced CF recommendations. The
module integrates the MC user-based trust model and the enhanced MC user-based
CF approach to exploit their advantages and eliminate the known limitations of the
current benchmark user-based CF approaches.

Step 1: Calculate MC User-based Implicit Trust and enhanced CF Similarity
This step mainly computes (1) MC user-based implicit trust, and (2) enhanced MC
user-based CF similarity between each pair of users (refer to Step 1 and Step 2 in
Section 7.4.1 for more details on this step).

Step 2: Select Neighbors
Using the user-user trust and CF similarity matrices, two sets of nearest neighbors
that are the most similar users to the active user in terms of trustworthiness
( N Tm .ii

EU) and enhanced user-based CF similarity ( N eMcucF E U) are chosen (refer

to Step 3 in Section 7.4. l for more details on this step).

Step 3: Calculate Weighted Predictions
Computing the ratings predictions is the final important step in the recommendation
process. The deviation-from-mean approach (Herlocker, Konstan & Riedl 2002) is
used in the weighted predictor sub-module to calculate the predicted rating value for
the active user a

E

U on item xE I, p Mcrea : U x I-? [O, 5], as given by
a ,x

."./Trust

L

NeMCUCF

(Trusta.hx(U.~-~)) +

L

(eMCUCFSima,hx(U,~-r1J)

L

eMCUCFSima,h

h= I
b=I
p MCTeCF =~,+~~~~-N-fr-us-,~~~-N-eM~C~UC-F~~~~~~~~~
a .. 1

L

Trusta.h

+

(8.5)
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where ':, and r,

1

E [

1,5] represent the average rating values of the active user a and

potential neighbor user b on all items which are rated by each user separately,

Trusta.bE [0,1] and eMCUCFSima,bE [-1,1] represent the user-based implicit trust and
the enhanced MC user-based similarity values between the active user a and potential
neighbor user b. These values are obtained from the user-user implicit trust and user· .1anty
· matnces.
·
user CF s1m1

NTrusr

· hb ors o f th e
an d JvA-,eMCUCF are two sets o f nearest ne1g

active user a obtained by the neighbors selection module. U_~

E [

1,5] refers to the total

utility of item x with respect to neighbor user b (refer to Definition 7.2).

8.3.1.3 THE PREDICTIONS FUSION MODULE
The fusion prediction value (FPa.xE [0,5]) is calculated as defined by:

pp

n,r

=

= Q and

0

if p

pMCTeCF
a,x

if p MCTeCF

::/:.

pM SeCF

if p MCTeCF

= Q and pa,xMCSeCF

if pMCTeCF

::f: Q

a,x

a,x

a,x

2 X p MCTeCF X p MCSt>CF
a ,x

a,.\

p MCTPCF + p MCSeCF
n,x

MCTeCF
a,x

a, x

a,x

Q and

an

d

p MCSeCF
a,x

p MCSeCF
a,x

=Q
=Q
-:j::.

Q

(8.6)

pMCSeCF 7= Q
a ,x

In this Equation, all pos ible ways to obtain a rating prediction value for active
user a who has not rated the target item x are taken into account. Also, a weighted
ha1monic mean aggregation method is used to combine the prediction rating values of
the MC user-based trust-enhanced CF and the MC item-based semantic-enhanced CF
algorithms. The weighted harmonic mean method will ensure that a high total
prediction rating value is obtained only if prediction rating values of both the MC
user-based trust-enhanced CF and the MC item-based semantic-en11anced CF
algorithms are high.
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Complexity Analysis:
The computational complexity of the Fusion MC-STCF algorithm is the combination
of the computational complexities of both the hybrid MC-SeCF and the hybrid MCTeCF algorithms, which is O(mxn 3 xg + zxmxn 2+ n) + O(m xkMaxProDist + m+ zxmxn

+n) in addition to the predictions fusion process that is O(n).

8.3.2 A CASE-BASED EXAMPLE
Assume that there are six 'Food & Beverage' Australian supplier businesses (S 1 to S 6)
listed in the suppliers' directory. Also, suppose that there are four overseas buyers (B 1
to B4) who have conducted business with some of the listed suppliers and have rated
them on a four multi-criteria assessment. The ratings on each criterion are on a
numeric five- point scale numeric scale from 1 (Poor) to 5 (Excellent). Accordingly, a
raw Supplier-Buyer MC rating matrix can be obtained as depicted in Table 8-22.
Each buyer has to set the initial weights on the four criteria, as shown in Table 8-23.
In the following rating matrix, we can consider buyer B 1 to be an extreme CS user
and supplier S5 to be an extreme CS item, since both have only one rating. A
suppliers ' business taxonomy that contains a set of 8 categories is given in Table 8-24.
Table 8-22 Raw Supplier-Buyer multi-criteria rating matrix
Suppliers

s.

S2

O:i
~~

9 9

9

B1

?

B2

3

B3

5

84

?

~

84

S3

['J

(j

!)

.9

?

?

?

?

?

?

4

3

2

4

4

2

?

?

?

?

5

3

5

2

2

3

4

2

1

?

?

?

3

4

2

2

?

(j

"'"

9 !) 9

s6

Ss

f'i 9

!)

9

"'"

4

?

?

?

?

?

?

?

?

?

?

?

?

3

3

2

4

4

2

?

?

?

?

?

?

?

?

?

?

?

3

5

4

5

?

?

?

?

5

5

3

4

?

?

?

?

?

?

?

4

3

4

4

5

4

4

3

('j

9

9 9

('j

"'"

(j

!)

9 f'i
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Table 8-23 Buyers weights on the four criteria
Criteria

~

~l'b
~

C1

C2

C3

C4

81
82
83
84

0.1

0.3
0.2
0.2
0.2

0.4

0.2
0.3
0.3
0.2

0.2
0.4
0.2

0.3
0.1
0.4

Table 8-24 Supplier-Supplier category vector matrix
Suppliers

Cat 6

Cat 7

Cat 8

1

0

1

0

0

0

1

1

0

0

0

0

l

0

l

1

Category

Cat 1

Cat2

Cat 3

Cat4

Cat 5

S1
S2
S3
S4
Ss

0

0

0

0

0

1

0

l

1

l

1

0

1

1

l

0

s6

0

1

1

0

0

0

1

l

l

0

0

0

l

0

0

1

Now, assume that buyer B 1 is looking for 'Food & Beverage' Australian supplier
businesses. A numerical recommendation example is given to illustrate how the
Fusion MC-STCF recommendation algorithm is used to generate recommendations.

Step 1: Compute MC Item-based Semantic-enhanced CF Predictions

Sub-step 1.1: Computing item-based Semantic similarity
In this step, based on Table 8-24, we calculate the item-based semantic similarity
values between the six suppliers as given in Table 8-25.
Table 8-25 Supplier-Supplier semantic similarity matrix
SSim s·s

S1
S2
S3
S4

S1

S2

S3

S4

Ss

s6

0.00

0.17

0.20

0.25

0.29

0.33

0.40

0.14

0.40
0.60

Ss

s6
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Sub-step 1.2: Computing enhanced MC item-based CF similarity
Based on the supplier-buyer MC rating matrix, we can compute the enhanced MC
item-based CF similarities between the six suppliers as given in Table 8-26.
Table 8-26 Supplier-Supplier enhanced MC item-based CF similarity matrix
(according to Buyer B 1 criteria' weights)
eMCICFSim s·.5'

81

82

83

84

8s

86

0.067

-0.20

-0.23

NIA

-0.067

82

-0 .45

-0.74

S3

NIA

NIA

84

NIA

0. 27

81

0.05

8s
86

Sub-step 1.3: Select neighbors
Let the number of nearest neighbors

N s em

= 4 and

NeMCJCF

= 4, then based on Tables 8-

25 and 8-26, we can identify the nearest neighbors to any given buyer in terms of
item-based semantic and enhanced item-ba ed CF similarities, as shown in Table 827.
Table 8-27 Neighbors selection
..:
..

i..
IV

~

0

:!l-o
~
i..

s•

Sz

s6

Ss

S4

S3

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

CF

Semantic

1

S2

86

81

86

81

84

86

86

s6

84

S4

S4

2

86

82

84

8s

84

86

S1

83

S2

S2

Ss

S2

3

83

8s

Ss

83

NIA

S2

S2

Ss

NIA

S1

81

S3

4

S.t

S4

86

84

NIA

Ss

83

S2

NIA

s6

S2

81
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Sub-step 1.4: Calculate weighted predictions
On the basis of Tables 8-25, 8-26 and 8-27, we can use Equation (8.4) to calculate
predicted rating values on each un-rated supplier fo r all buyers, as shown in Table 828.
Table 8-28 MC-SeCF predicted Supplier-Buyer rating matrix

B uyers

Step 2: Compu te User-based Trust-enhanced CF Predictions
Sub-step 2.1: Calculate MC implicit trust between users
The direct MC implicit trust values of each pair of buyers are calculated, and
therefore we obtain the buyer-buyer direct implicit trust values, as shown in Table 829.
Table 8-29 Buyer-Buyer direct MC impJicit trust matrix
DTrusl 8 ·.8 ·

In Table 8-29, we observe that there are no direct implicit trust com1ections
between buyer B 1 and buyers B 3 and B4 as they do not co-rate any similar suppliers,
thus implicit trust propagation is needed in this situation to infer the indirect implicit
trust values between them . Let/..,= 0.15 andMaxProDist = 2 (i.e. ,

/3d= 0.50), we can

calculate the propagated trust values between all buyers, as shown in Table 8-3 0.
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Table 8-30 Buyer-Buyer propagated implicit trust matrix
PTrust 8 ·.8 ·

83

84

0.20

0.20

82

81

0.155

82
83

0.167

84

0.083

0.20

Sub-step 2.2: Calculate enhanced user-based CF similarity
Based on the supplier-buyer MC rating matrix , we can compute the enhanced MC
user-based CF similarities between the four buyers as given in Table 8-31.
Table 8-31 Buyer-Buyer enhanced MC user-based CF similarity matrix
eM CUCFSim B '. B '

Sub-step 2.3: Select neighbors
Let the number of nearest neighbor·

N Tnrn

= 3 and

NeMcucF

=

3, then based on Tables

8-30 and 8-31, we can identify the nearest neighbors to any given buyer in terms of
trustworthiness and enhanced MC user-based CF similarity, as shown in Table 8-32.
Table 8-32 Neighbors selection
Neighbors
or der

....

B1

84

83

Bz

CF

Trust

CF

Trust

CF

Trust

CF

Trust

1

B2

82

81

83

84

B2

83

83

2

NIA

83

83

B2

B2

84

NIA

B1

3

NIA

84

NIA

B1

NIA

B1

NIA

B2
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As shown in Table 8-32, buyer B 1, who is considered to be a CS user, has only
one neighbor (buyer B 2) in terms of the enhanced MC user-based CF approach who
can be used to produce recommendations. However, buyer B 1 (by exploiting the
advantage of trust propagation) has three trusted neighbors (buyers B 2, B 3, and B 4)
who can be used to produce recommendations.

Sub-step 2.4: Calculate weighted predictions
On the basis of Tables 8-30, 8-31 and 8-32, we can use Equation (8.5) to calculate the
predicted rating values on each un-rated supplier for all buyers, as shown in Table 833 .
Table 8-33 MC-TeCF predicted Supplier-Buyer matrix
Su

Hers

Buyers

Step 3: Predictions Fusion
On the basis of Tables 8-28 and 8-33, we can use Equation (8.6) to calculate the final
MC-FSTCF predicted rating values on each un-rated supplier for all buyers, as shown
in Table 8-34.
Table 8-34 Fusion MC-FSTCF predicted Supplier-Buyer rating matrix
Su

Hers

Buyers
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Finally, let Top-k (k =3), hence, the most interested three suppliers for an active
buyer are recommended. According to the final MC-FSTCF predicted supplier-buyer
rating matrix, the top three recommended suppliers for active buyer B 1 are S6 (FP 81 . 56
= 4.09), Ss (FP 8 1. 55 = 3.48) and S4 (FP 8 1. 54 = 3.03), as shown in Table 8-34.

8.3.3 EXPERIMENTAL EVALUATIONS AND ANALYSIS
This section validates the performance of the proposed Fusion MC-STCF
recommendation algorithm through a comparison with benchmark item-based CF,
user-based CF, hybrid MC-SeCF and hybrid MC-TeCF recommendation algorithms.
This section includes the datasets and measures used for evaluation and the evaluation
results.

8.3.3.1

EVALUATION DATASET AND M ETRICS

The Yahoo! Movies MC dataset has been used to validate the performance of the
proposed Fusion MC-STCF algorithm. The Yahoo! Movies MC dataset is the ideal
dataset to use since it forms a consistent family of criteria according to basic
principles of MCDM (refer to Appendix-A for more details on the dataset). To verify
the validity of the experimental results, a hold-out cross-validation method is applied.
Through cross-validation the Yahoo! Movies MC dataset is divided into a training et
and a test set, with the training set consisting of 80% of the data and the test set
consisting of 20% of the data. To evaluate the quality of the proposed algorithm, the
recommendations produced were evaluated against the overall ratings provided by
individual users using the Mean Absolute Error (MAE), and Coverage metrics (refer
to Section 2.3.6 for more details on the metrics).

8.3.3 .2

BENCHMARK RECOMMENDATION APPROACHES

Taking into consideration that the Fusion MC-STCF algorithm is a combination of
user-based and item-based recommendation algorithms, four item-based and userbased CF algorithms are implemented and used as benchmarks to validate the
performance of the proposed Fusion MC-STCF algorithm. The benchmark CF-based

250

Chapter 8: Fusion based Recommendation Algorithms

algorithms are Sarwar' s item-based CF (denoted as Sarwar-ICF)(Sarwar et al. 2001),
the Deshpande and Karypis item-based CF (denoted as Deshpande-ICF)(Deshpande
& Karypis 2004), Resnick 's user-based CF (denoted as Resnick-UCF)(Resnick et al.

1994), and Shardanand's user-based CF (denoted as Shardanand-UCF)(Shardanand &
Maes 1995). Additionally, we use the previously proposed hybrid MC-SeCF and
hybrid MC-TeCF algorithms (both algorithms proposed in Chapter 7) as benchmarks
to demonstrate the advantages of recommendations fusion of the Fusion MC-STCF
algorithm.

8.3.3.3

EVALUATION RESULT S

This section compares the perfo1mance of the Fusion MC-STCF recommendation
algorithm with the benchmark item-based CF, user-based CF, hybrid MC-SeCF and
hybrid MC-TeCF recommendation algorithms using the Yahoo! Movies MC dataset
to confi rm the improvement of Fusion MC-STCF recommendation algorithm,
specifically, in terms of recommendation accuracy as well as resolving sparsity, CS
item and CS user problems.
1)

Comparing the Recommendation Accuracy of the f."usion MC-STCF
Algorithm with Benchmark Approaches

This experiment aims to compare the recommendation accuracy of the Fusion MCSTCF

recommendation

algorithm

with

respect

to

the

other

benchmark

recommendation approaches. Table 8-35 shows that, compared to the benchmark
recommendation approaches, the Fusion MC-STCF recommendation algorithm has
the highest recommendation accuracy at any given neighborhood size. Therefore, it
can be concluded that the Fusion MC-STCF recommendation algorithm that takes
advantage of users' trust, items' semantic and user-item MC rating information is a
significant improvement on the recommendation accuracy compared to other
benchmark recommendation approaches.
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Table 8-35 Recommendation accuracy (MAE) comparison between the Fusion MCSTCF algorithm with benchmark CF-based, hybrid MC-SeCF and hybrid MC-TeCF
algorithms on different number of neighbors
Size
of NB

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
MC-SeCF

Hybrid
MC-TeCF

Fusion
MC-STCF

10

0.864

0.851

1.671

1.093

0.663

0.664

0.647

20

0.871

0.850

1.259

0.921

0.661

0.666

0.644

30

0.875

0.850

1.117

0.886

0.658

0.664

0.642

40

0.877

0.850

1.059

0.872

0.659

0.667

0.643

50

0.878

0.850

1.019

0.865

0.660

0.667

0.644

70

0.880

0.850

0.986

0.859

0.661

0.669

0.644

90

0.882

0.850

0.974

0.856

0.663

0.668

0.644

2)

Impact of the Fusion MC-STCF Algorithm on the Data Sparsity Problem

This section presents the experimental results to confirm the effectiveness of the
Fusion MC-STCF recommendation algorithm in addressing the data sparsity problem
(the sparse datasets used in this section are the same as those used in Section 7.3.6.2).
Two experiments have been carried out using the six sparse datasets to compare
recommendation accuracy and coverage at different sparsity levels. Tables 8-36 and
8-37 show the recommendation accuracy and coverage results of the Fusion MCSTCF recommendation algorithm compared to the benchmark recornmendation
approaches. Based on the results, it can be seen that the Fusion MC-STCF
recommendation algorithm significantly outperforms the benchmark recommendation
approaches in terms of recommendation accuracy and coverage at different levels of
sparsity. Accordingly, by considering both recommendation accuracy and coverage, it
can be concluded that the Fusion MC-STCF recommendation algorithm is a
significant improvement in alleviating the data sparsity problem compared to other
benchmark recommendation approaches.
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Table 8-36 Recommendation accuracy (MAE) comparison between the Fusion MCSTCF algorithm with benchmark CF-based, hybrid MC-SeCF and hybrid MC-TeCF
algorithms on different levels of Sparsity
Sparsity
(%)

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
MC-SeCF

Hybrid
MC-TeCF

Fusion
MC-STCF

99.8

4 .009

4.049

4 .045

4.045

2.835

2 .750

2.317

99.5

3.313

3.527

3.868

3.658

1.766

1.091

1.051

99.0

1.827

2.197

2.737

2.234

0.981

0.824

0.771

98.8

1.410

1.718

2.199

1.700

0.858

0.781

0.732

98.5

1.202

1.367

1.701

1.297

0.796

0.747

0.698

98.0

0.952

0.986

1.166

0.960

0.716

0.693

0.668

Table 8-37 Recommendation coverage comparison between the Fusion MC-STCF
algorithm with benchmark CF-based, hybrid MC-SeCF and hybrid MC-TeCF
algorithms on different levels of Sparsity
Sparsity
(%)

DeshpandeICF

SarwarICF

ResnickUCF

Shardanand
-UCF

Hybrid
MC-SeCF

Hybrid
MC-TeCF

Fusion
MC-ST CF

99.8

0.91

0.00

0.30

0.30

37.80

37.20

53.66

99.5

20.94

14.17

6.63

12.48

69.57

90 .12

91.42

99.0

66.33

53.18

42.67

57.47

92.85

98.64

98.78

98.8

79.78

68.56

59.00

73 .63

95.44

98.41

98 .5

87 .87

79.82

73.21

9'7.53

99.10

99.24

98 .0

95.30

91.56

99.07

99.46

99.57

----· - ·- ------ -·
-·

-3)

__

,_,

84.63
--i---------89.01
94.40

I

98.63

------- - - - -·-1---------

Impact of the Fusion MC-STCF Algorithm on the CS Item Problem

This section shows the experimental results to validate the effectiveness of the Fusion
MC-STCF recommendation algorithm in alleviating the CS item problem (the CS
items datasets used in this section are the same as those used in Section 7.3.6.3). In
our evaluation scenario, two experiments are perfonned on the seven CS items
datasets to measure recommendation accuracy and coverage. Tables 8-38 and 8-39
demonstrate the recommendation accuracy and coverage results of the Fusion MCSTCF recommendation algorithm compared to the benchmark recommendation
approaches. The results of Tables 8-38 and 8-39 verify that the Fusion MC-STCF
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recommendation algorithm has the highest recommendation accuracy and coverage at
any given number of ratings for CS items compared with the benchmark
recommendation

approaches.

Therefore,

compared

to

the

benchmark

recommendation approaches and by considering both recommendation accuracy and
coverage, it can be concluded that the Fusion MC-STCF recommendation algorithm
offers a significant improvement in alleviation of the CS item problem.
Table 8-38 Recommendation accuracy (MAE) comparison between the Fusion MCSTCF algorithm with benchmark item-based CF and hybrid MC-SeCF algorithms on
different number of ratings for CS items
CS Items

Deshpande-ICF

Sarwar-I CF

Hybrid MCSeCF

Fusion MCSTCF

4

3.952

3.952

3.762

3.738

6

3.901

3.901

2.984

2.669

8

3.745

3.745

2.717

2.397

10

3.529

3.578

2.608

1.908

12

3.675

3.674

2.597

1.886

15

3.448

3.630

2.199

1.450

--·----------·

3. 160

3.358

1.842

1.326

20

Table 8-39 Recommendation coverage comparison between the Fusion MC-STCF
algorithm with benchmark itero-based CF and hybrid MC-SeCF algorithms on different
number of ratings for CS items
CS Items

Deshpande··ICF

Sarwar-I CF

Hybrid MCft
Se CF

Fusion MCSTCF

4

0.00

0.00

11 .90

11.90

6

0.00

0.00

29 .75

39.67

8

1.09

1.09

39 .1 3

48.37

10

2.28

0.76

39 .54

66.16

12

3.69

2.77

45 .54

70.46

15

13.28

8.14

57 .60

81.37

20

22.84

15.66

68.84

86.62
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4)

Impact of the Fusion MC-STCF Algorithm on the C S User Problem.

This section examines the effectiveness of the Fusion MC-STCF recommendation
algorithm in addressing the CS user problem. In this evaluation scenario, two
experiments have been conducted on the seven CS users' datasets to measure
recommendation accuracy and coverage (the CS users datasets used in this section are
the same as those used in Section 7.3.6.3). Tables 8-40 and 8-41 demonstrate the
recommendation

accuracy

and

coverage

results

of the

Fusion

MC-STCF

recommendation algorithm against the benchmark recommendation approaches.
Looking into the results, we can see that the Fusion MC-STCF recommendation
algorithm has the highest recommendation accuracy and coverage at any given
number of ratings for CS user compared with the benchmark recommendation
approaches. Thus, by considering both recommendation accuracy and coverage, it can
be concluded that the Fusion MC-STCF recommendation algorithm offers a
significant improvement in the alleviation of the CS user problem compared to the
benchmark recommendation approaches.
Table 8-40 Recommendation accuracy (MAE) comparison between the Fusion MCSTCF aJgorithm with benchmark user-based CF and hybrid MC-TeCF algorithms on
different number of ratings for CS users
Shardanand-

UCF

Hybrid MCTeCF

Fusion MCn
STCF

3.525

2.899

1.094

1.041

12

3.149

2.443

0.821

0.771

14

2.861

2.072

0.784

0.738

16

2.631

1.797

0 .763

0.719

18

2.405

1.615

0.754

0.706

20

2.313

1.561

0.726

0.693

25

2.051

1.343

0.708

0.676

CS Users

Resnick-UCF

10
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Table 8-41 Recommendation coverage comparison between the Fusion MC-STCF
algorithm with benchmark user-based CF and hybrid MC-TeCF algorithms on different
number of ratings for CS users
CS Users

Resnick-UCF

ShardanandUCF

Hybrid MCTe CF

Fusion MCSTCF

10

16.06

36 .01

92 .89

93.81

12

29.01

50 .00

97.35

98.24

14

39.04

63 .31

98.41

98.60

16

45.49

69 .34

98 .75

98.90

18

52.64

74 .87

99.40

99.45

20

55.11

76.84

99.21

99.41

25

64 .15

83.77

99.52

99.52

8.4 SUMMARY
This chapter proposes two fusion-based recommendation algorithms, Fusion SCSTCF and MC-STCF. The Fusion SC-STCF algorithm fuses the hybrid item-based
SeCF and the hybrid user-based TeCF algorithms. The Fusion MC-STCF
recommendation algorithm fuses the hybrid item-based MC-SeCF and the hybrid
user-based MC-TeCF recommendation algorithms. The proposed fusion-based
algorithms, by employing the underlying semantic relationships between items and
utilizing the intuitive properties of ttust propagation between users, significantly
improve recommendation accuracy as well as addressing the data sparsity, CS items
and CS user problems. The experimental results verify the advantages of the proposed
fusion-based algorithms, by achieving better accuracy and greater coverage, in
alleviating the data sparsity, CS item and CS user problems, while also achieving
better recommendation accuracy than the benchmark recommendation approaches.
However, in terms of computational complexity, the proposed Fusion SC-STCF
recommendation algorithm is computationally more expensive than the SC-SeCF and
SC-TeCF recommendation algorithms. The proposed Fusion MC-STCF and
recommendation algorithm is also computationally more expensive than the MCSeCF and MC-TeCF recommendation algorithms.
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CHAPTER 9

CONCLUSIONS AND FUTURE STUDY

This chapter draws conclusions on the research presented in this thesis and presents
some future research directions. The chapter is presented in two sections.

9.1 CONCLUSIONS
This research is motivated by the fact that the adoption of personalization
technologies, in particular, recommender systems in e-Govemment applications, has
received very limited attention or recognition. Since e-Services provided by eGovernments are becoming richer and more varied on the World Wide Web, more
attention should be paid in practice to the personalization of e-Service by both eGovemment administrators and researchers. The crucial challenges in CF-based
recommendation approaches, in particular the problems of data unce1iainty, data
sparsity, CS item and CS user problems, along with inaccurate recommendations,
remain open cha] Ieng es that need to be investigated more extensively and resolved. In
light of the above issues, this research makes the following main contributions:
•

It proposes a personalized G2B recommendation framework that provides

personalized G2B e-Services, particularly for providing personalized business
partners recommendations e-Services for SMBs (Chapter 3).
To the best of our knowledge, a commonly accepted framework for business
partner

recommendations

is

not

yet

available.

In

this

research,

a

G2B

recommendation framework called IBPL for business partner recommendations has
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been proposed. It is worth mentioning that an initial recommendation system
prototype called ' BizSeeker' to proof the proposed framework has been implemented
(Lu et al. 2010) (refer to Appendix-B for screenshots of the 'BizSeeker' prototype
system).
The proposed IBPL recommendation framework will address the personalized
recommendation issues of a business partner matching e-Service as a G2B e-Service
delivered by an e-Govemment to business users. As the current solution of
government e-Services is mainly a 'one size fits all' which cannot satisfy the
increasing

e-Service

requirements

of individual

users, the

proposed

IBPL

recommendation framework will be of great value in e-Govemment personalization
research. It will facilitate the transformation of current G2B e-Services into a new
stage in which the e-Govemment agencies offer personalized e-Services to business
users. Also, as more research is needed to advance the current development state of eGovemment, the proposed IBPL recommendation framework can be used widely in
e-Govemments to improve the quality of G2B e-Services, and therefore improve eGov mment development. The value of the proposed IBPL recommendation

framework, as a G2B e-Serv1ce, has been assessed using the assessment value grid
proposed in Montagana (2005). The assessment demonstrates that the development of
the IBPL recommendation framework is a beneficial e-Government project.
Finally, the proposed IBPL recommendation framework is a unified framework
which includes seven different novel hybrid recommendation algorithms capable of
deali ng with different sources of information (e.g. , items' semantic, users' trust, fuzzy
linguistic rating, and multi-criteria rating information) to handle most of the
limitations

of CF-based

recommendation

approaches.

The

proposed

hybrid

algorithms are presented in the following contributions.
•

It proposes a fuzzy-based recommendation algorithm (Chapter 4) . To dea1 with

the data uncertainty, data sparsity, CS item and recommendation accuracy drawbacks
of CF-based recommendation approaches, a novel hybrid FSCF recommendation
algorithm that adopts a fuzzy linguistic approach to efficiently represent user ratings
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has been designed and developed. The proposed fuzzy linguistic approach applies the
fuzzy set technique, using fuzzy linguistic terms and membership functions to
accommodate the uncertainty inherent in a user's ratings by providing an opportunity
for us ers to express their preferences using fuzzy linguistic tenns instead of numerical
numbers. To further improve the fuzzy-based recommendation algorithm, we propose
and incorporate a fuzzy product semantic relevance model that takes advantage of the
underlying semantic properties and attributes between any pair of items in an item
taxonomy to identify their fuzzy-based semantic similarity. An item-based fuzzy CF
similarity approach that uses the users' items preferences to identify user similarity
has been proposed. Finally, we integrate the fuzzy product semantic relevance model
and item-based fuzzy CF similarity approach to build a novel hybrid FSCF
recommendation algorithm. Experimental results on three datasets confirm that the
hybr·d FSCF recommendation algorithm significantly improves the recommendation
perfi rmance in te1ms of improving recommendation accuracy (i.e., by mitigating the
data uncertainty problem), as well as dealing with data sparsity and CS item problems.

• I proposes a semantic-enhanced recommendation algorithm (Chapter 5). To deal
with the semantic features of the items in the recommendation process, which cannot
be handled well in pure CF-based recommendation approaches, a novel hybrid SeCF
recommendation algorithm has been designed and developed. First, an item-based
semantic similarity model is proposed to identify the semantic similarity between any
pair of items by exploiting their underlying semantic relations in the item taxonomy.
An enhanced item-based CF similarity approach that takes into account the ratio
between the common users who rate both items and the total number of users who
rate each item individually when calculating the item-based similarity has been
proposed. Finally, we combine the item-based semantic similarity model and the
enha ced item-based CF approach to build a novel hybrid SeCF recommendation
algorithm. Experimental results on three datasets verify that the hybrid SeCF
recommendation algorithm significantly improves the recommendation accuracy, as
well as alleviating data sparsity and CS item problems. This improvement is due to
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the use of the items' underlying semantic relations to provide additional information
to the rating information, allowing the recommendation algorithm to make inferences
based on an additional (i.e., external) source of knowledge.

• It proposes a trust-enhanced recommendation algorithm (Chapter 6). To deal with
the data sparsity, CS user and recommendation accuracy drawbacks of CF-based
recommendation approaches, a novel hybrid TeCF recommendation algorithm has
been designed and developed. First, a user-based implicit trust model is proposed to
deal with the potential implicit trust relations between users in the recommendation
process, which cannot be handled well in pure CF-based recommendation approaches.
Explicit trust-based recommendation models suffer from the problem that extra user
efforts is required to label the trust statements. The proposed user-based implicit trust
model solves this problem by measuring the trustworthiness of a given user based on
his/her history of making reliable recommendations. Thus, there is no need for extra
user efforts to label the explicit trust statements. An enhanced user-based CF
similarity approach that takes into account the overlap items that two users have rated
in common and the number of items that both users have rated in total when
calculating user-based similarity has been proposed. Finally, we combine the userbased implicit trust model with the enhanced user-based CF similarity approach to
build a novel hybrid TeCF recommendation algorithm. Experimental results on three
datasets reveal that the hybrid TeCF recommendation algorithm can significantly
improve recommendation accuracy, as well as address the alleviation of data sparsity
and CS user problems. This improvement is due to the use of the intuitive properties
of trust and trust propagation to provide additional information to the rating
information, thus allowing the recommendation algorithm to make inferences based
on an additional source of knowledge.

•

It proposes two Multi-Criteria based recommendation algorithms (Chapter 7) .

Research in recommender systems is now becoming aware of the importance of
incorporating multi-criteria rating

to

improve recommendation

performance.

However, to the best of our knowledge, there are still no public recommendation
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systems which can deal with multi-criteria ratings. Following the assumption that
additional information on each user's preferences would help to accurately model
user preferences generally, and thus lead to more accurate recommendations, two MC
recommendation algorithms that have been extended from the proposed hybrid SeCF
and hybrid TeCF recommendation algorithms have been proposed. The hybrid MCSeCF and the hybrid MC-TeCF recommendation algorithms have been designed and
developed. Experimental results on the Yahoo! Movies MC rating dataset prove that
the hybrid MC-SeCF and the hybrid MC-TeCF recommendation algorithms
significantly improve recommendation accuracy when compared with the original
single-criteria versions (hybrid SC-SeCF and hybrid SC-TeCF algorithms). Thus, we
can conclude that integrating multi-criteria ratings in recommender systems can
indeed help to improve recommendation accuracy.

• It proposes two fusion-based recommendation algorithms (Chapter 8). The two
hybrid recommendation algorithms proposed in this research that incorporate
additional knowledge about users and items beside the rating information proved to
improve recommendation performance by alleviating most of the drawbacks of CFbased recommendation approaches. To achieve yet more effective recommendation
results in terms of accuracy and resolving data sparsity, CS item and CS user
problems, two fusion-based recommendation algorithms that fuse the semantic, trust
and CF information of items and users in SC and MC rating schemes have been
designed and developed. The first is the Fusion SC-STCF recommendation algorithm
that fuses the hybrid SeCF and hybrid TeCF recommendation algorithms. The second
is the Fusion MC-STCF recommendation algorithm that fuses the hybrid MC-SeCF
and hyb rid MC-TeCF recommendation algorithms. Experimental results on three
datasets demonstrate that the fusion-based recommendation algorithms are able to
provide more accurate recommendations, in very sparse datasets, in particular, and
also generate more reliable recommendations for CS items and CS users when
compared with their individual components (i.e. , Fusion SC-STCF compared with
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hybrid SeCF and hybrid TeCF; Fusion MC-STCF compared with hybri d MC-SeCF
and hybrid MC-TeCF).
A comparative analysis of the effectiveness of the proposed SC-based
recommendation algorithms and MC-based recommendations algorithms is shown in
Tables 9-1 and 9-2, respectively. In these tables, the proposed SC-based and MCbased recommendation algorithms are ordered by their effectiveness in terms of
recommendation accuracy, as well as their ability to deal with data sparsity, CS item
and CS user problems. Ranks are ordered where 1 is the rank of the highest, 2 is the
rank of the second highest, and so on. In Table 9-1 , the ranking of SC-based
algorithms in terms of recommendation accuracy results is based on the Movielens
and Yahoo! Webscope datasets, whereas the ranking of SC-based algorithms in terms
of dealing with data sparsity, CS item and CS user problems is based on datasets
selected from the MovieLens dataset. According to Table 9-1, it is worth noting that:
l) The fusion STCF recommendation algorithm is the best performing algorithm in

terms of recommendation accuracy, data sparsity, CS item and CS user problems. The
average percentages of MAE improvement of the fusion STCF algorithm in terms of
recommendation accuracy are 5%, 8.4% and 8.2% over the hybrid FSCF, the hybrid
SeCF and the hybrid TeCF algorithms respectively. In terms of dealing with the data
spar ity problem, the average percentages of MAE improvement of the fusion STCF
algorithm are 8.3%, 10.2% and 17.8% over the hybrid FSCF, the hybrid SeCF and the
hybrid TeCF algorithms respectively. The average percentages of MAE improvement
of t e fusion STCF algorithm in dealing with the CS item problem are 19% and
17.3°/o over the hybrid FSCF and the hybrid SeCF algorithms respectively. Finally,
the average percentage of MAE improvement of the fusion STCF algorithm in terms
of dealing with the CS user problem is 7% over the hybrid TeCF algorithm.
2) The hybrid FSCF recommendation algorithm is, on average, the second best
performing algorithm in terms of recommendation accuracy, data sparsity and CS
item problems. The average percentages of MAE improvement of the hybrid FSCF
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algorithm in terms of recommendation accuracy are 3.6% and 3.3% over the hybrid
SeCF and the hybrid TeCF algorithms respectively. The average percentage of MAE
improvement of the hybrid FSCF algorithm in dealing with the data sparsity problem
is 10.4% over the hybrid TeCF algorithm. However, the hybrid SeCF algorithm has a
slight average percentage of MAE improvement with only 2% over the hybrid FSCF
algorithm in dealing with data sparsity. The hybrid FSCF algorithm also has a slight
average percentage of MAE improvement with only 2% over the hybrid SeCF
algorithm in terms of dealing with the CS item problem. Thus, as the average
percentage of improvement of 2% is not greatly significant, we give the same rank
(i. e., rank = 2) to each of the hybrid FSCF and hybrid SeCF recommendation
algorithms in terms of dealing with data sparsity and CS item problems.
3) The hybrid TeCF recommendation algorithm has a slight average percentage of

MAE improvement with only 0.3% over the hybrid SeCF algorithm in terms of
recommendation accuracy. Thus, as the average improvement percentage of 0.3 % is
qu ite small, we assign th e same rank (i.e. rank=3) to each of the hybrid TeCF and
hybri d SeCF recomm endation algorithms in tem1s of recommendation accuracy.
However, the hybrid SeCF algorithm has a considerable average percentage of MAE
improvement with 8.5% over the hybrid TeCF algorithm in terms of dealing with the
data sparsity problem.
4) The hybrid FSCF and hybrid SC-SeCF recommendation algorithms are both more

effective than the hybrid SC-TeCF algorithm in dealing with extreme cases of data
sparsity where sparsity levels >= 99% . The reason is that the SC-TeCF algorithm
mainl y bases its recommendations on users ' rating infonnation, and with extreme
cases of data sparsity where a very limited number of ratings is available, the SCTeCF algorithm becomes less effective than the hybrid FSCF and hybrid SC-SeCF
algorithms that use an external source of knowledge (i.e. , semantic information) to
generate recommendations (this also depends on the amount of available semantic
information). However, the intuitive properties of trust propagation in the SC-TeCF
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algorithm make it more effective than the hybrid FSCF and hybrid SC-SeCF
algorithms in dealing with data sparsity where sparsity levels < 99%.
5) Generally, the hybrid FSCF and hybrid SC-SeCF recommendation algorithms both
provide better results than hybrid SC-TeCF in terms of recommendation accuracy and
data sparsity when only a high amount of semantic information is available (i.e.,
dense item-category matrix).
Table 9-1 Comparative analysis of the effectiveness of the proposed SC-based
recommendation algorithms
Rank of SC-based Algorithms
Accuracy
Hybrid
FSCF

2

Hybrid SeCF

3

Hybrid
TeCF

3

Fusion STCF

1

Data Sparsity

CS Item

CS user

2 (very effective
with extreme
cases of sparsity
where sparsity
level >= 99%)
2 (very effective
with of sparsity
where sparsity
level >= 99%)
3 (more effective
than above
algorithms where
sparsity level <
99%)

Complexity

O(m xn 3 xcat 2 x
subxp)

O(m xn 3 xg)

O(m x kMa.1Pr,1D)

0 mxn3xg) +

1

l

O(m x kMarProD)

O(n)

In Table 9-2, the ranking of MC-based algorithms in terms of recommendation
accuracy, data sparsity, CS item and CS user problems is based only on the Yahoo!
Movies MC dataset. According to Table 9-2, it is worth noting that:
1) The fusion MC-STCF recommendation algorithm is the best performing algorithm
in tenns of recommendation accuracy, data sparsity, CS item and CS user problems.
The average percentages of MAE improvement of the fusion MC-STCF algorithm in
tenns of recommendation accuracy are 3% and 3.7% over the hybrid MC-SeCF and
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the hybrid MC-TeCF algorithms respectively. In terms of dealing with the data
sparsity, the average percentages of MAE improvement of the fusion MC-STCF
algorithm are 9.4% and 21.6% over the hybrid MC-TeCF and the hybrid MC-SeCF
algorithms respectively. The average percentage of MAE improvement of the fusion
MC-STCF algorithm in terms of dealing with the CS item is 17.8% over the hybrid
MC-SeCF algorithm. Finally, the average percentage of MAE improvement of the
fusion MC-STCF algorithm in dealing with the CS user is 5.4% over the hybrid MCTeCF algorithm.
2) The hybrid MC-SeCF recommendation algorithm has a slight average percentage
of MAE improvement with only 0.8% over the hybrid MC-TeCF algorithm in terms
of recommendation accuracy. Hence, since the average improvement percentage of
0.8 % is relatively small, we assign the same rank (i.e. rank=2) for each of the hybrid
MC-SeCF

and

hybrid

MC-TeCF

recommendation

algorithms

in

terms

of

recommendation accuracy. However, the hybrid MC-TeCF algorithm has a
considerable average percentage of MAE improvement with 13.4% over the hybrid

MC-Se F algorithm in terms of dealing with the data sparsity. This is due to the
limited amount of semantic infolTilation available in the Yahoo! Movies MC dataset.
Tahle 9-2 Comparative analysis of the effectiveness of the proposed MC-based
recommendation algorithms
- - - - . - - - -·- - - 1

Rank of MC-based Algorithms
Data Sparsity

Hybrid MCSeCF

2

3

O(rn xn 3 xg +
zxmxn 2)

Hybrid MCTeCF

2

2

O(m xkMaxProD +
zx m xn).

1

O(m xn 3 xg +
zxmxn 2) +
O(m xkMa1ProD +
zxmx n) + O(n)

Fusion MCSTCF

1

CS Item

1

CS user

Complexity

Accuracy

1
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However, more large-scale rating datasets, especially MC rating datasets, are
needed to draw definite conclusions regarding the comparative effectiveness of the
proposed SC-based and MC-based recommendation algorithms. As shown in Tables
9-1 and 9-2, an important limitation of the proposed SC-based and MC-based
recommendation algorithm is the computational complexity. Although our proposed
recommendation algorithms are computationally more expensive than classical CFbased recommendation approaches, but high computational complexity is often
required to enhance the quality of recommendations. As a future work, the
computational complexity of proposed recommendation algorithms can be reduced by
using effective complexity reduction techniques such as clustering methods.

9.2 FUTURE STUDY
Future research directions in this research can be summarized in the following tasks:

• We plan to further extend the 'BizSeeker' prototype system to include all of the
proposed recommendation algorithms in this study. The system, as a personalized eGovemment to business e-Service provider, will be able to recommend relevant SMB
partner

to business users, and thereby reduce the excess time, cost and risk to

businesses involved in searching for qualified business partners in local and
internat10nal markets. Moreover, we will consider deploying the developed
recommender system in real applications.
We plan to extend our item-based semantic similarity model in the semanticbased recommendation algorithm by including more comprehensive item taxonomy
that takes into account more implicit semantic relationships between items that can be
reasoned upon to generate better recommendations.

• We plan to introduce a global reputation model of items. In our application, the
business partner recommendations, a global reputation score for a business is a very
important consideration to estimate how the community as a whole considers a
certain business. For example, if Supplier X has been recommended to Buyer Y, after
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viewing the global reputation score of Supplier X, Buyer Y would be: (1) very hesitant
to do business with Supplier X who has a low global reputation score as a result of a
bad

istory of failing to honor its obligations; (2) more comfortable to do business

with Supplier X who has a high global reputation score as a result of an excellent
history of honoring his obligations.

•

Vv! e plan to design and develop an efficient method for updating and rebuilding

the implicit trust social network. Once the implicit trust social network has been built,
it will be difficult to instantly reflect new information for user preferences. Updating
the implicit trust social network has not regularly been considered because of the
expensive computational time required for this process. Accordingly, an efficient
method of updating and rebuilding the implicit trust social network is required.
•

We plan to explore the perfomrnnce of alternative techniques to leverage multi-

criteria ratings in MC-based recommendation algorithms, and to further validate the
accuracy perfom1ance of the MC-based recommendation algorithms on large-scale
MC rating datasets.
111

We plan to study the impact of different fusion strategies on the recommendation

quaJi y of the fusion-based recommendation algorithms.
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APPENDICES

APPENDIX A: DATASETS DESCRIPTION
This section gives details of all the datasets used in this thesis.

• The MovieLens Dataset
The MovieLens dataset is the most widely used dataset in recommendation systems
and was collected by the GroupLens Research Project at the University of Minnesota.
Collection was made through the MovieLens website (movielens.umn.edu) during the
seven-month period from September 19th, 1997 through April 22nd, 1998. The
MovieLens dataset contains 100,000 explicit ratings of 1,682 movies from 943 users.
Ratings are discrete values from 1 to 5 on a single criterion (i.e., each user can only
make one rating for a specific movie). Each user has rated at least 20 movies. Movie
infonnation contains the movie name, movie release date, IMDB link and a vector of
18 bits, each corresponding to a genre. A movie can belong to more than one genre.
When a movie belongs to a genre, the value corresponding to that genre is l,
otherwise it is 0. Movies in the dataset are thus categorized into a two-level taxonomy
hierarchical structure. The first level contains the main item categories (i.e., Movie
genres) that every item belongs to, and the second level contains the items as leaf
nodes (i.e., Movies). The genre has 18 attributes including Action; Adventure;
Animation; Children's; Comedy; Crime; Documentary; Drama; Fantasy; Film-noir;
Horror; Musical; Mystery; Romance; Sci-Fi; Thriller; War and Western. The sparsity
le el of the MovieLens dataset is 93 .7% (sparsity level= 1- density = 1-(100000/
(943 x 1682)) =0.937). Adapting the sparsity into the movie-category matrix, there are
2891 entries avai lable for 1682 movies that belong to different 18 genres, and the
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sparsity level of the movie-category matrix

1s 1- density= 1-(2891/( l 682x 18))=

90.50%.

• Yahoo! Webscope R4 Dataset
The Yahoo! Webscope R4 dataset is provided as part of the Yahoo! Research
Allia1I1ce Webscope program (http://webscope.sandbox.yahoo.com), to be used for
appr ved non-commercial research purposes. The Yahoo! Webscope R4 dataset
consists of two files , a training dataset and a test dataset, where ratings in both sets
are

d ~ screte

values from 1 to 5 on a single criterion (i.e., each user can only make one

rating for a specific movie). The training data contains 7642 users, 11915 movies and
211231 ratings. The average number of ratings per user is 27 .64 and the average
number of ratings per item is 17.73. All users have rated at least 10 items and all
items are rated by at least one user. The test data contains 2309 users, 2380 movies
and 10136 ratings. The dataset also contains a large amount of descriptive
information about many movies released prior to November 2003, including cast,
crew, synopsis, genre, average ratings, awards, etc. Movies in the dataset are
categorized into a two-·level taxonomy hierarchical structure. The first level contains
the main item categories (i.e., Movie genres) that every item belongs to, and the
seco !id level contains the items as leaf nodes (i.e., Movies). The genre has 32
attributes including Action/ Adventure; Adaptation; Animation; Art/Foreign; Biopic;
Boxe.d set; Classics; Comedy; C1ime/Gangster; Dance; Documentary; Drama;
Fanta:.sy; Features; Holiday; Hon-or; Kids/Family; MiscelJaneous; Musical/Performing
arts; Mystery; Politics/Religion; Remake; Romance; Science fiction/Fantasy; Sequel;
Spec· al interest; Sports; Suspense/Horror; Teen; Thriller; War and Western. The
sparsjty level of the Yahoo! R4 training dataset is 99.8% (sparsity level= 1- density =
1-(211231/ (7642 x ll915)) =0.9976). Adapting the sparsity into the movie-category
matrix, there are 67026 entries available for 106959 movies that are belong to 32
different genres (i .e., one movie may belong to more than one genre). The sparsity
level of the movie-category matrix is 1- density= 1- (67026/(106959 x32))= 98.00%.
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• The BizSeeker Dataset
The EizSeeker dataset has been extracted from the ' BizSeeker' system (Lu et al.
2010) (refer to Appendix-B for screenshots of the 'BizSeeker'), which is an
intell:igent business partner locator recommendation system. The BizSeeker dataset is
used to validate the recommendation performance of the proposed recommendation
algori thms in this thesis, based on a dataset related to the domain of business partner
reconnmendations. The BizSeeker dataset contains 1602 ratings of 332 businesses
from 100 users. The businesses are selected from the Australian Suppliers Directory
which is provided by the Australian Trade Commission government trade agency
(http: //www.austrade.gov.au). Businesses in the dataset are categorized into a twolevel taxonomy hierarchical structure. The first level contains the main item
categories (i.e., Business types/classes) that every item belongs to, and the second
level contains the items as leaf nodes (i.e., Businesses). Businesses are categorized
based on the Austrade cJassification of industry classes and include 17 categories:
Agribusiness; Building and construction; Business and other services; Consumer
goods; Defence, security and safety; Education and training; Environment and

energy:

Finance

and

insurance;

Food

and

beverage;

Government;

Health,

biote\Chnology and wellbeing; ICT; Manufacturing; Mining; Transport; Tourism and
hospitality. The sparsity level of the BizSeeker dataset is 95 .2% (sparsity level= ldensi ty = 1-(1602/ (1 OOx332)) =0.952). Adapting the sparsity into the businesscategory matrix, there are 386 entries available for 332 businesses that belong to
different 17 categories (i.e., one business may belong to more than one category). The
sparsjty level of the business-category matrix is 1- density= l-(386/(332x 17))=
93.2 %.

• Yahoo! Movies MC Dataset
The Yahoo! Mo ies MC dataset (Alodhaibi 2011) was collected from the Yahoo!
movi1es website (http://movies.yahoo.com). Each record of the rating data includes
four criteria: a) story, b) acting, c) direction and d) visuals, in addition to an overall
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rating, user ID, and movie ID. The ratings are on a thirteen point scale (A+, A, A-, B+,
B, B-, C+, C, C-, D+, D, D-, F). The data has been encoded to a scale of 1 to 5 to
ensune that there are enough data points in each rating bucket {A+, A, A-}= 5, {B+, B,
B- }= 4, {C+, C, C-}= 3, {D+, D, D-}= 2, {F}= 1. The collected data came from
randomly selected movies encoded with a serial number from 1 to 48. Each user has
rated at least 10 movies up to 48 movies. The dataset has 34,800 ratings for 1, 716
users on 965 movies. Movies in the dataset are categorized into a two-level taxonomy
hierarchical structure. The first level contains the main item categories (i.e., Movie
genre:s) that every item belongs to, and the second level contains the items as leaf
nodes; (i.e., Movies). The genre has 32 attributes including Action/Adventure;
Adaptation;

Animation; Art/Foreign;

Biopic;

Boxed set; Classics;

Comedy;

Crime/Gangster; Dance; Documentary; Drama; Fantasy; Features; Holiday; Horror;
Kids/Family; Miscellaneous; Musical/Performing arts; Mystery; Politics/Religion;
Remake; Romance; Science fiction/Fantasy; Sequel; Special interest; Sports;
Suspense/Horror; Teen; Thriller; War and W estem. The sparsity level of the Yahoo!
Movies MC dataset is 97.8% (sparsity level= 1- density= 1-(34,800 I (l,716 x965))
=0.97 8).
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B: SCREENSHOTS OF THE

APPENDIX

'BIZSEEKER' PROTOTYPE SYSTEM
This appendix includes two screenshots of the of the ' BizSeeker' prototype system.

fl' "4

'

.\ i h l r: i! ia n ( ·{ 'rn mnH it \
-} ~- -;--l ----- r;:-(-~I (J:-,-,;![l[_i_~ n~'~!1I/~(·~',d'l' uir;ri';;~,,.it.r
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1

Ii

-
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Business \

You c n search busmess or
p•·odticts by any keywonjs,

I
I! ,--"---·--Keywords:

'(ou can search business or
products by business types

and names.

Browse Produt.t'>

-

About BizSe-eker

Product
Yoc. can s.::arc!i business or
products Ly orod1.;c;: tvoe!'

ar;z1

r1arrk;S.

l a1.1s1ness name:

!~-------~

Sa<irch

Welcome to Jamieson Brewery. Localed in Victoria's High
Country in a setting of Mountains and Rivers. Jamieson
Brewery uses traditional brewing styles to give you the
freshest, preservative free beers using no ad:ded sugars and
Mountain fresh Water. At the Hotel, call in for a Brewery
Tour and try our Beers 011 Tap Grab a Tasting Tray - 4 beers plus homemade pesto for 011/y
$12!!!

• New business: NAS Comm nications Pty Ltd
1

New business: Consc:ous Investing Pty ltd

I ®Australian Government
I ® Australian Trade
Commission

® Centreftnk

e Austrafian Taxation
Office (ATO)
® aureao of Meteorology
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Figure 9-1 The ' BizSeekcr' home page
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Figure 9-2 The ' BizSeeker' recommendations list of "Food & Beverage" businesses as
potential business partners ordered by prediction values

273

APPENDIX C: ABBREVIATIONS
Adj Cos

Adjusted Cosine similarity

AGLS

Australian e-Government Metadata Standard

ASD

Australian Suppliers Directory

Aus trade

Australian Trade Commission government agency

CB

Content-Based

CBR

Case-based Reasoning

CF

Collaborative Filtering

CFSF

Collaborative Filtering using Smoothing and Fusing

Cos

Cosine similarity

CPC

Constrained Pearson Correlation

cs

Cold-Start

EMDP

Effective Missing Data Prediction

FLM

Fuzzy Linguistic Modeling

FPRV

Fuzzy Predicted Rating Value

FPV

Final Predicted Value

FSCF

Fuzzy Semantic Collaborative Filtering

G2B

Government-to-Business

G2C

Government-to-Citizen

G2G

Government-to-Government

GUI

Graphical User Interface

IBPL

Intelligent Business Partner Locator

ICF

Item-based Collaborative Filtering

IC Ts

Information and Communication Technologies

IF

Information Filtering
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IR

Information Retrieval

KB

Knowledge-Based

LAs

Leaming Activities

MAE

Mean Absolute Error

MAUT

Multi-Attribute Utility Theory

MC

Multi-Criteria

MCDM

Multiple Criteria Decision Making

MC-SeCF

Multi-Criteria Semantic-enhanced Collaborative Filtering

MC-ST CF

Multi-Criteria Semantic and Trust-enhanced Collaborative
Filtering

MC-TeCF

Multi-Criteria Trust-enhanced Collaborative Filtering

MSD

Mean Squared Differences

PCC

Pearson Correlation Coefficient

RO

Research Objective

RS

Recommender System

SC

Single-Criteria

SC-SeCF

Single-Criteria Semantic-enhanced Collaborative Filtering

SC-STCF

Single-Criteria Semantic and Trust-enhanced Collaborative
Filtering

SC-TeCF

Single-Criteria Trust-enhanced Collaborative Filtering

SeCF

Semantic-enhanced Collaborative Filtering

SMBs

Small-to-Medium Businesses

STEF

Smart Trade Exhibition Finder

TeCF

Trust-enhanced Collaborative Filtering

UCF

User-based Collaborative Filtering

275

REFERENCES
Abel, F., Bittencourt, I., Henze, N., Krause, D. & Vassileva, J. 2008, 'A rule-based
recommender system for online discussion forums', in W. Nejdl, J. Kay, P. Pu
& E. Herder (eds), Adaptive Hypermedia and Adaptive Web-Based Systems,
vol. 5149, Springer, Heidelberg, pp. 12-21.
Adorn vicius, G. & Kwon, Y.O. 2007, 'New recommendation techniques for
multicriteria rating systems', IEEE Intelligent Systems, vol. 22, no. 3, pp. 4855.
Adorn vicius, G., Manouselis, N. & Kwon, Y. 2010, 'Multi-criteria recommender
systems', in F. Ricci, L. Rokach, B. Shapira & P.B. Kantor (eds),
Recommender Systems Handbook, Springer, US, pp. 769-803.
Adorn vicius, G. & Tuzhilin, A. 2005a, 'Personalization technologies: A processoriented perspective', Communications of the ACM, vol. 48, no. 10, pp. 83-90.
Adomavicius, G. & Tuzhilin, A. 2005b, 'Toward the next generation of recommender
systems: A survey of the state-of-the-art and possible extensions', IEEE
Transactions on Knowledge and Data Engineering, vol. 17, no. 6, pp. 734749 .
AGIMO 2008, Australians' use and satisfaction with e-government services, viewed
16 February 20 9, <http: //www.fi_n anc~~ov . aL!LQublicat1ons/interacti n g-w i th-.
gQ_v emmen_t/ ind~x.html ~ .

AGLS 2002, 'Australian Government Locator Service Standard', viewed 25 January
2009,
<b_tm://':-_y_y.;w.na.a. gov .au/records-managementicreate-capturedt'. sc ribe/de:crjbe/agJs/in~lex . afilL~~·

Al-ha ·san, M. , Lu, H. & Lu, J. 2010, 'Personalized e-government services: Tourism
recommender system framework', in W. Aalst, J. Mylopoulos, M. Rosemann,
M.J. Shaw & C. Szyperski (eds), Web Information Systems and Technologies,
vol. 75 , Springer, Heidelberg, pp. 173-187.
Albadv i, A. & Shahbazi, M. 2009, 'A hybrid recommendation technique based on
product category attributes', Expert Systems with Applications, vol. 36, no. 9,
pp. 11480-11488.
Anan , S.S. & Mobasher, B. 2005, 'Intelligent techniques for web personalization', in
B. Mobasher & S.S. Anand (eds), Intelligent Techniques for Web
Personalization. LNCS (LNA/), vol. 3169, Springer, Heidelberg, pp. 1-36.
Avesa 1i, P., Massa ~ P. & Tiella, R. 2005, 'A trust-enhanced recommender system
application: Moleskiing', Proceedings of the 2005 ACM symposium on
Applied computing, ACM Press, Santa Fe, New Mexico, pp. 1589 - 1593.
Baeza-Yates, R. & Ribeiro-Neto, B. 1999, Modern information retrieval, Addison
Wesley, New York.

276

Bahrainian, S., Salarinasab, M. & Dengel, A. 2010, 'Implementation of an intelligent
product recommender system in an e-store', in A. An, P. Lingras, S. Petty &
R. Huang (eds), Active Media Technology, vol. 6335, Springer, Heidelberg,
pp. 174-182.
Balabanovic, M. & Shoham, Y. 1997, 'Fab: content-based, collaborative
recommendation', Communications of the ACM, vol. 40, no. 3, pp. 66-72.
Barbieri, N. & Manco, G . 2011 , 'An Analysis of Probabilistic Methods for Top-N
Recommendation in Collaborative Filtering', in D. Gunopulos, T. Hofmann,
D. Malerba & M . Vazirgiannis (eds), Machine Learning and Knowledge
Discovery in Databases, vol. 6911 , Springer, Heidelberg, pp. 172-187.
Basilica, J. & Hofmann, T. 2004, 'Unifying collaborative and content-based filtering' ,
Proceedings of the Twenty-First International Conference on Machine
Learning, ACM Press, Banff, Alberta, Canada, pp. 1-8.
Baum, C. & Di Maio, A. 2000, 'Gartner's four phases of e-government model',
Gartner Group .
Belkin , .J. & Croft, W.B . 1992a, 'Information filtering and information retrieval:
two sides of the same coin?', Commun. ACM, vol. 35 , no. 12, pp. 29-38.
Belkin , .J. & Croft, W.B. 1992b, 'Information filtering and information retrieval :
two sides of the same coin?', Communications of the ACM, vol. 35, no . 12, pp .
2 9-38.
Biletski y, Y ., Baghi, H ., Keleberda, I. & Fleming, M. 2009, 'An adjustable
personalization of search and delivery of learning objects to learners', Expert
System Application, vol. 36, no . 5, pp . 9113 -9120.
Bobadi11a J ., Ortega, F ., Hernando, A. & Alcala J. 2011 , 'improving collaborative
filtering recommender system results and performance using genetic
algorithms', Knowledge-Based S)stems, vol. 24, no. 8, pp. 1310-1316.
Bobadilla, J., Senadilla, F. & Bernal, J . 20 l 0, 'A new collaborative filtering metric
that improves the behavior of recommender systems', Knowledge-Based
Systems, vol. 23, no. 6, pp. 520-528.
Bogerman, E. & Smits L. 2009, 'Benchmark personalisation of go vernmental
eservices for citizens', viewed 20 M ay 2009, <ww\Y.e-overheid.nl/e-overheicl:
2.0/ live/binaries/pip/bestandcn/benchmark-rcport---definitief 4aug.pdf > .
B oll en, J. , Nelson, M .L., Geisler, G . & Arauj o, R . 2007 , 'Usage derived
recommendations for a video digital library', Journal of Network and
Computer Applications, vol. 30, no . 3, pp. 1059-1083.
Breese, J.S. , Heckennan, D. & Kadie, C. 1998, 'Empirical analysis of predictive
algorithms for collaborative filtering', Proceedings of the 14th Conference on
Uncertainty in Artificial Intelligence, Morgan Kaufmann, USA, pp. 43 -52.
Brown, M.M . & Bmdney, J.L. 2001 , 'Achieving advanced electronic government
services : an examination of obstacles and implications from an international
perspective', paper presented to the Sixth National Public Manag emen t
Research Conference, Bloomington, Indiana.
1

277

Burke,, R. 1999, 'The wasabi personal shopper: a case-based recommender system ',
Proceedings of the 11th National Conference on Innovative Applications of
Artificial Intelligence , John Wiley & Sons, pp. 844-849.
Burke,, R. 2000, 'Knowledge-based recommender systems', Encyclopedia of Library
and Information Systems , vol. 69, no. 32, pp. 175-186.
Burke,, R. 2002, 'Hybrid recommender systems: survey and experiments', User
Modeling and User-Adapted Interaction , vol. 12, no. 4, pp. 331-370.
Burke:, R. 2007, 'Hybrid web recommender systems', in P. Brusilovsky, A. Kobsa &
W. Nejdl (eds), The Adaptive Web. LNCS, vol. 4321, Springer, Heidelberg,
pp. 377-408.
Candi lier, L., Meyer, F. & Fessant, F. 2008, 'Designing specific weighted similarity
measures to improve collaborative filtering systems', in P. Pemer (ed.), ICDM
2008. LNCS (LNAI) , vol. 5077, Springer, Heidelberg, pp. 242-255.
Cao, Y . & Li, Y. 2007, 'An intelligent fuzzy-based recommendation system for
consumer electronic products', Expert Systems with Applications, vol. 33 , no.
1, pp. 230-240.
Chen, C.-M . & Duh, L.-J . 2008, 'Personalized web-based tutoring system based on
fuzzy item response theory', Expert Systems with Applications, vol. 34, no. 4,
pp. 2298-2315.
Chen, C.-M., Duh, L.-J. & Liu, C.-Y. 2004, 'A personalized courseware
recommendation system based on fuzzy item response theory', Proceedings of
the 2004 IEEE International Conference on e-Technology, e-Commerce and
e-Service (EEE'04), IEEE Press, Washington, DC, pp. 305-308.
Chen, C., Lee, H. & Chen, Y. 2005, 'Personalized e-leaming system using item
repository theory', Computers & Education, vol. 44, no. 3, pp. 237-255.
Chen, C. T. 2000, 'Extensions of the TOPSIS for group decision-making under fuzzy
environment', Fuzzy sets and systems, vol. 114, no. 1, pp. 1-9.
Chen, H.C. & Chen, A.LP. 2001, 'A music recommendation system based on music
data grouping and user interests', Proceedings of the Tenth International
Conference on Information and Knowledge Management, ACM Press,
Georgia~ USA, pp. 231-238.
Cho, ~. & Kim, J. 2004, 'Application of web usage mining and product taxonomy to
collaborative recommendations in e-commerce', Expert Systems with
Applications, vol. 26, no. 2, pp. 233-246.
Cho, Y.H., Kim, J.K. & Kim, S.H. 2002, 'A personalized recommender system based
on web usage mining and decision tree induction', Expert Systems with
Applications, vol. 23, no. 3, pp. 329-342.
Cornelis, C., Guo, X., Lu, J . & Zhang, G. 2005, 'A fuzzy relational approach to event
recommendation', Proceedings of the Second Indian International Conference
on Artificial Intelligence ( IICAI-05 ), Pune, INDIA, pp. 2231-2242.
Comehs, C., Lu, J., Guo, X. & Zhang, G. 2007, 'One-and-only item recommendation
with fuzzy logic techniques', Information Sciences, vol. 177, no. 22, pp. 49064921.

278

Daoud, M., Tamine, L. & Boughanem, M. 2011, 'A personalized search using a
semantic distance measure in a graph-based ranking model', Journal of
Information Science, vol. 37, no. 6, pp. 614-636.
Davidson, J., Liebald, B., Liu, J., Nandy, P., Vleet, T.V., Gargi, U., Gupta, S., He, Y.,
Lambert, M., Livingston, B. & Sampath, D. 2010, 'The YouTube video
recommendation system', Proceedings of the Fourth ACM Conference on
Recommender Systems, ACM Press, Barcelona, Spain, pp. 293-296.
De Knijf, J., Liekens, A. & Goethals, B. 2011, 'GaMuSo: Graph base music
recommendation in a social bookmarking service', in J. Gama, E. Bradley & J.
Hollmen (eds), Advances in Intelligent Data Analysis, vol. 7014, Springer,
Heidelberg, pp. 138-149.
Deloitte & Touche 2001 , 'The citizen as customer', CMA Management, vol. 74, no.
10, p. 58.
Deshpande, M. & Karypis, G . 2004, 'Item-based Top-N recommendation algorithms\
ACM Transactions on Information Systems , vol. 22, no . 1, pp. 143-177.
Drachsler, H. , Hummel, H. & Koper, R. 2009, 'Identifying the goal, user model and
conditions of recommender systems for formal and informal learning', Journal
of Digital Information , vol. 10, no. 2, pp. 4-24.
Drachsler, H., Rutledge, L. , Van Rosmalen, P. , Hummel, H. , Pecceu, D ., Arts, T. ,
Hutten, E. & Koper, R. 2010, 'Remashed-an usability study of a recommender
system for mash-ups for learning', International Journal of Emerging
Technologies in Learning, vol. 5, no. 2010, pp. 7-11.
Dyer, J. 2005 , 'Maut - multiattribute utility theory', in J. Figueira, S. Greco & M.
Ehrogott (eds), Multiple Criteria D ecision Analysis: State of the Art Su rveys,
vol. 78, Springer, New York, pp. 265-292.
Eirinaki , M . & Vazirgiannis, M. 2003 , 'Web mining for web personalization', ACM
Transactions on Internet Technology, vol. 3, no. l, pp. 1-27.
Evans, D . & Yen, D.C . 2005, 'E-govemment: an analysis for implementation :
framework for understanding cultural and social impact', Government
Information Quarterly, vol. 22, no. 3, pp . 354-373 .
Evans, D. & Yen, D.C. 2006, 'E-Govemment: evolving relationship of ci tizens and
government, domestic, and international development', Government
Information Quarterly, vol. 23, no. 2, pp . 207-235 .
Farzan, R. & Brusilovsky, P. 2005, 'Social navigation support in e-learning: what are
the real footprints' , Proceedings of the Third Workshop on In telligent
Techniques f or Web Personalization, in conjunction with the Nineteenth
International Joint Conference on Artificial Intelligence, Edinburgh, Scotland,
UK, pp . 49-56.
Farzan, R. & Brusilovsky, P. 2006, 'Social navigation supp011 in a course
recommendation system', in V . Wade, H . Ashman & B. Smyth (eds), Adaptive
Hyp ermedia and Adaptive Web-Based Systems, vol. 4018, Springer,
Heidelberg, pp. 91-100.

279

Fesenmaier, D .R ., R icci, F., Schaumlechner, E., Wober, K. & Zanella, C. 2003 ,
'DIETORECS: travel advisory for multiple decision styles', Information and
Communication Technologies in Tourism, pp. 232-241.
Gallupe, R.B. 2007 , 'The tyranny of methodologies in information systems research',
SIGMIS Database, vol. 38, no . 3, pp. 20-28.
Gao, L.S. 1999, 'The fuzzy arithmetic mean', Fuzzy sets and systems, vol. 107, no. 3,
pp. 335-348.
Garcia, E., Romero , C., Ventura, S. & Castro, C. 2009, 'An architecture for making
recommendations to courseware authors using association rule mining and
collaborative filtering' , User Modeling and User-Adapted Interaction, vol. 19,
no. 1, pp. 99-132.
Garfinkel, R., Gopal, R ., Pathak, B. & Yin, F. 2008 , 'Shopbot 2.0: Integrating
recommendations and promotions with comparison shopping', Decision
Support Systems, vol. 46, no. 1, pp. 61-69.
Garfinkel, R ., Gopal, R. , Tripathi , A. & Yin, F. 2006, 'Design of a shopbot and
recommender system for bundle purchases', Decision Support Systems , vol.
42 , no. 3, pp. 1974-1986.
Geyer-Schulz, A., Hahsler, M. & Jahn, M. 2001, 'Educational and scientific
recommender systems: designing the information channels of the virtual
university', International Journal of Engineering Education, vol. 17, no. 2, pp.
153-163.
Ghauth, K.I. & Abdullah, N.A. 2011, 'The effect of incorporating good learners'
ratings in e-leaming content-based recommender system', Educational
Technology and Society, vol. 2, no. 14, pp. 248-257.
Ghosh, S., Mundhe M. , Hernandez. K. & Sen, S. 1999, 'Voting for movies: the
anatomy of a recommender system', Proceedings of the Third Annual
Conference on Autonomous Agents, ACM Press, Seattle, Washington, United
States, pp. 434-435.
Girones, M. & Fernandez, T. 2006, 'Ariadne, a guiding thread in the learning
process's labyrinth', Proceedings of the International Conference on Current
Developments in Technology-Assisted Education, Sevilla, pp. 287-290.
Golbeck, J. 2006, 'Generating predictive movie recommendations from trust in social
networks', in K. St0len, W. Winsborough, F. Martinelli & F. Massacci (eds),
iTrust 2006. LNCS, vol. 3986, Springer, Heidelberg, pp. 93-104.
Goldberg, D., Nichols, D ., Oki, B.M. & Terry, D . 1992, 'Using collaborative filtering
to weave an information tapestry', Communications of the ACM, vol. 35, no.
12, pp. 61-70 .
Goldberg, K., Roeder, T., Gupta, D. & Perkins, C. 2001, 'Eigentaste: a constant time
collaborative filtering algorithm', Information Retrieval, vol. 4, no. 2, pp. 133151.
Gong,. S.J. 2010, 'A collaborative filtering recommendation algorithm based on user
clustering and item clustering', Journal of Software, vol. 5, no. 7, pp . 745-752.
Good._ N., Schafer, J.B., Konstan, J., A. , Borchers, A, Sarwar, B ., Herlocker, J. &
Riedl , J. 1999, 'Combining collaborative filtering with personal agents for

280

better recommendations', Proceedings of the Sixteenth National Conference
on Artificial Intelligence and the Eleventh Annual Conference on Innovative
Applications of Artificial Intelligence, American Association for Artificial
Intelligence, Orlando, Florida, United States, pp. 439-446.
Goyal, P. , Goyal, N., Gupta, A. & Rahul, T.S. 2009, 'Designing self-adaptive
websites using online hotlink assignment algorithm', Proceedings of the 7th
International Conference on Advances in Mobile Computing and Multimedia,
ACM Press, Kuala Lumpur, Malaysia.
Grandi, F., Mandreoli, F., Martoglia, R. , Ronchetti, E., Scalas, M. & Tiberio, P. 2006,
'Semantic web techniques for personalization of e-Govemment services', in J.
Roddick, V. Benjamins, S. Si-said Cherfi, R. Chiang, C. Claramunt, R.
Elmasri, F. Grandi, H. Han, M. Hepp, M. Lytras, V. Misic, G. Poels, I.-Y.
Song, J. Trujillo & C. Vangenot (eds), ER Workshops 2006. LNCS, vol. 4231,
Springer, Heidelberg, pp. 435-444.
Guo, X. 2006, 'Personalized government online services with recommendation
techniques', University of Technology Sydney, Sydney.
Guo, X. & Lu, J. 2007, 'Intelligent e-govemment services with personalized
recommendation techniques', International Journal of Intelligent Systems, vol.
22, no. 5, pp. 401-417 .
Han, J. & Kamber, M. 2006, Data mining: concepts and techniques, 2nd edn, Morgan
Kaufmann, San Francisco.
Hanani, U., Shapira, B. & Shoval, P. 2001, 'Information Filtering: Overview of
l sues, Research and Systems', User Modeling and User-Adapted Interaction,
·ol. 11, no. 3, pp. 203-259.
Hand, D .J., Smyth, P . & Mannila, H. 2001 , Principles of data mining, MIT Press,
Cambridge, MA, USA.
He, J. & Chu, W.W. 2010, 'A social network-based recommender system (SNRS)', in
N . Memon , J.J.J. Xu, D.L.L Hicks & H. Chen (eds), Data Mining for Social
Network Data , vol. 12, Springer, US, pp. 47-74.
Heraud, J.M., France, L. & Mille, A . 2004, 'Pixed: an ITS that guides students with
the help of learners' interaction log', Proceedings of the 7th International
Conference on Intelligent Tutoring Systems, Maceio, Brazil, pp. 57-64.
Herlocker, J., Konstan, J.A. & Riedl, J. 2002, 'An empirical analysis of design
choices in neighborhood-based collaborative filtering algorithms', Information
Retrieval, vol. 5, no. 4, pp. 287-310.
Hill, W., Stead, L., Rosenstein, M. & Furnas, G. 1995, 'Recommending and
evaluating choices in a virtual community of use', Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (CHI '95), ACM
Press/ Addison-Wesley Publishing Co., Colorado, United States, pp. 194-201.
Homburg, V .M.F. & Dijkshoom, A. 2011, 'Diffusion of personalized e-Government
services among dutch municipalities: An empirical investigation and
explanation', International Journal of Electronic Government Research
(IJEGR), vol. 7, no. 3, pp. 21-37.

281

Hsu, M.H. 2008, 'Proposing an ESL recommender teaching and learning system',
Expert Systems with Applications, vol. 34, no. 3, pp. 2102-2110.
Huang, C.L. & Huang, W .L. 2009, 'Handling sequential pattern decay: developing a
two-stage collaborative recommender system', Electronic Commerce
Research and Applications, vol. 8, no. 3, pp. 117-129.
Hung, L. 2005, 'A personalized recommendation system based on product taxonomy
for one-to-one marketing online', Expert Systems with Applications, vol. 29,
no. 2, pp. 383-392.
Hwang, C.-S. & Chen, Y.-P. 2006, 'Fuzzy collaborative filtering for web page
prediction', Proceedings of the 2006 Joint Conference on Information
Sciences (JCIS 2006), Atlantis Press, Kaohsiung, Taiwan.
Hwang, C.-S. & Chen, Y.-P. 2007, 'Using trust in collaborative filtering
recommendation', in H. Okuno & M. Ali (eds), New Trends in Applied
A rtificial Intelligence. LNCS, vol. 4570, Springer, Heidelberg, pp. l 052-1060.
IJntema, W. , Goossen, F., Frasincar, F. & Hogenboom, F. 2010, 'Ontology-based
news recommendation', Proceedings of the 2010 EDBT/ICDT Workshops ,
ACM Press, Lausanne, Switzerland, pp. 1-6.
Jiang, J .J. & Conrath, D. W. 1997, 'Semantic similarity based on corpus statistics and
lexical taxonomy', Proceedings of the International Conference on Research
on Computational Linguistics, Taiwan, pp. 19-33 .
Jiang, Y ., Shang, J. & Liu, Y . 2009, 'Maximizing customer satisfaction through an
online recommendation system : a novel associative classification model',
Decision Support Systems~ vol. 48 , no. 3, pp. 470-479.
J0s(lng;, A. 200 1, 'A logic for unce1iain probabilities', Inte rnational Journal of
Uncertainty, Fuzziness and Knowledge-Based Systems, vol. 9, no. 3, pp. 1-3 L
KanelJ opoulos, D.N. 2008, 'An ontology-based system for intelligent matching of
travellers' needs for group package tours', International Journal of Digital
Culture and Electronic Tourism , vol. 1, no. 1, pp. 76-99.
Karypiis, G. 2001, 'Evaluation of item-based Top-N recommendation algorithms',
Proceedings of the 10th International Conference on Information and
Knowledge Management, ACM Press, Atlanta, Georgia, USA, pp. 247-2 54.
Kavithia Devi, M . & Venkatesh, P. 2009, 'ICRS: An intelligent collaborative
recommender system for electronic purchasing', In ternational Journal of
B usiness Excellence, vol. 2, no. 2, pp. 179-193 .
Kerkiri, T., Manitsaris, A. & Mavridou, A. 2007, 'Reputation metadata for
recommending personalized e-learning resources ', P roceedings of the Second
International Worksh op on Semantic Media Adaptation and Personalization ,
IEEE Press, Uxbridge, pp. 110- 115 .
Khribi , M.K. , Jemni , M. & Nasraoui, 0. 2008, 'Automatic recommendations for elearning personalization based on web usage mining techniques and
information retrieval', Proceedings of the 2008 Eighth IEEE International
Conference on Advanced Learning Technologies (TCALT '08), IEEE Press,
Santander, Cantabria, pp. 241-245.

282

Kim, D.-H., Atluri, V. , Bieber, M., Adam, N. & Yesha, Y. 2004, 'A clickstreambased collaborative filtering personalization model: towards a better
performance', Proceedings of the 6th Annual ACM International Workshop on
Web Information and Data Management, ACM Press, Washington DC, USA,
pp. 88-95
Kim, H.-N., Ji, A.-T., Ha, I. & Jo, G.-S. 2010, 'Collaborative filtering based on
collaborative tagging for enhancing the quality of recommendation',
Electronic Commerce Research and Applications, vol. 9, no. 1, pp. 73-83.
Kim, J. W. , Lee, B.H., Shaw, M.J., Chang, H.L. & Nelson, M. 2001, 'Application of
decision-tree induction techniques to personalized advertisements on Internet
storefronts', International Journal of Electronic Commerce, vol. 5, no. 3, pp.
45-62.
Kim, M., Jeong, Y.-S. , Park, J.H. & Park, S.O. 2011, 'Group-aware social trust
management for a movie recommender system', in J.J. Park, H. Arabnia, H.-B.
Chang & T. Shon (eds), IT Convergence and Services , vol. 107, Springer,
Netherlands, pp. 495-501.
Kleant:hi, L., Stelios, T. & Nikolaos, M. 2008, 'UTA-Rec: A recommender system
based on multiple criteria analysis', Proceedings of the 2008 ACM conference
on Recommender systems, ACM Press, Lausanne, Switzerland, pp. 219-226.
Konstan, J.A., Miller, B.N., Maltz, D., Herlocker, J.L., Gordon, L.R. & Riedl, J.
1997, 'GroupLens: applying collaborative filtering to Usenet news',
Communications of the ACM, vol. 40, no. 3, pp. 77-87.
Ksristcofic, A. 2005, 'Recommender system for adaptive hypem1edia applications',
Proceedings of Informatics and Information Technology, Bratislava, Slovakia,
pp. 229-234.
Lawrence, R.D., Almasi, G.S") Kotlyar, V., Viveros, M.S. & Dun, S.S. 2001,
'Personalization of supermarket product recommendations', Data Mining and
Knowledge Discovery, vol. 5, no. 1-2, pp. 11-32.
Layne, K. & Lee, J. 2001, 'Developing fully functional E-government: A four stage
model', Government Information Quarterly, vol. 18, no. 2, pp. 122-136.
Lee, B.-H., Kim, H.-N. , Jung, J.-G. & Jo, G.-S. 2006, 'Location-based service with
context data for a restaurant recommendation', in S. Bressan, J. Kung & R.
Wagner (eds), Database and Expert Systems Applications, vol. 4080,
Springer, Heidelberg, pp. 430-438.
Lee, H.J. & Park, S.J. 2007, 'MONERS: A news recommender for the mobile web',
Expert Systems with Applications, vol. 32, no. 1, pp. 143-150.
Lemin~, D ., Boley, H., McGrath, S. & Ball, M . 2005, 'Collaborative filtering and
inference rules for context-aware learning object recommendation', Interactive
Technology and Smart Education, vol. 2, no. 3, pp. 179-188.
Leung, C., Chan, S. & Chung, F. 2006, 'A collaborative filtering framework based on
fuzzy association rules and multiple-level similarity', Knowledge and
Information Systems, vol. 10, no. 3, pp. 357-381.

283

Leung., W.C. 2009, 'Enriching user and item profiles for collaborative filtering: from
concept hierarchies to user-generated reviews', The Hong Kong Polytechnic
University, Hong Kong.
Li , F. 2007, What is e-business? How the Internet Transforms Organizations,
Blackwell Publishing, Oxford.
Li, J.-h. , Li, X.-s., Liu, H.-1. , Han, X.-j. & Zhang, J. 2009, 'Fuzzy collaborative
filtering approach based on semantic distance', in B. Cao, T.-F. Li & C.-Y.
Zhang (eds), Fuzzy Information and Engineering, vol. 62, Springer,
Heidelberg, pp. 187-195.
Li, Q., Wang, J., Chen, Y.P. & Lin, Z. 2010, 'User comments for news
recommendation in forum-based social media', Information Sciences , vol.
180,no.24,pp.4929-4939.
Li, Y.-M. & Kao, C.-P. 2009, 'TREPPS: a trust-based recommender system for peer
production services', Expert Systems with Applications, vol. 36, no. 2, pp.
3263-3277.
Liang, G., Weining, K. & Junzhou, L. 2006, 'Courseware recommendation in eleaming system', in W. Liu, Q . Li & R. W.H. Lau (eds), Advances in Web
Based Learning, vol. 4181, Springer, Heidelberg, pp. l 0-24.
Lichtniow, D. , Gasparini, I. , Bouzeghoub, A., de Oliveira, J . & Pimenta, M. 2010,
'Recommendation of learning material through students' collaboration and
user modeling in an adaptive e-leaming environment', in T. Daradoumis, S.
Caballe, A. Juan & F. Xhafa (eds), Technology-Enhanced Systems and Tools
for Collaborative Learning Scaffolding, vol. 350, Springer Berlin, Heidelberg,
pp. 257-278 .
Lin, D. 1998, 'An infom1ation-theoretic definition of similarity', Proceedings of the
F~fieenth international Conference on Machine Learning, ed. J.W . Shavlik,
Morgan Kaufmann Publishers Inc., Madison, Wisconson, lJSA, pp. 296-304.
Linden, G., Smith, B . & York, J. 2003, 'Amazon.com recommendations: item-to-item
collaborative filtering' , Internet Computing, IEEE, vol. 7, no. 1, pp. 76-80.
Liu, D. & Liou, C. 2011, 'Mobile commerce product recommendations based on
hybrid multiple channels', Electronic Commerce Research and Applications,
vol. 10, no. 1, pp. 94-104.
Liu, D. & Shih, Y. 2005 , 'Hybrid approaches to product recommendation based on
customer lifetime value and purchase preferences', Journal of Systems and
Software, vol. 77, no . 2, pp. l 81-191.
Liu, D.R., Lai, C.H. & Lee, W.J . 2009, 'A hybrid of sequential rules and collaborative
filtering for product recommendation', Information Sciences, vol. 179, no. 20,
pp. 3505-3519.
Liu, F. & Shih, B. 2007, 'Leaming activity-based e-leaming material recommendation
system', Proceedings of the Ninth IEEE International Symposium on
Multimedia Workshops (ISMW 2007), IEEE Press, Taichung, Taiwan pp. 343348.
Liu, GT. & Zhang, X . 2006, 'Collaborative filtering based recommendation system for
product bundling', Proceedings of the 2006 International Conference on

284

Management Science and Engineering( ICMSE), IEEE Press, Lille, pp. 251254.
Lorenz i, F. & Ricci, F. 2005 , 'Case-based recommender systems: A unifying view', in
B. Mobasher & S. Anand (eds), Intelligent Techniques for Web
Personalization , vol. 3169, Springer, Heidelberg, pp. 89-113.
Lu, F. , Li, X ., Liu, Q ., Yang, Z., Tan, G. & He, T. 2007, 'Research on personalized elearning system using fuzzy set based clustering algorithm', in Y. Shi, G. van
Albada, J. Dongarra & P. Sloot (eds), Computational Science , vol. 4489,
Springer, Heidelberg, pp. 587-590.
Lu, J. 2004, 'Personalized e-learning material recommender system', Proceedings of
the 2nd International Conference on Information Technology for Application
(ICITA 2004), IEEE Press, Harbin, China, pp. 374-379.
Lu, J., Shambour, Q ., Xu, Y ., Lin, Q. & Zhang, G. 2010, 'BizSeeker: a hybrid
semantic recommendation system for personalized government-to-business eservices', Internet Research, vol. 20, no. 3, pp . 342-365 .
Lu, J. , Shambour, Q ., Xu, Y. , Lin, Q. & Zhang, G . 2012, 'A web-based personalized
business partner recommendation system using fuzzy semantic techniques',
Computational Intelligence, In Press.
Lu, J ., Shambour, Q. & Zhang, G. 2009, 'Recommendation technique-based
government-to-business personalized e-services', Proceedings of the 28th
North American Fuzzy Info rmation Processing Society Annual Conference
(NAFIPS2009) , IEEE Press, Cincinnati, U SA, pp. 1-6.
Ma, H., King, I. & Lyu, M.R. 2007 , 'Effective missing data prediction for
collaborative filterin g', Proceedings of the 30th Annual International ACM
SIGIR Conference on Research and Development in Information Retrieval,
ACM Press, Amsterdam, The Netherlands, pp. 39-46.
Ma, Z ., Pant, G. & Sheng, O.R.L. 2007 , 'Interest-based personalized search', ACM
Transactions on Information Systems (TO!S), vol. 25, no. 1.
Manouselis, N . & Costopoulou, C. 2007, 'Analys is and classification of multi-criteria
recommender systems', World Wide Web, vol. 10, no . 4, pp. 4 15-441.
Manouselis, N . & Costopoulou, C. 2008, 'marService: multiattribute utility
recom m endation for e-markets', International Journal of Computer
Applications in Technology, vol. 33 , no. 2, pp . 176- 189.
Manmuselis, N. , Drachsler, H. , Vuorikari, R. , Hummel, H. & Koper, R. 2011 ,
'Recommender systems in technology enhanced learning', in F. Ricci , L.
Rokach, B . Shapira & P.B. Kantor (eds), Recommender Systems Handbo ok,
Springer, US, pp. 387-415 .
Marke llou, P. , Mousourouli, I. , Spiros, S. & Tsakalidis, A. 2005 , 'Using semantic web
mining technologies fo r personalized e-learning experiences', Proceedings of
the International Conference on Web -based Education (WBE 2005), ACTA
Press , Grindelwald, Switzerland, pp. 1-6.
M artinez, L. , Perez, L.G . & Barranco, M.J. 2007 , 'A multigranular linguistic contentbased recommendation model', International Journal of Intelligent Systems,
vol. 22, no. 5, pp . 419-434 .

285

Massa., P. & Avesani, P. 2007 , 'Trust-aware recommender systems', Proceedings of
the 2007 ACM Conference on Recommender Systems, ACM Press,
Minneapolis, MN, USA, pp. 17-24.
Massa., P. & Avesani, P. 2009, 'Trust metrics in recommender systems', in J. Golbeck
(ed.), Computing with Social Trust, Springer, London, pp. 259-285.
Matth~js, N. & Radlinski, F. 2011, 'Personalizing web search using long term
browsing history', Proceedings of the Fourth ACM International Conference
on Web Search and Data Mining, ACM Press, Hong Kong, China, pp. 25-34.
Melvillle, P., Mooney, R.J. & Nagarajan, R. 2002, 'Content-boosted collaborative
filtering for improved recommendations', Proceedings of the 18th National
Conference on Artificial Intelligence, American Association for Artificial
Intelligence, Menlo Park, CA, USA, pp. 187-192.
Middlceton, S. , Shadbolt, N. & De Roure, D. 2004, 'Ontological user profiling in
recommender systems', ACM Transactions on Information Systems, vol. 22,
no. l, pp. 54-88.
Middl~ton, S.E., Alani, H. & De Roure, D.C. 2002, 'Exploiting synergy between
ontologies and recommender systems', Proceedings of the 11th International
World Wide Web Conference (WWW-2 002), Hawaii, USA.
Montagna, J.M. 2005, 'A framework for the assessment and analysis of electronic
government proposals', Electronic Commerce Research and Applications, vol.
4, no. 3,pp.204-219.
Mooney, R.J. & Roy, L. 2000, 'Content-based book recommending using learning for
text categorization', Proceedings of the Fifth ACM Conference on Digital
Libraries, ACM Press, San Antonio Texas, United States, pp. 195-204.
Mui, IL., Szolovits, P. & Ang, C. 2001, 'Collaborative sanctioning: applications in
restaurant recommendations based on reputation', Proceedings of the F(fth
International Conference on Autonomous Agents, ACM Press, Montreal,
Quebec, Canada, pp. 1l8-119.
Mulvenna, M. , D., Anand, S., S. & Hiichner, A.G. 2000, 'Personalization on the Net
using Web mining: introduction', Communications of the ACM, vol. 43, no. 8,
pp. 122-125.
Naak, A. , Hage, R & Ai'meur, E. 2009, 'A multi-criteria collaborative filtering
approach for research paper recommendation in papyres', in G. Babin, P.
Kropf & M. Weiss (eds), £-Technologies: Inn ovation in an Open World.
LNCS (LNBIP), vol. 26, Springer, Heidelberg, pp. 25 -39.
Nagata, R., Takeda, K. , Suda, K., Kakegawa, J. & Morihiro, K. 2009, 'Edu-mining for
book recommendation for pupils', Proceedings of the 2nd International
Conference on Educational Data Mining , Cordoba, Spain, pp. 91-100.
N essell, J. & Ci mp a, B. 2011, 'The MovieOracle - Content based movie
recommendations', Proceedings of the 2011 IEEE/WIC/ACM International
Conference on Web Intelligence and Intelligent Agent Technology (Wl-IAT),
IEEE Press, Lyon, pp. 361-364.
Niu, L. 2009 , 'The cognition-driven decision process for business intelligence: a
model and techniques', University of Technology Sydney, Sydney.

286

Noraswaliza, A., Yue, X. & Shlomo, G. 2011, 'A recommender system for infrequent
purchased products based on user navigation and product review data', in D.
Chiu, L. Bellatreche, H. Sasaki, H.-f. Leung, S.-C. Cheung, H. Hu & J. Shao
(eds), Web Information Systems Engineering, vol. 6724, Springer, Heidelberg,
pp. 13-26.
Ntaliani, M., Costopoulou, C., Karetsos, S., Tambouris, E. & Tarabanis, K. 2009,
'Agricultural e-government services: an implementation framework and case
study', Computers and Electronics in Agriculture, vol. 70, no. 2, pp. 337-347.
O'Donovan, J. & Smyth, B. 2005 , 'Trust in recommender systems', Proceedings of the
10th international conference on Intelligent user interfaces, ACM Press, San
Diego, California, USA, pp. 167-174.
Oku, K. & Hattori, F. 2011, 'Fusion-based Recommender System for Improving
Serendipity', Proceedings of the Workshop on Novelty and Diversity in
Recommender Systems (DiveRS 2011 ), at the 5th ACM International
Conference on Recommender Systems (RecSys 2011), ACM Press, Chicago,
lllinois, USA., pp. 19-26.
Otair, M. & Hamad, A. 2005, 'Expert personalized e-learning recommender system',
Proceedings of The First International Conference on £-Business and £Learning Amman, Jordan., pp. 1-4.
Palanivel, K. & Sivakumar, R. 2011, 'A tudy on collaborative recommender system
using fuzzy-multicriteria approaches', International Journal of Business
Information Systems, voJ. 7, no. 4, pp. 419-439.
Palvia, S.C.J. & Sharma, S.S. 2007, 'E-Government and E-Governance:
definitions/domain framework and status around the world', Proceedings of
the 5th International Conference on £-governance (ICEG), Computer Society
ofindia, Hyderabad, India, pp. l-12 .
Papagelis, M., Plexousakis, D. & Kutsuras, T. 2005, 'Alleviating the sparsity problem
of collaborative filtering using trust inferences', in P. Herrmann, V. Issarny &
S. Shiu (eds), iTrust 2005. LNCS, vol. 3477, Springer, Heidelberg, pp. 224239.
Pasquale De, M., Giovanni, Q., Domenico, U. & Giorgio, T. 2005, 'A multi-agent
system for the management of e-Govemment services', Proceedings of the
IEEEIWIC/ACM International Conference on Intelligent Agent Technology,
IEEE Press, Washington, DC, USA, pp. 718-724.
Pazzani, M.J. 1999, 'A framework for collaborative, content-based and demographic
filtering', Artificial Intelligence Review, vol. 13 , no. 5, pp. 393-408.
Pazzani, M.J. & Billsus, D . 2007, 'Content--based recommendation systems', in B.
Peter, K. Alfred & N. Wolfgang (eds), The Adaptive Web. LNCS, vol. 4321,
Springer, Heidelberg, pp. 325-341.
Peici, F. & Siyao, Z. 2009, 'A research on fuzzy formal concept analysis based
collaborative filtering recommendation system', Proceedings of the Second
International Symposium on Knowledge Acquisition and Modeling ( KAM
'09), IEEE Press, Wuhan, pp. 352-355.

287

Pera, M., Condie, N. & Ng, Y.-K. 2011 , 'Personalized book recommendations created
by using social media data', in D. Chiu, L. Bellatreche, H . Sasaki, H.-f. Leung,
S.-C. Cheung, H. Hu & J. Shao (eds), Web Information Systems Engineering,
vol. 6724, Springer, Heidelberg, pp. 390-403.
Pera, M.S . & Yiu-Kai, N. 2011, 'With a little help from my friends: generating
personalized book recommendations using data extracted from a social
website', Proceedings of the 2011 IEEE/WI ClACM International Conference
on Web Intelligence and Intelligent Agent Technology (WI-IAT), IEEE Press,
Lyon pp. 96-99.
Perkowitz, M. & Etzioni, 0. 2000, 'Adaptive web sites', Communications of the ACM,
vol. 43, no. 8, pp. 152-158.
Pham, M.C., Cao, Y., Klamma, R. & Jarke, M. 2011 , 'A clustering approach for
collaborative filtering recommendation using social network analysis', Journal
of Universal Computer Science, vol. 17, no. 4, pp. 583-604.
Piao, C.-H., Zhao, J. & Zheng, L.-J. 2009, 'Research on entropy-based collaborative
filtering algorithm and personalized recommendation in e-commerce', Service
Oriented Computing and Applications, vol. 3, no. 2, pp. 147-157.
Pieterson, W., Ebbers, W. & van Dijk, J. 2007, 'Personalization in the public sector
An inventory of organizational and user obstacles towards personalization of
electronic services in the public sector', Government Information Quarterly,
vol. 24,no. l,pp.148-164.
Pitsilis, G. & Marshall, L. 2004, A model of trust derivation from evidence for use in
recommendation systems, Technical Report, University of Newcastle, School
of computing Science, Newcastle, UK.
Parcel, C. & Hen-era-Viedma, E. 2010, 'Dealing with incomplete infom1ation in a
fuzzy linguistic recommender system to disseminate information in university
digital libraries', Knowledge-Based Systems, vol. 23, no. 1, pp. 32-39.
Parcel, C., Lopez-Herrera, A.G. & Herrera-Viedma, E. 2009, 'A recommender system
for research resources based on fuzzy hnguistic modeling', Expert Systems
with Applications, vol. 36, no. 3, pp. 5173-5183.
Recker, M.M., Walker, A. & Law]ess, K. 2003, 'What do you recommend?
Implementation and analyses of collaborative information filtering of web
resources for education', Instructional Science, vol. 31, no. 4, pp. 299-316.
Resnick, P ., Iacovou, N., Suchak, M., Bergstrom, P. & Riedl , J. 1994, 'GroupLens:
An open architecture for collaborative filtering of netnews', Proceedings of
the 1994 ACM Conference rm Computer Supported Cooperative Work, ACM
Press, Chapel Hill, North Carolina, United States, pp. 175 - 186.
Resnik, P. 1995, 'Using information content to evaluate semantic similarity in a
taxonomy', Proceedings of the 14th International Joint Conference on
Artificial Intelligence, Morgan Kaufmann Publishers Inc., Montreal, Canada,
pp. 448-453 .
Rhee, S.K., Lee, J. & Park, M.-W . 2008, 'Semantic relevance measure between
resources based on a graph structure', Proceedings of the International

288

Multiconference on Computer Science and Information Technology (IMCSIT),
IEEE Press, Wisla, Poland, pp. 229-236.
Ricci , F. 2002, 'Travel recommender systems', IEEE Intelligent Systems, vol. 17, no.
6, pp. 55-57.
Ricci , F., Cavada, D., Mirzadeh, N. & Venturini, A. 2006, Case-based travel
recommendations, CAB Publishing.
Ricci , F. & Missier, F. 2004, 'Supporting travel decision making through personalized
recommendation ', in C.-M. Karat, J. Blom & J. Karat (eds), Designing
Personalized User Experiences in eCommerce, vol. 5, Springer, Netherlands,
pp. 231-251.
Romero, C. , Ventura, S. , Zafra, A. & Bra, P. 2009, 'Applying Web usage mining for
personalizing hyperlinks in Web-based adaptive educational systems',
Computers & Education , vol. 53, no. 3, pp. 828-840.
Rui-Qin, W. & Fan-Sheng, K. 2007 , 'Semantic-enhanced personalized recommender
system', Proceedings of the International Conference on Ma chine Learning
and Cybernetics , vol. 7, pp. 4069-4074.
Ru iz-Montiel, M. & Aldana-Montes, J. 2009, 'Semantically enhanced recommender
systems', in R. Meersman, P. Herrero & T . Dillon (eds), OTM 2009
Workshops. LNCS, vol. 5872, Springer, Heidelberg, pp. 604-609.
Sakawa, M. 1993 , Fuzzy sets and interactive multi objective optimization, Plenum
Press, New York.
Salter, J. & Antonopoulos, N. 2006, 'CinemaScreen recommender agent: combining
collaborative and content-based filtering', IEEE Intelligent Systems, vol. 21 ,
no . 1, pp. 35-41.
Sanchez-Vilas, F., Ismoilov, J. , Lousame, F.P. , Sanchez, E. & Lama, M. 2011 ,
'Applying multicriteria algorithms to restaurant recommendation',
Proceedings of the 2011 JEEEIWIC/ACM International Conference on Web
Intelligence and Intelligent Agent Technology (Wl-IAT) , IEEE Press, Lyon,
pp. 87-91.
Santos, O.C. & Boticario, J.G. 2011, 'Requirements for semantic educational
recommender systems in fom1al e-leaming scenarios', Algorithms, vol. 4, no .
2, pp . 131 - 154.
Sa1war, B ., Karypis, G ., Konstan, J. & Reidl, J. 2001 , 'Item-based collaborative
filtering recommendation algorithms', Proceedings of the 10th International
Conference on Wo rld Wide Web, ACM Press, Hong Kong, China, pp. 285 295 .
Sarwar, B., Karypis, G., Konstan, J. & Riedl, J. 2000, 'Analysis of recommendation
algorithms for e-commerce', Proceedings of the 2nd ACM Conference on
E lectronic Commerce, ACM Press, Minneapolis, Minnesota, USA.
Schafer, J.B. , Frankowski , D. , Herlocker, J. & Sen, S. 2007, 'Collaborative filtering
recommender systems', in B. Peter, K. Alfred & N. Wolfgang (eds), The
Adaptive Web. LNCS, vol. 4321 , Springer, Heidelberg, pp. 291 -324.

289

Schafer, J.B., Konstan, J.A. & Riedl, J. 2001, 'E-commerce recommendation
applications', Data Mining and Knowledge Discovery, vol. 5, no. 1, pp. 115153.
Schmidt, K.-U., Stojanovic, L., Stojanovic, N. & Thomas, S. 2010, 'Personalization in
e-Government: an approach that combines semantics and web 2.0', in T.
Vitvar, V. Peristeras & K. Tarabanis (eds), Semantic Technologies for £Government, Springer, Heidelberg, pp. 261-285.
Schubert, P. , Uwe, L. & Risch, D. 2006, 'Personalization beyond recommender
systems', in R. Suomi, R. Cabral & F. Hampe (eds), Project £-Society:
Building Bricks. LNCS (IFIP), vol. 226, Springer, Boston, pp. 126-139.
Serrano-Guerrero, J., Herrera-Viedma, E., Olivas, J.A., Cerezo, A. & Romero, F.P.
2011 , 'A google wave-based fuzzy recommender system to disseminate
information in University Digital Libraries 2.0', Information Sciences, vol.
181, no. 9, pp. 15 0 3-1516.
Shambour, Q. & Lu, J. 2009, 'A recommender system for personalized G2B eservices using metadata-based ontology and focused web crawler',
Proceedings of the 4th International Conference on Intelligent Systems and
Knowledge Engineering (ISKE2009 ), World Scientific Publishing, Hasselt,
Belgium, pp. 332-337.
Shambour, Q. & Lu, J. 2010, 'A framework of hybrid recommendation system for
government-to-business personalized e-services', Proceedings of the 7th
International Conference on Information Technology: New Generations
(ITNG 2010), IEEE Press, Las Vegas, Nevada, USA, pp. 592-597.
Shambour, Q. & Lu J. 20 I la, 'Government-to-business personalized e-services using
semantic-enhanced recommender system', in K . Andersen, E. Francesconi, A.
Gronlund & T. van Engers (eds), EGOVIS 2011, LNCS, vol. 6866, Springer,
Heidelberg, pp. 197-21 l.
Shambour, Q. & Lu, J. 2011 b, 'A hybrid multi-criteria semantic-enhanced
collaborative filtering approach for personalized recommendations',
Proceedings of the 2011 IEEE/WIC/ACM International Conference on Web
Intelligence (WI' 11 ), IEEE Press, Lyon, France, pp. 71-78 .
Shambour, Q. & Lu, J. 201 lc, 'A hybrid trust-enhanced collaborative filtering
recommendation approach for personalized government-to-business eservices', International Journal of Intelligent Systems, vol. 26, no. 9, pp. 814843.
Shambour, Q. & Lu, J. 20 l ld, 'Integrating multi-criteria collaborative filtering and
trust filtering for personaJized recommender systems', Proceedings of the
2011 IEEE Symposium on Computational Intelligence in Multicriteria
Decision-Making (MCDM 2011), IEEE Press, Paris, France, pp. 44-51.
Shardanand, U. & Maes, P. 1995, 'Social information filtering: algorithms for
automating "word of mouth'", Proceedings of the SIGCHJ conference on
Human factors in computing systems, ACM Press, Denver, Colorado, USA,
pp. 210-217.

290

Shen, L. -p. & Shen, R.-m. 2004, 'Leaming content recommendation service based-on
simple sequencing specification', in W . Liu, Y. Shi & Q. Li (eds), Advances in
Web- Based Learning, vol. 3143 , Springer, Heidelberg, pp. 293-323.
Shih, Y.-Y. & Liu, D.-R . 2008, 'Product recommendation approaches: collaborative
filtering via customer lifetime value and customer demands', Expert Systems
with Applications, vol. 35, no. 1-2, pp. 350-360.
Shishehchi, S., Banihashem, S.Y., Zin, N.A.M . & Noah, S.A.M. 2011, 'Review of
personalized recommendation techniques for learners in e-leam ing systems',
Proceedings of the 2011 International Conference on Semantic Technology
and Information Retrieval (STAIR), IEEE Press, Putrajaya, Malaysia, pp. 277281.
Siau, K. & Long, Y. 2005 , 'Synthesizing e-govemment stage models- a metasynthesis based on meta-ethnography approach', Industrial Management &
Data Systems, vol. 105, no. 3, pp. 443-458 .
Soonthornphisaj , N., Rojsattarat, E. & Yim-ngam, S. 2006, 'Smart e-leaming using
recommender system', in D .-S. Huang, K. Li & G. Irwin (eds), Computational
Intelligence, vol. 4114, Springer, Heidelberg, pp. 518-523 .
Souali , K., Afia, A .E., Faizi, R . & Chiheb, R. 20 11, 'A new recommender system for
e-leaming environments', Proceedings of the 2011 International Conference
on Multimedia Computing and Systems (ICMCS) , IEEE Press, Ouarzazate pp.
1-4.
Stolze., M. & Strobel, M. 2003, 'Dealing with learning in e-commerce product
navigation and decision support: The teaching salesman problem',
Proceedings of World Congress on Mass Customization & Personalization
(MCPC) , Munich, pp. 1-20.
Sun, L ., Luan, F. & Liu, T. 2011 , 'Research on applying Slopeone collaborative
filtering algorithms to building products se]ection', Proceedings of the 2011
International Conference on Electronics, Communications and Control
(ICECC), IEEE Press, Ningbo, China, pp. 2241-2243 .
Tai , D .W.S. , Wu, H.J. & Li, P.H. 2008, 'Effective e-leaming recommendation system
based on self-organizing maps and association mining', Electronic Library,
vo l. 26, no. 3, pp. 329-344.
Tambo uris, E., Manouselis, N . & Costopoulou, C. 2007, 'Metadata for digital
collections of e-govemment resources', The Electronic Libra ry, vol. 25 , no . 2,
pp. 176- 192.
Tan, P. , Steinbach, M. & Kumar, V. 2006, Introduction to data mining, Pearson
Education Inc, Boston MA.
Tang, T.Y. & McCalla, G. 2003 , 'Smart recommendation for an evolving e-learning
system: architecture and experiment', International Journal on £-learning,
vol. 4, no . 1, pp. 105-129.
Teran, L. & Meier, A. 2010, 'A fuzzy recommender system for e-elections', in K.
Andersen, E. Francesconi, A. Gronlund & T. van Engers (eds), EGOVIS 2010.
LNCS, vol. 6267, Springer, Heidelberg, pp. 62-76 .

291

Tso-Sutter, K.H.L., Marinho, L.B. & Schmidt-Thieme, L. 2008, 'Tag-aware
recommender systems by fusion of collaborative filtering algorithms',
Proceedings of the 2008 ACM Symposium on Applied Computing, ACM
Press, Fortaleza, Ceara, Brazil, pp. 1995-1999
Uchyigit, G. 2009, 'Semantically enhanced web personalization', in I.H. Ting & H.-J.
Wu (eds), Web Mining Applications in E-commerce and £-services.
LNCS(SCI), vol. 172, Springer, Heidelberg, pp. 25-44.
Vaishruavi, V. & Kuechler, W. 2004, Design science research in information systems,
Design Science Research in Information Systems and Technology, viewed 1
July 2011, <http: //desrist.org/desrist >.
Vengroff, D.E. 2011, 'RecLab: A system for eCommerce recommender research with
real data, context and feedback', Proceedings of the 2011 Workshop on
Context-awareness in Retrieval and Recommendation, ACM Press, Palo Alto,
California, pp. 31-38.
Vialardi, C., Bravo, J., Shafti, L. & Ortigosa, A. 2009, 'Recommendation in higher
education using data mining techniques', Proceedings of the International
Conference on Educational Data Mining , Cordoba, Spain, pp. 190-198.
Victor., P., Cock, M. & Comelis, C. 2011, 'Trust and Recommendations', in F. Ricci,
L. Rokach, B. Shapira & P.B. Kantor (eds), Recommender Systems Handbook,
Springer, US, pp. 645-675.
Wan, X. & Okamoto, T. 2011, 'Utilizing learning process to improve recommender
system for group learning support', Neural Computing & Applications, vol.
20, no. 5, pp. 611-621.
Wang, F.H. 2008 , 'Content recommendation based on education-contextualized
browsing events for web-based personalized learning', Learning. Educational
Technology & Society, vol. 11, no. 4, pp. 94-112.
Wang, J., de Vries, A.P. & Reinders, M.J.T. 2006, 'Unifying user-based and itembased collaborative filtering approaches by similarity fusion', Proceedings of
the 29th Annual International A CM SIGIR Conference on Research and
Development in Information Retrieval, ACM Press, Seattle, Washington,
USA.
Wang, L., Bretschneider, S. & Gant, J. 2005, 'Evaluating web-based e-Government
services with a citizen-centric approach', Proceedings of the 38th Annual
Hawaii International Conference on System Sciences (H/CSS'05 ), IEEE Press,
Big Island, Hawaii.
Wang, R.-Q. & Kong, F.-S. 2007, 'Semantic-enhanced personalized recommender
system', Proceedings of the International Conference on Machine Learning
and Cybernetics, IEEE Press, Hong Kong, pp . 4069-4074.
Wang, Y.-F., Chuang, Y.-L., Hsu, M.-H. & Keh , H.-C. 2004, 'A personalized
recommender system for the cosmetic business', Expert S.vstems with
Applications, vol. 26, no. 3, pp. 427-434.
Wang, Y., Dai, W. & Yuan, Y . 2008, 'Website browsing aid: a navigation graphbased recommendation system', Decision Support Systems , vol. 45 , no. 3, pp.
387-400.

292

Wang, Y., Tseng, M.H. & Liao, H.C. 2009, 'Data mmmg for adaptive learning
sequence in English language instruction', Expert Systems with Applications,
vol. 36, no. 4, pp. 7681-7686.
Wauters, P., Nijskens, M. & Tiebout, J. 2007, 'The user challenge: benchmarking the
supply of online public services-7th Measurement', viewed 07 February 2009,
<http: //www.ch.capgemini.com/ m/ch/tl/EU eGovemment Report 2007> .
Wei, K., Huang, J. & Fu, S. 2007, 'A survey of e-commerce recommender systems',
Proceedings of the International Conference on Service Systems and Service
Management, IEEE Press, Chengdu, pp. 1-5.
Wu. D .. , Lu, J., Zhang, G. & Lin, H. 2010, 'A fuzzy matching based recommendation
approach for mobile products/services', Proceedings of the 10th International
Conference on Intelligent Systems Design and Applications (ISDA), IEEE
Press, Cairo, pp. 645-650.
Wu, K..-L., Aggarwal, C.C. & Yu, P.S. 2001, 'Personalization with dynamic profiler',
Proceedings of the Third International Workshop on Advanced Issues of£Commerce and Web-Based Information Systems (WECWIS 'OJ), IEEE Press,
San Juan, CA, USA, pp. 12-20.
Yager, R.R. 2003, 'Fuzzy logic methods in recommender systems', Fuzzy Sets and
Systems, vol. 136, no. 2, pp. 133-149.
Yang, T.~ Lin, T. & Wu, K. 2002, 'An agent-based recommender system for lesson
plan sequencing', Proceedings of the IEEE International Conference on
Advanced Learning Technology, IEEE Press, Kazan, Russia, pp. 14-20.
Yang, W.-S ., Cheng, H.-C. & Dia, J.-B. 2008, 'A location-aware recommender
system for mobile shopping environments', Expert Systems with Applications,
vol. 34, no. 1, pp . 437-445.
uan, W. , Shu, L. , Chao, H.C., Guan, D ., Lee, Y.K. & Lee. S. 2010, 'ITARS : Trustaware recommender system using implicit trust networks', JET
Communications , vol. 4, no . 14, pp . 1709-1721.
Za!ane , O.R. 2002, 'Building a recommender agent for e-learning systems',
Proceedings of the International Conference on Computers in Education,
IEEE Press, Auckland, New Zealand, pp. 55-59.
Zakrzewska, D. 2011 , 'Building context-aware group recommendations in e-learning
systems', in P. Jedrzejowicz, N. Nguyen & K. Hoang (eds), Computational
Collective Intelligence, vol. 6922, Springer, Heidelberg, pp. 132-141.
Zha g,. D., Cao, J., Zhou, J., Guo, M. & Raychoudhury, V. 2009, 'An efficient
collaborative filtering approach using smoothing and fusing', Proceedings of
the 38th International Conference on Parallel Processing (JCPP '09 ), IEEE
Press, Vienna, Austria, pp. 558-565.
Zha g, G. 1998, Fuzzy number-valued measure theory, Tsinghua University Press,
Beijing.
Zhaag, G. & Lu, J. 2003, 'An integrated group decision-making method dealing with
fuzzy preferences for alternatives and individual judgments for selection
criteria', Group Decision and Negotiation , vol. 12, no. 6, pp. 501-515.

293

Zhang, L., Zhu, M. & Huang, W. 2009, 'A framework for an ontology-based ecommerce product information retrieval system', Journal of Computers, vol.
4, no. 6, pp. 436-443.
Zhen, L. , Huang, G.Q. & Jiang, Z. 2009, 'Recommender system based on workflow',
Decision Support Systems, vol. 48, no. 1, pp. 237-245 .
Zheng, L , Li , Y., Xu, J., Zhang, X. & Xu, L. 2011 , 'E-instructor for online learning',
in R . Kwan, J. Fong, L.-f. Kwok & J. Lam (eds), Hybrid Learning, vol. 6837 ,
Springer, Heidelberg, pp. 73-82.
Zotos, N ., Stamou, S., Tzekou, P. & Kozanidis, L. 2009, 'Adaptive web site
customization', in M.-A. Sicilia & M.D . Lytras (eds), Metadata and
Semantics, Springer, Heidelberg, pp. 353-363 .

294

